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Although numerous studies have been conducted to understand the antecedents of
usage of mobile health (mHealth) services, most of them solely focus on characteristics
of mHealth services themselves but neglect taking users’ psychological and health-related
factors into consideration. Besides, the comprehensive understanding of what influences
users’ routine use intentions regarding mHealth services is lacking. Therefore, this study
proposes a person-technology—health framework that underlines how personal factors
(e.g., personal innovativeness in IT), technological factors (e.g., trust), and health factors
(e.g., perceived health severity) jointly influence individuals’ routine use intentions regarding
mHealth services. The proposed research model and related hypotheses were tested
based on survey data from 270 respondents. The results indicate that personal
innovativeness in IT, trust, and perceived health severity are important for enhancing
routine use intention of mHealth services. Specifically, in situations of high perceived health
severity, trust relates less positively to routine use intention than personal innovativeness
in IT. In contrast, in situations of low perceived health severity, trust relates more positively
to routine use intention than personal innovativeness in IT. The research findings extend
the existing literature on routine use intention related to mHealth services and provide
significant implications for practitioners.

Keywords: mHealth services, personal innovativeness in IT, trust, perceived health severity, routine use intention

INTRODUCTION

Empowered by mobile information communication technology, mobile health (mHealth) services
as emerging health-related information technology can deliver timely and ubiquitous health
information and services to individuals based on individual-tailored healthcare needs (Akter
and Ray, 2010; Akter et al, 2011). The increasing population with chronic diseases and multi-
morbidities in recent years calls for an increase in the routine use of mHealth services. Because
mHealth services have shown great potential for improving patient wellbeing, mental health,
health management, and distribution of medical resources (Hoque and Sorwar, 2017; Zhao
et al, 2017; Oliveira et al, 2021). Furthermore, the application of mHealth services in the
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diagnosis and treatment of infectious diseases could improve
outbreak detection, disease surveillance, and guide a precise
response of public health (Wood et al., 2019). However, achieving
these outcomes highly depends on users” sufficient data based
on daily interactions (Deng et al., 2014; Zhao et al, 2017).
Therefore, to increase both user stickiness and developers’
profits, it is more important to enhance existing users’ day-to-day
use as a form of routine use than it is to acquire more mHealth
users (Li et al., 2013; Meng et al., 2019b). However, the routine
use of mHealth services remains at a lower level, in particular,
the daily use rate is 5.7% and the weekly use rate is 30.6%
based on a recent work of Knitza et al. (2020). To this end,
it is urgent to understand what influences users’ routine use
of mHealth services.

Existing literature is abundant in investigating various
antecedents of the adoption and uses intention of mHealth
services. These include both technological factors (individuals’
evaluations of mHealth), such as perceived usefulness, perceived
ease of use, perceived trustworthiness, and perceived value
(Sun et al, 2013; Deng et al., 2014; Okazaki et al., 2015; Fox
and Connolly, 2018; Alam et al., 2020) and personal factors
(individuals’ personality traits) like personal innovativeness in
IT (PIIT), technology anxiety, self-efficacy, and privacy concerns
(Rai et al.,, 2013; Deng et al., 2014; Guo et al,, 2016; Reychav
et al., 2019). In a typical professional setting, such as health
services, however, users may exhibit interesting or fundamental
differences from ordinary business user groups, in part because
of their health conditions (Chau and Hu, 2002; Gorini et al.,
2018). The use of mHealth services has also been examined
from the perspective of Protection Motivation Theory (PMT),
which suggests that users are willing to use mHealth services
to improve their health status in order to avoid health threats,
such as chronic diseases (Rai et al.,, 2013; Zhao et al., 2017).
These studies and others indicate that health-related factors
(individuals’ evaluations of their health conditions), such as
perceived physical condition, perceived severity, perceived
vulnerability, and health rationality, significantly influence
adoption and use intention of mHealth services (Deng et al.,
2014; Guo et al., 2015; Zhao et al,, 2017; Zhang et al., 2020).

In this light, we consider these three categories of factors
to be salient antecedents for predicting individuals' attitudes
and behaviors regarding mHealth services. However, only a
limited number of studies in the extant mHealth literature
consider how these factors jointly affect the routine use of
mHealth services (Deng et al., 2015; Zhao et al., 2017; Meng
et al,, 2021). Moreover, to the best of our knowledge, no
studies integrate and underline the interactions among those
factors to comprehensively understand the routine use of
mHealth services. It is thus imperative to narrow this research
gap by developing a more comprehensive research framework,
which can theoretically integrate these factors in order to
predict mHealth service adoption and use in general and routine
use in particular (Rai et al, 2013; Meng et al., 2019b, 2020).

Drawing upon relevant literature on mHealth services and
health informatics, we therefore propose an integrative person—
technology-health (PTH) research framework to predict routine
use of mHealth services by testing the interaction effects of

technological factors, personal factors, and health factors on routine
use intention. Accordingly, PIIT, trust, and perceived health severity
are theoretically identified as three critical factors of the PTH
framework and integrated into a research model. Here, mHealth
services refer to healthcare delivery through mobile information
technology, which require users high level of engagement to
access timely personalized health services for improved health
conditions (Akter et al., 2013a). Therefore, we believe that the
PTH framework is particularly appropriate for predicting routine
use of mHealth. Theoretically, our study is one of the first to
propose and empirically investigate the combined effects of
technological, personal, and health factors on routine use intention
of mHealth services based on the PTH framework. In addition,
this integrative PTH framework provides insights into other
contexts of health-related IT adoption and usage and thus may
be valuable in future studies. In practice, mHealth service providers
can take advantage of the PTH framework to precisely customize
their marketing strategies based on the joint effects of trust,
PIIT, and perceived health severity to increase their users’ stickiness
as a form of routine use and obtain long-term benefits.

