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Abstract: Augmented reality (AR) technology is a computer-generated object that allows users to
enrich the experience of products virtually with graphics, images, etc. Due to a lack of studies in
developing countries like Malaysia, more studies are necessary to understand the pressing factors
of diffusing AR technology for the flourishing retail industry. This research aimed to explore the
factors affecting the adoption of AR technology in the retail sector through an extension of the
technology acceptance model (TAM). The conceptual model was developed based on additional
open-innovation-related constructs to the existing TAM constructs. To test the model, data were
collected from 233 retail stores in Malaysia using a structured questionnaire survey. The PLS-based
structural equation modeling technique was used to analyze the data. The empirical results confirmed
that, except for external support and trading partner pressure, other factors, including perceived
usefulness, attitude, competitive pressure, customer pressure, perceived cost, and technological
knowledge have significant influences on the intention to use AR technology in retail stores. The
attitude mediates the relationship between perceived usefulness and behavioral intention and the
relationship between self-efficacy and behavioral intention. As operating cost was a critical factor,
managers are advised to deliver various packages of after-sales services and free installation charges
to curb expenses. This study improved TAM by offering a comprehensive model with cognitive and
open innovation factors and provided suggestions for retail stores when they attempt to adopt AR
technology to develop an open business model.

Keywords: augmented reality; retail industry; technology acceptance model; open innovation; Malaysia

1. Introduction

Augmented Reality (AR) integrates computer-generated objects, including video
overlays or picture images, in the real world using technological appliances, e.g., eyeglasses,
desktops, and smartphones [1,2]. AR technology allows users to use it in the virtual and
real-world at the same time. AR technology enriches our experiences by including virtual
mechanisms such as graphics, digital images, or sensations as a novel of interaction with the
real world [3]. Considering the tremendous potential of AR technology, several businesses
begin to adopt AR technology to interact with their customers. AR can help marketers
promoting their products more creatively [3].

Coyne [4], a senior research analyst at Jones Lang Lasalle IP, Inc (JLL, Bogata, Colom-
bia), has addressed that AR technology has an absolute potential in the retail sector,
whereby AR technology provides a new level of interaction opportunities between product
and consumer. AR technology can create a try-on experience, which the consumer can
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do at physical stores, to convince online buyers to purchase more products. Consumers
are allowed to test and view products virtually through their smartphone cameras. Most
contemporary apparel, home goods, spectacle, and cosmetic retailers use AR technology to
market their products. Sephora is a cosmetic company using the Virtual Artist augmented
reality app, allowing consumers to apply makeup virtually and learn techniques without
going to the shopping mall. Retailers of home and furniture (such as IKEA) also use an
AR app. The AR app in IKEA permits buyers to imagine how the furniture would look in
their homes [5]. Topology Eyewear company allows its customers to try glasses virtually
as it is only possible at physical stores. Markets and Markets [6] highlighted that the total
value of augmented reality in the retail sector was USD 411.3 million, and by 2023, it is
expected to reach USD 7951.2 million, with an expected cumulative annual growth (CAGR)
of 47.1%. When planning the marketing for businesses, it is important to think about AR
technology usage. Since customers are now demanding sophisticated technology during
their buying process, it is now time for retailers in Malaysia to think smartly and to develop
open innovation-based business models [7] through adopting AR technology into their
retail business.

Although AR technology’s benefits and its relevance in doing business are not de-
niable, research shows that Malaysians are slow in adopting new technology [3]. Retail,
tourism, gaming, and other sectors are slowly adopting AR technology [2]. Most marketing
and entertainment fields in Malaysia are applying AR technology. Malaysian branches
of some international companies are using AR technology as a marketing tool. In both
products and services, Malaysian companies use AR technology as their marketing tool [3];
however, Malaysian societies are slower in adopting new technologies [8]. Therefore, AR
technology usage in retail sectors is much smaller. Malaysian industries have to accept AR
technology, which is part of nine pillars of the Fourth Industrial Revolution; otherwise,
the Malaysian economy will lower their economic development. However, only 44% of
Malaysians are aware that AR technology exists in Malaysia [9].

