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Abstract
This study empirically examined the effects of internal and external factors on actual
use behavior, health improvement expectancy, and continuous use intention of
healthcare wearable devices. The study proposed a research model with its associated hypotheses that were tested using structural equation modeling. We also performed a comparative analysis of the two sample groups (medical personnel and
general public), based on data collected from 288 healthcare wearable devices/apps
users. The findings of the study indicated that internal and external factors have positive effects on actual use behavior, and health improvement expectancy and continuous use intention of healthcare wearable devices can be promoted through actual
use behavior. The comparative analysis of the two groups showed that medical personnel had higher relationships among the study factors than general public. The
study results shed theoretical and practical implications regarding how healthcare
wearable devices or apps can be effectively used for disease prevention and health
management for the users.
Keywords Healthcare wearable devices · Continuous use intention · User
experience · A multi-group analysis

1 Introduction
With the rapid advances in mobile technology, the use of mobile devices has skyrocketed. It is estimated that more than 70% of the world’s population use mobile
devices (Ericsson 2017). Markets and Markets (2017) predicts that the global mobile
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healthcare market will grow from USD 63.4 billion in 2013 to 90.4 billion in 2022.
According to Strategy Analytics (2019), global smartwatch shipments reached 12.3
million units in June 2019, representing a 44 percent increase from 8.6 million units
in June 2018. Wearable devices are becoming an increasingly popular platform for
healthcare services, particularly given the increasing interest in health, well-being,
disease prevention, and fitness, as well as the paradigm shift toward healthcare that
is personalized and controlled by individuals (Lee 2018). Furthermore, the shift in
the medical paradigm, from disease treatment to prevention and health management,
has provided the users of wearable devices new experiences that are not available
from traditional healthcare-related products and services (Lee 2019).
Today’s digital wearables, converged products of smart sensors, artificial intelligence (AI), the Internet of Things (IoT), big data, robots, and radar technologies,
can help manage and prevent diseases. They can measure the heart rate, body temperature, blood pressure, and respiration of the elderly living in homes and facilities,
and by detecting their risk indicators, such as worsening disease conditions, falls,
and other life-threatening situations (O’Donovan et al. 2009; Pataranutaporn et al.
2019). As such, many companies have developed wearables and smartphone apps
to provide a wide range of healthcare services, and this trend is expected to accelerate (Braithwaite 2018). Despite the rapid growth of the healthcare wearable devices
market, the adoption of these devices and related technologies is diverse as different
social segments and countries have varying degrees of socio-technical development
(Yoon et al. 2020). In addition, previous studies on healthcare wearable devices and
their applications generally focused on specific age groups (e.g., younger generations), using the technology acceptance model (TAM), TAM2, Unified Theory of
Acceptance and Use of Technology (UTAUT), and UTAUT2 models, or the analysis
of technology or market trends (Wang et al. 2009). There is little empirical research
on user acceptance behavior and the actual use of such wearable devices.
It is important to identify factors affecting the continuous use intention for healthcare wearable devices. New technologies can increase in value only when they are
widely disseminated in the market which induces further product advancements.
The diversification of available products helps reduce user burden, especially from
a financial standpoint. In addition, the success of healthcare applications is determined by continuous use intention, not just technology acceptance or adoption rates.
Therefore, it is imperative to examine post-adoption attitudes, such as use intention
and its relationship to user characteristics.
Empirical research on the key factors affecting user acceptance behavior is
needed to sustain the use of, and interest in, healthcare applications of wearable
devices. There is a paucity of empirical research on the actual use behavior, health
improvement expectancy, and continuous use intention of new healthcare devices.
This study intends to address the limitations of previous studies by identifying the
behavioral differences about healthcare wearables between the two groups: those
who are exposed to disease treatment environment (medical personnel) and those
who are not (general public). In addition, to differentiate this study from previous
ones, its focus will be on disease prevention, by analyzing the actual behavior and
continuous use intention. To achieve the research objectives, this study develops a
research model based on the Knowledge, Attitudes, Practices, and Beliefs (KAPB)
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model, a frequently used method in the development and delivery of health education programs for preventive activities, the UTAUT2 model related to the acceptance
of new technologies, and Theory of Planned Behavior (TPB). This study attempts
to answer the following three research questions: (1) Do the internal and external
activities associated with using a healthcare wearable device impact the actual use
behavior of the device? (2) Does the actual use of a healthcare wearable device have
an impact on the user’s health improvement expectancy? (3) Does the user’s health
improvement expectancy (if any) attained by using a healthcare wearable device? A
research model is proposed to answer these questions. The results of the study are
expected to contribute to both theory and practice regarding the usage of healthcare
wearable devices for health improvement and disease prevention.
The rest of this paper is organized as follows. In Sect. 2, the relevant literature is
reviewed. Sect. 3 proposes a research model with associated hypotheses. In Sect. 4,
research methodology and the results of the analysis are presented. We conclude the
study in Sect. 5 with discussion of the results, implications, limitations of the study,
and future research needs.

2 Literature review
Healthcare devices are expected to support not only the growing need for remote
medical services without spatial and temporal restrictions but also the increased
demand for medical services among senior citizens who suffer from reduced mobility and a lack of access to professional medical services (Panner 2019). There are
many factors that influence the expansion of the remote healthcare market like the
aging baby boomer generation, the largest age group in the United States, as well
as the increasing number of people with chronic diseases such as diabetes and cardiovascular issues (Panner 2019). In addition, the expansion of remote medical services is expected to gain momentum as 5G technology, which became commercially
available in 2019, that can expand the location coverage (Lee 2019). The current
COVID-19 pandemic has further highlighted the significance of remote healthcare
delivery (Chadha et al. 2020; Cohen et al. 2020).
Wearable technology refers to information technology (IT) enabled devices that
can be carried on the user’s body, such as the wrist, arm, or head (O’Donovan et al.
2009; Pataranutaporn et al. 2019). Advances in wearable technology and the growing demand from consumers who wish to manage their own health have profoundly
influenced the healthcare industry including insurers, providers, and technology
companies (Phaneuf 2020). It is expected that the demand for products and services
using digital health technology for the aged will continue to expand. Such increased
demand is also reflected in the accelerating availability of a range of healthcare
wearable devices and applications, as well as the increasing number of global digital
health startups.

