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ABSTRACT

This research aims to determine the key antecedent factors in consumers’ adoption of and their
intention to recommend smartwatch wearable technology. The proposed research model combines
the current technology acceptance and innovation diffusion theories with perceived aesthetic and
perceived privacy risk to explain individuals’ smartwatch adoption and subsequent recommendation
to other people. Based on a sample of 299 completed individual online surveys, the research employed
partial least squares (a variance-based analysis method) for the model and hypotheses testing. The
results showed some similarities as well as differences from the previous literature. The study found
that performance expectancy, habit, and perceived aesthetic were the main predictors of smartwatch
adoption. Compatibility was the antecedent factor of performance expectancy, and innovativeness
directly influenced user adoption and effort expectancy. Consequently, user smartwatch adoption
usually led to recommendation.
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1. INTRODUCTION

Scholars define the term “wearable technology” in different ways. Nascimento et al. (2018) defined
it as electrical devices that can be worn on people’s bodies. Buenaflor and Kim (2013) defined
wearable technology as an electronic device that functions as a computer and can be worn, carried,
or attached to the body. Typical wearable devices are eyewear, clothes, and wristwear; of the latter,
a smartwatch is a portable intelligent accessory that significantly improves people’s way of life and
well-being (Kim & Shin, 2015). A smartwatch is an electronic device that has a shape similar to a
watch, is worn on the wrist, is able to tell time, and is wirelessly connected to the internet on its own
or through a smartphone (Rawassizadeh et al., 2015). This new technological device was launched
slightly less than 5 years ago, but it has garnered a megatrend of acceptance and adoption (Shin,
2019). Worldwide smartwatch sales have exponentially increased, reportedly reaching 48 million units
last year, of which 22.5 million units were Apple alone (Statista.com). The most well-known global
players in the smartwatch market are Apple, Samsung, Huawei, Xiaomi, and Pebble. According to
an IDC report (2019), the smartwatch’s market share grew 54% in 2018 and accounted for almost
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30% of all wearable devices shipped in that year. Apple is the leader in the smartwatch category,
controlling 28% of the total worldwide market share.

Leading manufacturers and device designers have continuously upgraded smartwatches to
incorporate multiple functions in order to improve their performance. Some smartwatch brands
recently added extra features for health monitoring and fitness functions; examples of the latter are
step counters, exercise trackers, heart and calorie monitors, sleep monitors, goal setting software,
exercise alerts, as well as data reporting by the day, week, or month via smartphone connectivity
(Gao, 2015). As each smartwatch brand has continued to deliver new functions for users, the recent
industry trend emphasizes developing and designing smartwatches to be more stand-alone and
powerful (Visuri et al., 2017). The Association of Southeast Asian Nations (ASEAN) market has
responded positively to the advancement of new smartwatches; Thailand, Vietnam, and Malaysia have
the highest smartwatch adoption rates. According to a September, 2018 Rakuten Insight survey on
wearables in Asia, the top smartwatch functions that are used most frequently are workout tracking,
heart rate monitoring, message/schedule notifications, and playing music. Asian males prefer heart
rate monitoring, whereas females desire the workout tracking mode.

Several previous studies have addressed how to determine consumer attitudes and behavior
intention (Kim & Shin, 2015; Wu et al., 2016; Hsiao & Chen, 2018), and some studies have attempted
to predict the antecedent factors of technology acceptance (Chu & Park, 2016; Choi & Kim, 2016,
Dutot et al., 2019). Although there have been few empirical researches to extend the findings beyond
smartwatch adoption intention, recent work on smartwatches has focused on technology adoption,
purchase intention, and continuance intention (Chuah et al., 2016; Chu & Park, 2016; Dehgani et al.,
2018; Nascimento et al., 2018). However, most manufacturers are interested in whether smartwatch
users react positively and are willing to recommend their devices. Therefore, the significant of this
study is twofold, first it extends the original empirical research model from adoption to intention to
recommend, thereby validating post-acceptance behavior. Secondly, due to the unique and varying
characteristics of wearable devices, the study conceptualized and added additional constructs to better
measure specific devices like the smartwatch. The construct of “perceived aesthetic,” studied by Choi
and Kim (2016); Jeong et al. (2016a); Hsiao & Chen, 2018, was found to have a significant influence
on purchase intention and adoption. The “perceived privacy risk construct,” which deals with the
possibility of data leakage (such as personal health records) when it is transferred and recorded in
another application, was studied by Nasir and Yurder (2015) and was added to the model.

2. LITERATURE REVIEW

2.1 Growth Potential of the Smartwatch Market

The ASEAN population represents the third-largest smartwatch market, following China and India.
Southeast Asia alone has more than 400 million internet users, and the trend continues to rise. Thailand
is one of the six largest economies in the region, with a total population close to 70 million, of whom
57 million are internet users who have 92.33 million mobile subscriptions (aseanup.com, 2019). The
country continues to invest in technological infrastructure to support its recent surge of urbanization,
and the expansion of digitalization has opened a gateway for new wireless devices to assist modern
lifestyles. The smartwatch supports the growing demands of consumers’ health awareness in the
ASEAN countries, especially Thailand. According to research data provided by Statista.com (2019),
in Thailand the total sales in the wearable segment are forecast to reach US$36 million by year-end
2019 Even though the Thai smartwatch market is relatively small within the global market, average
sales during 2019-2023 are expected to grow at a steady pace of 4.8% per year. This cumulative
growth will consequently generate a future annual sales volume of US$44 million by year-end 2023.
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This study makes noble attempt to explore consumer behavior towards smartwatch adoption
and recommendation in the ASEAN. The results can be used as a reference for manufacturers and
designers to capture ASEAN market share and retain customers’ loyalty.