There have been considerable studies on AR adoption in various sectors like sports [10],
computer games [11,12], and education [13]. These studies are mostly based on the de-
veloped countries such as the US [10,14], UK [15], Spain [13], and Germany [16]. Only
a few studies [17–20] on developing countries and the retail store context are available.
Perannagari et al. [17], in their thematic analysis, examined the factor of behavioral inten-
tion and identified eight themes: augmentation quality, media characteristics, value, flow
concept, psychological factors, use motivation, etc. Fan [18] investigated adoption factors
like environmental embedding, simulated physical control, cognitive fluency, cognitive
load, product attitude, and product type as moderation. However, these studies fail to
address external factors like external supports, competitor pressure, consumer pressure,
and trading partner pressure. The studies missed the essentials of technological knowledge
and cost as technology-specific factors. There is no indication about cognitive factors like
self-efficacy and personal innovativeness in the forming of an attitude towards the AR use
being established in past research in other fields. Therefore, more studies in developing
countries like Malaysia must understand the pressing factors missing in existing literature
regarding the diffusion of AR technology in the retail sector. Additionally, the existing
research ignored complex relationships like mediation or moderation. With the mediation
and moderation analysis, we could deep dig into the matter and bring out the problem
with a better solution. As an online retail store is a new business pattern that falls under
the category of small and medium enterprises, more research on the complex relationship
could facilitate the adoption of new technologies.

Existing adoption research worked with various models such as the technology readi-
ness and acceptance model (TRAM) [10], expectation confirmation theory (ECT) [11],
uses and gratification theory (UGT) [16], and technology acceptance model (TAM) [15,20].
TAM is considered a widely used theory in the acceptance of various technologies [21,22].
TAM does not provide consistent results with lower explanatory power on many occa-



J. Open Innov. Technol. Mark. Complex. 2021, 7, 142 3 of 24

sions [23,24]. Hence, an extended TAM might be able to explain why and how Malaysian
people adopt AR in the retail sector.

The current research aimed to determine the factors affecting AR’s behavioral intention
in the retail sector in Malaysia. A comprehensive model by adding open innovation-related
elements to TAM’s original constructs is proposed to explain the influences of individual
cognitive, technology-specific, and external contextual factors on the acceptance of AR in
the retail industry. The other objective was to determine the moderating relationship of
technological knowledge and the mediating relationship of attitude between perceived
ease of use, usefulness, self-efficacy, and intention to use AR in the retail business. Thus,
the present study aimed to fill the gap of looking at the behavioral intention through a
direct, indirect, and versatile lens so that the diffusion of AR in Malaysia is made possible.

The rest of the paper is organized as follows. Section 2 presents the theoretical back-
ground and justification of the TAM extension. Section 3 discusses the conceptual model
and constructs development, followed by the research design and sample in Section 4.
Section 5 addresses the analysis of data, and Section 6 is the discussion. The paper con-
cludes with major policy consequences, limitations, and suggestions for future studies
in Section 7.

2. Theoretical Background

Acceptance of augmented reality is considered information and communication tech-
nology adoption. Many theories have been used in technology adoption research. The most
common theories that are used for technology adoption are the theory of reasoned action
(TRA) [25], theory of planned behavior (TPB) [26], Diffusion of Innovation (DOI) [27],
technology acceptance model (TAM) [28,29], unified theory of acceptance and use of tech-
nology [30], the DeLone and McLean model of information success [31], and Bailey and
Pearson’s analysis of computer user satisfaction [32].

The technology acceptance model (TAM) is most widely used for information system
research [21,22]. TAM was developed based on Fishbein and Ajzen’s theory of reasoned
action (TRA), rooted in social psychology [25]. Researchers in different areas have been
using the TRA model widely, whereas TAM was introduced at the time of Davis’s informa-
tion system [28]. TAM consists of three constructs: attitude toward the system, perceived
ease of use (PEU), and perceived usefulness (PU) that explain the user’s motivation to
adopt new technology. Later, Davis et al. [29] included behavioral intention (BI) in TAM as
a new construct, directly affected by attitude and perceived usefulness. Legris et al. [24]
also highlighted that TAM explains between 30% to 40% of system uses. Moreover, several
researchers found PU to be the strongest construct in the model [24,33]. Therefore, the
TAM model was employed in this research.

