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Abstract Background The potential benefit of mobile health (M-Health) in developing coun-
tries for improving the efficiency of health care service delivery, health care quality, and
patient safety, as well as reducing cost, has been increasingly recognized and
emphasized in the last few years.
Objective Limited research has investigated the facilitators and barriers for the
adoption of M-Health in developing countries to secure successful implementation
of the technology. To fill this knowledge gap, we propose an integrative model that
explains the patient’s adoption behavior of M-Health in developing countries grounded
on the unified theory of acceptance and use of technology, dual-factor model, and
health belief model.
Method We empirically tested and evaluated the model based on data collected
using a survey method from 280 patients living in a developing country. Partial least
squares (PLS-SEM) technique was used for data analysis.
Results The results showed that performance expectancy, effort expectancy, social
influence, perceived health threat, M-Health app quality, and life quality expectancy have
a direct positive effect on patients’ intention to use M-Health. The results also showed that
security and privacy risks have a direct negative effect on the patient’s intention to use M-
Health. However, resistance to change was found to have an indirect negative effect on
patients’ intention to use M-Health through the performance expectancy.
Conclusion The research contributes to the existing literature of health information
systems and M-Health by better understanding how technological, social, and
functional factors are associated with digital health applications and services use
and success in the context of developing countries. With the widespread availability of
mobile technologies and services and the growing demand for M-Health apps, this
research can help guide the development of the next generation of M-Health apps with
a focus on the needs of patients in developing countries. The research has several
theoretical and practical implications for the health care industry, government, policy
makers, and technology developers and designers.
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Background and Significance

Health information system (HIS) literature continues to
grow, investigating how information technology (IT) inno-
vations contribute tomore effective health care services. One
of the technologies that have grabbed the attention of
numerous researchers in the last decade is mobile commu-
nication technology in health care.1,2 The availability and
wide adoption of powerful smartphones and mobile apps
may drastically transform the delivery of health care services
and information on both organizational and personal levels.
Mobile health (M-Health) refers to the use of mobile infor-
mation and communication technology (ICT) to provide
health services and information. The last few years have
witnessed an increased availability of M-Health apps that
support patient care, monitor patients’ vital signs, collect
community and clinical health data, encourage healthy
behavior, and enhance health information awareness.3

Theglobal adoptionofmobile communication technologies
has resulted in a rapid surge in themobile appsmarket. Health
care apps are among the most downloaded and used apps in
mobile marketplaces, with approximately 1.7 billion users
downloading health-related apps in 2017.4 According to a
recent report, the global M-Health market was $13.2 billion
in 2016, and it is expected to reach $46.2 billion by theyear
2021.5 This degree of growth brings great opportunities for
both health care app developers and providers. Krebs and
Duncan6 found that most users routinely used M-Health apps
daily. In particular, health and well-being apps were heavily
used by younger users of high socioeconomic status who are
educated and have an overweight to obese body mass index.
The prevalence of health apps can be attributed to their
potential for improving the efficiency of health care services
and reducing the need for direct interaction with health care
professionals, which reduces the cost of care delivery.7 M-
Health integrates mobile technology, medical sensors, and
digital communication to enable continuity of care.8

The rapid growth in the use of smartphones has opened
many opportunities for use in behavioral health care.9

Mobile apps are now capable of undertaking a variety of
useful tasks, including symptom assessment, psychoeduca-
tion, resource location, and tracking of treatment progress.
According to the International Telecommunication Union,
there are 7.74 billion mobile phone subscriptions in the
world, and 6.133 billion of these subscriptions exist in
developing countries.10 These figures have led to a growing
body of literature investigating the opportunities of using
mobile phone capabilities in developing countries. Among
the different research fields that investigate the applicability
and effectiveness of mobile phones, health care emerged as a
vigorous research area for developing countries. Given the
high penetration rate of mobile phones in developing coun-
tries, this technology could provide themeans for health care
providers to deliver more effective services and better quali-
ty of care to larger segments of their population. Applications
ofM-Health in developing countries include greater access to
health care services, diagnosing and monitoring chronic
diseases, encouraging healthier living styles, and dissemi-

nating public health information.1,11 However, evidence is
scarce regarding the effect of mobile phones on behavior in
general and on health outcomes in particular in developing
countries.1,2,12More importantly, M-Health adoption mech-
anisms and compatibility of M-Health technologies in devel-
oping countries are still not clear.12

The health care industry in Jordan, the focus of this study,
has been recently transformed with emerging technologies
to improve its effectiveness. As evidence of its commitment
to adopt and diffuse HISs, Jordan’s government has imple-
mented a nationwide HIS emphasizing electronic medical
records (EMRs) in public and military hospitals. Private
hospitals and health clinics are also increasingly adopting
HIS to improve health care service quality. Concerning ICT
readiness, Jordan has an advanced ICT infrastructure, espe-
cially in terms of wireless telecommunication services.13

According to Jordan’s telecommunication regulatory com-
mission, the number ofmobile phone subscribers in Jordan is
16.746 million, which represents a 120% penetration rate.14

This high penetration rate is mainly due to inexpensive
wireless services and severe competition among several
providers in the Jordanian market.13 The availability of this
tremendous number of mobile phone subscribers makes M-
Health a plausible option for providing health care services
to a large segment of the Jordanian population.

Objective

Despite the technical readiness and wide availability of
mobile phones, a major factor for the success of M-Health
implementation is patient acceptance of the technology.
Therefore, it is important to investigate the factors that affect
and contribute to M-Health adoption in Jordan as a case of
developing countries. This study aims to answer the follow-
ing research question: What factors influence patient adop-
tion of M-Health in developing countries? To this end, the
study provides an integrative model that explains the adop-
tion behavior of patients with using M-Health based on
various relevant theories such as the unified theory of
acceptance and use of technology (UTAUT),15 the dual-factor
model (DFM),16,17 and the health belief model (HBM).18 The
study also provides an empirical investigation of new con-
structs derived from qualitative interviews, such as privacy
and security risk (PSR). The setting of the study is a develop-
ing country (Jordan). The study used a convenience sampling
method to recruit subjects. The sample was obtained from
younger citizens in Jordan who were students at the Jordan
University of Science and Technology (JUST). The model has
been empirically tested and evaluated based on data collect-
ed using a survey method. The survey questionnaire was
administered both online and on paper. The questionnaires
were distributed among 315 respondents in JUST, and 280
were complete. Partial least square (PLS) structural equation
modeling (SEM) was used to test the data using SmartPLS
software.

This research makes five specific contributions to the
literature. First, it proposes an integrative model that
explains the adoption behavior of M-Health by patients in
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developing countries. Second, it is one of the first studies to
provide integration between UTAUT, HBM, and DFMmodels
in a singlemodel. In particular, to overcome the limitations of
the UTAUT model that focuses only on positive (enabling)
factors while ignoring negative (inhibiting) ones, this
research integrates the DFM that considers negative factors
that may hinder intention to use M-Health. Such inhibitors
may be not only important to the M-Health usage decision,
but also more important than enabling beliefs. In addition,
HBM has been integrated with UTAUT to fully explain
adoption behavior from both technology (UTAUT) and health
(HBM) perspectives. Third, it provides an empirical investi-
gation for several new constructs that have not been ex-
plored in the technology adoption research in developing
countries. Fourth, it demonstrates how PSRs negatively
influence the adoption behavior of patients in developing
countries. Fifth, it provides M-Health app designers and
developers with guidelines, criteria, and principles for de-
veloping effective M-Health apps.

Theoretical Foundation and Hypothesis
Development

To explain the adoptionofM-Health,we conducted interviews
with 12 patients using their smartphones to receive health
care services, such aswith drug reminders and blood pressure
management. Based on the content analysis, we have identi-
fied four factors influencing their adoption of M-Health:
quality of the M-Health application, cost of M-Health, life
quality expectancy (LQE), and PSR. These preliminary findings
were used in contextualizing the research model. In addition,
we identified the other constructs of the model from relevant
theories such asUTAUT, DFM, andHBM.Our researchmodel is
shown in ►Fig. 1. Although many previous studies (see

►Supplementary Appendix A, available in the online
version) have investigated the patients’ adoption behavior
of different types of HISs (e.g., electronic health record [EHR],
electronic health [e-Health], personal health record [PHR],
HIS, and Internet portals), limited studies concerned on the
patients’ adoption behavior of M-Health apps in developing
countries (e.g., Jordan). In particular, limited studies have
comprehensively investigated the adoption behavior based
on an integrativemodel grounded on health-related theories
(e.g., HBM) and technology-related theories (e.g., UTAUT,
DFM). In addition, limited studies have provided a set of
design considerations for M-Health app developers and
designers, which acts as a guideline for effective M-Health
implementation.