13

506

S. M. Lee, D. Lee

2.1 The healthcare industry and wearables
With the popularization of smartphone use, applications of wearable technology
have exploded, converged with artificial intelligence (AI), IoT, and smart sensing.
Today, they are widely used not only in the healthcare industry but also in gaming,
communications, industrial operations, and safety. For example, in healthcare, IBM
offers a wide variety of mobile services through its Mobile Wireless Health Solutions, and GE Healthcare has developed Vscan to provide more accurate and faster
healthcare services that are not constrained by time and place. Wearable devices in
healthcare include various forms, including wearable fitness trackers, smart health
watches, wearable ECG monitors, wearable blood pressure monitors, and biosensors
(Phaneuf 2020). The development of smartphone apps has helped provide a wide
range of healthcare services and this trend is expected to accelerate in the future
(Braithwaite 2018). Apple’s Watch 5, Galaxy Watch Active 2 of Samsung Electronics, Fitbit’s Versa 2, and Xiaomi’s Mi Band 4 are good examples. Yoon et al. (2020)
reviewed current usage areas of wearable devices such as medical (e.g., diagnostic
and therapeutic areas), sports, fitness and wellness.
The use of wearables as medical devices rather than simple healthcare devices
takes various forms (O’Donovan et al. 2009; Pataranutaporn et al. 2019; Yoon
et al. 2020). First, wearable health devices can be accessories, such as a wristwatch.
The main function of accessories used by most users is for well-being and fitness.
Detailed functions include the ability to sync to smartphone applications; store and
manage information on key data points, notably the user’s psychological status;
monitor sleep patterns; track calories burned and consumed; and record distance
traveled.
Second, wearable health devices can be in the form of clothing. Smart clothing,
which uses computer chips to exchange electrical signals and data, or uses special
materials to connect with a smartphone to apply various functions, can measure
changes in blood flow, biological rhythm, breathing, and the health of their users
and accumulate data (Patel et al. 2012; Phaneuf 2020; Yoon et al. 2020).
Third, wearable health devices can be attached to the body. Sensimed, a Swiss
firm, puts a contact lens-type medical device on glaucoma patients to measure
their intraocular pressure for 24/7. Changes in the intraocular pressure are the most
important factor in diagnosing glaucoma, and its progression can be slowed down
through continuous monitoring of the intraocular pressure. These contact lenses use
sensors and antennas inside the lens to measure the intraocular pressure of the user,
transmit and record the data to a smart device in real-time, and store it on the doctor’s computer via Bluetooth (Patel et al. 2012; Phaneuf 2020).
Fourth, there are biopsy wearables. The most advanced wearables can be transplanted in the user’s body or be consumed by users. Currently, technologies of this
type include ingestible sensors on the patient’s medication to ascertain if the medication is being ingested in real-time, and technology that allows a wireless sensor
to be implanted on the skin to confirm real-time changes in blood sugar levels for
patients who need to be constantly monitored, such as patients with diabetes.
The growing demand for healthcare services due to the aging population is
fueling the adoption and use of digital health in the care and treatment of elderly