Although TAM is commonly used in information system research, some limitations
have been found. For example, TAM contains some restricted factors that cannot handle
new solutions or services [34]. Garaca [35] stated a limited possibility of prediction and ex-
planation and a lack of practical value. Other research opined that an empirical study using
TAM does not produce clear or consistent results; thus, it is important to identify additional
constructs that need to be included in the model [24]. Tarhini et al. [23] argued that addi-
tional constructs for TAM might increase the explanatory power. This justification indicates
the importance of the extension of the TAM model with other context-specific constructs.

3. Conceptual Model and Constructs Development

This study’s conceptual model is based on TAM with additional constructs, including
self-efficacy, personal innovativeness, perceived cost, technological knowledge, customer
pressure, competitive pressure, trade partner pressure, external support, and competitor
pressure, as shown in Figure 1.

Yun et al. [7] proposed four open innovation-based business models: customer open
innovation, user open innovation, social entrepreneurship, and engineer open innova-
tion. Therefore, in addition to including self-efficacy as an additional construct, this study
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considered some factors related to user open innovation, customer open innovation, and
engineering open innovation concepts [7] in the extension of the TAM model. In the concep-
tual model, as shown in Figure 1, personal innovativeness, trading partner pressure, and
competitive pressure are related to user open innovation; perceived usefulness, perceived
ease of use, and customer pressure are related to customer open innovation; external
support and technological knowledge are related to engineer open innovation.
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3.1. Self-Efficacy

Self-efficacy refers to one’s motivation and ability to perform specific tasks [36], which
is adapted by Compeau and Higgins [37] after the first introduction in social cognitive
theory [38]. Information system researchers [39–41] examined the relationship between
computer self-efficacy and different types of tasks related to computers. Self-efficacy fa-
cilitates behavioral intention, the intention to act, and the development of action plans.
However, to take an online course in practice, only usage intention is not enough; perceived
capability is also needed to complete it. Numerous researchers confirmed the influence of
self-efficacy on behavioral intention, and others identified the relationship of self-efficacy
with attitude [42] as well as perceived ease of use and perceived usefulness [37,43]. There-
fore, the following hypotheses are proposed.

Hypothesis 1 (H1). There is a significant association between self-efficacy and perceived ease of use.

Hypothesis 2 (H2). There is a significant association between self-efficacy and perceived usefulness.

Hypothesis 3 (H3). There is a significant association between self-efficacy and attitude.

3.2. Personal Innovativeness

Personal innovativeness is a consumer perspective external variable, an individual
willing to try out innovation [44]. Those who have high innovativeness are more inclined to
accept new technology [20,45]. Numerous researchers used the perceived innovativeness



J. Open Innov. Technol. Mark. Complex. 2021, 7, 142 5 of 24

construct in the analysis of internet and mobile banking adoption [46], mobile services
usage [47,48], mobile payment [49], and wireless Internet services [50]. Likewise, personal
innovativeness has a significant positive effect on perceived ease of use and perceived
usefulness [48,51]. Consumers perceive augmented reality as the latest innovation that
might adopt and implement at a very early stage. Hence, it is justified to examine per-
sonal innovativeness as a determinant of behavioral intention. The following hypotheses
are proposed.

Hypothesis 4 (H4). Personal innovativeness has a significant effect on perceived ease of use.

Hypothesis 5 (H5). Personal innovativeness has a significant effect on perceived usefulness.