The remainder of this paper proceeds as follows. First,
we discuss the previous literature on various factors of the
PTH framework. Then, we present the proposed research
framework and hypotheses, followed by the research methodology
and data analyses. Finally, we report the key findings, implications
for research and practice, and limitations of our work.

LITERATURE REVIEW

Factors of the PTH Framework
Our study develops the PTH framework based on the mHealth
services literature and the health informatics literature. Prior
studies of mHealth service adoption and usage were conducted
based on a small number of well-worn and conceptually
interrelated theories, such as the theory of planned behavior
(Ajzen, 1991), technology acceptance model (Davis, 1989;
Venkatesh et al., 2002), motivational model (Davis et al., 1992),
and the unified theory of acceptance and use of technology
(Venkatesh et al., 2003). As shown in Table 1, previous studies
mainly examine the effects of technological factors (e.g., perceived
usefulness, perceived ease of use, and trust) and personal factors
(e.g., perceived behavioral control, computer self-efficacy, and
technology anxiety) on mHealth service adoption and usage
(Chen et al., 2018; Balapour et al., 2019; Cocosila and Turel,
2019; Alam et al., 2020). On the other hand, studies within
the health informatics literature have demonstrated that health
factors, such as health status and perceived health conditions,
are significantly associated with the use of health IT (Rai et al,,
2013; Deng et al,, 2014; Cho et al., 2014b; Lagoe and Atkin,
2015; Meng et al., 2021). All these factors can be categorized
according to the PTH framework, thus indicating the
appropriateness of this conceptual framework for understanding
critical antecedents of mHealth service use.

According to our summary of extant literature on mHealth
service adoption and usage (see Table 1), three research gaps
need to be filled. First, with some exceptions (Deng et al., 2014;
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TABLE 1 | Factors of the PTH framework in prior studies.

Factors of the PTH framework

Literature Topic Dependent variable :::;:::iy
Technological factor Personal factor Health factor
Wu et al., 2011 mHealth Perceived usefulness; Perceived behavioral control; Behavioral intention No
services perceived ease of use; personal innovativeness in IT;
perceived service availability
Guo et al., 2012 mHealth Perceived usefulness; Technology anxiety; Adoption intention No
services perceived ease of use resistance to change
Cocosila, 2013 mHealth Extrinsic motivation; intrinsic A priori attitude toward the Behavioral intention No
services motivation; perceived risk activity
Rai et al., 2013a mHealth Personal innovativeness Perceived health Usage intentions and  Yes
services toward mobile services; conditions channel preferences
socioeconomic status and
demographics
Akter et al., 2013b  mHealth Perceived usefulness; Continuance intention  No
services perceived service quality;
perceived trust
Cho et al., 2014a Health Perceived usefulness; Health consciousness; health Behavioral intentionto  No
application perceived ease of use information orientation; use
eHealth literacy; health
application use efficacy
Deng et al., 2014 mHealth Perceived value Perceived behavioral control;  Perceived physical Behavioral intention No
services resistance to change; self- condition
actualization need;
technology anxiety
Shareef et al., 2014 mHealth Perceived usefulness; mHealth adoption No
services perceived privacy and security;
perceived ease of use;
perceived compatibility;
perceived reliability
Deng et al., 2015 mHealth Information quality; perceived Personal health value Current health Use intention Yes
services value; trust status
Guo et al., 2015 mHealth Response efficacy; self- Perceived Behavioral intention Yes
services efficacy; age; gender vulnerability;
perceived severity
Okazaki et al., mHealth Perceived value; overall quality; Prior mobile internet Usage intention Yes
2015 monitoring net benefits experience
systems
Guo et al., 2016 mHealth Trust Privacy concern; Adoption intention No
services personalization concern; age
Zhao et al., 2017 mHealth Perceived usefulness; Perceived behavioral control;  Perceived Behavioral intention Yes
services perceived ease of use; trust; age vulnerability;
perceived risk perceived severity
Deng et al., 2018 mHealth Perceived usefulness; Adoption intention No
services perceived ease of use; trust;
perceived risk
Fox and Connolly, mHealth Risk beliefs; trust beliefs Mhealth self-efficacy; Adoption intention No
2018 services Information seeking
experience; health
information privacy concerns
Chen et al., 2018 Mobile health Perceived usefulness; trust in Privacy concern Continuance intention ~ Yes
application app
Balapour et al., mHealth apps Mobile technology identity Related IT expertise; self- Intention to use No
2019 efficacy
Meng et al., 2019b  mHealth Argument quality; source Health consciousness Routine use intention  Yes
services credibility
Cocosila and Turel, mHealth Extrinsic motivation; intrinsic Adoption intention No
2019 services motivation; adoption risk; non-
adoption risk
Zhang et al., 2020  Mobile Device satisfaction; feedback ~ Emotional attachment Health rationality Mobile monitoring Yes
monitoring satisfaction services usage
services
Meng et al., 2021 mHealth Cognitive trust; affective trust Technology anxiety Health anxiety Continuance use Yes
services intention
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Zhao et al, 2017), many studies failed to integrate person,
technology, and health factors into a single research framework
and simultaneously test their direct effects on mHealth service
adoption and use. Second, although some scholars examined
either the interaction effects of technological factors and personal
factors (Okazaki et al., 2015; Chen et al., 2018) or the interaction
effects of personal factors and health factors on mHealth service
adoption and use (Rai et al., 2013), most scholars failed to
investigate the interactions among all three factors to predict
mHealth service adoption and use. Third, to our best knowledge,
scant research exists to examine mHealth users’ routine use
based on a comprehensive framework involving technological,
personal, and health-related factors. In order to fill these research
gaps, we intend to integrate all of the aforementioned factors
into one single research framework. We test not only the direct
effects of personal factors, technological factors, and health
factors but also the interaction effects among them on routine
use intention, thus further advancing our understanding of
users’ routine use intention regarding mHealth services.