UTAUT Model
Traditionally, technology acceptance models (TAMs) have
been used to help explain and predict the adoption of new
technologies. In information system research, several theo-
ries and models have been proposed to explain the accep-
tance of the user for new technology and its uses such as
TAM,19 innovation diffusion theory (IDT),20 theory of rea-
soned action,21 and theory of planned behavior (TPB).22With
the intention to formulate a comprehensive model that
considers the variables included in all the previous models,
Venkatesh and Davis15 developed UTAUT. This model
accounted for up to 70 percent of the variance in usage
intention. Although UTAUT is the most recent adoption
theory, it has demonstrated its suitability, generalizability,
validity, and reliability in technology adoption studies in
different contexts.23–28 UTAUT claims that four main factors
(performance expectancy [PE], effort expectancy [EE], social
influence [SI], and facilitating condition [FC]) determine the
intention of using new technology.

Fig. 1 Research model.
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PE can be defined as the extent towhich a patient believes
that using M-Health will help them improve job perfor-
mance. According to Venkatesh and Davis,15 PE is reflected
in the following five constructs, taken from the previous
models: perceived usefulness (TAM/TAM2), extrinsic moti-
vation (motivational model), job-fit (model of personal
computer utilization, MPCU), relative advantage (IDT), and
outcome expectations (social cognitive theory). Several
studies have suggested PE as one of the primary factors
that predict the use of IT1,27–32 and even the strongest
predictor of the use of IT.15,33 For example, Pai and Huang34

indicated that PE affects intention to use HIS. Carlsson35

revealed that PE is associated with intention to use mobile
devices. In the context of M-Health, this is viewed as
the degree to which a patient considers that using mobile
devices for health care services will be advantageous. PE in
M-Health services is associated with perceived benefits of
these services, including reduction of medication and trans-
portation costs, facilitating communication with professio-
nals, and monitoring and diagnosing of chronic diseases,
which suggests that patients evaluate M-Health services
regarding efficiency based on the costs and benefits they
offer. In other words, if patients feel that M-Health services
are useful and will improve health outcome, enhance man-
agement of their health conditions, and assist them in
increasing their quality of life, this usefulness will contribute
to their intention to use those services.

Thus, we propose the following hypothesis.
H1: PE has a positive effect on patient intentions to use

M-Health.
EE is defined as the degree of ease a patient feels with

respect to the use of M-Health. According to Venkatesh and
Davis,15 the three previous constructs that represent EE are
perceived ease of use (TAM/TAM2), complexity (MPCU), and
ease of use (IDT). Extensive empirical evidencehas shown that
EE has a direct effect on usage intention for technology
adoption.31,36,37 For example, it was found that EE is a deter-
minant of users’ intention to use e-Health services, clinical
decision support systems, and M-Health.38,39 Since M-Health
is in its infancy in developing countries, it is believed that EE
will be an important determinant of intention to use its
services. At early stage of diffusion, the use of smart phones
for health care services may be characterized by physical and
mental efforts. Therefore, when patients do not find a particu-
lar system easy to use, helpful in completing tasks, comfort-
able, andconvenient, theywill usually reject using that system,
which results in a system failure. In addition, the discomfort of
patients in using their mobile phones andmobile apps gener-
ally makes it harder to use M-Health apps, making the apps
less acceptable and less desirable. Accordingly, the adoption of
M-Health apps depends on whether the apps are easy to use
and freeofeffort. Themore learningeffort is required touseM-
Health apps, themore resistancewould there be on the part of
the patient to use them. If the use of M-Health apps involves
tedious training, documentation, registration, and learning
about service terms and conditions, then the interaction
with them would not be clear and understandable, which
would hinder the patients’ adoption of M-Health.

Therefore, we propose the following hypothesis.
H2: EE has a negative effect on patient intentions to use

M-Health.
SI is defined as the extent towhich a patient perceives that

significant others believe they should useM-Health. It under-
lies the aspects of subjective norm (TRA, TAM2), social
factors (MPCU), and image (IDT).15 SI is based on the notion
that an individual’s behavior is influenced by the way in
which one believes others will view him/her as a result of
having used M-Health services. Thus, friends, relatives, and
peers in the society may influence patients’ decisions to use
M-Health.28,32 Dwivedi et al40 argued that SI is relevant in
the M-Health technology context because interaction with
M-Health technology is likely to be observed by others in
daily life, and that aspirational reference group’s influence
will lead to the adhesion of using the technology. Existing
research on information systems has found a significant
relationship between SI and adoption of information sys-
tems.31,36 For example, Sun et al38 found that SI affects the
behavioral intention to use M-Health services. Wills et al41

reported that a significant corelationship exists between SI
and users’ behavioral intention to use digital information in
health care.

Therefore, we propose the following hypothesis.
H3: SI has a positive effect on patient intentions to use

M-Health.
FC is the degree to which a patient believes that an

organizational or technical infrastructure exists to support
the use of M-Health. FC is derived from perceived behavioral
control (TPB, TAM-TPB), FCs (MPCU), and compatibility
(IDT).15 Bhattacherjee and Hikmet47 found that infrastruc-
ture support plays a critical role in HIS usage. It was reported
that FC is positively associated with the behavioral intention
of using smartphones for health services.23,39 Patients must
have the ability, knowledge, and resources necessary to use
M-Health. The effective use of M-Health services by patients
hinges on the availability of organizational resources and
appropriate technical infrastructure required for their opti-
mum performance. This implies that the degree to which
patients believe that organizational resources and technical
infrastructure exist to support the effective use of M-Health
services could determine if they will actually use their smart
phones for health care services or not. Some patients are
hesitant about adopting M-Health due to lack of resources
and technical support. Therefore, we expect that perceived
facilitating resources, including technical support, organiza-
tional resources, and knowledge,will positively influence the
intention to use M-Health.

Therefore, we propose the following hypothesis.
H4: FCs have a positive effect on patient intentions to use

M-Health.

Dual-Factor Model
To overcome the limitations of traditional TAMs that focus
only on positive factors while ignoring negative ones, Cen-
fetelli16,17 developed a DFM of ITuse. A large body of existing
research in information systems has explored overall beliefs
about system usage, antecedents of system satisfaction, and
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other perceptions that enable system success, create positive
attitudes, and encourage use.24,25,31,36 However, less atten-
tion has been given towhat perceptions uniquely inhibit use.
In particular, research on HIS adoption has long focused on
“enablers” or positive factors that drive adoption such as PE
and SI, as proposed by IT adoption models such as TAM,19

UTAUT,15 and IDT20 with a little attention to understanding
the “inhibitors” or negative factors that hinder adoption.28,43

This focus has resulted in a pro-innovation bias in IT/HIS
adoption research—a frequently mentioned problem in IT/
HIS adoption research.44 As a consequence of this problem,
the current IT adoption models provide reasonably good
explanations of adoption behaviors; however, they cannot
adequately explain rejection behaviors. For instance, al-
though the use of advanced HISs by physicians such as
computerized physician order entry systems and EMR sys-
tems are expected to reduce medical errors and improve
medical service delivery as reported in Lapointe and
Rivard,45 many physicians tended to reject these systems
which resulted in systems failure. In addition, Freuden-
heim46 reported in his case study at the prestigious
Cedars-Sinai Medical Center at Los Angeles that physicians
rebelled against a newly installed computer system, com-
plaining that the system was too great a distraction from
their medical duties and forcing its withdrawal after the
system was already online in two-thirds of the 870-bed
hospital.

To fill this gap, the DFM considers both positive (enabling)
and negative (inhibiting) factors to examine IT use. Such
inhibitorsmay be not only important to the ITusage decision,
but alsomore important than enabling beliefs. Cenfetelli16,17

argued in his model that IT adoption decisions among
potential adopters are based on simultaneous considerations
of both enabling and inhibiting factors. Cenfetelli suggested
that inhibitors are not quite the opposite of enablers, but are
qualitatively distinct constructs that are independent of but
may coexist with enablers. While IT adoption is best pre-
dicted by enablers, IT nonadoption tends to be best predicted
by inhibitors. There is empirical evidence that negative
perceptions do inhibit usage. For example, Bhattacherjee
and Hikmet47 found that user resistance to change (RTC)
hinders physicians’ intent to adopt HISs. Cenfetelli16,17 did
not suggest any specific inhibitor of IT adoption, and the
choice of inhibitors may depend on the specific research
context and technology being examined. However, one
prominent inhibitor that emerged recently was RTC.27

For the past three decades, information system research
has extensively investigated concepts related to the technol-
ogy use and adoption while giving less attention to technol-
ogy resistance topics. Research in this topic is still somewhat
immature.48 Prior research in information systems sug-
gested a lack of research on factors that influence technology
resistance.45,49 Change is a transition from the present to
future. Change and RTC move hand-in-hand. With the initi-
ation of a newprogram, peoplemayautomatically attempt to
resist, which many times may cause a total or partial failure
of the program and its objectives. RTC will have normally
negative effects in the implementation of projects and

programs. Change produces anxiety and uncertainty.
When changes are instigated, users are affected. As a result,
RTC often occurs. ICT change is mainly related to the emer-
gence of innovations that require the users to adopt new
technologies, processes, and practices.