3.3. Perceived Ease of Use

Perceived ease of use is considered the degree to which the consumers perceive new
services or products as superior to their substitutes [27]. Adopting new technology towards
its usefulness depends on the perceived ease of use [52,53]. Ha and Stoel’s [53] study results
revealed similar findings on online learning system usage intention. Researchers found that
perceived ease of use has a significant positive effect on attitude [53–55]. Another study
stated that consumers’ attitudes towards technology usage directly affect the perceived
ease of use [52]. Users find technology easy to use when they identify that the technology
can be used without difficulties. So the users use that technology regularly. Past studies
indicated that perceived ease of use has a significant direct or indirect positive effect on
usage intention [56–58]. A person accepts any technology when they find it easy to use;
on the other hand, complexity lowers the usage intention [59]. Therefore, the following
hypotheses are proposed.

Hypothesis 6 (H6). There is a significant relationship between perceived ease of use and per-
ceived usefulness.

Hypothesis 7 (H7). There is a significant relationship between perceived ease of use and attitude.

Hypothesis 8 (H8). There is a significant relationship between perceived ease of use and behav-
ioral intention.

3.4. Perceived Usefulness

Various research contexts identified that perceived usefulness has a significant influ-
ence on behavioral intention in regard to new technology adoption, such as virtual real-
ity [60], mobile exergames [61], and mobile applications [62]. Sumak et al. [63] confirmed
that perceived usefulness has a significant positive influence on attitude. Researchers
identified perceived usefulness as one of the most influential predictors in explaining
and predicting users’ information technology acceptance intention [22,64,65]. When users
perceive that information technology is beneficial to their business, this positive percep-
tion will motivate them to adopt the information technology. Therefore, the following
hypotheses are proposed.

Hypothesis 9 (H9). There is a significant relationship between perceived usefulness and attitude.

Hypothesis 10 (H10). There is a significant relationship between perceived usefulness and behav-
ioral intention.

3.5. Attitude

Ajzen [26] argued that attitude has a significant influence on behavioral intention.
Yadav and Pathak [66] conducted a study in India and confirmed that attitude positively
affects behavioral intention. Numerous studies show a significant positive relationship
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between attitude and buying intention [67]. When consumers had great intentions to use
technology, they would have a positive attitude towards the system [68]. Therefore, the
following hypothesis is proposed.

Hypothesis 11 (H11). There is a significant relationship between attitude and behavioral intention.

3.6. Perceived Cost

Cost is one of the most important factors affecting technology adoption [69,70]. The
cost of developing a program for AR, maintenance, and upgrade of websites, and the
availability of the services to consumers are the main costs incurred for web-based ac-
tivities [71]. High cost involves technology implementation since small businesses are
reluctant to use IT-based programs [72]. Although high costs are involved in implementing
IT, firms without the latest technology are left far behind their competitors in this digital
era. It could be hypothesized that cost negatively influences AR adoption. Therefore, the
following hypothesis is proposed.

Hypothesis 12 (H12). Perceived cost has a significant negative effect on AR technology adop-
tion intention.

3.7. Competitor, Trading Partner, and Customer Pressure

Companies accept new technology when they find that other competitors are using
the same technology [73,74]. A study conducted by Matikiti et al. [75] found that external
pressure significantly influences new technology adoption intention. Sharma et al. [76]
stated that trading partners’ pressure is one of the dominant factors affecting innovation
adoption. Firms might adopt specific innovation if pressure comes from powerful partners
who mostly contribute to their profitability [77]. To and Ngai [78] found that a firm
adopts innovation if dominant suppliers have already adopted that technology earlier.
Hasani et al. [79] defined “customer pressure” as the customer demands and behaviors
that drive businesses to adopt new technologies. Customer pressure is the driving force
behind the focal firm’s adoption of ISO standards; consequently, it positively correlates
with quality control performance [80]. Thus, there is a significant positive correlation
between “customer pressure” and the intention of SMEs to adopt new technologies [81].
It also has a significant impact on the adoption of green innovations by SMEs [82–84].
Therefore, the following hypotheses are proposed.

Hypothesis 13 (H13). Pressure from competitors significantly affects the AR adoption intention.