2.2 Consumer Acceptance and Adoption Studies

Dated back to the study of consumer behavior and technology adoption models proposed by Davis
(1989) the technology acceptance model (TAM) and theory of planned behavior (TPB) by Ajzen
(1991), a recent comparative study of smartwatch adoption by Dutot et al., (2019) also applied
TAM with other additional constructs to examine the differences among people in three countries,
China, Thailand and France. Nevertheless, we have witnessed the evolution of number of technology
acceptance models such as UTAUT, UTAUT?2 by Venkatesh et al. 2003 and Venkatesh et al. 2012. To
examine up-to-date consumer psychology towards technology acceptance, Buenaflor and Kim (2013)
proposed an interesting proposition to understand the human factors involved in accepting wearable
computers and technology. Their study explained a range of factors, from fundamental human needs
to a high level of user’s experience.

(a) Fundamental needs: Adapted from Maslow’s hierarchy of needs, the user adopts a wearable device
to fulfill fundamental needs for safety.

(b) Cognitive attitude: User acceptance based on their belief that the technology is useful (perceived
usefulness), easy to use (perceived ease of use), and addresses other cognitive attitudes such as
perceived fear and risk.

(c) Social aspect: Wearable users might fear using technological devices as they can threaten personal
privacy. On the other hand, adoption might take place due to social influences or cultural norms.

(d) Physical aspect: User acceptance can be based on physical comfort and safety. Some users purchase
them because of aesthetics and appearance as well as mobility.

(e) Demographic characteristics: Age and gender are also considered key influencing factors of user
acceptance and adoption.

(f) Technical experience: The user’s level of technological experience is another crucial factor in their
willingness to accept wearable devices.

The proposition by Buenaflor and Kim (2013) summarized and shared similar constructs from
the two leading theoretical technology models: the unified theory of acceptance and use of technology
2 (UTAUT?2) by Venkatesh et al. (2012), and the diffusion of innovation theory by Rogers (2003).
In addition, a recent study by Kalantari (2017) also categorized the factors influencing consumers’
adoption of wearable technology into five areas: perceived benefits, technology characteristics, social
influences, individual characteristics, and perceived risks. Thus, after reviewing extensive model
for the study, we employed two theoretical models to examine consumer acceptance and adoption:
UTAUT?2 by Venkatesh et al. (2012), and diffusion of innovation theory by Rogers (2003). We used
two additional constructs, perceived aesthetics and perceived privacy risk, to confirm consumers’
adoption and recommendation of smartwatch devices.

2.3 Theoretical Models
2.3.1 Unified Theory of Acceptance And Use Of Technology 2 (Utaut2)

The original UTAUT model proposed by Venkatesh et al. (2003) provided a comprehensive assessment
of antecedent factors: performance expectancy, effort expectancy, social influence, and facilitating
conditions towards behavioral intention and use behavior. The first generation of the UTAUT model
was a combination of the leading technology acceptance theories and models, namely, diffusion of
innovation (DOI), the theory of reasoned action (TRA), and the theory of planned behavior (TPB)
(Huang & Kao, 2014). The second generation of UTAUT was reviewed and extended by Venkatesh
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et al. (2012) to examine consumer acceptance and use of technology by incorporating variables such
as habit, hedonic motivation, and price value to become UTAUT?2.

Rondan-Cataluiia et al. (2015) claimed that UTAUT?2 has better “explanation power”” compared to
the other technology acceptance models. Accordingly, the model has become the main line of research
in the literature on information systems uptake. For example, Wong et al. (2014) supported the use of
UTAUT?2 as the model for technology acceptance and use, and it has been used to test the adoption of
wearable technology in many empirical studies. The study of Kranthi and Ahmed (2018) employed
UTAUT?2 together with other constructs to determine smartwatch adoption among IT professionals.
Talukder et al. (2018) explored the acceptance and use predictors of fitness wearable technology and
intention to recommend, and Gu et al. (2016) studied the factors influencing consumers’ trust towards
wearable commerce. Research by Gao at al. (2015) also employed UTAUT?2 to investigate the factors
associated with consumers’ intention to adopt wearable technology in healthcare.

2.3.2 Diffusion Of Innovation Theory (DOI)

This model was first proposed by Rogers and is considered the first theory to study technology
innovation and adoption. It identifies the factors that affect dissemination of innovations and new
technologies in society, proposing four main elements to explain consumer behavior: innovation,
communication channels, time, and social system (Rogers, 2003). Rogers’s five attributes of innovation
are: relative advantage, compatibility, complexity, trialability, and observability. These indicators
influence individuals’ behaviors and explain the pace of innovation adoption. Momani and Jamous
(2017) reported that some variables under DOI, namely, compatibility, relative advantage (performance
expectancy), and complexity (effort expectancy), are the most significant factors for individual
acceptance, while demonstrability, image, visibility, and trialability do not influence individuals’ use
and adoption of new technology. A study by Wu et al. (2016) adopted the technology acceptance model
(TAM) and DOI to explore consumers’ intention to accept the smartwatch. Hsiao (2017) applied the
DOI model to examine smartwatch adoption intention by comparing Apple and non-Apple watches.
Similarly, Jeong et al. (2016b) tested DOI for purchase intention of wearable devices.