Interaction Between Personal Factors and

Technological Factors

The interaction between personal factors and technological
factors has been extensively studied in the prior information
systems literature. Personal evaluations of technology (e.g.,
perceived usefulness, perceived ease of use, and trust in IT)
are directly derived from the interactions between users and
technology. This perspective is supported by the innovation-
values fit theory, which refers to the extent to which users
perceive that the use of the innovation is congruent with users’
values by assessing “the objective characteristics of an innovation
and its socially constructed meaning” (Klein and Sorra, 1996,
p. 1063). In other words, an individual’s use of a technology
is determined by the level of the fit between the innovation
and her/his value (Klein and Sorra, 1996).

The effects of this interaction on mHealth service adoption
and usage have been examined by several scholars. Okazaki
etal. (2015) examined the moderating effects of users’ experience
on perceived value and found that users with prior mobile
internet experience will perceive greater value in using an
mHealth monitoring system than those without relevant
experience, thus leading to a higher probability that these more
experienced technology users will use mHealth services. Some
scholars selected age and gender as moderators in their mHealth
service adoption study, and their results indicated that compared
to younger users, middle-aged and older users pay more attention
to perceived ease of use and effort expectancy when they are
making adoption decisions (Zhao et al., 2017; Nunes et al.,
2019). Chen et al. (2018) found that both trust in apps and
perceived usefulness are positively associated with continuing
use intention regarding mHealth apps, and privacy concerns
enhance the effects on continuous use intention. Meng et al.
(2019b) found that individuals with higher levels of health
consciousness are more willing to rely on source credibility
than argument quality to inform their routine use of mHealth
services. On the basis of these studies, the extent to which

technological factors influence mHealth service adoption and
use is contingent on personal factors because mHealth services
are defined as personalized and interactive. Therefore, it is
necessary to investigate the interaction effects of technological
and personal factors to comprehensively understand routine
use intention regarding mHealth services.

Interaction Between Health Factors and
Technological Factors

Prior literature indicates that health factors are significantly
associated with the use and adoption of health IT. Many of
these studies are based on Protection Motivation Theory (PMT),
which proposes that individuals’ threat appraisals (e.g., their
perceived severity and perceived vulnerability) and coping
appraisals (e.g., response efficacy, self-efficacy, and response
costs) are two dominant predictors of health behaviors (Rogers,
1975). Perceived severity refers to the seriousness of a specific
threat while perceived vulnerability refers to the probability
that one will experience harm (Rogers, 1975). Perceived
vulnerability and perceived severity are often combined to
measure perceived threat; however, the unique relationship of
each to health behavior has also been investigated (Witte, 1992;
McKinley, 2009; Zhao et al., 2017). Accordingly, individuals
with poor health conditions are more likely to use health IT
to improve their health status (Houston and Allison, 2002;
Baker et al., 2003; Rai et al., 2013; Xiao et al., 2014). Also
researching these effects, Guo et al. (2015) found that among
women and the elderly, perceived severity and perceived
vulnerability strongly influence individuals' attitudes toward
using mHealth services. Zhao et al. (2017) indicated that
perceived vulnerability and perceived severity are significant
factors in predicting middle-aged and older users’ use of
mHealth services.

Researchers have also explored the role of health anxiety:
individuals who feel anxious about their health conditions show
greater inclination to seek out online health information
(Baumgartner and Hartmann, 2011; Lagoe and Atkin, 2015;
te Poel et al., 2016). For example, Baumgartner and Hartmann
(2011) found that individuals with a high level of health anxiety
experience more negative consequences from searching for
health information online. However, the findings in this area
are inconsistent. For instance, Xue et al. (2012) found that
female users” perceived health conditions have no direct effects
on perceived usefulness, perceived ease of use, and perceived
compatibility of mHealth apps.

To the best of our knowledge, however, there has been
little research on the interaction effects between health factors
and technological factors on the use and adoption of mHealth
services. There are some exceptions, including Deng et al.
(2015), who found that individuals with poor health status
(e.g., mental or physical illness) rely more on trusted health
information providers and are more eager to use mobile phones
to get health information with the purpose of improving their
health. Meng et al. (2021) demonstrated that health anxiety
increase the effects of cognitive trust but alleviate the effect
of affective trust on continuous intention of mHealth services use.
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Considering that health services closely relate to peoples
life quality (Fichman et al, 2011), individuals with various
health conditions may hold various attitudes toward using a
target health IT, such as an mHealth service, in the long run.
Therefore, it is urgent for mHealth scholars to investigate the
interaction effects of health and technological factors on
routine use.

Interaction Between Personal Factors and
Health Factors
Studies have indicated that both individuals’ personal and
health-related factors are important predictors of health-related
behaviors and technology adoption in the health behavior
context. Based on the basic tenet of the health belief model
(Rosenstock, 1974; Janz and Becker, 1984), the health-promoting
behaviors of individuals with different socio-demographic
characteristics are determined by their beliefs about health
conditions (e.g., perceived severity and perceived susceptibility),
perceived benefit, and perceived barriers (Hochbaum et al.,
1952). Moreover, personal factors, such as age, gender, race,
socioeconomic status, and characteristics, also influence
individuals’ health-related behavior (Carroll et al.,, 2017).
Some scholars examined the interactions of personal and
health-related factors in the context of mHealth service adoption
and usage. Rai et al. (2013a) indicated that personal innovativeness
toward mobile services (PIMS) has positive moderating effects
on perceived health conditions comprising perceived healthiness
and perceived vulnerability. Moreover, the interactions of
consumers’ PIMS and perceived health conditions have significant
positive effects on mHealth service usage intentions, assimilation,
and channel preferences (Rai et al, 2013). Guo et al. (2015)
found that personal factors (e.g., gender and age) have different
effects on threat appraisals (perceived vulnerability and perceived
severity) and coping appraisals (response efficacy and self-
efficacy) in the acceptance of mHealth services. For example,
the female and the elderly are more willing to form positive
attitudes and accept mHealth services when they perceive higher
levels of vulnerability and severity. Similarly, Zhao et al. (2017)
found that perceived vulnerability and perceived severity are
more significant predictors of mHealth service use among
middle-aged and older users. However, the interaction effects
of personal and health factors on the routine use of mHealth
services still remain unexplored, thus calling for additional
research.