13

Healthcare wearable devices: an analysis of key factors for…

507

citizens (O’Donovan et al. 2009; Pataranutaporn et al. 2019). Healthcare wearables
can also support the remote healthcare sector so that individuals may receive healthcare services without restrictions on time and space. Moreover, they hold promise
as a solution to such issues as a lack of access to professional medical personnel
and for the elderly with limited mobility. Gary Shapiro, President and CEO of the
Consumer Technology Association, stated at the 2018 Hearing Loss Association of
America (HLAA) Convention in Minneapolis that “… the use of personal health
devices, such as wireless blood pressure sensors and electrocardiographic sensors,
is much more cost-effective and accurate, and a remote patient monitoring system
receives real-time patient data and allows doctors to treat patients more effectively
compared to when patients visit hospitals” (Shapiro 2018). This suggests that digital healthcare technology can help relieve the intensifying lack of healthcare workers and healthcare facilities caused by the aging population. There is an increasing
trend of interest in health monitoring technology and virtual care techniques, which
can result in significant cost savings to healthcare institutions and insurance companies (O’Donovan et al. 2009). Thus, the potential for the growth of wearables in the
healthcare industry is significant.
The global market for healthcare wearable devices is expected to grow at an
annual growth rate of 30 percent, from 2.5 billion dollars in 2015 to 12 billion dollars by 2020. Despite the explosion of interest in health wearables, there is currently
no specific agreement on the research, terminology, and the scope of applications to
both well-being and health management.
2.2 Healthcare wearable devices and applications
Pataranutaporn et al. (2019, p. 3327) suggested that “wearable technology has enabled on-body real-time sensing and computing of human physiological information.”
Phaneuf (2020) reported that wearable technology, including electronic devices
in healthcare, is designed to collect data on users’ personal health and exercise.
Phaneuf (2020, p. 1) defined a healthcare wearable technology as “…consumers can
wear, like Fitbits and smartwatches, and are designed to collect the data of users’
personal health and exercise.” Ravindra (2019, p. 1) defined it as “… that is noninvasive and autonomous, which performs a particular medical function, be it support
or monitoring, over a prolonged time period.” These definitions of healthcare wearable devices imply that a healthcare wearable device can help prevent disease and
review the user’s health conditions. In addition, a healthcare wearable device can
be attached to the body or combined into a part of the body to enhance and supplement the healthcare capabilities of the human body and be adjusted according to the
user’s willingness.
Dunsmuir et al. (2014) defined a healthcare application as the use of smartphone
apps and sensors to predict infection or disease to help its users take appropriate
actions, and Gücin and Berk (2015) defined it as an activity that assists healthcare
professionals with making medical decisions and providing healthcare education. A
healthcare application refers to a task that focuses on shaping consumer health habits, by providing information on such activities as stop smoking, exercise, and diet
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(Aitken and Lyle 2015). To prevent the spread of the COVID-19 global pandemic
smartphone apps have been effectively used for contact tracing of infected individuals or monitor those in involuntary isolation. The common factor in the studies cited
above is that they all explored technology acceptance and use intentions. However,
the intention is the will of the individual and may or may not lead to actual behavior to use. As such, there is a need to examine the actual conversion from intention
to behavior. Since new technologies are to be disseminated in the market, it is also
essential to identify factors influencing use intention to examine whether the intention actual resulted in behavior.
This study focuses on users who use healthcare applications or devices. Consequently, in this study, a healthcare application or device is defined as a mobile-based
healthcare application or device used to provide information, measurement, and
management of physical and exercise data as well as other healthcare-related content
required for personal health management.
2.3 Technology acceptance model (TAM)
TAM has theoretical foundations on theory of reasoned action (TRA) from social
psychology (Fox and Connolly 2018). To analyze user behavior regarding the
acceptance of new technologies, we utilized the two concepts from TAM: perceived
ease of use and perceived usefulness. Specifically, we assumed that when more users
feel that a specific system is both easy to use and useful, it would positively influence
attitudes toward, and the use intention of, the system (Davis et al. 1992). Although
TAM has been widely used and applied in studies of user intentions and behaviors
regarding the acceptance of new technology, it had been noted repeatedly that TAM
cannot be used to measure actual use intentions. This criticism led to the development of TAM2 (Venkatesh and Davis 2000). Taylor and Todd (1995) suggested
the Decomposed Theory of Planned Behavior (DTPB) based on theory of planned
behavior (TPB) and beliefs factors (behavior, normative, and control beliefs) to predict the user’s behavioral intention and actual use behavior of a new system.
Venkatesh et al. (2003) proposed Unified Theory of Acceptance and Use of Technology (UTAUT) to ascertain the limitations of TAM and TAM2 models. UTAUT is
a model that merges multiple theoretical models that can be used to investigate new
technology acceptance, including TRA, TAM, the business motivation model, TPB,
the Model of PC Utilization, innovation diffusion theory, and social cognitive theory
(Venkatesh et al. 2003, 2012; Al-Tarawneh 2019). As factors influencing user intention and behavior, UTAUT included effort expectancy, performance expectancy,
social influence, and facilitation condition, as well as voluntariness of use, age, gender, and experience as moderating variables.
However, as with TAM, UTAUT was also criticized for not being able to include
all the variables related to technology use. Therefore, Venkatesh et al. (2012) developed UTAUT2, which includes the three factors of hedonic motivation, price value,
and habit. The main difference between UTAUT and UTAUT2 is that UTAUT is a
model developed for explaining acceptance intent and use in the organizational context, while UTAUT2 is a model for improving the predictability of technology and
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service acceptance and use in a consumer-use context. Through empirical analysis,
Venkatesh et al. (2012) found that UTAUT2 was a better predictor than UTAUT of
acceptance intention, increasing the explained variance from 56 to 74%, and of technology use from 40 to 52%. However, it is also necessary to identify use intentions
by including the perception, attitudes, and expected values of consumers regarding
their acceptance of new technologies.
Based on the UTAUT model in healthcare system, Cimperman et al. (2016) found
that health improvement expectancy, facilitation conditions, effort expectancy, and
perceived security directly impact use intentions. However, in a study that analyzed
the influence of home-based remote healthcare services for the elderly on service
use intention, computer anxiety had a negative influence on effort expectancy. Wilson and Lankton (2004) used TAM to explore info-seeking and Internet dependence
as factors that influence use intentions for healthcare-related IT technologies. In a
study of factors affecting the acceptance of smart glasses, Rauschnabel et al. (2015)
underscored the importance of the functional benefits and social compliance and
suggested that people with open and outgoing nature trend to be willing to embrace
smart glasses. The features, compatibility, aesthetics, and brand of wearable devices
were found to impact perceived benefits and value, and they were found to positively
impact the use intention (Yang et al. 2016).
2.4 Knowledge, Attitudes, Beliefs and Behavior Models and Theory of Planned
Behavior
Many theories have been developed to describe or predict health-related behavior
based on the perception that health is affected by social and behavioral factors. The
leading models include the Health Belief Model (HBM) and the Knowledge, Attitudes, and Practices (KAP) Model (Humphis 2000).
HBM, was proposed by Rosenstock (1974) and Becker et al. (1977) expanded
and further developed it. HBM was originally developed to improve health education programs for general public (Rosenstock, 1974). However, it has become one
of the most widely used social cognition models in health psychology (Rosenstock
1974; Becker 1977; Abraham and Sheeran 2015). The HBM suggested by Becker
et al. (1977) posits that motivations to initiate and maintain health-protecting behavior are influenced by perception variables, such as personal susceptibility to disease,
seriousness, and worries regarding the disease, benefits of taking action, and barriers to behavioral changes (Harris and Garcia-Godoy 2004).
The KAP model is based on HBM, which is the most widely used method for
prevention activities designed for the general public. The KAP model is used to
evaluate the knowledge, attitudes, and practices of the general public regarding their
health behavior, diseases, and health issues using a structured survey (Humphis
2000). Knowledge is a more profound concept than simply understanding, and it
includes the acquisition, management, and use of knowledge and technology. Attitude is an acquired factor that includes cognitive, emotional, sensory, and behavioral
tendencies (Raina 2013; Rav-Marathe et al. 2016). Practice is defined as applying
knowledge and rules to result in a final action (Badran 1995). The KAP model can

13

510

S. M. Lee, D. Lee

be effectively applied to analyze knowledge gaps, cultural beliefs, and behavior patterns among populations, and it facilitates the understanding of individual experiences, opinions, and behaviors (Johnston and Warkentin 2010; Working Group on
Monitoring and Evaluation 2014). However, due to the criticism that the KAP model
ignored the role of beliefs in individual actions, the KAPB model was proposed.
The KAPB model incorporates beliefs into KAP. KAPB embodies the perspective that understanding one’s own health behavior requires comprehending one’s
life patterns, and action is supported by acquiring basic health knowledge. KAPB,
which began as a theory of learning, is now widely applied to the field of healthcare
and emphasizes the importance of appropriate health information as well as positive
beliefs and attitudes for good health practices (Frank 2004; Johnston and Warkentin 2010). The KAPB model emphasizes the role of practice for improvement, as
effort is required to understand the issues with one’s current health behaviors before
improving them. Therefore, the KAPB model is often used in health-related fields to
provide education for the maintenance and betterment of health, improve attitudes
and beliefs, and motivate the intention to act.
However, the relationship between consumer behavior and attitudes has yet to be
studied using the KAPB model, which complements HBM and KAP models. The
concept of self-efficacy is required to describe the relationship between consumer
behavior and attitudes. Self-efficacy refers to the individual’s confidence in the ability to perform certain actions (Bandura 1997). The potential for action increases
with higher self-efficacy and with positive outcome-expectancy. Therefore, it is necessary to examine the relationship between the attitudes and actions of consumers.
Theory of Planned Behavior (TPB) is a widely known theory that explains the
relationship between consumers’ attitudes and behaviors. TPB is a concept that
expands on the previous TRA without its limitations (Ajzen 1998; Fishbein and
Ajzen 2010). TRA posits that attitudes towards behaviors and subjective norms
influence behavioral intentions, which then lead to behaviors. However, in reality it
is necessary for an individual to be in a certain situation (opportunity) to engage in a
behavior (Taylor et al. 2007). TPB was developed to predict behaviors in which individuals have incomplete voluntary control. Concerning self-esteem and self-efficacy,
TPB expands on the concept of perceived behavioral control (Ajzen 2002). TPB,
similarly to TAM, includes the intention of action; intention refers to the level to
which executing specific actions are voluntary and the amount of voluntary effort
toward such action (Ajzen 1998).
For the purposes of this study, it is important to note that there is a large volume
of research that indicates that both TRA and TPB have utility in predicting health
behaviors and that the observed statistical relationships among their internal constructs, which are based on behavioral, normative, and control beliefs, have significance across a wide range of contexts (Armitage and Christian 2003). Both models
are based on an individual’s attitudes and social norms, as well as the person’s perceived control as accurate predictors of behavioral intentions, through an evaluation
of the available information (Ajzen 1998; Armitage and Christian 2003). HBM also
includes a self-efficacy component to explain health behavior.
Perception, knowledge, and attitudes toward a health issue may influence health
behaviors, as explained by HBM and KAPB models. Furthermore, an individual
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requires an expected value from the behavior and self-efficacy to engage in certain
behaviors (Bandura 1997). Therefore, to understand consumers’ use intentions for
digital devices, there are multiple aspects of health, attitudes, knowledge, and practices that are directly connected to actual behavior.
Thus, this study was based on multiple theories discussed in this section as follows. The UTAUT2 model was used to explain new technology acceptance; the
KAPB model was used to understand the behaviors associated with implementing health prevention activities, and TPB was used to understand the relationship
between consumer attitudes and behaviors.