2.3.3 Perceived Aesthetic

Perceived aesthetic has been widely discussed as applicable to wearable technology, particularly in
smart clothes, smart glasses, and smartwatches, as these are often considered fashion items (Kalantari,
2017). The design, shape, color, and texture of these technological devices are important attributes
and can be seen as visual communication (Chuah et al., 2016). The unique design of a smartwatch
can encourage consumers to develop a positive attitude and can support their self-expression of taste
and style (Kranthi & Ahmed, 2018). Recent empirical studies also included perceived aesthetic in
their models. Research by Yang et al. (2016) included a perceived aesthetic construct in the model
by defining it as “visual attractiveness.” Jeong et al. (2016a) also used the construct to determine
smartwatch acceptance and adoption, and work by Hsiao & Chen (2018) examined the effect of
perceived aesthetic on adoption intention of the smartwatch. Dehghani, Kim & Dangelico (2018)
used aesthetic appeal to explore factors contributing to keep using smart wearable technology. The
latter two studies found aesthetic as a major driver toward to use and continuance of use.

2.3.4 Perceived Privacy Risk

Mills et al. (2016) emphasized the need for security and concern with data privacy when evaluating
wearable devices. A smartwatch offers various functions with its applications, recently including
health monitoring and fitness tracking. Some applications allow a smartwatch to remotely link health
information to a doctor for tracking and monitoring personal health status, but this introduces the
possibility of data leakage or information hacking. To examine this argument, perceived privacy
was added into the DOI model, and consumers’ decisions to adopt health-related wearable must be
examined to investigate concerns on data privacy (Gao et al., 2015). According to Nasir and Yurder
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(2015), privacy risk has become an important component when assessing wearable technologies, and
Shin (2010) found that perceived privacy risk is interrelated with trust and security in the context
of consumers’ data dependency. Gu et al, (2016) demonstrated that privacy concern can decrease
consumers’ trust and affect their adoption intention.

3. RESEARCH MODEL AND HYPOTHESIS DEVELOPMENT
3.1 Research Model

Recent studies on technology acceptance and smartwatch adoption found significant relationship
between the two constructs under DOI, innovativeness and compatibility and performance expectancy
and effort expectancy under UTAUT2 (Koenig-Lewis et al., 2010; Oliveira et al., 2016; Talukder
et al., 2018). Innovativeness and compatibility become key antecedent factors toward performance
expectancy and effort expectancy. The results, later, lead to adoption behavior. Thus, the research aims
to explore technology acceptance, adoption, and intention to recommend smartwatch wearable devices.
Figure 1 represents our research model by integrating the two currently predominant theoretical models,
UTAUT?2 and DOI. We added two more constructs, perceived aesthetic and perceived privacy risk,
to fit with smartwatch characteristics. This research model was adapted from Oliveira et al. (2016).

Figure 1. Research model
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3.2 Hypothesis Development
3.2.1 Performance Expectancy

“Performance expectancy” refers to the degree to which adopting a technology will bring effectiveness
to users in performing certain activities (Vankatesh et al., 2003; 2012). In the context of smartwatch
wearable devices, the effectiveness can be measured through the degree to which smartwatch use can
help users to organize tasks and monitor fitness workouts and health. It is a utilitarian value perspective
from consumers (Yuan et al., 2015). Performance expectancy is defined similarly to other technology
acceptance models, such as “perceived usefulness” in the TAM model and “relative advantage” in
the DOI model (Kalantari, 2017). Previous research found performance expectancy to be a major
predictor of adoption intention (Gao et al., 2015; Kim & Shin, 2015; Gu et al., 2016; Wu et al., 2016;
Talukder et al., 2018; Kranthi & Ahmed, 2018). Thus, it is concluded that performance expectancy
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was one of the main significant factors in other empirical research, such as by Kranthi and Ahmed
(2018), Gao et al. (2015), Gu et al. (2016), and Yuan et al. (2015). Therefore, we hypothesize that:

H1. Performance expectancy positively influences the adoption of the smartwatch

3.2.2 Effort Expectancy

“Effort expectancy” refers to the degree of ease linked to consumers’ use of technology (Vakatesh et
al., 2012). Effort expectancy shares a common definition with “perceived ease-of-use (PEOU)” in
the TAM model, in which it tries to determine people’s beliefs in the freedom of effort in technology
use (Davis, 1989). Kalantari (2017) also suggested that when examining the use of new technology,
PEOU is considered a major technical factor to understand attitudes about use. In this study, effort
expectancy is used to examine how simple and convenient the functions of smartwatch displays are
to smartwatch users. In many earlier studies, effort expectancy was a key influence on consumers’
adoption of wearable technology (Gao et al., 2015; Kim & Shin, 2015; Chuah et al., 2016). Therefore,
we hypothesize that:

H2. Effort expectancy positively influences the adoption of the smartwatch

3.2.3 Social Influence

“Social influence” refers to consumers’ perceptions that “important others,” such as family and
friends, believe they should use a particular technology (Vankatesh et al., 2003; 2012). People tend
to pay close attention to the opinions and beliefs of people close to them (Buenaflor & Kim, 2013).
According to Yuan et al. (2015), social influence under UTAUT was adapted from Ajzen’s theory of
planned behavior (Ajzen, 1985) as a subjective norm towards behavioral intention. Social influence
has a significant impact on an individual’s intention to use technology (Wu et al., 2016; Oliveira et
al., 2016). Therefore, we hypothesize following relationships:

H3. Social influence positively influences the adoption of the smartwatch

3.2.4 Facilitating Conditions

Vankatesh et al. (2012) defined “facilitating conditions™ as consumers’ perceptions of resources or
infrastructure that can support the use of technology. It is assumed that the more supported facilities are
provided to smartwatch users, the greater the chance they will increase their use and thus recommend
it to others (Talukder et al., 2018). Other research has found that facilitating conditions play a vital
role in wearable device adoption (Spagnolli et al., 2014); if a smartwatch operation provides a support
infrastructure and a help system for users, it will increase the likelihood of adopting the device (Taluker
et al., 2018). Therefore, we hypothesize that:

H4. Facilitating conditions positively influence the adoption of the smartwatch

3.2.5 Hedonic Motivation

Whether the use of a smartwatch is fun or pleasurable is a significant factor in determining the user’s
intention (Vankatesh, et al., 2012; Brown & Vankatesh 2005). “Hedonic motivation” refers to perceived
enjoyment as one of the influencing factors for consumer acceptance of technology in various devices.
People who purchase a smartwatch may expect to feel fun and pleasure when using it, and some
smartwatch producers also add entertaining features, introducing the concept of “gamification” to
make the interfaces look joyful and attractive (Yuan et al., 2015). Hedonic motivation has often been
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found to be a key driver of consumers’ adoption (Choi & Kim, 2016; Hong et al., 2016). Therefore,
we hypothesize that:

HS. Hedonic motivation positively influences the adoption of the smartwatch

3.2.6 Price Value

“Price value” represents consumers’ perceptions of the tradeoff between perceived benefits and
monetary cost (Vankatesh et al., 2012). The greater the perceived benefits from the monetary
expenditure, the more likely will consumers use the technology. Jung et al. (2016) found that price is
more important than the design and other attributes of a smartwatch, so price value is a good predictor
of behavioral intention to use technology that could be considered unnecessary goods. Manufacturers
thus need to incorporate useful features to make consumers appreciate the distinct advantages of
adopting a given device (Kalantari, 2017). Therefore, we hypothesize that:

H6 Price value positively influences the adoption of the smartwatch

3.2.7 Habit

According to Limayem et al. (2007), “habit” refers to automatic and repetitive behaviors based on
learning. People tend to perform certain acts repeatedly over a certain period; Kim et al. (2005)
advocated that the “automaticity factor” be described as habit. Moreover, Vankatesh et al. (2012)
suggested experience does provide different degrees of habit for a user’s intention to use technology.
Nascimento et al. (2018) suggested that the earlier the stage of habit, when there has been little
experience of the smartwatch device, the greater satisfaction and appreciation of its functions and
usefulness to users, and vice versa. In a smartwatch context, repetitive behavior eventually leads
to routine behavior; habit is thus a key predictor for adoption. Habit was also a significant factor,
indicating that users make a habit of wearing the devices 24/7. Nascimento et al. (2018) found that
habit was predictive of smartwatch continuance intention.
Therefore, we hypothesize that:

H7 Habit positively influences the adoption of the smartwatch

3.2.8 Innovativeness

“Innovativeness’ has a profound impact on technology adoption. Among the early studies of innovation
characteristics, Agarwal and Pravda (1997) suggested that the construct affects the intention to accept
and use technology. In later studies, innovativeness also proved to be a key influencer, both directly
and indirectly, of behavior intention and adoption of a new technology; it is also an antecedent variable
of performance expectancy and effort expectancy (Oliveria et al., 2016; Miltgen et al., 2013). The
higher the level of innovativeness, the greater the chance that consumers will understand the benefits
of the new technology (Talukder et al., 2018). Therefore, we hypothesize that:

HS8. Consumers’ innovativeness positively influences (a) performance expectancy, (b) effort
expectancy, and (c) adoption of the smartwatch

3.2.9 Compatibility

According to Rogers (1995), “compatibility” refers to “the degree to which an innovation is perceived
as consistent with the existing values, past experiences, and needs of potential adopters.” This
construct is used to examine how well new technology fits into consumers’ lifestyles. Various studies
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have examined compatibility as a key predictor of performance expectancy and effort expectancy,
particularly for wearable smartwatches and wearable health technologies (Choi & Kim, 2016; Wu
et al., 2016; Nasir & Yurder, 2015). All of these studies have consistently found that compatibility
positively influenced perceived usefulness, perceived ease of use or performance expectancy, and
effort expectancy under UTAUT2, and an individual’s adoption and use technology. Therefore, we
hypothesize that:

H9. Compatibility positively influences (a) performance expectancy (b) effort expectancy, and (c)
adoption of the smartwatch

3.2.10 Perceived Aesthetics

Wearable devices such as smartwatches, smart glasses, or smart clothes can be treated as fashion items,
and consumers weigh their buying decision on aesthetic attributes such as design, color, or shape
(Kalantari, 2017). A study by Jeong et al. (2016a) found that perceived aesthetics had a positive effect
on acceptance intention of smartwatches. This result was also confirmed by Choi and Kim (2016),
who argued that the smartwatch was inherently a piece of luxury jewelry, and suggested this had a
significant effect on adoption intention. The beauty of a product’s appearance has a positive influence
on consumers’ desires and purchases. Hsiao and Chen (2017) also reported on the significant direct
effect of design aesthetic on intention to use and, later, the indirect effect on the purchase intention.
Thus, we hypothesize that:

H10. Perceived aesthetics positively influences the adoption of the smartwatch

3.2.11 Perceived Privacy Risk

“Perceived privacy risk” is part of perceived risk theory that tries to understand users’ behavior towards
potential loss when desiring certain results (Featherman & Pavlou, 2003). A study by Nasir and Yurder
(2015) attempted to demonstrate another facet of an individual’s technology adoption using perceived
privacy risk to measure. Perceived privacy risk can measure the disadvantages of an individual’s
technology adoption (Lao et al., 2010). A study by Shin (2010) supported the importance of perceived
privacy when using online applications. Since smartwatch functions can include a health tracking
feature, there arises the possible loss of control of private health data. Thus, we hypothesize that:

H11. Perceived privacy risk positively influences the adoption of the smartwatch

3.2.12 Adoption Intention

A meaningful consequence after adoption of a new technology is whether the user ultimately
intends to recommend its use to others. Smartwatch manufacturers and designers continue to wonder
about customers’ reactions after new technology is adopted (Kalantari, 2017), and subsequent
recommendation has proven to be a key success indicator. A study by Miltgen et al. (2013)
demonstrated the significant effect of adoption intention on intention to recommend, and other studies
on technology acceptance, such as mobile payment and wearable fitness technology, also confirmed
similar results (Oliveria et al., 2016; Talukder et al., 2018). Therefore, we hypothesize that:

H12. Adoption intention positively influences intention to recommend the smartwatch to others
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4. METHODOLOGY

Data collection was conducted in Thailand between October to November 2018

4.1 Measurement Instrument

All of the following measurement constructs were adapted with minor modifications from previous
literature and are listed in Appendix A. Constructs under the UTAUT2 model were adapted from
Vankatesh et al. (2012), whereas innovativeness and compatibility under the DOI model were adapted
from Oliveira et al. (2016) and Talukder et al. (2018). Perceived aesthetic was applied from Jeong et al.
(2016a) and Yang et al. (2016), and perceived privacy risk was adapted from Ernst and Ernst (2016),
Lietal. (2015), and Gao et al. 2015. All the questionnaires were written in English and created through
an online survey program. Each item was measured on five-point Likert scales where 5 represented
“strongly agree” through 1 being “strongly disagree” (Premkumar & Ramamurthy, 1995). All of the
questionnaires were adopted from previous literatures (see appendix A). Three professional experts,
two from the management information systems field and one from the business management field
examined their meaning, consistency, terminology, and contextual relevance. In addition, a pilot study
was distributed to 30 respondents as a screening stage. There were some modifications following the
experts’ advice and suggestions about wording and meaning of the sentences. Finally, the researcher
was able to re-launch the complete questionnaire after final adjustments. All questionnaires were
translated into the local language (Thai) by faculty from the Department of Linguistics, Panyapiwat
Institute of Management and then were translated back into English by another linguistic expert from
the same institution to confirm the thoroughness of meaning and consistency.

4.2 Data Collection

A structured questionnaire was launched via www.surveymonkey.com. From the 356 smartwatch
users who replied, only 299 questionnaires were completely answered and used for data analysis.
Table 1 presents details of the demographic data.

5. DATA ANALYSIS AND RESULTS

This study used partial least squares-based structural equation modeling (PLS-SEM), which is suitable
for conducting research based on a causal model. Specifically, this study aimed, first, to determine
influencing factors of smartwatch adoption in Thailand as an ASEAN’s representative country, and
second, to explore additional constructs beyond UTAUT2 and DOI theoretical models as a new
contribution. As recommended by Henseler and Dijkstra (2015), this research applied new software,
ADANCO v.2.1.0, to calculate variance-based SEM that included PLS path modeling.

5.1 Measurement Model

The measurement model was assessed to determine the following conditions. First, the reliability of
each construct was examined using composite reliability (CR) and Cronbach’s alpha. According to
Hair et al. (2006), both the CR and the Cronbach’s alpha value should exceed 0.7 for each construct
in order to confirm its reliability. Table 2 presents the CR and Cronbach’s alpha values of the model,
showing that the CR ranges between 0.80 and 0.91, and Cronbach’s alpha values range between 0.77
and 0.91, suggesting good internal reliability.

Secondly, to assess convergent validity, loadings and average variance extracted (AVE) were used
as the main indicators. Henseler et al. (2009) suggested that all loadings must be higher than 0.70, and
any item loading that is less than 0.4 should be deleted. In this study, one item under innovativeness
(IN3) was eliminated due to its low factor loading value; this item was also deleted in the study by
Oliveria et al. (2016). All other loading values were higher than the 0.70 criterion. The AVE of each
construct must be higher than 0.50 in order to allow latent variables to explain more than half of the
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Table 1. Demographic Information

Variable Description Frequency Percentage
Gender Male 106 35.45
Female 193 64.55
Age Generation X 116 38.8
1965-1979
Generation Y 163 54.5
1980-1997
Generation Z 20 6.7
1997 onwards
Education Below bachelor 18 6
Bachelor 148 49.5
Master 117 39.1
Higher than Master 16 54
Income (B32: US$1) Below 30,000 91 30.4
30,001-60,000 104 34.8
60,001-100,000 55 18.4
More than 100,000 49 16.4
Use experience (years) Less than 1 year 145 48.5
1-3 years 98 32.8
3-5 years 29 9.7
More than 5 years 27 9.0
Channel of recommendation Word of mouth 202 67.42
Social media 97 32.58

variance of its indicators (Fornell & Larcker, 1981). The AVE of each construct in this study met
this criterion, as shown in Table 2.

Thirdly, to determine the discriminant validity of the constructs, the Fornell-Larcker criterion
and cross loading were used to test the data. It is extremely important to assess discriminant validity
in order to check multicollinearity. The Fornell-Larcker criterion advises that the square root of AVE
should be greater than all the correlations with the other constructs (Henseler et al., 2015). Table 3
presents the values of the square root of AVE, indicated in bold on the diagonal, which are greater
than the correlations between the constructs (off-diagonal values), suggesting that the discriminant
validity of the data was satisfactory (Henseler et al., 2015).

In conclusion, our assessment of the measurement model determined that its construct reliability,
convergent validity, and discriminant validity were satisfactory. This indicated that all constructs were
ready to test the structural model.