RESEARCH MODEL AND HYPOTHESES

According to previous work on the adoption and use of mHealth
services, personal factors [e.g., PIIT (Lu, 2014)], technological
factors [e.g., trust (Deng et al., 2018)], and health-related factors
[e.g., health severity (Or and Karsh, 2009)] have been identified
as significant factors influencing mHealth adoption and use.
However, interaction effects and combined effects of personal
factors, technological factors, and health-related factors on
mHealth routine use have not been fully investigated. To
comprehensively understand antecedents of mHealth routine

use, drawn upon information system and health informatics
literature, we propose the PTH research framework (Figure 1)
that incorporates constructs of trust, PIIT, and perceived health
severity to investigate routine use intention. First, we propose
that these three variables have direct effects on routine use
intention (H1, H2, and H3). Second, we test the moderating
effects of perceived health severity on the associations between
two components and routine use intention (H4 and H5). Finally,
we test the moderating effect of PIIT on the association between
trust and routine use intention (H6).

Technological Factor: Trust

Trust in technology refers to a person’s judgment or expectation
that a given technology’s helpfulness, reliability, and functionality
will support them in their work (Thatcher et al, 2011). As
trust can reduce risks and uncertainties, it plays a significant
role in the adoption of a new IT (Kim and Prabhakar, 2004).
Prior studies underscore the fact that trust is a significant
prerequisite of social behavior and positively associated with
users use intentions in multiple contexts: an internet store
(Jarvenpaa et al, 1999), purchasing books on the internet
(Gefen, 2000), e-government services (Carter and Bélanger,
2005; Lim et al., 2012), e-commerce (Gefen et al., 2003; Pavlou,
2003; Palvia, 2009), and health informatics (McKinley and
Ruppel, 2014; Xiao et al., 2014).

Scholars studying mHealth service adoption and usage have
found that trust significantly influences users’ intentions to
use mHealth services (Deng et al., 2015; Guo et al., 2016;
Zhao et al.,, 2017). For example, Guo et al. (2016) found that
trust in mHealth service providers enables the reduction of
individuals’ privacy concerns and an increase in adoption
intentions. Zhao et al. (2017) and Meng et al. (2019a) indicated
that trust is positively associated with the behavioral intention
to use mHealth services. In their study, Deng et al. (2018)
confirmed trust as an important positive and technical factor
predicting users’ adoption intention regarding mHealth services.
In the post-adoption stage, perceived trust in mHealth services
is proved to have strong effects on satisfaction and continuance
intentions (Akter et al., 2013b). Similarly, Meng et al. (2021)
found that both cognitive and affective trust strongly affect
elderly users’ continuous use intention of mHealth services.
Furthermore, considering that mHealth services are credence
goods, most people have limited knowledge and experience
for forming clear perceptions and beliefs. Based on the above
statements, individuals will have greater intention to routinely
use a more trusted mHealth service. Thus, we hypothesize that:

Hypothesis I: Trust increases individuals’ routine use
intentions regarding mHealth services.

Personal Factor: PIIT

Personal innovativeness in IT (PIIT) refers to an individual’s
willingness to try out any new information technology (Agarwal
and Prasad, 1998). PIIT is regarded as the most effective
determinant of innovation adoption because it reflects an
individual’s natural reaction toward a new technology in multiple
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adoption domains (Lu, 2014). As personal innovativeness is
an individual-specific trait, those who are more innovative are
likely to develop positive attitudes toward an innovation and
use it (Agarwal and Prasad, 1998). According to Lu et al
(2008), individuals with higher PIIT are more prone to be risk-
seeking and may develop more positive intentions to adopt
or use an innovation. Among personal psychological factors,
PIIT has been widely proved as a critical predictor of behavioral
intentions by previous studies on m-commerce (Aldas-Manzano
et al., 2009; Zarmpou et al., 2012; Zhao et al, 2012). Prior
studies of mHealth services demonstrated that PIIT is positively
related to an individual’s intention to use mHealth (Wu et al.,
2011; Rai et al, 2013). In addition, innovativeness may play
an important role because mHealth services are still in the
early stage of development and implementation (Lee, 2016).
We therefore believe PIIT is an influencing variable in predicting
individuals’ routine use intentions regarding mHealth, and
we hypothesize that:

Hypothesis 2: PIIT increases individuals’ routine use
intentions regarding mHealth services.

Health Factor: Perceived Health Severity

According to the PMT, perceived vulnerability refers to the
probability that one will experience harm, while perceived
severity refers to the seriousness of a specific threat (Rogers,
1975). When individuals suffer from health-related threats,
they are more likely to use new health IT in order to reduce
or avoid those threats (Prentice-Dunn and Rogers, 1986).
Prior research also suggests that perceived severity is associated

with healthy behavior, such as healthy eating, use of online
mental health resources, and use of mobile health services
(McKinley, 2009; Sun et al., 2013; McKinley and Ruppel,
2014). Distinct from other services, the eventual purpose of
accessing health services through health information technology
is to improve individuals’ life quality and health conditions
(Or and Karsh, 2009). Therefore, individuals with high health
severity or in poor health conditions have stronger willingness
to adopt and use health information technology with the
aim of alleviating threat of diseases than other health-related
factors (DiMatteo et al., 2007). Accordingly, we propose health
severity as a primary determinant of adoption and use of
mHealth services.