3 Research model and hypotheses development
This study analyzed actual use behaviors and continuous use intentions of healthcare wearable devices from the perspective of disease prevention and health management. Use intention was defined as the user’s intention to utilize new products
and services, measured through variables that determine actual behavior to use
(Davis 1989). However, as this study focuses on analyzing whether current users of
healthcare wearable devices will continue to use them in the future, use intention is
excluded from the variables that predict actual use behavior. The proposed research
model is presented in Fig. 1. The internal factors in the research model were from
KAPB, while external factors and user experience were extracted from TPB and
UTAUT2. The study examined two groups: medical personnel and general public.
To lead a healthy life, it is necessary for people to engage in health-related behaviors and practices that are habitual activities instead of occasional events. The emergence of various digital devices provides an opportunity to develop healthy life
habits. With the increasing diversity in and access to methods of health management, many people are placing importance on user-centric health prevention activities. For health management, related knowledge is a prerequisite to developing good
intentions. In general, for health management, it is necessary to obtain accurate

Internal factors
Knowledge
Attitude
Belief
External factors

Actual use
behaviors

Health
Improvement
Expectancy

Connuous use
intenon

Technological factors
Social factors
Interest in health

User experience

Fig. 1  Proposed research model
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health-related information rather than the health management activity itself (DuttaBergman 2004). For example, such knowledge allows one to search for appropriate health apps that suit the person’s objectives and ways to practice them without
difficulty.
One’s drive to lead a healthy life can also influence the person’s attitude. For
example, an individual pursuing a healthy lifestyle would not smoke as it can cause
all sorts of health problems. In other words, if one is trying to achieve an objective,
the actual behavior (action) to take would require changes in the person’s attitude.
Believing that the use of health apps or devices would contribute to one’s health can
positively change his/her attitude. According to TAM, the extent to which the user
believes that a system is easy to use and useful has a positive effect on use attitude
and behavior toward the system (Lee et al. 2010).
Braithwaite (2018) argued that knowledge and attitudes gained by individuals in
healthcare settings increased their willingness to try new activities. Likewise, Chen
and Lin (2018) articulated that individuals with early-adopter characteristics tend to
have the positive use intention of new healthcare applications. When a person perceives that the use of new technologies is easy and helpful, his/her internal factors
would lead to proactive and positive attitudes that lead to the use intention of healthrelated devices and apps.
Generally, people with a positive orientation toward a healthy lifestyle tend to
search for health-related information and are more likely to learn and apply related
technologies and devices (Longo et al. 2010; Noh et al. 2013; Cho 2016). Thus, the
following hypotheses are proposed.
H1: Knowledge, as part of the internal factors that lead to using a healthcare
wearable device/application, affects actual use behavior.
H2: Attitudes, as part of the internal factors that lead to using a healthcare wearable device/application, affect actual use behaviors.
H3: Beliefs, as part of the internal factors that lead to using a healthcare wearable
device/application, affect actual use behaviors.
Healthcare wearable devices that provide real-time health information and monitoring are recognized as a valuable support tool for an individual’s health. Healthcare wearable devices can have a significant influence on health-conscious people
because they collect, store, and transmit various pieces of information related to
health and fitness. If individuals perceive that the services or functions of an application or device are valuable, then they would be positively influenced on the use
intention. Therefore, when a healthcare application/device is perceived as a useful
technical tool, the person’s use intention would lead to actual behavior.
With the advent of advanced technologies and social change, people are more
sensitive to technological changes and consequently tend to be positively inclined
to use them (Chen and Lin 2018). The importance of social influence was also present as a construct in UTAUT. Venkatesh et al. (2003) proposed that social influence has a positive impact on the use intention of new technologies and devices. In
other words, an individual’s social characteristics are influenced by others and lead
the person to seek social universality. For example, if an influencer recommends the
use of healthcare wearable devices, people universally would accept and use such
devices. The technological characteristics of healthcare wearable devices and their
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impact on society would influence people to become future users of the devices. The
technological factors (e.g., functions, ease of use, and comfortable) of a healthcare
wearable device, as well as the individual and social characteristics (e.g., influence,
usefulness, and importance) of the user, can have an influence on the actual behavior
of the user. Therefore, the following hypotheses are suggested.
H4: Technological factors, as part of the external factors that lead to using a
healthcare wearable device or application, affect actual use behavior.
H5: Social factors, as part of the external factors that lead to using a healthcare
wearable device or application, affect actual use behavior.
People with high self-efficacy can develop positive expectations regarding the
use of healthcare wearables or applications. Typically, individuals expect effective
health management with the support of healthcare applications. Health improvement
expectancy refers to the degree to which users believe that the application of a new
technology will result in positive health improvement (Venkatesh et al. 2003; Bozan
et al. 2015). Therefore, health improvement expectancy can be a predictor of continuous use intention (Venkatesh et al. 2003; Bozan et al. 2015).
In general, users who perceive the effectiveness of a certain behavior tend to
repeat it and achieve the intended objective through its repetition (Lee et al. 2010).
Thus, users who focus on the objective of health management by using healthcare
wearables and applications will strive to achieve their health improvement expectancy goals, such as disease prevention and health management. If the results exceed
expectations, individuals will tend to encourage others to try them. Therefore, users
expect to achieve their health improvement expectancy goal by using healthcare
wearables and applications (Lee 2018).
If a colleague or friend recommended a healthcare wearable device, the individual would develop high expectations about the device. The individual would be
satisfied with the device if it provided or exceeded the expected health improvement
but would become dissatisfied if the results were disappointing. Therefore, behavior for actual use influences health improvement expectancy. Furthermore, disease
prevention and health information have typically been used for the supplier-centric
medical services of healthcare providers. However, the emergence of a diverse range
of healthcare devices and applications has helped shift this trend to user-centric
healthcare services, leading many consumers to use wearable devices for health
improvement expectancy (Lee 2018). Hence, the following hypothesis is proposed.
H6: The actual use behavior of healthcare wearable devices/applications has a
positive effect on health improvement expectancy.
The continuous use intention refers to the willingness of the user to continue using
specific products and services in the future (Bhattacherjee 2001). In a study conducted to identify factors that affect the use intention of home-based remote health
services for the elderly, Cimperman et al. (2016) found that the health improvement
expectancy directly influences service use intentions of home-based remote health
services. A high level of belief in the use of healthcare wearable devices triggers
the expected value of the devices for health management, which will lead to use
intention. In addition, when users believe that the application of healthcare wearable devices is convenient for monitoring and preventing health issues, they will be
willing to continue using them. In other words, believing that usage of a healthcare
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wearable device would lead to improving one’s expected health could lead to the
intention to use the said technology or device.
The continuous use intention can be an important contributor to health improvement expectancy as it is a result of customer satisfaction. As customer satisfaction
is enhanced when customers’ expectations are met, health improvement expectancy
will influence continuous use intention. The following hypothesis is developed.
H7: Health improvement expectancy associated with the use of healthcare wearable devices/applications has a positive effect on continuous use intention.