In the context of health care, RTC refers to a patient’s
attempt tomaintain previous behaviors and habits in the face
of change.50 In other words, technology resistance is repre-
sented as an action or intentional inaction that opposes the
implementation of new technology.48 Prior information
system research explained technology resistance based on
beliefs and attitudes toward the technology.17,45 The main
beliefs explored in information system research include
perceived threats, technology inhibitors, and loss of power.
Technology resistance is found to be a prominent reason for
system failure.27,30,47

Cenfetelli contended that inhibitors influence IT adoption
both directly and indirectly via enablers as mediators. The
indirect effect suggests that inhibitors tend to influence (or
“bias”) adopters’ perception of enablers in a negative man-
ner. RTC is independent of but may coexist with enablers
such as PE (expected benefits from system adoption).
Lapointe and Rivard45 suggested that users evaluate tech-
nology in terms of its features, perceived value, and associ-
ated threat, and based on this evaluation users can make
projections about the intention to accept or the intention to
resist the technology. Nkosi and Mekuria31 found in their
study that RTC is the inhibitor for ITusage by physicians that
has a significant direct influence on both intention and
perceived usefulness. Another study of older people’s accep-
tance of preventive M-Health services in China found a
significant influence of RTC on perceived usefulness, not
behavioral intention.51 As patients were used to their famil-
iar disease management and diagnosis model, “social iner-
tia” would likely cause them to have negative cognitive and
emotional responses to the new smartphone health technol-
ogy; thus, they may give a relatively low evaluation of the
technology’s usefulness.

Thus, we propose the following hypotheses.
H5: RTC has a negative effect on patient intentions to use

M-Health.
H6: RTC has a negative effect on the PE of M-Health.

Health Belief Model
To differentiate the adoption behavior of HIS (e.g., M-Health)
from other technologies, researchers need to pay attention to
adapting a theory specifically to the health care context.52

One way to achieve this adaptation is by integrating the
health behavior theories (e.g., HBM18) with the technology
adoption theories (e.g., UTAUT15) to provide a fully compre-
hensive understanding of the adoption behaviors. Although
many past studies on IT use for health-related purposes
adopted the UTAUT or HBM,28,53 the use of these theories
independently has not been able to fully explain IT adoption
behavior. The UTAUT has been used to predict an individual’s
technology use and is most commonly used for studying
technology-related behavior; however, it is an inadequate
model for health-related behavior.15,42 In other words, the
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UTAUT views health-related IT use behavior from the tech-
nology perspective. The HBM attempts to explain the factors
that influence health-related IT use purely from the health
perspective; however, it fails to explain the mechanism or
the process that leads to the behavior.18,42 In addition, the
literature shows that health behavior theories have been
quite often included to some extent in the constructs deter-
mining adoption of a technology.15,42 To fill this gap, HBM
has been integrated with UTAUT to explain adoption behav-
ior from both technology and health perspectives. UTAUT’s
effect on ITuse forhealth-relatedpurposes could only be fully
understood by incorporating dimensions of the HBM that
explain individuals’ belief about health into the model. In
short, there is a need to examine health-related IT use from
an integrated perspective that combines cognition, attitude,
and behavior as well as the subjective evaluation of the
psychological states of individuals regarding their percep-
tion of their health status.

The HBM was originally developed by several social
psychologists of the U.S. Public Health Services in the
1950s.18 HBM is a psychological health behavior change
model developed to explain and predict health-related
behaviors, particularly in regard to the uptake of health
services. The basic assumption of the HBM is that in the
absence of any symptoms, individuals will not take health or
preventive measures unless they are psychologically ready
(e.g., they feel vulnerable to a disease). HBM suggests that
people’s beliefs about health threats, perceived benefits of
action and barriers to action, and self-efficacy explain en-
gagement or lack of it in health promotion behavior.18

In essence, the adoption of M-Health is patients’ behavior
to promote, protect, or maintain their own health.38 HBM
suggests that belief in a health threat predicts the likelihood
of engaging in health behavior.18 In this study, perceived
health threat (PHT) refers to patients’ awareness and care of a
health condition and its potential consequences. Specifically,
PHT is assessed according to perceived susceptibility and
perceived severity. Perceived benefits and perceived barriers
are modeled as PE and RTC in our research. If susceptibility is
accepted, this will impact a patient’s perceived benefits of
taking an action as well as the perceived barriers of taking
action. Ultimately, cues to action will determine a patient’s
health behavior.54 In particular, patients who perceive a
health threat are more likely to change their health behavior
such as using ICT (e.g., mobile phones) to satisfy health-
related information needs. Thus, we argue that PHT is an
important and noticeable predictor in determining patients’
behavior. Patients who perceive their health to be at risk
would be expected to have a positive attitude toward M-
health use for health purposes. In addition, patients who
believe that the app is useful for providing information on
health and health management once health threats occur
would have a positive attitude toward its use. In other words,
cognitive and affective beliefs toward M-health become
central to a person who perceives his/her health to be at
risk or is conscious about his/her health. Therefore, these
patients would have greater intention to use the M-Health
apps. According to the previous literature, a PHT has both

direct and indirect influences on a consumer’s intention to
use health IT through perceived usefulness.30,31

Thus, we propose the following hypotheses.
H7: PHT has a positive effect on patient intentions to use

M-Health.
H8: PHT has a positive effect on PE of M-Health.

M-Health App Quality
App quality (Q) refers to a patient’s positive evaluation of an
app’s features, ensuring they meet users’ needs and reflect
the overall excellence of the app. Three dimensions of Q have
been identified based on the findings of the interviews we
conducted: technical adequacy, content, and appearance.

Technical adequacy includes the type, level of detail, and
variety of information, which are determined during the
system design and development phase, whereas timeliness,
accuracy, and reliability result from the system operations.55

It is also represented by accessibility, flexibility, convenience
of access, and response time,56 which are important for
explaining the effectiveness of the system. The quality of
content includes accuracy, relevance, adequacy, and under-
standability of contents. The content of M-Health apps
should be valuable, updated, and sufficient. The content
quality influences the user's perceptions of the value of
the apps and their importance to their wellbeing and there-
fore it is important for the adoption of the M-Health apps.
Appearance quality includes quality of format, timeliness of
reports, the manner of presentation, and the result of infor-
mation.57 The appearance quality is a critical usable factor
influencing users’ use of M-Health apps because of the small
screen and inconvenient input.58 To provide the users with
understandable information, M-Health apps must include
short and concise textual descriptions accompanied by pic-
tures and multimedia content.59

Floh and Treiblmaier60 emphasized that system quality,
which includes web design, structure, and content, is an
important factor for achieving customer satisfaction.
Schaupp et al61 conducted a survey to investigate the impact
of information quality and system quality on satisfaction.
The results showed that information quality and system
qualitywere significant predictors of satisfaction, and, there-
fore, intention to use the system.62 In addition, Li and Jiao63

confirmed that there is a significant relationship between
system quality and user satisfaction and that this relation-
ship affects the actual use of online services. In addition,
system quality perceptions have been reported to affect
behavioral intention and usage decisions in many stud-
ies.55,64,65 Users of mobile devices desire quality app that
satisfies their functional requirements. When users are not
satisfied with an app’s quality, their negative word of mouth
can have an adverse impact on it.66 Any problem in the M-
Health Qmay result in the withdrawal of users.67 Similarly, a
high-quality M-Health app may result in the perception that
one's experience is fun and enjoyable. Patients are likely to
experiencegreater enjoyment andhavemore funcompletinga
given task at an appwith high quality in terms of information-
related as well as health-related attributes. Consequently, it is
evident that the quality of M-Health app that provides health
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care services is an essential factor andneeds to be investigated
and included in the proposed model. M-Health design of a
professional standard with high quality will promote patient
satisfaction and facilitate adoption.

Thus, we propose the following hypothesis.
H9: Q has a positive effect on patient intentions to use

M-Health.

Cost Concerns
Cost concerns (CCs) refer to the degree to which the patient
recognizes the possible expenses of using M-Health, such as
equipment costs68 as well as its financial liabilities. CCs have
three sub-themes based on thefindings from our interviews:
infrastructure cost, reimbursement, and cost-benefit.
According to behavioral decision theory,68 the cost-benefit
pattern is significant to the use of the technology. If patients
perceive that the benefits of M-Health outweigh the cost of
investment and they have sufficient financial resources, then
these patients would bring a positive attitude toward using
M-Health. Yarbrough and Smith69 stated that the cost factor
had been largely omitted in the prior literature. Moreover,
Aydın and Özer70 discussed the important role of switching
cost on customer loyalty in their national customer satisfac-
tion indices. Even thoughM-Health adoption provides better
service quality and enhances effectiveness of clinical func-
tion, the investment in M-Health technology is expected to
be costly. The overall cost of M-Health includes the cost not
only of the devices but also of infrastructure, configuration,
downloading, and maintenance costs.68 Further, the cost
may include the learning cost, which is the effort needed
to learn about the new service/product.71 In addition, expe-
riences with technical problems, such as slow connections,
poor quality, delay, and missing links, could make users
frustrated. Hence, the cost might be one of the factors for
users to hesitate for M-Health acceptance. In fact, if a patient
considers the cost for using a newM-Health app high, he/she
will be reluctant to the actual use. Thus, the high cost of
value-added services provided by M-Health apps might
negatively affect the intention to adopt the technology. Ho
Cheong and Park72 extended the TAM by adding the per-
ceived cost factor to examine the intention to use mobile
internet (M-Internet) in Korea. Some researchers argued that
access cost, equipment costs, and transaction fees are im-
portant factors that create perception in users’ mind that a
mobile device (M-device) is expensive to use which nega-
tively influences its adoption.8,72,73 Previous studies have
also shown that cost is a highly significant predictor of usage
intention and its influence is stronger than privacy
concerns.74,75

Thus, we propose the following hypothesis.
H10: CCs have a negative effect on patient intentions to use

M-Health.