In the context of mHealth services, according to the work
of Rai et al. (2013a), people who are afflicted with chronic
diseases (e.g., diabetes, heart disease, cancer, high blood pressure,
and stroke) are more willing to use mHealth services to manage
their health. Guo et al. (2015) demonstrated that users’ perceived
vulnerability and perceived severity significantly influence their
attitudes toward mHealth services. Zhao et al. (2017) found
that elderly users have more concern about their health issues,
and they are more likely to use mHealth services to get rid
of illness threats and stay healthy. Therefore, we can expect
that when the perceived seriousness of a health-related threat
is higher, individuals are more prone to routinely use mHealth
that can minimize or eliminate the threat. Accordingly,
we propose that:

Hypothesis 3: Perceived health severity increases
individuals’ routine use intentions regarding mHealth
services.

Frontiers in Psychology | www.frontiersin.org

June 2022 | Volume 13 | Article 879760


https://www.frontiersin.org/journals/psychology
www.frontiersin.org
https://www.frontiersin.org/journals/psychology#articles

Meng et al.

A Person-Technology-Health Framework

Interaction Effects Among Trust, PIIT, and
Perceived Health Severity

Based on our previous discussions, we can expect that an
individual with a higher degree of perceived health severity
is more willing to try out mHealth and use it routinely, especially
when they perceive mHealth can be trusted to improve her
or his healthcare outcomes. As a consequence, we propose
two-way interaction effects among trust, PIIT, and perceived
health severity on routine use intention.

With respect to the interaction effects of trust and perceived
health severity on routine use intention, an individual with
serious health conditions may choose to use mHealth routinely
to reduce the threat of disease and stay healthy. However,
these users may not have the level of health literacy that a
health professional would have, and health literacy is important
in evaluating the information and services provided by mHealth
(Anderson and Agarwal, 2011; Cho et al, 2014a). Further,
consumers with poor health conditions have a high probability
to seek health information through a trustworthy mobile
application (Deng et al., 2015), this is because health behavior
outcomes are positively determined by health seeking behavior
(Anker et al, 2011). In this vein, users have a higher level
of health severity may rely on the trust in mHealth services
than those with a lower level of health severity. Therefore, to
minimize the possibility of uncertainty and risk, these users
will be more likely to routinely use a trustworthy mHealth
platform. Accordingly, the positive relationship between trust
in mHealth and routine use intention can be strengthened by
health severity, we propose that:

Hypothesis 4: Perceived health severity strengthens the
positive association between trust and individuals
routine use intentions regarding mHealth services.

On the other hand, an individual with a higher level of
PIIT is more likely to try out any new health IT (e.g., mHealth)
as complement or substitute to in-person health services to
avoid or reduce the health-related threat when they perceive
higher health severity (Lagoe and Atkin, 2015; Zhao et al,
2017). In this situation, the effect of PIIT on routine use
intention regarding mHealth services will be increased by health
severity. On this basis, we hypothesize that:

Hypothesis 5: Perceived health severity strengthens the
positive association between PIIT and individuals
routine use intentions regarding mHealth services.

With regard to PIIT, users with a higher level of PIIT may
easily to evaluate mHealth’s helpfulness, reliability, and
functionality while they are using this service. Besides, previous
studies have proved that individuals with higher PIIT often
have higher levels of technology use (Citrin et al, 2000;
Goldsmith, 2001, 2002). Accordingly, an innovative mHealth
user can easily develop trust that mHealth services will enhance
her/his health outcome and alleviate the disease threat, thus
leading to routine use intentions. In such a situation, the positive

association between trust in mHealth and routine use intention
can be strengthened by PIIT. On this basis, we hypothesize that:

Hypothesis 6: PIIT strengthens the positive association
between trust and individuals’ routine use intentions
regarding mHealth services.

METHODOLOGY

This study is based on a leading mobile health service company,
Ciyun. cn, in China. Ciyun health technology company was
founded in August 2014. The core product includes “one
platform and two applications.” The platform is the data intelligent
platform which collects, cleans, converts, and labels personal
health data to support two applications for serving medical
institutions, enterprises, and the government. The number of
users on the Ciyun mHealth service platform was over 2 million
by 2020. The functions of the platform include online medical
consultation, routine appointments in the out-patient clinic,
returning visits, medicine reminders, medical records, real-time
positioning, etc. Therefore, this target company was an appropriate
site for data collection. The questionnaire is randomly distributed
to 292 users through Ciyun mHealth service apps. Permission
was obtained, and proper arrangements were made by the
management board of Ciyun for the success of data collection.

Following the work of Davis et al. (1989) and Morris and
Venkatesh (2000), we provided participants an introduction
regarding mHealth services before they completing the
questionnaire. Participants completed a survey that included
the central variables in this study as well as demographics and
control measures. We adapted commonly used measures from
previous studies with the aim of promoting content validity.
The measures of trust were adapted from the work of Gefen
et al. (2003), and the measures for PIIT were adapted from
work by Agarwal and Prasad (1998). The perceived health severity
scale was adapted from the work of Johnston and Warkentin
(2010). The measures for routine use intentions were adapted
from work by Sundaram et al. (2007). Each item was measured
on a 7-point Likert scale. The constructs and measurements of
constructs are presented in Multimedia Appendix A.

After we developed the preliminary questionnaire, we sent
it to two mHealth scholars for revision, and we also revised
some questions based on the feedback from a pretest with 20
doctoral students. Finally, of 292 questionnaires, and 270 valid
ones were obtained for a response rate of 92.5%. Among these
participants, approximately 46% were males and 54% females.
Approximately 70% of the participants were aged 20-40. About
39% of them had attended university and above. About 16.7%
of the participants had chronic diseases. The demographic
profile of the respondents is summarized in Table 2.