Hypothesis 14 (H14). Pressure from customers significantly affects AR adoption intention.

Hypothesis 15 (H15). Pressure from trading partners has a significant effect on AR adoption intention.

3.8. External Support

External support is considered the support that comes from outside the firm, and it
influences the firms’ decision-making process, precisely, when the company accepts new
technology [77]. Wu and Subramaniam [85] stated that the greater possibility of accepting
new technology happens when support comes from an external body. Expertise comes
from a third party; a suitable policy of standard and powerful partners are the main body
providing external support [27,76]. Therefore, the following hypothesis is proposed.

Hypothesis 16 (H16). External support has a significant positive effect on AR adoption intention.

3.9. Technological Knowledge

Researchers identified the lack of primary expertise hindering the adoption and
diffusion of information technology [86,87]. Companies usually go through knowledge



J. Open Innov. Technol. Mark. Complex. 2021, 7, 142 7 of 24

gain approaches before making final decisions and finding alternatives to adopt new
technology [88]. Berg and Lingen [88] addressed that knowledge discovery is important as
it will create awareness of identifying opportunities and the barriers and challenges faced
during the adoption process. Once decision-makers have gained knowledge about the new
technology, they will add value to adopting the new technology. So it can be concluded
that technological knowledge has a significant effect on adopting innovative technology.
Therefore, the following hypothesis is proposed.

Hypothesis 17 (H17). There is a significant relationship between technological knowledge and
behavioral intention of AR technology usage.

3.10. The Moderating Role of Technological Knowledge

Online retailers are operating businesses in a knowledge-based society, and, therefore,
technology knowledge is essential for them to improve their competitiveness. Techno-
logical knowledge enables retailers to develop a positive attitude and ultimately results
in an increased intention to use the technology. The researcher identified technological
knowledge moderating the association between attitude toward technology usage and
behavioral intention [75]. El-Gohary [73] found that a lack of technical knowledge inhibits
e-commerce adoption among SMEs. According to Lichtenthaler [89], knowledge is central
to accepting innovative technology. There is a dearth of research examining the moderat-
ing effect of technology knowledge. Yaqub et al. [90] stated that low adoption of online
payment is due to the lack of awareness of technological knowledge of the system. In this
research, the researchers argued that the knowledge of technology of managers strength-
ened the positive relationship between attitude and behavioral intention. This effect may
be larger for managers with greater technological knowledge because greater knowledge
could lead them to trust the technology more, and, as a consequence, the positive effect
of attitude on behavior could be reinforced. Therefore, this study examined the effect of
technological knowledge on the moderating effect of the attitude–intention relationship.
This indicated that higher technological knowledge could reduce the gap between the
attitude and intention to use the technology.

Therefore, this study also hypothesizes that:

Hypothesis 18 (H18). Technological knowledge moderates the relationship between attitude
towards AR usage and behavioral intention.

3.11. Mediating Effect of Attitude

Venkatesh et al. [91] argued that attitude mediates the relationship between perceived
usefulness and behavioral intention. In the technology acceptance literature, Schaper and
Pervan [92] also confirmed this relationship in their research on the healthcare domain.
Gajanayake et al. [93] found that attitude partially mediates the relationship between
perceived usefulness and behavioral intention. Krishnan et al. [94] suggested that atti-
tude mediates the relationship between perceived ease of use, perceived usefulness, and
behavioral intention. Therefore, the following hypotheses are proposed.

Hypothesis 19 (H19). Attitude mediates the relationship between perceived ease of use and
behavioral intention.

Hypothesis 20 (H20). Attitude mediates the relationship between perceived usefulness and
behavioral intention.

Hypothesis 21 (H21). Attitude mediates the relationship between self-efficacy and behavioral intention.
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4. Research Design and Sample

A cross-sectional survey method was used to collect data from 233 retailer businesses
in Malaysia with our colleagues’ and students’ help. The respondents in this study were
the owners or managers of retail businesses. An online-based survey was used to confirm
the respondents’ anonymity and increase their responses [95]. To reduce the chances of
missing responses, an online questionnaire was developed in a way that respondents have
to answer all questions. Regarding sample size adequacy, the current study adopted the G*
power program priori test. As set out in Cohen’s proposal [96], the suggested samples were
178 for eleven independent constructions or predictors (F2 = 0.15 for effect size, α = 0.05
for error type one, β = 0.20 for error type two).