Life Quality Expectancy
Quality of life technology is primarily designed to optimize
the health and independent functioning of patients.76,77

M-Health is considered one of those technologies. M-Health
systems could help manage medication, including dispens-

ing, adherence, and tracking. M-Health apps monitor health
conditions such as glucometers and blood pressure moni-
tors; provide assistive technologies that compensate for
sensory, physical, and cognitive impairments; improve cog-
nitive fitness such as through thinking games and challeng-
ing puzzles; and enable individuals to communicate,
organize, and share information and resources with each
other. Expectations are high for M-Health services. About
half of patients recently surveyed by Price Waterhouse and
Coopers78 predict that M-Health will improve the conve-
nience, cost, and quality of health care in the next 3 years,
and 96% of current M-Health app users believe the apps help
improve their quality of life.79 LQE refers to the degree to
which a patient perceives that M-Health improves their
independence and fits their lifestyle properly. LQE has three
sub-themes based on the findings from our interviews:
independence, lifestyle, and quality of life. As people age,
they often lose some of their ability to manage on their own.
M-Health can help people remain independent by monitor-
ing their abilities and providing assistance when needed.
This technology could helpwith a variety of tasks or activities
and provide assistance at varying levels of intensity from
simple passivemonitoring to providing feedback, evaluation,
and coaching, to help patients with a task or to perform the
entire task on their behalf. An effective integration of
M-Health apps could also improve patients’ quality of life
by enabling safer independent living and increased social
inclusion. For example, M-Health could help older and
disabled people to remain in their own homes for longer
by providing them and their caregivers with increased safety
and reassurance, reducing social isolation, and supporting
treatment, rehabilitation and intermediate care. Indeed,
patients’ management of their own chronic conditions and
active engagement in their health care are associated with
improved independence and life quality, and reduced health
care utilization and cost.80,81

Quality of life can be explained in terms of perceived
benefits and a possible change in lifestyles.24 Patients would
treat M-Health as a safety-net system that provides assis-
tance in emergency situations. Inmanycases, patientswould
need to spendmost of the day independently, and they could
greatly benefit from the ability of M-Health to provide
remotehelp in case of accidents. This is of utmost importance
for people who live in remote and rural areas in developing
countries and who do not have easy access to providers.
Culley et al82 found that technology use may improve the
quality of life among patients by promoting interaction with
their families and friends and communication with health
care providers.

Therefore, we propose the following hypothesis.
H11: LQE has a positive effect on patient intentions to use

M-Health.

Privacy and Security Risk
The collection and use of a wide variety of personal data,
including health data, by mobile apps increase the concerns
about privacy and security.83 In 2015, the U.S. Department of
Health and Human Services reported that due to large data

Applied Clinical Informatics Vol. 10 No. 5/2019

Determinants of M-Health Adoption in Developing Countries Alaiad et al.826

T
hi

s 
do

cu
m

en
t w

as
 d

ow
nl

oa
de

d 
fo

r 
pe

rs
on

al
 u

se
 o

nl
y.

 U
na

ut
ho

riz
ed

 d
is

tr
ib

ut
io

n 
is

 s
tr

ic
tly

 p
ro

hi
bi

te
d.



breaches in 2014 alone, the privacy of approximately 21.4
million individuals was compromised. Some of these privacy
breaches were widely publicized and multiplied the con-
cerns that patients have regarding the use ofM-Health.84,85A
perceived need for privacy tended to be more important in
situations where individuals did not feel comfortable with
the possibilities of release of information to untrusted
parties.

Westin86 defined information privacy as the ability of
individuals to determine and control the level of information
that is revealed or communicated to others. Today, concerns
about personaldataare among themostcommonreasonswhy
some mobile device users avoid downloading mobile apps
requiring access to personal data. The adoption of M-Health
apps requires the patients to continuously provide sensitive
data. Patients do not usually like to be watched or monitored.
Privacy is typically assumed in situations where individuals
are not aware that it can be violated. According to Dehzad
et al,87 there is a degree of lack of interest on the part of both
patients andhealth careproviders to adoptM-Healthapps due
to concerns over security and privacy issues. Patients should
knowwho collects what information and how it is going to be
used. M-Health that builds onwireless networks will be more
vulnerable to security attacks and interceptions.

Understanding how security concerns and privacy expec-
tancy of the M-Health apps affect the adoption of M-Health
apps is important. Developing countries face steady growth
in the prevalence of chronic conditions. Kahn et al1 examined
various M-Health apps and defined the risks and benefits of
each. They found positive examples but little solid evaluation
of clinical or economic performance, which highlights the
need for such an evaluation.

To enhance the capabilities and the use of M-Health apps,
developers often include new functions before they are
appropriately developed or tested, which jeopardizes the
security and privacy of the app users. Such practices often
concern the users and may potentially lead them to form
negative impressions about the app and lower the potential
for continual use.88,89Mobile devices are being considered as
service platforms for health care delivery, access, and com-
munication. However, mobile services face challenges with
regard to delivering secure multimedia-based health
services due to limitations in computation power. Since
mobile devices have limited computational capacity and
run on small batteries, they are unable to run heavy multi-
media and security algorithms. Laxman et al90 studied
consumer health informatics and found privacy and security
concerns to be an obstacle, despite consumer’s general
willingness to adopt consumer health informatics. Angst
and Agarwal91 found concerns for privacy information to
be an important influencer on individual’s attitude to use
EHR. Becker92 identified a prevalent concern of unwanted
disclosures of personal information throughout his study on
young consumers’ acceptance of mobile mental health treat-
ment applications.

Thus, we propose the following hypothesis.
H12: PSRs have a negative effect on patient intentions to use

M-Health.

Research Method

Research Setting
The target population for this study was younger citizens in
Jordan. This study used a convenience sampling method to
recruit subjects, which is “a type of nonprobability sampling
which involves the sample being drawn from that part of the
population which is close to hand.”93 Moreover, it is cost
effective and has been widely used in information systems
research.53,94,95 The sample was obtained from younger citi-
zens in Jordan who were students at JUST. JUST offers 143
undergraduate and graduate degrees through its 15 schools
and institutes. More than 23,000 students are currently
enrolled at JUST. JUST ranked among the top 400 universities
worldwide according to the Times Higher Education and
ranked first locally according to the U.S. News in 2019. JUST
students were considered to be suitable for this study because
of their comfort as millennials with the use of mobile tech-
nologies for activities such as searching for information,
gaming, and communication. In addition, the university
includes many health-related schools (such as medicine,
pharmacy, dentistry, and applied health schools) and many
IT-related schools (such as IT, engineering, and science
schools),whichmeans that theuniversity’s students are either
more health aware or technology aware or both. In particular,
themajority of current JUSTstudents use their smartphone for
receiving health care services and this is confirmed by our
results that two-thirds of the students are actual users for
certain M-Health applications. Further, literature shows that
the student population is constantly used in M-Health re-
search and college students are familiar and comfortable with
different types of M-Health platforms.53,94,96,97

Procedure
Prior to commencing the research, ethical approval was
sought and obtained. We also contacted the deans of differ-
ent schools to seek permission to collect data from students.
All participants in the researchwere given consent forms and
information sheets that clearly explained the purpose of the
study. Respondents were also made aware of their rights to
withdraw participation at any time during the study. Re-
spondents were also made aware of the fact that they may
request the findings of the research once it is completed.

To collect the data, a survey questionnaire was adminis-
tered both online and on paper. To ensure that the subjects
were recruited from all the schools of the university, a
clustered random sampling method was used to target
students.98 In particular, paper-based survey questionnaires
were given to some faculty members to distribute among
their students (e.g., medicine, applied health science, and IT
schools). As it was hard to target other schools’ students
using the paper questionnaires, an online survey was posted
by vice deans of these schools into their official online
communities (e.g., online groups of nursing, engineering
schools). As an advertisement to motivate the participation
in the study, an email was forwarded to themailing list of the
university’s students to check their online groups for details
about the study and fill out the online survey. To ensure that
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participants clearly understood the objectives of the research
survey, the functions and characteristics of M-Health were
explained before the survey was administered. Furthermore,
the participants were informed that the survey would take
10minutes to complete. The surveywas conducted from June
to September 2018. Overall, the survey questionnaires were
distributed among 315 respondents in JUST, and 287 were
returned to the researcher. However, seven incomplete ques-
tionnaires were excluded from the study. This represents an
89% response rate.