ANALYSIS AND RESULTS

The proposed research framework is tested by the partial least
squares structural equation modeling (PLS-SEM) because this
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technique has several advantages. First, PLS-SEM is more
appropriate than covariance-based structural equation modeling
(CB-SEM) for analyzing a much more complex model and
complicated interaction items (Shiau and Chau, 2016; Hair
et al,, 2019; Khan et al., 2019; Shiau et al., 2019). Second,
compared to CB-SEM, PLS-SEM is more suitable for our study
comprising more formative constructs and aiming to conduct
exploratory research for theory development (Gefen et al., 2011;
Shiau and Chau, 2016; Hair et al., 2019; Khan et al., 2019;
Shiau et al, 2019). Accordingly, PLS-SEM is adopted for
analyzing our research model. The measurement model was
first examined to check its appropriateness. Subsequently, the
structural model was analyzed to test the proposed hypotheses
(Hair et al, 1998). The reliability, convergent validity, and
discriminant validity were examined as indicators of the
appropriateness of the measurement model (Fornell and Larcker,
1981). Following the work of Fornell and Larcker (1981),
reliability was assessed by examining Cronbach’ alpha, composite
reliability (CR), and average variance extracted (AVE).
Furthermore, it is uncertain whether the combined effects of
all these factors play a role in explaining routine use intentions.
To address this, we conducted a post-hoc analysis by proposing
a three-way interaction to examine the combined effects of
trust, PIIT, and perceived health severity on routine use
intentions. To examine the three-way interaction effect on
intentions to routinely use mHealth, we conducted a t-test
that validated its value.

Considering all self-reported measurement scales may lead
to a common method bias that could threaten the validity of
our results, we conducted an assessment of common method
bias (Podsakoff et al., 2003). Following the work of Harman
(1976), we did this using Harman’s single factor test. The results
showed that all factors explained 74.5% of the variance and
the first factor accounted for 37.2% of the variance. Informed
by the work of McFarlin and Sweeney (1992), we believe that

TABLE 2 | Demographic profile of the respondents.

Statistic

Characteristics

N Percentage
Gender
Male 125 46.29
Female 145 53.70
Age
20-30years 120 44.44
31-40years 69 25.56
41-50years 38 14.07
51-60years 43 15.93
Educational Level
Primary school 2 0.74
Secondary school 75 27.77
Pre-university 88 32.59
University 71 26.29
Postgraduate 34 12.59
Chronic disease
Yes 45 16.66
No 225 83.33

common method bias is unlikely to be a serious concern in
this study.

The Measurement Model

In the measurement model, the reliability, convergent validity,
and discriminant validity were examined as indicators of the
appropriateness of the measurement model (Fornell and Larcker,
1981). Following the work of Fornell and Larcker (1981), reliability
was assessed by examining Cronbach’s alpha, composite reliability
(CR) and average variance extracted (AVE). The value of Cronbach’s
alpha was higher than the suggested value of 0.70, thus indicating
sufficient reliability. The values of CR (0.852 to 0.920) and AVE
(0.658 to 0.793) were above the threshold values of 0.70 and
0.50, respectively, (Chin, 1998). Thus, all indicators indicated
acceptable construct reliability (Fornell and Larcker, 1981). The
convergent validity was examined by means of assessing whether
all the item loadings of each construct were above the threshold
value of 0.70 suggested by Chin (1998). The results in Table 3
indicated that the values of the loadings of all items were higher
than 0.70, thereby indicating good convergent validity. The
discriminant validity was found to be acceptable because the
results indicated the loadings of all items were above their cross-
loadings on other constructs, and the correlations of any two
constructs were smaller than the square roots of the AVE of
each construct. The correlations and discriminant validity of all
constructs are presented in Tables 3, 4.

The Structural Model

The structural model was assessed by checking the significance
of path coefficients (p) between various factors. The PLS results
of all proposed relationships are reported in Figure 2. To better
examine the interaction effects of these three variables on routine
use intentions, we conducted a two-stage criterion in the model
analysis. First, the direct effects of trust, PII'T, and perceived health
severity on routine use intention were tested in Model 1. In
Model 2, the interaction effects among these three variables on
routine use intention were tested based on Model 1.

The PLS results for these two models are shown in Table 5.
In Model 1, trust (#=0.518, t=10.586, P<0.001), PIIT ($=0.135,
t=2.383, p=0.008), and perceived health severity (f=0.154,
t=3.971, P<0.001) were found to have significant effects on
routine use intentions. Thereby, H1, H2, and H3 were supported.
These three variables combined can explain 37.5% of the
variance in routine use intentions. In Model 2, contrary to
our hypothesis, perceived health severity was found to have
a negative moderating effect on the association between trust
and routine use intentions (f=-0.220, t=4.176, P<0.001), and
hence H4 was not supported. Perceived health severity was
found to have a positive moderating effect on the association
between PIIT and routine use intentions (#=0.166, t=3.498,
P<0.001), thus supporting H5. However, PIIT had no significant
moderating effect on the association between trust and routine
use intention (f=0.034, t=0.578, p=0.280). Therefore, H6 was
not supported. With respect to the results of control variables,
gender (f=-0.045, t=0.566, p=0.285), education (f=—0.047,
t=0.549, p=0.481), chronic diseases (f=-0.107, t=1.471,
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TABLE 3 | Correlations and discriminant validity.

Construct Mean Standard - Cronbach’s  Composite AVE RUI TRU PIT PHS
deviation alpha reliability

RUI 5.06 1.108 0.863 0.916 0.785 0.886

TRU 5.38 1.050 0.876 0.915 0.729 0.578 0.854

PIT 5.61 1.192 0.869 0.920 0.793 0.318 0.354 0.890

PHS 3.80 1.830 0.745 0.852 0.658 0.197 0.081 0.018 0.811

AVE =Average variance extracted; RUI=Routine use intention; TRU =Trust; PIIT=Personal innovativeness in IT; PHS =Perceived health severity.

TABLE 4 | Loadings and cross-loadings for measurement items.