4.1. Measurement

Self-efficacy was measured from Chao’s [97] study. Perceived ease of use was mea-
sured from Alam et al. [98] and Huang and Liao’s [99] study. Technology knowledge was
measured using items from Berg and Lingen’s [88] study. In this research, the customer
pressure scale was measured from Wanyoike et al. [74] and Zhu and Kraemer’s [100]
studies. Personal innovativeness and perceived usefulness were measured by the scale
developed by Janssen [101]. Competitor pressure was measured based on the studies of
Salwani et al. [102] and Wanyoike et al. [74]. Attitude and behavioral intention scales were
developed based on Alam et al. [98] and Alam and Sayuti [103]. The cost was measured
based on the study of Alam et al. [70]. The construct trading partners’ pressure and external
support were measured from the study of Paydar et al. [77]. All items in this research were
modified to suit this research, as illustrated in Appendix A. This study’s variables were
measured using a 5-point Likert scale ranging from 1 = strongly disagree to 5 = strongly
agree. All the constructs of this study were operationalized as reflective constructs.

4.2. Common Method Bias

According to Podsakoff et al. [104], few techniques are used to test common method
variances, such as Harman’s one-factor test, the respondents’ confidentiality, clarity of items
or questions, and wording questions in reverse. In this study, we used Harman’s [105]
common method bias by employing an exploratory factor analysis. To assess the sampling
adequacy for the factor analysis KMO (Kaiser–Meyer–Olkin) was used, and the results
showed that all the values were above 0.5 in the diagonal of the matrix and the KMO
coefficient value was 0.819. An un-rotated factor analysis technique was used and found
that all factors loaded separately, and no single factor accounted for more than 50%. These
results indicated that there were eleven factors loaded with eigenvalues more than one,
and the first factor explained about 23.7%, and, thus, we could conclude that common
method bias was not the issue in this research. The studies [104,106] argued that a common
method bias exists if there is a single factor that explains variance more than 50%.

5. Analysis of the Data

The model proposed in this study was tested using Smart-PLS-3 software. Variance-
based PLS-SEM (partial least square structural equation modeling) technique was em-
ployed in the present study to test the hypotheses. According to Ringle et al. [107], Smart-
PLS path-modeling technique has been widely used to show direct and indirect connections
in casual relationships. PLS-SEM works better than the CB-based SEM in regard to using in-
teractional variables as a moderator in the complex model with larger constructs and items
running within a relatively moderate sample size [106]. Recently, PLS-SEM has gained mas-
sive attention from different research fields, including marketing, strategic management,
operations management, and human resource management [108]. A two-step approach
was used to test the model: (a) measurement model or inner model and (b) structural or
outer models [109]. To measure the model, we examined the construct’s reliability and
validity, and the structural model determined the path coefficient and their significance.
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5.1. Measurement Model Analysis

Before testing the proposed hypotheses, the measurement model was tested. Figure 2
shows the measurement model for this study. Table 1 shows the outer loading, Cronbach’s
alpha, composite reliability values, and average variance extracted (AVE).
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Table 1. Factor loadings and reliability statistics.

Constructs Items Loadings AVE Composite Reliability Cronbach’s Alpha Rho_A

Attitude

att1 0.903

0.850 0.944 0.911 0.912att2 0.931

att3 0.931

Behavioral Intention

bi1 0.928

0.794 0.920 0.869 0.873bi2 0.897

bi3 0.846

Competitor Pressure

cp1 0.762

0.653 0.848 0.738 0.804cp2 0.864

cp3 0.880

Customer Pressure

custp1 0.930

0.844 0.942 0.907 0.909custp2 0.923

custp3 0.902

Perceived Cost

pc1 0.957

0.611 0.820 0.761 1.129pc2 0.752

pc3 0.793

Perceived Ease of Use

peou1 0.769

0.626 0.869 0.799 0.830
peou2 0.854

peou3 0.876

peou4 0.749
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Table 1. Cont.