5.2 Structural Model

Figure 2 illustrates the conceptual model with R? and path coefficients. The results showed that 48.2%
of the intention to recommend smartwatch was explained by adoption, of which 57.8% influenced
by four driven factors. . In order to test the hypotheses, we used a bootstrapping method to calculate
at a significance level of 0.05 (p < 0.05), and the impact between independent and dependent
variables was tested by path coefficients. Critical t-values for a two-tailed test were applied at the
1.96 significance level at 5% (Hair et al., 2014). Performance expectancy, habit, innovativeness, and

10
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Table 2. The measurement model

Composite Cronbach’s

Construct Items Loadings reliability alpha (o) AVE

Performance expectancy PE1 0.85 0.85 0.77 0.59
PE2 0.80
PE3 0.70
PE4 0.73

Effort expectancy EE1 0.90 0.93 0.88 0.81
EE2 091
EE3 0.89

Social influence S11 0.90 0.92 0.88 0.80
SI2 0.90
SI3 0.89

Facilitating conditions FC1 0.86 0.89 0.82 0.73
FC2 0.87
FC3 0.84

Hedonic motivation HM1 0.92 0.94 091 0.84
HM2 0.94
HM3 0.90

Price value PVI 0.89 0.93 0.88 0.80
PV2 091
PV3 0.89

Habit HB1 0.91 0.92 0.86 0.78
HB2 0.88
HB3 0.87

Innovativeness IN1 0.84 0.88 0.80 0.71
IN2 0.84
IN4 0.85

Compatibility COMP1 0.89 0.93 0.88 0.81
COMP2 0.91
COMP3 0.89

Aesthetics AES1 0.88 0.92 0.89 0.75
AES2 0.91
AES3 0.88
AES4 0.78

Perceived privacy risk PPR1 0.87 0.91 0.85 0.76
PPR2 0.87
PPR3 0.88

Adoption AD1 0.91 0.93 0.88 0.81
AD2 0.90
AD3 0.88

Recommendation RECI1 0.92 0.89 0.76 0.80
REC2 0.87

Note: AVE, average variance extracted
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Table 3. Fornell-Larcker criterion: Matrix of correlation constructs and the square root of AVE

Construct PE EE SI FC HM PV HB IN COMP AES PPR AD REC

PE 0.77

EE 0.15 0.68

SI 0.20 0.06 0.90

FC 022 033 0.11 0.86

HM 030 023 0.17 026 0.92

PV 023 0.16 0.15 0.15 022 0.90

HB 039 0.19 0.16 025 026 024 0.89

IN 0.11 022 006 0.15 014 0.10 0.16 0.84

COMP 034 023 0.13 035 030 023 048 022 0.90

AES 0.17 0.18 0.12 025 026 0.14 028 0.15 0.34 0.86

PPR 0.00 0.00 0.02 0.01 001 0.00 0.00 000 0.00 0.01 0.87

AD 035 0.17 0.18 020 025 022 047 019 037 030 0.00 0.90
REC 036 0.10 0.19 020 025 021 039 015 036 028 0.00 0.48 0.89

aesthetics were found to directly influence the intention to buy a smartwatch and were statistically
significant toward intention to adopt a smartwatch. Innovativeness as well as compatibility were
also significant predictors, being the antecedent factors toward performance expectancy and effort
expectancy that later were the leading factors in the adoption of smartwatch technology. Therefore, our
hypothesis testing supported H1, H7, H8b, H8c, H9a, H9b, and H10, and rejected H2-H6, H8a, HIc,
and H11 towards the adoption of a smartwatch. In addition, the final construct also supported H12,
stating that the adoption would lead to recommendation. All the results are summarized in Table 4.
Note: Path coefficients that were statistically insignificant are presented as dashed lines

6. DISCUSSION

The smartwatch market has continuously expanded since its introduction years ago. Majority of
respondents were educated females in generation Y (those who were born during 1980-1997).
Consumers in Thailand are at the stage of early adopters, as observed from their years of user

Figure 2. Structural model results
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Table 4. Summary of structural model results

Hypothesis Path Coefficient | r-Statistics | Comments
H, PE AD 0.16 2.64 Supported
H, EE AD 0.01 0.14 Not
Supported
H, SI AD 0.08 1.53 Not
Supported
H, FC AD -0.04 -0.69 Not
Supported
H, HM AD 0.01 0.21 Not
Supported
H, PV AD 0.06 1.14 Not
Supported
H, HB AD 0.35 542 Supported
ca IN PE 0.07 1.34 Not
Supported
H,, IN EE 0.32 4.31 Supported
H,, IN AD 0.11 2.40 Supported
H,, COMP PE 0.56 9.34 Supported
H,, COMP EE 0.33 3.73 Supported
H,, COMP AD 0.09 1.25 Not
Supported
H10 AES AD 0.16 2.58 Supported
H11 PPR AD 0.02 0.41 Not
Supported
HI12 AD REC 0.69 18 Supported
Note: R? for PE = 35.2%, R? for EE = 30.6%, R? for AD = 57.8%, and R? for REC = 48.2%, Significant at p < 0.05

experience. Users’ experience is considered crucial to the interpretation and understanding of adoption
intention and recommendation. Smartwatch early and later adopters have different characteristics and
make different perception decisions (Shin & Biocca, 2018), but in general, smartwatch users feel the
device is very useful and beneficial to use, particularly with a health tracking function. In this study,
under the UTAUT?2 constructs, we found that performance expectancy and habit are the two most
significant factors driving the adoption of smartwatches in Thailand.

Our finding that effort expectancy did not play a significant role in technology adoption, agreed
with previous studies of Oliveira et al. (2016) and Wu et al. (2016), and partially agreed with Gao et
al. (2015). In addition, the study of Dutot et al.(2019) could support the behavior of smartwatch users
in Thailand market as perceived ease of use was found not significant toward adoption of smartwatch.
We also found that social influence did not predict individual adoption behavior, the same outcome
as in the study of Hsiao and Chen (2017). This was further supported by a study of Shin and Biocca
(2018), which explained smartwatch early adopters’ motives. That study suggested that smartwatch
users at the early adoption stage have the desire to distinguish themselves from others, which is why
social influence failed to predict adoption intention.