Routine use Personal Perceived
intention Trust innovativeness health
severity

(RUI) (PIIT) (PHS)

RUI 0.880 0.531 0.305 0.172
RUI2 0.901 0.514 0.282 0.187
RUI3 0.876 0.491 0.256 0.165
Trust1 0.489 0.840 0.311 —-0.003
Trust2 0.463 0.849 0.333 0.058
Trust3 0.534 0.878 0.289 0.049
Trust4 0.484 0.848 0.281 0.174
PIT1 0.280 0.334 0.890 0.030
PIIT2 0.277 0.333 0.893 0.015
PIT3 0.291 0.281 0.889 0.005
PHS1 0.149 0.093 0.035 0.828
PHS2 0.133 0.050 —0.049 0.824
PHS3 0.186 0.054 0.045 0.781

RUI=Routine use intention; TRU=Trust; PIIT=Personal innovativeness in IT;
PHS =Perceived health severity.

p=0.457), and age ($=0.057, t=0.753, p=0.477) had no
significant effects on routine use intention regarding mHealth
services. Compared with Model 1, Model 2 (42.2%) explains
4.7% more variance in routine use intentions. The results of
each hypothesis are summarized in Table 6.

Post-hoc Analysis

Although trust, PIIT, and perceived health severity successfully
explain a significant portion of the variance in routine use
intentions regarding mHealth services (42.2%), the three-way
interaction effects of these three factors on routine use intention
remain underexplored. Therefore, we conducted a post-hoc
analysis to examine the combined effects of trust, PIIT, and
perceived health severity on routine use intentions.

We hypothesized that perceived health severity would influence
the interaction effects of trust and PIIT on individuals’ intention
to routinely use mHealth. In situations of low perceived health
severity and in individuals with low PIIT, trust may relate
more positively to routine use intentions. This is because when
the perceived seriousness of a health-related threat is low,
individuals with low PIIT may rely on trust to determine
their routine use intentions. Such individuals may spend time
evaluating the performance of mHealth services, and they may
be more likely to make rational behavioral decisions regarding
mHealth. In contrast, when individuals with high PIIT perceive

their health severity as high, the association between trust
and routine use intention would be weaker. This is because
such individuals may routinely use mHealth services regardless
of the trustworthiness of those services, as they may be more
willing to engage in security behavior to reduce the seriousness
of the health-related threat. Therefore, they are more likely to
make irrational behavioral decisions regarding mHealth services.
This supposition is supported by previous studies (Prentice-
Dunn and Rogers, 1986; Rai et al, 2013; Zhao et al., 2017).
The three-way interaction of trust, PIIT, and perceived health
severity had a statistically significant positive effect on
implementation ($=0.139, t=3.047, p<0.01) and explained
44.2% of the variance in intentions to routinely use mHealth.

DISCUSSION AND IMPLICATIONS
Key Findings

There are three key findings from this study. First, consistent
with previous studies on mHealth services (Rai et al., 2013;
Zhao et al., 2017), we found that both trust and PIIT positively
influence routine use intentions. Furthermore, we found that
trust has primary explanatory power over PIIT. This affirms
the value of trust theory, in which the health information
asymmetry between health professionals and normal users helps
to explain the adoption and use of mHealth services. Additionally,
perceived health severity has a positive impact on routine use
intentions. This shows that when users believe that they are
more likely to suffer harm from a serious disease, they will
tend to use mHealth services routinely to avoid or reduce the
threat. This finding is also supported by prior studies (Sun
et al,, 2013; Guo et al., 2015).

Second, perceived health severity weakens the effects of
trust but strengthens the effects of PIIT on routine use intention.
Figure 3, which shows the effects of trust, reflects a large
difference in routine use intention under low perceived health
severity (RUIfglxt =2.144 vs. RUI ;t,r,.'é;,’ =3.570) and a relatively
small difference under high perceived health severity
(RUI{;?;[ =2.900 vs. RUI;’,’,-;;,’ =3.386). However, Figure 4,
which shows the effects of PIIT, indicates a large difference
in routine use intention under high perceived health severity
(RUI{:)I&,T =2.809 vs. RUIEilg =3.477) and a relatively small
difference under low perceived health severity (RUIE,%VT =2.865
Vs. RUIEE =2.849). These results indicate that when perceived
health severity is at a higher level, PIIT plays a more significant
role than trust in enhancing routine use intention. Moreover,
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the interaction effect between trust and perceived health severity
on routine use intention is significant but negative, which is
inconsistent with hypothesis 4. This controversial result could
be explained by the basic tenet of protection motivation theory
(Rogers, 1975). In other words, a higher level of perceived
health severity will make individuals feel more anxious about
their health conditions and unsafe in the face of the significant
threat. Therefore, individuals with higher health severity will
try out any new health-related technology (e.g., mHealth
services), regardless of its trustworthiness, that can prevent or
reduce the threat.

Third, we found that a three-way interaction of trust, PIIT,
and perceived health severity affected routine use intention of
mHealth services. This indicates that when individuals perceive
health severity as low, trust plays a more important role than
PIIT in predicting routine use intention. Under the condition

TABLE 5 | The results of the structural equation model (SEM).

Path Model 1 Model 2
TRU-RUI 0.518#s#* 0.484%#3#:%
PIT—RUI 0.135%:* 0.172%%s*
PHS — RUI 0.154 s 0.140s%*
TRU*PHS — RUI —0.220%**
PIT*PHS — RUI 0.166%##*
TRU*PIT-RUI 0.034m
R? 0.375 0.422

R? Change 0.047

of low severity, users tend to make rational health-related
decisions. In contrast, when individuals perceive their health
severity as high, those with high PIIT will actively engage in
routine use of mHealth services even when this innovation is
not trustworthy. In this situation, users tend to make irrational
health-related decisions.

Theoretical and Practical Implications

This study can contribute to the mHealth literature in several
ways. First, we are one of the first to propose a person-
technology-health (PTH) research framework to facilitate a
comprehensive understanding of the routine use of mHealth
services. Consistent with previous studies (Deng et al., 2015;

TABLE 6 | Summary of Results.