4 Research methodology
4.1 Data collection
To test the proposed research model with associated hypotheses, we collected data
from medical personnel and general public through a survey questionnaire. As
most of the measurement items in the questionnaire were from previous studies, we
undertook the double translation protocol (Harkness 2011). The questionnaire was
first developed in English and then was translated into Korean by a bilingual faculty member in the service operations management area. The Korean version of the
questionnaire was then translated back into English by another bilingual faculty in
the healthcare management field. Three bilingual faculty examined the two English
versions and found no significant difference.
The questionnaire was tested in a pilot survey involving thirty-five participating
volunteers (15 medical personnel and 20 general public). After the pilot study, several measurement items of the constructs were modified because the survey participants found them ambiguous and difficult to answer. We distributed 500 questionnaires of the final version to each group: medical personnel and general public. For
the medical personnel group, we randomly selected doctors, nurses, medical technicians, and pharmacists at several general hospitals that accepted our request for data
collection, as well as staff at public health centers. For the general public group, we
also randomly selected volunteers among businesspeople, visitors to health centers
or hospitals, university employees, and college students. We factored in respondents’ behavior to minimize respondent variance in each group. Subsequently, a total
288 useable questionnaires were received (a response rate of 28.8 for the sample
group); medical personnel-129 out of 500 questionnaires distributed (a response rate
of 25.8%); general public—159 of 500 distributed (a response rate of 31.8%). The
final questionnaire is shown in Table 1 and provides measurement items for knowledge, attitude, belief, technological and social factors, actual use behavior, health
improvement expectancy, and continuous use intention.
The characteristics of respondents are summarized in Table 2. The categorized respondent types are medical personnel (44.79%) who are engaged in the
healthcare field and general public (55.21%) representing non-healthcare related
persons. In the sample, 100% of the respondents had experience using healthcare wearable devices/apps, 87.85% for more than one year. The three types
of healthcare wearable devices/apps the respondents have used are smartwatch
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Operational definition

The level of knowledge I have about
product A

Level of my cognition about product A

Degree of my belief towards using product
A

Variables

Knowledge

Attitude

Belief

Table 1  Measurement items for the study

BE3: I think that I can get reliable information or data through product A

BE2: I think I can use product A to
improve my health

BE1: I am willing to introduce product A
to the people around me

AT3: I am willing to use product A actively

AT2: I think product A has the features that
I want

AT1: I think product A is convenient for
me to use

KN4: I know about product A that can be
used for health management

KN3: I can easily use product A for my
health management

KN2: I know how to find product A that
helps my health management

KN1: I am used to finding product A that
helps my health management

I have used product A as a healthcare
wearable device and/or application

Measurement items

Johnston and Warkentin (2010); Ko et al.
(1999)

References
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13

Operational definition

Level of technology and characteristics
associated with product A

Degree of personal awareness of beliefs of
others around me about product A

Level of product A use

Variables

Technological factors

Social factors

Actual use behaviors

Table 1  (continued)

13
AC4: I am confident in using product A

AC3: I recommend using product A to others around me

AC2: I am actively using product A

AC1: I enjoy using product A

SO4: People who are important to me think
I should use product A

SO3: People around me think it is useful
for me to use product A

SO2: People who influence me think I
should use product A

SO1: The environment around me supports
me in using product A

TE4: I feel comfortable wearing product A

TE3: I am more interested in new technologies or products than others

TE2: I am familiar with the methods of
downloading and using product A

TE1: I think product A has many useful
functions

I have used product A as a healthcare
wearable device and/or application

Measurement items

Johnston and Warkentin (2010); Venkatesh
et al. (2003, 2012)

References
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Operational definition

Continuous use intention

Level of willingness to continue using or
recommend product A

Health Improvement expectancy Level of my belief about using product A

Variables

Table 1  (continued)

CO4: I will recommend people around me
to use product A

CO3: I am willing to use product A in the
future

CO2: I will continue to use product A
frequently

CO1: I will continue to use product A

HI4: Using product A helped me lead a
regular lifestyle

HI3: Using product A has helped make life
convenient

HI2: Using product A helped manage
health

HI1: Using product A helped manage
disease prevention

I have used product A as a healthcare
wearable device and/or application

Measurement items

Venkatesh et al. (2003); Cho (2016)

Davis et al. (1989); Venkatesh et al. (2003);
Cimperman et al. (2016)
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13
70

4
22
48
48
1
-

More than 21–less than 30

More than 31–less than 40

More than 41–less than 50

More than 51–less than 60

More than 61–less than 70

More than 71

–

No

112

More than 1 year

37
30
–

Fitbit

Smartphone with health app

Attachable

Purpose of use of healthcare wearable devices/apps

62

Smart watch

Usage type of healthcare wearable device/app

17

Less than 1 year

Length of usage healthcare wearable device/app

129

Yes

Usage experience of health care wearable devices/apps

6

Less than 20

Age

59

Female

–

23.26

28.68

48.06

86.82

13.18

100.00

-

.78

37.21

37.21

17.05

3.10

4.65

54.26

45.74

–

24

45

90

141

18

–

159

11

23

60

34

21

9

1

73

86

Frequency

Frequency

Percent (%)

General public

Medical personnel

Male

Gender

Respondents’ characteristics

Table 2  Respondents’ profile

15.09

28.30

56.60

88.68

11.32

100.00

6.92

14.47

37.74

21.38

13.21

5.66

.63

45.91

54.09

Percent (%)