To test whether the sample size could provide sufficient
power for testing the proposed research model, we con-
ducted power analysis using two different approaches: 10
times rule of thumb strategy and Cohen’s sample size
recommendation using G�Power.99 Both methods have
beenwidely used by previous studies using PLS.100,101 Based
on the 10 times rule of thumb strategy, we needed a mini-
mum of 100 participants for the study. According to Cohen’s
sample size recommendation, we needed at least 79 partic-
ipants to achieve R2 values of around 0.50 at a significance
level of 1% and a statistical power of 80%. Accordingly, our
sample size meets the criteria of both approaches.

Survey Instruments
The survey instruments for four constructs, including M-
HealthQ, CCs, LQE, and PSR,were adapted from the qualitative
interview and related literature. The survey instruments for
the other constructs in the researchmodel were adapted from
the relevant theories such as UTAUT,15HBM,18 and DFM.16 All
the items have been modified to make them relevant to the
context of M-Health (►Supplementary Appendix B, available
in the online version). The finalized survey questionnaire
consists of three main parts: background introduction,
demographic information, and perception of M-Health. In
the background introduction, we explain M-Health and
illustrate real-world scenarios to subjects. The items of the
constructs were measured using five-point Likert scale
questions with answer choices ranging from (1) “strongly
disagree” to (5) “strongly agree.”

Data Analysis
Data from questionnaires were inserted into Microsoft Excel
and imported into SmartPLS 3.2.7 software,102 a technique of
SEM, for statistical analysis. SEM is awidelyacceptedparadigm
to gauge the validity of meaty theories with empirical
data.103,104 It is an extensive statistical representation of
general linearmodeling.105,106One of thenotable applications
of SEM is that it can be applied to explore the relationships
among latent constructs to determine which are indicated by
multiple measures.107 SEM is composed of two evaluation
models: measurement model and path model.108 The path
model is an extensive form of a multiple regression model in
which various multiple regressions are estimated simulta-
neously.109 In other words, path analysis can be regarded as
a special case of SEM in which the structural relations among
latent variables are molded.106,109

There are two approaches for SEM: the first is a covari-
ance-based analysis (CB-SEM) used in AMOS and Lisrel, and

the second is a variance-based approach used in PLS. The
decision to utilize one of the two approaches depends on the
characteristics of the data and the model being tested.
According to Reinartz et al,110when the focus of the research
is on prediction and theory development, PLS is more
appropriate. Therefore, the reason for utilizing PLS in this
research is because we aim to predict factors that influence
M-Health acceptance in a predictive model rather than a
theory confirmatory model. An advantage of PLS is its ability
to estimate the loadings of indicators on constructs and the
causal relationships among constructs in multistage models
even when the research sample is relatively small.111,112

Even more, the PLS method is considered robust against
skewed distributions,multicollinearity, andmisspecification
of the structural model.113–115 The literature on technology
acceptance in different disciplines, especially researchwhich
utilized the UTAUT model, has regularly relied on PLS for
model testing.116–119

Results

Sample Characteristics
►Table 1 provides a general demographic overview of the
respondents who participated in this study in terms of
gender, age, and educational level. Among the 287 responses
that were received, 280 were complete and valid, which was
greater than the number suggested by power analysis, as
discussed in the Procedure section.

As shown in ►Table 1, males accounted for 57% of the
participants, the majority of the participants belonged to the
18 to 33-year-old age group (69%), and about three-quarters
of the participants were undergraduate students (76%). The
statistics also show that all the participants used smart-
phones for different tasks and that about two-thirds of the
respondents had used at least oneM-Health app for receiving
certain health care services. Such a result shows that the
majority of the sample respondents are actual users of M-
Health. The diversity of the participants is beneficial for the
purpose of this study.120,121

Evaluation of the Measurement Model
The measurement model (a confirmatory factor analysis
[CFA] model) specifies the relationships that suggest how
measured variables represent a construct that is not mea-
sured directly.122 It was assessed with CFA using the
SmartPLS tool to examine convergent and discriminant
validity. In the CFA, the convergent validity relied on three
indicators: the item reliability of each measure (factor load-
ing), the reliability of each construct, and the average vari-
ance extracted (AVE). Constructs have convergent validity
when the composite reliability (CR) exceeds the criterion of
0.70 and the AVE is above 0.50.41 ►Table 2 shows the factor
loadings, the AVE, the CR, and the Cronbach’s alphavalues. All
item loadings are bigger than 0.7, and t-values indicate that
all loadings are significant at 0.001. All AVEs were above 0.5,
and all the CRs were above 0.7. Therefore, the results support
the convergent validity of the scales.122,123 In addition, all α
values are larger than 0.7, revealing good reliability.124
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To assess for discriminant validity, the square root of the AVE
for each construct was compared with the interfactor corre-
lations between that construct and all other constructs. If the

AVE is higher than the squared interscale correlations of the
construct, then it shows good discriminant validity.122,123 As
shown in ►Table 3, for each factor, the square root of AVE is
larger than the correlation coefficients with other factors,
and this confirms sufficient discriminant validity.

Evaluation of the Structural Model
As previously mentioned, the second step is to assess the
structural model, which includes the testing of the theoreti-
cal hypothesis and the relationships between latent con-
structs provided through the employed SEM technique and
the use of the SmartPLS software. The test of significance of
all paths was done using the bootstrap resampling proce-
dure, a nonparametric technique for estimating the precision
of the PLS estimates. The test statistics indicate whether the
relationship is statistically different from zero, and the

Table 1 Description of demographic profile

Variable N %

Gender Male 160 57

Female 120 43

Age 18–33 195 69

34–49 65 24

Greater than 50 20 7

Education Level Bachelor’s degree 215 76

Graduate degree 65 24

Table 2 Item loadings, AVE, composite reliabilities, and alpha

Item Loading AVE CR R2 Cronbach’s alpha

Cost concerns CC1 0.645 0.823 0.899 0.934

CC2 0.763

CC4 0.923

Effort expectancy EE1 0.878 0.775 0.912 0.895

EE2 0.802

EE3 0.773

EE4 0.845

Resistance to change RTC1 0.927 0.755 0.844 0.801

RTC2 0.865

RTC3 0.879

Privacy and security risk PSR1 0.909 0.756 0.799 0.852

PSR2 0.867

PSR3 0.767

PSR4 0.653

Intention to use M-Health ITU1 0.965 0.945 0.987 0.59 0.952

ITU2 0.975

ITU3 0.964

M-Health app quality Q1 0.801 0.765 0.856 0.803

Q2 0.834

Q3 0.747

Q4 0.867

Life quality expectancy LQE1 0.912 0.678 0.879 0.821

LQE2 0.802

LQE3 0.856

LQE4 0.922

Perceived health threat PHT1 0.923 0.845 0.962 0.923

PHT2 0.903

PHT3 0.945

PHT4 0.911

(Continued)
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results are reported in ►Table 4. The structural model gives
information as to howwell the theoreticalmodel predicts the
hypothesized paths or relationships. It is estimated by the
path coefficients and R2 values, as shown in ►Fig. 2. R2

indicates the percentage of the variance in the corresponding
construct that is explained by the structural paths leading to
it. The path coefficients indicate the strengths of relation-
ships between constructs.100

Overall, the results of the proposed researchmodel showa
good fit: (χ2¼601.15, df¼312, χ2/df¼1.654, GFI¼0.895,
TLI¼0.890, CFI¼0.880, IFI¼0.900, RMSEA¼0.082, SRMR
¼0.082). Also, nine out of 12 hypotheses were supported
by the data. All hypotheses (H1, H2, H3, H4, H6, H7, H9, H11,
and H12) representing the relationship among the main
constructs (PE, EE, SI, FC, RTC, PHT, Q, LQE, and PSR) to
intention to use M-Health were supported in this study. The
hypotheses that were not supported were H4: FC to inten-
tion, H5: RTC to intention, and H10: CC to intention. FC, RTC,

and CCs did not significantly predict intention to use M-
Health (0.07, 0.06, and 0.12, not significant [n.s.]); therefore,
H4, H5, and H10 were not supported.

As shown in►Table 4, PE positively predicted intention to
useM-Health (0.37, p<0.001); therefore, H1 was supported.
Second, EE significantly predicted intention (0.07, p<0.05);
therefore, H2was supported. Third, SI significantly predicted
intention (�0.03, 0<0.05); therefore, H3 was supported.
Fourth, FC did not predict intention (0.08, n.s.). Fifth, the
RTC did not directly predict intention (�0.13, n.s.), rejecting
H5; however, RCT predicted intention through PE (�0.44,
p<0.05), supporting H6. PHT directly predicted intention
(0.18, p<0.05) and indirectly through PE (0.37, p<0.01);
therefore, H7 and H8 were supported. M-Health Q signifi-
cantly predicts intention (0.39, p<0.001); therefore, H9 was
supported. CC did not predict intention (�0.03, n.s.), thus
H10 was rejected. LQE significantly predicted intention
(0.12, p<0.01), supporting H11. Finally, PSR negatively

Table 2 (Continued)

Item Loading AVE CR R2 Cronbach’s alpha

Performance expectancy PE1 0.845 0.806 0.900 0.36 0.879

PE2 0.827

PE3 0.823

PE4 0.807

Facilitating condition FC1 0.645 0.614 0.790 0.752

FC3 0.642

FC4 0.856

Social influence SI1 0.952 0.843 0.942 0.923

SI2 0.912

SI3 0.875

Abbreviations: AVE, average variance extracted; CC, cost concern; CR, composite reliability; EE, effort expectancy; FC, facilitating condition; ITU,
intention to use M-Health; LQE, life quality expectancy; M-Health, mobile health; PE, performance expectancy; PHT, perceived health threat; PSR,
privacy and security risk; Q, M-Health app quality; RTC, resistance to change; SI, social influence.