We also found that facilitating conditions did not have significant effects, which could suggest
that users need to accumulate a certain amount of experience in the use of wearable devices (Gu
et al., 2016). The constructs of hedonic motivation and price value were also rejected, as the Thai
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respondents did not feel that it was fun to use a smartwatch, nor were they sensitive to the monetary
value of the device. These responses may have been related to self-motivation to use wearable devices
for specific purposes, regardless of price and enjoyment of use. These results were similar to the
findings of Talukder et al. (2018).

Two constructs of the DOI model, innovativeness and compatibility, showed very interesting
outcomes. On the one hand, innovativeness significantly influenced effort expectancy and directly
influenced individual adoption, but failed to influence performance expectancy. On the other hand,
compatibility significantly influenced performance expectancy and effort expectancy, but was not
directly influential on smartwatch adoption. These outcomes were similar to the study of Choi and
Kim (2016), and were not sufficient to influence an individual’s adoption. One reason could stem
from the lack of experience in using a new technological device: Consumers might require deep
understanding of the process and operation of smartwatch functions. Evidence of this is clearly shown
in Table 1, where the majority of smartwatch users in Thailand have had a smartwatch for less than
one year, and it might require a certain amount of time to get familiar with the system. Limayem et
al. (2007) suggested that repetitive action will foster the necessary cognitive process, causing the
habit construct to significantly influence users’ adoption.

The two final variables tested in the model were perceived aesthetic and privacy risk. Karahanoglu
and Erbug (2011) found that perceived aesthetic is significant in smartwatch adoption, and this was
confirmed in our study, that perceived aesthetic positively influences smartwatch adoption. This
result was also in line with previous literature demonstrating that design and aesthetics are significant
drivers in individual adoption of wearable devices (Haiso & Chen, 2018; Jeoung et al., 2016; Yang et
al.,2016). Perceived privacy risk was insignificant, suggesting that smartwatch users are not sensitive
toward potential loss of private information. To measure smartwatch users’ intention to recommend,
our results supported that adoption leads to recommendation, with R? as well as adjusted R? values of
48%. This result aligned with previous studies (Oliveira et al., 2016; Taluker et al., 2018). In addition,
with regard to the recommendation channels used by smartwatch users in Thailand, the majority
prefer word-of-mouth instead of social media.

6.1 Theoretical Implications

The theoretical implications of this study are three-fold. First, to the best of our knowledge, this
conceptual model is the first to determine the influencing factors of individuals’ technology
acceptance behavior in Thailand which is one of representative countries in the ASEAN. The outcomes
revealed that the model fairly well explained users’ adoption intention and recommendation toward
smartwatches. The predictive power regarding intention to recommend, R? = 48%, was substantial
and was stronger than in the earlier study of Miltgen et al. (2013). This study shares the ASEAN
perspective and is the first to elucidate users’ adoption and recommendation of smartwatches.
Second, this study combined two well-known theoretical models, UTAUT2 and DOI, and we
further attempted to improve the predictive power by adding two new constructs, perceived aesthetic
and perceived privacy risk. Our study successfully demonstrated that perceived aesthetic is a key
predictor of adoption. Chuah et al. (2015) also reviewed a similar construct, calling it “visibility,”
and tested it in the Malaysian market. These arguments resonate with the argument that performance
expectancy and design aesthetic are the main predictors of smartwatch adoption. We firmly assume
ASEAN consumers perceive smartwatches as technological devices as well as fashion accessories.
Finally, from a cognitive-psychological perspective, we confirmed that habit and innovativeness
also directly influence consumers’ adoption of smartwatches. Consumers in the early adopter stage
require knowledge input and training to gain experience and feel comfortable when using these devices.

6.2 Practical Implications

This study attempted to draw consumers’ perspectives with smartwatch wearable technology in the
ASEAN countries. We used Thailand as a representative country to gain consumer insights and
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psychological perspectives. As stated earlier, from a consumer psychology standpoint we found that
innovativeness is the key driver of effort expectancy and directly impacts the adoption of smartwatches.
The strategic recommendation of this outcome is to create good experiences and educational platforms
for new tech gadgets to target customers. Local vendors must emphasize building proper knowledge
through free training or workshops, which could enhance buyers’ confidence and willingness to try out
new technological devices. This approach will no doubt increase consumers’ experience and comfort.

Second, compatibility enables consumers to realize a device’s usefulness and convenience. A demo
session with a free trial period could help customers gain experience and recognize the compatibility
of the gadget. Third, we found that design is important in the selection of wearable technology. This
result affirms the consumers’ mindset in the ASEAN countries of Thailand and Malaysia, which places
emphasis on the aesthetics/visibility of smartwatches. And finally, we concluded that expanding the
smartwatch’s ecosystem as well as enhancing users’ experience should be considered top priorities
for manufacturers. They could focus on increasing app functionality and battery life, for example,
or even add smartwatch functions similar to those on smartphones. Building more users’ experience
through education, workshops, training, and/or product free trials will provide greater opportunities
for people to try out and consequently adopt the smartwatches.

6.3 Limitations and Future Research

Even though the goals of this study were to spotlight antecedent factors to the adoption and
recommendation of wearable technology, certain limitations remain. First, since most smartwatch
users in Thailand are in an early stage of adoption, their knowledge and understanding of wearable
technology consequently reflects a somewhat shallow view of user behavior. Secondly, the survey
took place in Thailand, which may differ from other ASEAN countries in terms of culture and
knowledge background. Conducting comparative or multiple studies would enhance our findings in
future research. Thirdly, the study employed mainly the constructs from UTAUT2 and DOI models
which may provide limitation to the findings. The future research may consider applying TAM model
with different constructs from the most up-to-date literature.