–

54

82

152

253

35

–

288

11

24

108

82

43

13

7

143

145

Frequency

Total

–

18.75

28.47

52.78

87.85

12.15

100.00

3.82

8.33

37.50

28.47

14.93

4.51

2.43

49.65

50.35

Percent (%)
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24
34
14
5

Stress index measure

Sleeping measure

Blood pressure measure

38
50
34
–

Once a week

2–3 times a week

More than 4 times a week

No

129

Total

23

Relieve stress
8

40

Exercise

Walk

58

Strengthening the immune system

Healthcare ways to overcome COVID-19

7

Less than once a week

Exercise/week

52

Heart rate measure

44.79

6.20

17.83

31.01

44.96

–

26.36

38.76

29.46

5.43

3.88

10.85

26.36

18.60

40.31

159

17

20

54

68

1

46

71

35

6

4

20

35

45

55

Frequency

Frequency

Percent (%)

General public

Medical personnel

Activity measure

Respondents’ characteristics

Table 2  (continued)

55.21

10.69

12.58

33.96

42.77

.63

28.93

44.65

22.01

3.77

2.52

12.58

22.01

28.30

34.59

Percent (%)

288

25

43

94

126

1

80

121

73

13

9

34

69

69

107

Frequency

Total

100.00

8.68

14.93

32.64

43.75

.35

27.78

42.01

25.35

4.51

3.13

11.81

23.96

23.96

37.15

Percent (%)
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(52.78%), Fitbit (28.47%), and smartphone with health apps (18.75%). The main
purpose of using healthcare wearable devices/apps was listed in the following
order: activity measure (37.15%), heart rate (23.96%), stress index (23.96%),
sleeping (11.81%), and blood pressure (3.13%). To overcome an uncertain crisis like COVID-19, respondents thought healthcare devices/apps can help
strengthen the following: immune system (43.75 %), exercise (32.64 %), relieve
stress (14.93%), and walk (8.68 %).
4.2 Variables of the model
The questionnaire utilized 5-point Likert scales to measure the constructs. Measurement items from previous studies were modified to fit this research. This study
employed SPSS 23.0 and AMOS 23.0 programs. Structural equation modeling
(SEM) was chosen because it provides the tools necessary to test the hypotheses.
Reliability is estimated using Cronbach’s alpha values (Table 3). All the coefficients for the constructs exceeded the threshold value of .70 for exploratory
constructs (Nunnally 1978). In the reliability test, Cronbach’s alpha for social
factors was the highest (.839) and knowledge was the lowest (.727). All the
Cronbach’s alpha values were significant at p < .05.
Table 4 presents the fit indices of CFA for the whole sample, group1, and
group2. Based on the recommended threshold values, CFI, RMR SRMR,
RMSEA, and χ2/df were satisfactory for the whole sample model, but not GFI.
Group1 and group2 satisfied all the recommended values.
As validity refers to the accuracy of measurement items, confirmatory factor analysis (CFA) is a way of testing how well measured variables represent
the constructs for the study. Table 3 shows the standardized factor loadings and
t-values for measurement variables and results of CFA to test measurement
models for the whole sample, Group1 (medical personnel), and Group2 (general public), using the AMOS program. The values of standardized regression
weights for knowledge, attitude, belief, technological factors, social factors,
actual use behaviors, health improvement expectancy, and continuous use intention were all greater than .5, indicating all variables proposed by the study were
statistically significant at the .05 level.
The convergent validity, which requires the average variance extracted (AVE),
should be greater than .5 (Fornell and Larcher 1981). All measurement items
met the threshold value as shown in Table 5. Since the values of composite reliability (CR) of knowledge, attitude, belief, technological factors, social factors,
actual use behaviors, health improvement expectancy, and continuous use intention were all greater than .7, convergent validity was satisfied. The off-diagonal
elements are the correlation between latent variables in Table 5. For adequate
discriminant validity, the square root of the AVE of any latent variable should be
greater than the correlation between a given latent variable and other latent variables (Barclay et al. 1995). As shown in Table 5, statistics satisfied this requirement, lending evidence of discriminant validity.
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Social factors (SF)

Technological factors (TF)

Belief

Attitude

.743
.724
.834
.729

SO1

SO3

SO4

.749
.699

TE3

TE4

SO2

.723

TE2

.641
.690

BE3

TE1

.832

BE2

.880
.850

AT3

BE1

.530
.858

AT1

.786
.640

KN3

KN4

AT2

.746
.641

-

12.961

11.426

11.733

-

8.500

8.882

8.856

-

10.887

10.948

-

15.069

9.064

-

7.952

7.466

9.364

.700

.808

.756

.735

.668

.677

.705

.624

.618

.826

.872

.863

.822

.673

.706

.792

.671

.810

-

8.016

7.601

7.419

-

6.115

6.288

5.784

-

7.086

7.208

-

10.042

7.997

-

6.595

5.819

7.893

Standardized t value
loading

Standardized t value
loading

KN1

Knowledge

Medical personnel

Total

CFA

KN2

Variables

Table 3  Results of Cronbach’s Alpha, AVE, composite reliability and CFA

Constructs

.748

.850

.710

.740

.617

.626

.667

.784

.653

.823

.855

.904

.869

.518

.579

.590

.587

.693

-

10.242

8.608

8.991

-

6.167

6.448

7.068

-

8.238

8.342

-

11.783

5.226

-

4.669

4.645

5.795

Standardized t value
loading

General public

.839

.759

.808

.787

.727

Cronbach’s
Alphas

.733

.744

.730

.842

.756

Average variance
extracted (AVE)
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.785
.748
.659

AC2

AC3

AC4

Continuous use intention (CUI)

Health Improvement Expectancy (HIE)

.747

.681
.686
.878
.607

CO1

CO2

CO3

CO4

.810
.780

HI3

.719

HI2

HI4

.697

HI1

-

10.063

4.795

4.918

-

13.274

10.277

10.955

-

9.411

9.651

8.559

.621

.654

.752

.812

.743

.798

.735

.714

.624

.722

.778

.783

5.724

5.954

7.328

7.107

-

8.418

7.812

7.588

-

5.406

5.588

5.255

Standardized t value
loading

Standardized t value
loading

AC1

Medical personnel

Total

Actual use behaviors (AUB)

CFA

Variables

Table 3  (continued)

Constructs

.615

.850

.639

.748

.817

.818

.638

.634

.707

.796

.779

.789

-

8.253

4.419

4.367

-

10.573

6.642

7.994

-

8.567

8.452

6.615

Standardized t value
loading

General public

.825

.812

.781

Cronbach’s
Alphas

.735

.726

.712

Average variance
extracted (AVE)
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Table 4  Results of fit indices for CFA
Model

χ2

χ2/df

The entire sample

1721.141

2.295

.891

Group1 (medical personnel)