Table 3 AVE scores and correlation of latent variables

CC EE RTC PSR ITU Q LQE PHT PE FC SI

CC 0.907

EE 0.143 0.880

RTC 0.076 0.124 0.868

PSR �0.07 �0.087 0.235 0.869

ITU �0.03 0.435 0.122 0.23 0.972

Q 0.035 0.088 0.087 0.359 0.139 0.874

LQE �0.019 0.324 0.156 �0.201 0.513 0.034 0.823

PHT 0.009 0.067 0.235 0.331 0.202 0.418 0.032 0.919

PE 0.06 0.423 0.119 �0.036 0.523 0.202 0.591 0.187 0.897

FC 0.231 0.235 0.058 0.231 0.231 0.363 �0.042 0.538 0.231 0.783

SI �0.098 0.397 0.267 0.078 0.439 0.189 0.419 0.312 0.567 0.163 0.918

Abbreviations: CC, cost concern; EE, effort expectancy; FC, facilitating condition; ITU, intention to use M-Health; LQE, life quality expectancy; PE,
performance expectancy; PHT, perceived health threat; PSR, privacy and security risk; Q, M-Health app quality; RTC, resistance to change; SI, social
influence.
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predicted intention (�0.09, p<0.05), and therefore H12 was
supported.

Discussion

Using mobile ICT to provide health care services is a fast
growing practice in numerous countries, both developed and
developing ones. Major drivers of this phenomenon include
the widespread use of more powerful smartphones and the

availability of a convenient number of M-Health apps the
users can easily download and use for different categories of
health care services. Despite the potential benefits of M-
Health to the different parties in health care (e.g., patients,
service providers, health care organizations) and despite the
availability ofM-Health apps that satisfy the needs of all kind
of patients, a wide implementation, success, and use of M-
Health totally depend on users’ acceptance of this technology
and its benefits.

Table 4 Hypotheses testing results

Hypothesis T statistics Supported?

H1: PE has a positive effect on patient intentions to use M-Health. 4.78a Y

H2: EE has a negative effect on patient intentions to use M-Health. 1.88b Y

H3: SI has a positive effect on patient intentions to use M-Health. 2.78c Y

H4: FCs have a positive effect on patient intentions to use M-Health. 0.07 N

H5: RTC has a negative effect on patient intentions to use M-Health. 0.06 N

H6: RTC has a negative effect on the PE of M-Health. 1.91b Y

H7: PHT has a positive effect on patient intentions to use M-Health. 2.09b Y

H8: PHT has a positive effect on PE of M-Health. 2.62c Y

H9: Q has a positive effect on patient intentions to use M-Health. 5.33a Y

H10: CC have a negative effect on patient intentions to use M-Health. 0.12 N

H11: LQE has a positive effect on patient intentions to use M-Health. 2.59c Y

H12: PSR have a negative effect on patient intentions to use M-Health. 2.16b Y

Abbreviations: CC, cost concern; EE, effort expectancy; FC, facilitating condition; LQE, life quality expectancy; M-Health, mobile health; PE,
performance expectancy; PHT, perceived health threat; PSR, privacy and security risk; Q, M-Health app quality; RTC, resistance to change; SI, social
influence.
aSignificant at 0.001.
bSignificant at 0.05.
cSignificant at 0.01.

Fig. 2 Structural model results.
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This study is based on theories of technology acceptance
and health behavior. We developed a unified model to
explain patients’ intention to adopt M-Health behavior in
developing countries. The unified model integrated UTAUT,
DFM, and HBM models. While UTAUT focuses on general
technology acceptance issues, the integration of DFM allows
for considering the negative factors which affect the inten-
tion to adopt M-Health. Furthermore, to overcome the
limitations of the previous two models of being general
TAMs, the HBM allows for contextualizing the model in
health care settings.

Results from the data analysis provide support for our
proposed theoretical model. Out of the 12 hypotheses we
proposed in the model, nine were supported, and only three
were statistically insignificant. Overall, the model managed
to explain 0.59 of the variances in the dependent variable,
intention to use M-Health.

As illustrated in the SEM results, all UTAUT model con-
structs were supported except for FC. In accordance with
previous literature, PE (H1) emerged as the strongest deter-
minant of intention to use M-Health among the UTAUT
factors.15,125,126 In fact, PE is the second strongest determi-
nant in the model, behind only M-Health Q. PE is related to
users’ perception that M-Health apps will improve their
personal health care management and consequently
improve their quality of life. This indicates that the ability
of M-Health apps to provide useful functionalities and
features will positively contribute to users’ adoption of these
apps. Nevertheless, unlike mobile apps in different contexts
which provide the same functionalities for all users, patients’
requirements differ based on the patient’s condition or
disease. Therefore, it is crucial for M-Health apps to be
customizable to satisfy the needs of different categories of
patients. More importantly, special care should be taken for
patients with disabilities. Based on this finding, M-Health
app developers and designers may consider the following
design considerations in relation to PE for effectiveM-Health
apps: (1) M-Health apps should enable greater control of
symptoms by “self–care,” (2) M-Health apps should enhance
patient–doctor communication outcomes via feedback,
which should be organized in a way information being
utilized for improvement in health care (e.g., counts and
graphs), (3) M-Health developers and designers should
carefully estimate the time that will be spent to use the
app services. The patients’ willingness to invest time posi-
tively related to the potential benefit gained and should be no
longer than any other alternatives, (4)M-Health app services
should be organized in a way (e.g., tree and hierarchy) to
provide patients with a list of tasks to perform for a pre-
defined goal. Also, screens should be designed to match the
task processes appropriately to assist patients in completing
the tasks accurately and in a timely manner.

The effect of EE (H2) is also supported, which indicates
that for wider adoption of M-Health apps in developing
countries, users must perceive the technology as being
simple, easy to learn, and convenient for accomplishing
necessary tasks. Dwivedi et al40 argued that in the context
of M-Health EE has to do with the degree of ease associated

with the remote and self-use of the information system.
Therefore, for wider adoption of M-Health apps, designers
should provide the patients with ownership of the system
with minimal need for organizational support. M-Health
developers and designers may use the following design
considerations as a guideline to achieve this objective: (1)
M-Health apps should be compatible with patients’ skills,
preferences and desires, and suited to age groups. Complex-
ity should be avoided and simplicity should be sought in the
design of the application. (2) Patients would appreciate
increased standardization across different forms, reports,
and models of the application. (3) The language and instruc-
tions for browsing should be easy to understand with
appropriate font type, style, and color. It should be a bilingual
interface (Arabic and English). (4) M-Health apps should be
more relaxing, enjoyable, and engaging than any other
alternatives. (5) Touch screen interaction used to be based
simply on the idea of “point to select.” Multitouch gestures
and automatic speech recognition may be embedded in the
app design. Images and data visualization help users of many
ages and with differing mental capacities to more easily
digest information.

SI (H3) is also supported. SI is amajor determinant when it
comes to personal health decisions and the use of technolo-
gy. It is argued in the literature that patients are frequently
affected by the surrounding SI when it comes to making
health decisions such as seeing a doctor or undergoing a
surgery.27,127–129 In terms of technology usage, SI is also
considered a major determinant of technology adoption and
use.28,32,130,131 Campbell et al130 argued that in the context
of mobile communication technology, users’ adoption and
use is influenced by other people within their networked
environment who use the same technology. Thus, the exis-
tence of mass users of M-health technology would affect
others’decisions to use the technology due to SI. Some design
considerations may include: (1) developers and designers
should focus on selecting appropriate technologies that
embrace clean design, and effective communication of the
technology’s capabilities through product brochures, live
demonstrations, online forums for sharing best practices,
and success stories among patients. (2) The data sharing
policy needs to be carefully considered in the application
design. Sharing of health-behavior information with others
(e.g., lessons learned, patients’ experience, and best practi-
ces) within the application and on social networks should be
clearly developed. Such social features are found in commer-
cial applications (e.g., Fitbit, Nikeþ , Jawbone UP). (3) A
“sense of presence” is a key design component of social
interaction where patients may forget that they are commu-
nicating through a system and feel like theyaremeeting face-
to-face.