Hypothesis description Result

H1: Trust increases individuals’ routine use intentions Supported
regarding mHealth services

H2: PIIT increases individuals’ routine use intentions Supported
regarding mHealth services

H3: Perceived health severity increases individuals’ routine Supported
use intentions regarding mHealth services

H4: Perceived health severity has a positive moderating Not supported
impact on the association between trust and individuals’
routine use intentions regarding mHealth services

H5: Perceived health severity has a positive moderating Supported

impact on the association between PIIT and individuals’
routine use intentions regarding mHealth services

RUI, Routine use intention, TRU, Trust, PIIT, Personal innovativeness in IT, PHS,
Perceived health severity. ***p<0.001; **p<0.01, and ns, not significant.

HB6: PIIT has a positive moderating impact on the association
between trust and individuals’ routine use intentions
regarding mHealth services

Not supported
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FIGURE 2 | PLS results.
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FIGURE 4 | Effects of perceived health severity on the relationship between PIIT and routine use intention.

Zhao et al., 2017; Zhang et al., 2020; Meng et al., 2021), the
findings confirm the significant roles of technological factors,
personal factors, and health factors in predicting mHealth
service adoption and use in general and routine use in particular.
More importantly, although prior studies have examined the
two-way interaction effect of personal, technological, and health
factors on mHealth adoption and use (Deng et al.,, 2015; Chen
et al, 2018; Meng et al.,, 2019b; Alam et al., 2020), this study,
for the first time, tested the three-way interaction effect of
aforementioned factors. The findings shed light on the role of
personal factors and health factors in influencing the effects
of technological factors to various degrees. Therefore, this PTH
research framework can address interaction effects in a way
that complements traditional adoption theory. Our PTH
framework can be adapted by future researchers investigating
the adoption and use of specific health IT, such as mHealth
services.

Second, this study highlights the difference between mHealth
services and other IT by investigating the role of health factors.
In contrast to most previous studies focusing solely on the
effects of technological factors and personal factors (Hoque and

Sorwar, 2017; Chen et al, 2018), this study extends prior
research by introducing the role of health factors and exploring
the combined effects of technological factors, personal factors,
and health factors. Considering the fact that using mHealth
services is seen as not only an ordinary IT use behavior but
also a health-relevant behavior, this study can provide novel
insight into mHealth adoption and usage through illuminating
the moderating effect of health factors (e.g., perceived health
severity) on technological factors and personal factors. For
example, users’ rational or irrational decision-making processes
regarding routine mHealth use are to some extent determined
by perceived health severity. By taking advantage of such health
factors, future studies could shed yield more interesting findings.

Several practical implications can also be derived from the
study. First, trust, PIIT, and perceived health severity are found
to be significant in promoting users’ routine use intentions of
mHealth services. This implies that mHealth service providers
should not only develop relevant strategies to improve their
services technological factors (e.g., trustworthiness, perceived
usefulness, and perceived ease of use), but they also need to
pay more attention to their targeting users’ personal factors
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and health factors. Such attention would allow developers to
comprehensively understand the antecedents of routine use
intentions and focus service development in a way that increases
the likelihood of routine use.

Second, our study indicates that perceived health severity
has a negative impact on the positive relationship between
trust and routine use intention but strengthens the positive
relationship between PIIT and routine use intention. Although
technological factors (e.g., trust) and personal factors (e.g.,
PIIT) are critical predictors of routine use intention related
to mHealth services, their impacts will be moderated to various
degrees in the presence of health factors. With this understanding,
providers may be motivated to acquire users’ personal health-
related data (e.g., health records, disease history, family heredity
history, and disease types). Such data acquisition would aim
to differentiate consumers who may face the same health-
relevant threat but at different levels, which would allow
developers to adopt more user-centric strategies based on users’
health factors, thus increasing users’ routine use and sustaining
the company’s development. Overall, the findings of this study
could benefit providers of mHealth services by providing the
PTH framework, which would allow providers to comprehensively
understand how users’ personal traits influence the way they
evaluate mHealth services when they are threatened with a
health condition.

Limitations

Our research has several limitations. First, as our representatives
of technological, personal, and health factors, we only choose
trust, PIIT, and perceived health severity. Other factors may
generate more interesting results and increase the explanatory
power of the PTH framework. Second, since we collected data
in China, the generalizability of this study to other cultural
contexts is limited. In western countries, for instance, mHealth
users may exhibit different levels of PIIT and perceived health
severity. Future studies should validate the research model in
other cultural contexts to ensure the validity of the findings.
Third, while our study uses a cross-sectional design, which is
limited in its ability to draw causal inferences, future researchers
could erase this limitation by using a longitudinal design.

CONCLUSION

This study proposes the PTH framework as a way to understand
users routine use of mHealth services by exploring how
technological factors (e.g., trust), personal factors (e.g., PIIT),
and health factors (e.g., perceived health severity) combine to
influence routine use intention. This synthesized PTH research
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APPENDIX A

Research Constructs and Items
Routine Use Intention: (Sundaram et al., 2007)
RUT 1. I predict I will incorporate mHealth services into my regular life schedule.
RUI 2. mHealth services will be pretty much integrated as part of my normal life routine.
RUI 3. mHealth services will be a normal part of my life.
Trust: (Gefen et al., 2003)
PUL. I know that mHealth services are honest.
PU2. T know that mHealth services care about their customers.
PU3. I know that mHealth services are not opportunistic.
PU4. I know that mHealth services are predictable.
Personal Innovativeness in Information Technology: (Agarwal and Prasad, 1998)
PIIT1. I am willing to try new information technologies.
PIIT2. I think it is very interesting to try new information technologies.
PIIT3. I enjoy trying new information technologies.
Perceived Health Severity: (Johnston and Warkentin, 2010)
PHSI1. If T were affected by a disease, it would be severe.
PHS2. If T were affected by a disease, it would be serious.
PHS3. If T were affected by a disease, it would be significant.
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