1507.657

2.010

.854

Group2 (general public)

1346.662

1.796

.873

Recommended values

≤ 3.0

GFI

≥ .9

CFI

RMR

SRMR

RMSEA

.937

.057

.064

.047

.875

.079

.073

.063

.893

.066

.079

≥ .9

≤ .08

.050

≤ .08

≤ .08

GFI goodness of fit index, CFI comparative fit index, RMR root mean square residual, SRMR standardized root mean square residual, RMSEA root mean square error of approximation
Table 5  Results of correlation matrix, CR and AVE
Factor

Knowledge

Knowledge

1

Attitude

.284*

1

Belief

.323*

.433**

1

TF

.358*

.510**

.500**

1

SF

.416**

.592**

.502**

.420**

AUB

.484**

.477**

.489**

.516**

.596**

1

HIE

.769**

.350*

.333*

.415**

.417**

.442**

1

CUI

.218*

.198

.328*

.170

.213*

.179

.322*

1

CR

.925

.954

.889

.921

.916

.908

.914

.916

.733

.712

AVE

.756

.842

.917

Belief

.730

.854

TF

.744

.863

SF

AUB

HIE

CUI

1

.843
��
�
∑
∑
∑
2
Reliability) =��∑(factor loading)2
CR (Composite
+ (error)
�
∑
∑(factor loading)
2
2
AVE =
(factor loading)
(factor loading) + (error)
Sqrt (AVE)

.869

Attitude

.856

.726

.852

.735

.857

*p < .05
**p < .01

5 Structural equation modeling and hypothesis testing
After examining the measurement model using partial least squares, the relations
between the constructs were addressed. The hypotheses were tested by exploring
the path coefficients. As a result of the goodness of fit test, compared to the recommended values, in this model, the values of CFI (.918), RMSEA (.053), RMR
(.067), SRMR (.072), and χ2/df (2.289) were good fit indices, but GFI (.830) was
below the required threshold.
Table 6 presents the result of the significance test for the research model with
hypotheses. For H1, H2, and H3, the standardized path coefficient between actual
use behaviors and knowledge (H1), attitudes (H2), and beliefs (H3) were .436, .177,
and .174, respectively. These three hypotheses were statistically significant at the
.01 level and thus supported. The results of this study are similar to that of previous
studies of the users with high internal knowledge, attitudes, and beliefs about the
use of healthcare wearable devices/apps that more likely would lead to their actual
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Table 6  Results of significance test for paths of the model
Path

Path coefficient S.E. t value p value

Hypothesis test

Knowledge→actual use behaviors

.436

.067 5.859

.000*** Supported H1

Attitudes→actual use behaviors

.177

.037 2.930

.001**

Supported H2

Beliefs→actual use behaviors

.174

.067 2.928

.003*

Supported H3

Technological factors→actual use behaviors

.155

.047 2.442

.015*

Supported H4

Social factors→actual use behaviors

.153

.043 2.401

.018*

Supported H5

Actual use behaviors→health improvement
expectancy

.976

.160 6.613

.000**

Supported H6

Health improvement
expectancy→continuous use intention

.337

.084 3.860

.000**

Supported H7

*p < .05
**p < .01
***p < .001

use (e.g., Cho 2016; Chen and Lin 2018). This means that the actual use of the
healthcare wearable devices/apps is based on the users’ knowledge about healthcare,
changing attitudes toward healthcare, and belief in using devices.
For H4 and H5, the standardized path coefficients between actual use behavior
and technological factors (H4) and social factors (H5) were .155 and .153, respectively, and statistically significant at the .05 level, supporting both hypotheses. These
results are also similar to those of previous studies (e.g., Venkatesh et al. 2003;
2012; Chen and Lin 2018). For example, if users can easily access certain technology systems, then lead to actual use behavior. The new healthcare wearable devices/
apps can invoke actual use behavior to create value through easy access to technology systems.
For H6, the standardized path coefficient between actual use behavior and health
improvement expectancy was .976, and statistically significant at the .001 level, supporting the hypothesis. For H7, the standardized path coefficient between health
improvement expectancy and continuous use intention was .337, and statistically
significant at the .001 level, also supporting H7. These results are similar to that
shown by previous studies, the higher the expected performance for health improvement through the device the higher the intention to use continuously (e.g., Venkatesh
et al. 2003; 2012; Bonzan et al. 2015; Cimperman et al. 2016). If inpatients had
a positive health improvement experience with healthcare wearable devices/apps,
they tend to share their experiences and recommend others to use devices/apps. It
means that direct or indirect experiences or expected values impact on continuous
use intention of wearable devices/apps.
5.1 Comparative analysis of the two groups
This study collected data from two groups: medical personnel and general public.
Medical personnel refer to a group of people who are always exposed to disease
treatment/prevention and health promotion situations, while general public refers
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to a group that is not. Structural equation modeling (SEM) with AMOS 23 was
employed to conduct a comparative analysis of the two groups to discover whether
different conditions may moderate the relationships among the constructs under
study.
To examine the model comparing the two groups, the study employed covariance
matrices to perform a measurement equivalence test via confirmatory factor analysis
(CFA) in AMOS Version 23. This allowed us to examine various combinations of
constrained and unconstrained models to determine “the source of any differences
in the way the constructs are composed and interpreted in the different cultures”
(Myers et al. 2000).
The results of the CFA model comparing the two groups are shown in Table 7.
First, Model 1 produced a χ2 of 1450.690 (df = 764), a CFI of .930, and an RMSEA
of .056. The second model (Model 2) was executed to determine whether the measurement model is equivalent to the two groups. The χ2 difference between models 1
and 2 was non-significant (Δχ2 = 1.289). This suggests that the measurement scale
is assumed to be equivalent across the two groups (Myers et al. 2000). Model 3,
constrained for factor correlations (Φ) and factor loadings (λ), was not significantly
different from model 2 (Δχ2 = 1.092, df = 2; CFI = .929; RMSEA = .055). This
finding implies that factor correlations and factor loadings are constrained such that
they are equal (Myers et al. 2000). Model 4 estimated the error variances (θ) to be
equal across the two groups. Model 4 was significantly different from Model 1 (Δχ2
= 13.34; df = 17; CFI = .906; RMSEA = .055). Based on Table 7, we are assured
that the measurement items for each construct have high convergent and construct
validity to test the research model for each group.
The results of the comparative analysis for the two groups with path coefficients
(medical personnel and general public) are shown in Table 8. All path loadings were
significant at the .05 level. The effect of health improvement expectancy on continuous use intention was supported for both groups (H7: β =.336 and β = .346,
respectively). The following hypotheses were supported for both groups: the effect
of knowledge on actual use behavior (H1: β = .425 and β = .456, respectively); the
effect of attitudes on actual use behavior (H2: β = .249 and β = .337, respectively);
the effect of beliefs on actual use behavior (H3: β = .315 and β = .163, respectively);
the effect of technological factors on actual use behavior (H4: β = .314 and β = .172,
respectively); the effect of social factors on actual use behavior (H5: β = .247 and β
= .252, respectively): and the effect of actual use behavior on health improvement
expectancy (H6: β = .696 and β = .476, respectively). As shown in Table 8, overall,

Table 7  Results of CFA model comparison
Model

χ2

df

p value

CFI

RMSEA

∆χ2/df

∆2 Sig. Diff.