7. CONCLUSION

Previous empirical researches on the smartwatch emphasized acceptance and purchase intention (Wu
et al., 2016; Hong et al., 2016; and Hsiao & Chen, 2017). In contrast, this study sought to identify
the key predictors of smartwatch adoption and ultimate recommendation to other people. To this
end, we used two prominent theoretical models, UTAUT2 and DOI, as our main conceptual models.
Two other constructs from past literature were added to support the thoroughness and validity of the
model: perceived aesthetic and perceived privacy risk. The ASEAN smartwatch market has gained
popularity in recent years witnessing from double-digit annual sales growth (Rakuten Insight, 2018).
It gets wider acceptance particularly among the young generation who have an urban lifestyle and
have high health-awareness. ASEAN consumers’ adoption intention and recommendation has not
yet been thoroughly explored, but our results here shed some light on what the key predictors are
and how vendors can apply this information to formulate selling strategies. Key constructs such as
innovativeness, compatibility, performance expectancy, habit, and perceived aesthetic are here proved
to be directly and indirectly influential in the purchase of smartwatches in Thailand. We here also
confirm that the preferred means of user recommendations is still word-of-mouth; Thai people still
prefer face-to-face contact when demonstrating new technologies.

The key takeaways in this study are, first, that Thailand is still at an early stage of smartwatch
adoption. Thai consumers need to learn more about smartwatches to be familiar and comfortable with
them. Second, once consumers acquire sufficient information and feel in control of a new technology,
they are eager to use it and tend to easily grow acclimated to it. This leads to adoption behavior.
Third, consumers in ASEAN countries emphasize and are concerned with the design aesthetic or
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product visibility, as it gives them a feeling of uniqueness and expresses their self-identity. Lastly,
consumers are willing to recommend their product to others once they use or experience it. Vendors
and manufacturing brands can use this research as reference in to order to help formulate selling
strategies that are suitable to local potential buyers. Creating a seamless ecosystem for smartwatches
will undoubtedly enable consumers to become loyal to the devices and will enhance users’ experience
and interaction.
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APPENDIX A. QUESTIONNAIRE

Table 5.
Sources
Constructs Items Measurement items

Performance PE1 - I find smartwatch useful in my daily life Talukder et al. (2018), Gao
Expectancy PE2 - Using smartwatch helps accomplish things more quickly et al. (2015), Venkatesh et
(PE) PE3 — Using smartwatch improves the quality of my daily healthcare activities | al. (2012)

PE4 - Using smartwatch increases my chances of achieving things that are

important to me
Effort EE1 - Learning how to use smartwatch is easy for me Venkatesh et al. (2012)
Expectancy EE2 - I find smartwatch easy to use
(EE) EE3 - It is easy for me to become skillful at using smartwatch
Social SI1 - People who are important to me would think that I should use Venkatesh et al. (2012),
Influence (SI) smartwatch Yuan et al. (2015)

SI2 - People who influence me would think I should use smartwatch

SI3 - People whose opinions are valuable to me would prefer that I use

smartwatch
Facilitating FCI - I have the resources necessary to use smartwatch Spagnolli et al. (2014),

Conditions (FC)

FC2 - T have the knowledge necessary to use smartwatch
FC3 — Smartwatch is compatible with other systems I use

Venkatesh et al. (2012)

Hedonic
Motivation (HM)

HM1 — Using smartwatch is fun
HM2 - Using smartwatch is enjoyable
HM3 — Using smartwatch is very entertaining

Venkatesh et al. (2012),
Wu et al. (2016)

Price value (PV)

PV1 — Smartwatch is reasonably priced
PV2 — Smartwatch is good value for money
PV3 — At the current price, smartwatch provides a good value for money

Venkatesh et al. (2012),
Oliveira et al. (2016)

IN4 -1 like to experiment with new information technologies

COMI1 - Using smartwatch is compatible with all aspects of my lifestyle
COM?2 - Using smartwatch is complete compatible with my current situation
COM3 - Using smartwatch fits into my lifestyle

Habit (HB) HBI1 - The use of smartwatch has become a habit for me Nascimento et al. (2018),
HB2 —I am addicted to using smartwatch Venkatesh et al. (2012)
HB3 - Using smartwatch has become natural to me
Innovativeness IN1 - If I heard about a new information technology, I would look for ways to | Oliveira et al. (2016),
(IN) experiment with it Hong et al. (2016)
IN2 — Among my peers, I am usually the first to try out
Compatibility new information technologies Hsiao (2017), Oliveira et
(COM) IN3 — In general, I am hesitant to try out new information technologies al. (2016)

Perceived Aesthetics
(AES)

Perceived Privacy Risk
(PPR)

Adoption

behavior

AESI: The design of smartwatch is attractive to me

AES2: The appearance of smartwatch is visually appealing to me
AES3: User interface of smartwatch (i.e., colors, boxes, menus, etc.) is
attractive

AES4: The smartwatch looks professionally designed

PPR1: Overall, I see a privacy threat linked to smartwatch usage
PPR2: There would be high potential for loss associated with disclosing my
personal information to a smartwatch’s system operator

PPR3: Using smartwatch allows others to misuse my personal data
ADI — I will use smartwatch at every opportunity in the future

AD2 -1 always use smartwatch in my daily life

AD3 — I am increasing my use of smartwatch

Jeong et al. (2016a) and
Yang et al. (2016)

Ernst and Ernst (2016),
Nasir and Yurder (2015),
Gao et al. (2015)
Venkatesh et al. (2012), Li
et al. (2015)

Intention to
Recommend (REC)

RECI -1 will recommend to my friends to use smartwatch
REC2 - If I have a good experience with smartwatch, I will recommend my
friends by word of mouth or social networking sites to use the technology

Miltgen et al. (2013),
Talukder et al. (2018),
Oliveira et al. (2016)
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