FC (H4) is the only factor of the UTAUT model that is
rejected. Results show that the effect of FC on users’ intention
to useM-Health is insignificant. This result is consistent with
previous studies.27,28 FCs are related to the existence of
organizational and technical infrastructure that supports
M-Health apps and services. The rejection of H4, in the light
of acceptance of H1 to H3, could indicate that users are
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willing to use M-Health technologies regardless of any
organizational support as long as the app provides satisfac-
tory performance and easy-to-use functionalities. The avail-
ability of several M-Health apps for personal health
management enables users to exhibit self-control of their
health data. Users nowadays can download M-Health apps
that best serve their health care needs, such as monitoring
vital signs, medication reminders, and a healthy lifestyle,
regardless of the existence of specific health care organiza-
tions to support these apps. Furthermore, taking into con-
sideration that the majority of the study’s subjects were
millennials who are accustomed to using different categories
of mobile apps, FC would be less important for this specific
population to use M-Health technology. However, designers
and developers may consider the following guidelines in
relation to FC: (1) the availability of M-Health app on a wide
range of platforms, (2) interoperability ofM-Healthwith EHR
and other existing IT tools, and (3) providing patients with
manuals, online assistance, technical support, and training
sessions. Help desk and online messenger support may be
useful too.

H5 and H6 in our model are based on the DFM, which
focuses on factors that inhibit technology usage, specifically
RTC. We hypothesized a negative effect of change resistance
on intention to useM-Health (H5) and on PE (H6). Our results
provide support forH6but fail to supportH5. Thismeans that
users, in general, are not hesitant to changewhen it comes to
using M-Health. However, the support of H6 indicates that
users’ intention to use M-Health apps has more to do with
the apps’ performance. That is, whenusersmanage tofindM-
Health app that satisfies and meets their expectations, they
would be willing to accept the change. RTC is independent of
but may coexist with enablers such as PE. The indirect effect
suggests that inhibitors tend to influence (or “bias”) adopt-
ers’ perception of enablers in a negative manner. In other
words, the study confirmed that RTC indeed had a biasing
effect on patients’ perception of PE of the M-Health app. Its
indirect negative effect on behavioral intention through the
mediation of PE was consistent with the previous studies on
patient acceptance of HIS.132 Although M-Health apps are
expected to improve quality of care, reduce medical errors,
and improve medical service delivery, the findings suggest
that many patients do not perceive these benefits via their
smartphones and technology resistance hinders the percep-
tions of system performance. This is because M-Health
systems are essentially workflow systems that automate,
streamline, and restructure the way patients interact with
doctors, schedule an appointment, and monitor health sta-
tus. Besides, they force patients to abandon their traditional
practice of visiting hospitals, interacting with doctors, get-
ting treatment and tests done, instead they require entering
data into a phone through a complex series of screens and
numerous checks. This reflected a natural tendency for some
patients to prefer to continue with the traditional way of
health care management over switching to use the new
smartphone technology. To alleviate this, developers and
designers may consider: (1) the use of “social presence”
to enhance the interaction between patients and doctors,

(2) using artificial intelligence (AI) techniques such as Natu-
ral Language Processing (NLP), voice recognition, speech
recognition, and face recognition to provide advanced ser-
vices looking as operated in a real environment, (3) using
avatars, graphical visualizations, and animations to increase
the awareness of different parties, and (4) using contextual
cues in facilitating the exchange of data and information in a
communication channels.

H7 and H8 in our model are based on the HBM, which
suggests that when users are more aware of the health
threats they might face and their consequences, they will
be more willing to use M-Health. The support of H7, which
hypothesizes a positive relationship between health threats
and intention to useM-Health, as well as H8, which hypothe-
sizes a positive relationship between health threats and PE,
indicates that when users are more aware of the potential
health threats they have, they will be more willing to use M-
Health perhaps to manage these threats and be able to
resolve them once they occur. Even more, the support of
H8 indicates that users will evaluate their perceived PE of M-
Health in accordance with the health threat they are con-
cerned about. This means that patients will adopt M-Health
apps which provide useful information that helps them deal
with their health threats. The acceptance of H6 and H8
highlights the importance of M-Health apps’ performance
from the point view of the patients. This suggests that
patients evaluate M-Health apps through the apps’ ability
to provide useful information which assists patients in
dealing with their health threats. Moreover, well-designed
apps that meet the patients’ expectations would overcome
their RTC and use the apps. Further, the indirect effect of PHT
on usage intention through PE was significant. That is, when
patients perceive their health to be at risk and susceptible to
diseases, they assess and evaluate the benefits and barriers of
utilizing the M-Health services to alleviate the risk. In other
words, they examine how they can use these services and
which service is more beneficial to overcome the risk. If
benefits perceived, they would use the M-Health services.

In addition to the factors adopted from UTAUT, DFM, and
HBM, our model included four factors based on the qualita-
tive data we gathered for the purpose of this research. The
first factor is M-Health Q (H9), which refers to users’ positive
evaluation of the M-Health app features. Our results provide
support for H9, which indicates that when an M-Health app
includes high-quality features in terms of technical adequa-
cy, content, and appearance, users would be more willing to
use the app. In fact, M-Health Q appeared to be the strongest
determinant of users’ intention to useM-Health. This finding
is of utmost importance to app designers and developers.
That is, with the availability of manyM-Health apps for users
to choose from, the apps with higher quality from the users’
perspective would be the ones users are willing to use and
trust for their personal health information. For effective M-
Health design, developers and designers may (1) avoid
overwhelming patients with unnecessary or irrelevant
data. The value of the apps derives from an intelligent,
insightful presentation of data, (2) use appropriate commu-
nication format to facilitate interactions with doctors (for
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example, short message service [SMS], multimedia messag-
ing service [MMS], interactive voice response [IVR], video,
voice, general packet radio service [GPRS]), (3) use appropri-
ate feedback forms such as counts, graphs, stylized repre-
sentations, and narrative information, (4) given the limited
screen size of mobile phones, use submenus, provide a
feedback about current place in the app, use appropriate
font color and background, and balance text size and amount
of text on screen, (5) while reading a text, enable the patients
to change the font size, font type, and orientation of the text,
(6) balance the design requirements such as providing back
options, consistency of command names, feedback to users
about where they are in the application, and organization of
menus, (7) use automatic adaptation of a general mobile
application across terminals. This includes adapting the size
of the text dependent on the amount of content of the screen,
and the use of shortcuts.

The second factor is CC (H10), which was rejected. Our
results show that users do not seem to be concerned about
M-Health cost. Taking into consideration that themajority of
M-Health apps are free, and many of them are currently
standard on most mobile phone brands, it comes as no
surprise that users have little to no concern regarding
M-Health cost. These findings could also be explained by
the fact thatmobile phone prices are relatively attainable and
the cost of mobile and data subscription in Jordan is signifi-
cantly low.13 However, designers and developers should be
aware of the wide range of costs associated with developing,
deploying, and maintaining M-Health apps. Some are one-
time costs, while others must be budgeted annually (or at
other regular intervals). They should also find sustainable
and cost-effective models.

The third factor is LQE (H11), which was supported. LQE
has to do with users’ perception that M-Health improves
their personal health data management, independence, and
personal lifestyle. The support of H11 indicates that users are
taking matters into their own hands to better manage their
own health without the frequent need for health care
providers. Through the use ofM-Health, users can personally
monitor their vital signs, search formedical information, and
record personal health data. Furthermore,with the increased
awareness of the need for a healthy living style among people
of different ages,133 M-Health can provide means to achieve
this objective in areas such as exercise and healthy nutrition.
Based on this finding, M-Health developers and designers
may use the following design considerations: (1) the apps
should automatically collect data about health-related
behaviors, provide users with feedback about their life style,
and help them track progress toward preset goals, (2) the
apps should allow the customization of electronic prompts
and reminders according to end users’ needs and expect-
ations, (3) the apps should automatically change screens
backgrounds and colors based on target patients and their
behavior, (4) the apps should collect and store data, often in
real time, keeping users informed about what is going on,
through appropriate feedback within reasonable time, (5)
the apps should be integrated into the patterns of people’s
daily lives andmakeminimal external demands, (6) the apps

should use AI methods to improve user interaction with the
app such as speech detection and NLP. AI can evaluate the
environmental context of the user (e.g., determinewhether it
is dayor night; location based onproximity detection). AI can
also assist with other basic, but important, “behind the
scene” functions such as preserving battery life of mobile
technologies, again by being aware of the environment
(turning some functions off), (7) the apps should use graphs
that display users’ tracked activities over time, typically
using line or bar charts, and support reflection on the
possible relationships among different types of activities
and metrics.