Unconstrained (model 1)

1450.690

764

.000

.930

.056

λ Constrained (model 2)

1451.979

767

.000

.930

.055

1.289/4

No

Φ, λ Constrained (model 3)

1453.071

779

.000

.929

.055

1.092/2

No

Φ, λ, θ Constrained (model 4)

1464.030

781

.000

.906

.055

13.34/17

Yes

13

13

p < .001

p < .01

***

**

p < .05

Health improvement expectancy→Continuous use intention

H7

*

Social factors→Actual use behaviors

Actual use behaviors→Health improvement expectancy

H5

H6

Beliefs→Actual use behaviors

Technological factors→Actual use behaviors

H3

H4

Knowledge→Actual use behaviors

Attitudes→Actual use behaviors

H1

H2

Path

Table 8  Results of significance tests for between groups

.383

.866

.141

.247

.362

.175

.348

.336

.696

.247

.314

.315

.249

.425

.001**

.000***

.034*

.007*

.003*

.021*

.000***

.356

.780

.222

.189

.252

.352

.439

Unstandardized
coefficient

p value

Unstandardized
coefficient

Standardized
coefficient

General public

Medical personnel

.346

.476

.252

.172

.163

.337

.456

Standardized
coefficient

.003*

.000***

.015*

.012*

.025*

.005*

.000***

p value
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the medical personnel group showed a higher degree of relationships between factors on unstandardized coefficient. The coefficients and significant values were different between the two groups as well.

6 Conclusion
This study combined KABP, TPB, and UTAUT2 models for an empirical analysis of
factors that influencing the continuous use intention of healthcare wearable devices
or applications. Furthermore, the study performed a comparative analysis of the
two groups in the sample: medical personnel and general public. A research model,
along with associated hypotheses, was proposed. The results of the study revealed
that continuous use intention of healthcare wearable devices/apps should be prioritized for improving health conditions or preventing diseases.
The study results confirmed the positive effects of knowledge (H1), attitudes
(H2), and beliefs (H3) of internal factors on actual use behavior of healthcare wearables/apps. These results shed new insights about how healthcare wearable device
manufacturers can develop their products to increase user intention to use them. The
actual use behavior is influenced by internal factors. The study also found positive
relationships between actual use behavior and technological factors (H4) and social
factors (H5), as part of external factors. Since the actual use behavior is influenced
by social trends and convenience of using technology, it is important to provide a
good user experience. These results indicate that both internal and external factors
are important for increasing actual use behavior, based on the social and technical
demands of customers. In addition, the results of the study revealed positive relationships between actual use behavior and health improvement expectancy (H7).
Humphis (2000) suggested that “improved population health depends on changing the behavior of people,” such as who are healthy (e.g., people with regular exercise regime), who are ill (e.g., heavy smokers), and how health promotion is delivered (e.g., community health clubs). The study results confirmed that all proposed
hypotheses were supported for both groups (medical personnel and general public:
H1, H2, H3, H4, H5, H6, and H7). However, overall, the medical personnel group
showed higher levels of significance in the relationships than the general public
group. Since medical staffs are always concerned with healthcare, they are highly
willing to use wearables/apps with high expectations for improved health management. With the current COVID-19 pandemic crisis around the globe, the interest in
healthcare wearables/apps has increased tremendously (Phaneuf 2020). Especially,
there is a strong new trend for “untact” healthcare services, such as e-healthcare or
tele-healthcare (Lee and Lee 2020). Considering these uncertainties, it is reasonable
to assume that the demand for healthcare wearables/apps will continue to increase in
the future (Lee and Lee 2020; Phaneuf 2020).
The values of explanatory power (R2) of the five antecedent variables on actual use
behaviors are as follows: knowledge: .127 (F = 41.554), attitudes: .176 (F = 61.268),
beliefs: .163 (F = 55.523), technological factors: .164 (F = 56.310), and social factors:
.277 (F = 109.626). Although the explanatory power values (0 <R2 < 1) appear to be
low, they were significant at p < .000. The results indicated that social factors variable
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was most significant among five antecedent variables for actual use behaviors and continuous use intention of healthcare wearables/apps. The greatest significance shown by
social factors imply that most people are influenced by their social surroundings for
using or continuous use intention of healthcare wearables.
The results of the study have significant practical implications for the healthcare
industry. The healthcare environment has witnessed a shift from treatment-centered
services to prevention and management-centered services with the patient’s self-control and use of advanced healthcare devices (Lee 2018; Lee and Lee 2020). In addition, public interest in health has grown significantly with the aging population, which
has given rise to demands for customized healthcare services with self-management
or heath control devices. Today, there is a diverse type of smart healthcare wearable
devices, tools, or apps available and new ones are being introduced to the market (e.g.,
AliveCor’s personal EKG, TEMPTRAQ to monitoring the temperature, Blinq wearable rings, Philips smart sleep, Wireless patient monitoring, etc.). Health-related institutions and policymakers should make it easy and simple to use wearable devices. Manufacturers of wearable devices should lower the price of their products so that general
public can purchase and use them for their health benefits. Lindhult et al. (2018) suggested that product-oriented manufacturing companies need to understand consumer
needs and pursue service innovation to create greater value for consumers. Therefore,
the results of this study can provide practical guidelines for the producers of healthcare
wearables/apps that may provide value for the greater good.
The results of this study can also be useful for developing new remote healthcare
services through mobile devices. While this study yielded interesting results, it also
has several limitations. The study is based on the data collected from the users of
user-centric healthcare wearable devices and applications; however, it did not analyze the specific characteristics of these devices and applications. Therefore, it is
necessary to apply the results of this study after identifying the functions and services expected by the users. This study did not comprehensively examine the influence of individual user’s characteristics, health status, and the sustainable use intention of wearables or apps. These limitations provide future research opportunities. It
is also important to consider how new or additional health data can be generated and
used by wearables and apps. This is a sensitive area that involves data security, privacy, and the digitalization of healthcare data. There are many new future research
opportunities in this area, such as contact tracing for the COVID-19 infected patients
using such wearable devices.
Funding This work was supported by INHA UNIVERSITY Research Grant.
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