The fourth and final factor addresses PSR (H12). Our
results show that users perceive a negative relationship
between PSRs on one hand and intention to use M-Health
on the other hand. Health information is considered purely
personal, and people do not favor sharing it with anyone else.
Mobile users are generally concernedwith how their data on
mobile devices and mobile networks are kept safe from any
unauthorized access. Security and privacy concerns are even
higher when they are related to personal health information.
When users depend on an M-Health app or service to record
and save their data, they have legitimate concerns about who
has access to these data and how the service sponsors use it.
While developed countries have sophisticated and strict laws
and regulations that govern the storage, use, and distribution
of personal health data (such as the Health Insurance Porta-
bility and Accountability Act [HIPAA] in the United States and
the General Data Protection Regulation [GDPR] in Europe),
developing countries often lack such regulations. Conse-
quently, M-Health users in developing countries are often
usingM-Health services at their own risk, whichmakes them
prone to data breaches and misuse by unknown parties. This
calls for the need for adequate regulations that accommodate
the users’ need for M-Health while protecting users from
malicious services. Some design considerations may include
(1) protecting the apps with strong firewalls, complex pass-
words, regular security reviews, and software updates, (2)
role-based access should be integrated into the system
infrastructure so that when users logged on, they would
only see screens related to their own role, (3) maintaining
security by requiring different user code and password
entries at each level instead of a single password access.
Biometric identification such as finger print or face recogni-
tion may be used. (4) Automated generation of encrypted
backup files at regular intervals, (5) the ability to remotely
lock and wipe data when devices are lost. For example, if
patients lose their smartphone, they can log into the iCloud
from another device and erase the phone’s information
remotely. (6) The systemmay undergo a third-party security
test. (7) To minimize risks to the patient’s privacy, for sensed
data, it might be better to only keep high-level inferences and
not the raw data themselves, to avoid unintended exposure
of sensitive information.

Implications for Theory
This research contributes to the existing literature of HIS and
provides several implications for theory. First, this study
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provides better understanding of how different factors may
affect the adoption and the intention to use personal HIS
artifacts in general and M-Health apps in particular in the
context of developing countries. Second, it is designed based
on relevant theories and proposes a unified technology
adoption model to overcome the limitations of the tradition-
al adoption theories in investigating the intention to use
M-Health apps. Hence, our study has examined the different
factors that may affect the intention to use M-Health, draw-
ing on the UTAUT theory and extending its lenses using the
HBM and DFM. Given the complexity of M-Health apps and
the numerous factors that may affect their use, this study
bridges the gap of previous studies that used a limited
number of constructs and applied UTAUT, HBM, and DFM
individually.51,134,135 Our article provides a wider under-
standing of the different factors that may affect the intention
to use M-Health. To our knowledge, this study is one of the
first studies to empirically explore the effects and the impact
of different determinants on M-Health adoption in develop-
ing countries from the perspective of UTAUT, HBM, and DFM
together.

Third, existing research in information systems has main-
ly explored the overall beliefs about system usage, antece-
dents of system satisfaction, and other perceptions that
enable information systems success and create a positive
attitude that encourages use. However, there has been less
attention given to what may hinder intention to use the
information system. This study adds to the HIS body of
knowledge by using the DFM that considers both positive
and negative factors to examine users’M-Health intention to
use. Such a contribution will enrich the existing HIS litera-
ture, particularly the research associatedwith telehealth and
M-Health applications and technologies at the individual
level. In addition, this study contributes to the existing
literature of M-Health by identifying how technological,
social, and functional factors are associated with health
digital applications and services use and success. Fourth,
based on qualitative data we gathered, we identified four
additional factors which influence the intention to use
M-health. Two of these factors (quality and security) were
significant, which indicates that the current TAMs should be
extended to include more factors mainly when applied to
health care and M-Health apps contexts.

Implications for Practice
M-Health apps have drawn the attention of health care
providers as a modality for delivering services in a more
cost-effective way and reducing geographic and distance
barriers. There is increased attention from health care pro-
viders and decision makers to leverage M-Health to provide
service for underserved communities and individuals.136–138

Nonetheless, with hundreds of M-Health apps available in
the digital market, patients, caregivers, and health care
providers need guidance on identifying apps that provide
good information, provide good service, and are easy to use,
safe, secure, and effective.

Our research can help health care providers and
M-Health developers and designers to better understand

the strengths and weaknesses of existing M-Health apps
from the users’ perceptions, which will yield a better
understanding of an individual’s intention of using such
apps and thus better manage their health and conditions.
With the widespread availability of mobile technologies
and services and the growing demand for M-Health apps,
our research can help guide the development of the next
generation of M-Health apps with a focus on the needs of
patients in developing countries. Following a patient-cen-
tered design, we have uncovered a set of facilitators and
barriers for adoption of M-Health services from patients’
perspective, we have identified the patients’ functional
requirements, needs, and expectations from M-Health
apps, we have also identified the importance of each
adoption factor and which one is more significant than
others, and we have finally proposed a set of design
considerations and criteria that acts as a guideline for
effective implementation of M-Health apps.

We draw multiple managerial and practical implications
from this study. First, M-Health apps’ qualities and function-
alities play a valuable role in patients’ intention to use the
apps. Hence, developers and designers should pay attention
to what type of functions they provide in their applications
and how these functions could be customized to satisfy the
needs of different’ categories of patients. Second, given the
sensitivity of an individual’s health and overall well-being,
M-Health providers and developers should take into consid-
eration how individuals perceive health threats and how
such threats may influence their intention to use M-Health
apps. Third, our results show the impact of SI on the use of
M-Health. SI has to dowith the behavior change that a person
causes in another person. Thus, it is important for M-Health
apps to influence their users’ behavior and life style to affect
others and encourage them to adopt the technology. This
could be accomplished through careful design of the apps to
have greater impact on patients’ health which could be
observed by others. Also, developers could identify users
who value health apps and incorporate their feedback to
enhance future releases.

Fourth, given the sensitive nature of the data that
M-Health apps store and process, security and privacy
greatly affect how users perceive M-Health apps and sub-
sequently affect their intention to use M-Health. Developers
should pay close attention to the type of security and
privacy measures they add to their health apps and inform
the users about these measures to assure them that their
data will remain secure and confidential. If the apps are not
fully developed or request additional unneeded information
from the user, this will negatively affect users’ perception of
how their medical and health private information is being
handled and thus affect the intention to use M-Health apps.
There is a crucial need for developers to maintain a balance
between providing more functions and keeping the data
safe and secure. Also, it is important for M-Health devel-
opers and designers to make sure that their apps conform to
local and international laws and regulations that govern
how personal health data are collected, processed, and
stored.
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Fifth, our results indicate that M-Health cost has no
significant impact on the intention to use M-Health apps,
which has very interesting implications in practice. We
found that there are other factors that individuals care about
more in regard to the intention to useM-Health apps, but the
cost of the health app is not one of them. The literature on
mobile apps shows that users are sensitive to the cost of the
apps and how this may affect downloading apps, adopting
them, and using them. In the context of health care, users are
generally less concerned about cost because of the perceived
positive effects of M-Health apps on their health and well-
being. Our research highlights practical implications to sup-
port the development and design of health ITwith the goal of
providingmore effective and sustainable health care delivery
and services especially in developing countries.

Limitations and Directions for Future
This study has various limitations. First, we surveyed only
Jordanians as a case of a developing country, whichmay raise
concern about the generalizability of the findings to other
developing countries. Future research should give more
attention to collect data from various developing countries.
Second, we surveyed mostly younger patients in Jordan.
Future research could investigate M-Health adoption among
another age group, such as the elderly, and compare the
results. Third, the research model was tested from the
patients’ perspective but not from the perspective ofmedical
professionals. Future research could investigate the factors
influencing the adoption by medical professionals and com-
pare the results. Fourth, we did not investigate the moderat-
ing effects of age, experience, culture, and gender, which are
worthy of future exploration.

Conclusion

The objective of this research is to provide a theoretical
model to explain the determinants of M-Health adoption in
developing countries’ settings from patients’ perspective.
The theoretical foundation of this research is based on the
UTAUT, DFM, and HBM. In addition, based on data gathered
via qualitative interviews, new factors were added to the
theoretical model: M-Health Q, CC, LQE, and PSRs. To test our
theoretical model, a survey instrument was developed. The
setting of this study is a developing country (Jordan), and a
convenience student sample was used to collect data. Partial
least square SEM was used to test the data using the
SmartPLS software.

The findings showed that PE, EE, SI, PHT, M-Health Q,
and LQE have a direct positive effect on the patient’s
intention to use M-Health. The findings also showed that
PSRs have a direct negative effect on the patient’s intention
to use M-Health. However, RTC was found to have an
indirect negative effect on their intention through the
PE. Among the influencing factors, M-Health Q was found
to be the strongest predictor for the intention. The findings
have several theoretical and practical implications for the
health care industry, government, policy makers, and
technology developers.

Clinical Relevance Statement

Please check implications.

Multiple Choice Questions

1. What is the strongest predictor of M-health adoption?
a. Performance expectancy.
b. Effort expectancy.
c. M-Health app quality.
d. Life quality expectancy.

Correct Answer: The correct answer is c. As described in
the discussion, in accordance with previous literature,
performance expectancy (PE) emerged as the strongest
determinant of intention to use M-Health among the
UTAUT factors. In fact, PE is the second strongest deter-
minant in themodel, behind onlyM-Health app quality in
our study.

2. This study is grounded on all the following theories except
a. UTAUT.
b. DFM.
c. HBM.
d. TTF.

Correct Answer: The correct answer is d. As discussed in
the background, this research provides a model that
explains the adoption behavior of patients in using M-
Health based on various relevant theories such as the
unified theory of acceptance and use of technology
(UTAUT), the dual-factor model (DFM), and the health
belief model (HBM).

Protection of Human and Animal Subjects
This study was reviewed and approved by Jordan Univer-
sity of Science and Technology Institutional Review
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