Constructs Items Loadings AVE Composite Reliability Cronbach’s Alpha Rho_A

Personal Innovativeness

pi1 0.720

0.590 0.851 0.774 0.790
pi2 0.794

pi3 0.852

pi4 0.799

Perceived Usefulness

pu1 0.819

0.720 0.911 0.870 0.879
pu2 0.888

pu3 0.900

pu4 0.781

Self-efficacy

se1 0.779

0.687 0.868 0.774 0.795se2 0.843

se3 0.862

External Support
es1 0.948

0.898 0.946 0.886 0.886
es2 0.947

Trading Partner Pressure
tp1 0.911

0.774 0.873 0.713 0.744
tp2 0.848

Technological Knowledge
tk1 0.907

0.771 0.870 0.706 0.732
tk2 0.848

5.2. Convergent Validity

High factor loading of measured items means that the construct converges on a
common point. The rule of thumb is that the factor loading should be 0.70 or more in
PLS analysis [110]. This study’s result revealed that all factor loading values were more
than 0.70 (ranging from 0.720 to 0.957), which exceeded the recommended threshold value
of 0.5 [111], and verified the convergence validity [112,113]. This study further tested
convergent validity by assessing AVE. Hair et al. [108] argued that it is good if the AVE
value is 0.50 or higher. The AVE value was found to be between 0.597 and 0.898, which
is higher than the threshold value of 0.50. Therefore, we can conclude that there was a
convergent validity of the scale.

5.3. Reliability

Reliability was tested by assessing Cronbach’s alpha and composite reliability value.
Cronbach’s alpha value ranged from 0.706 to 0.911 (see Table 1), and the value of composite
reliability ranged from 0.820 to 0.946, which are greater than the threshold value of 0.7 [111].
Hence, it demonstrated a satisfactory level of reliability.

5.4. Discriminant Validity

Discriminant validity was assessed by examining both the Fornell–Larcker criterion
and the Heterotrait-Monotrait ratio (HTMT) approach. To determine the discriminant
validity of the Fornell–Larcker approach [114], the square root of each construct’s AVE
value should be greater than its highest correlation with any other construct of a model [111].
This study confirms the rules (Table 2). According to Henseler et al. [115], the Fornell–
Larcker criterion cannot reliably detect a common research situation’s lack of discriminant
validity. Therefore, these researchers suggested examining the discriminant validity by
testing HTMT. Thus, in this research, HTMT was also used to test the discriminant validity,
and the results of this test are shown in Table 3. According to Kline [116], if the HTMT
value is greater than the threshold value of 0.90, or, in the case of a conservative approach,
the value is higher than 0.85, it suggests a lack of discriminant validity [111,115]. The study
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results complied with the standard suggested (Table 3). Overall, these analyses suggested
a satisfactory discriminant validity.

Table 2. Fornell–Larcker correlation matrix.

ATT BI CP CUSP ES PC PEOU PI PU SE TK TP

ATT 0.922

BI 0.640 0.891

CP 0.448 0.607 0.808

CUSP 0.587 0.774 0.532 0.919

ES 0.521 0.718 0.481 0.881 0.948

PC 0.479 0.350 0.399 0.368 0.351 0.782

PEOU 0.466 0.528 0.361 0.430 0.368 0.304 0.791

PI 0.493 0.570 0.382 0.478 0.486 0.501 0.358 0.768

PU 0.631 0.709 0.471 0.625 0.567 0.461 0.539 0.581 0.849

SE 0.580 0.662 0.442 0.626 0.606 0.366 0.474 0.441 0.547 0.829

TK 0.499 0.538 0.423 0.490 0.397 0.448 0.370 0.337 0.553 0.478 0.878

TP 0.506 0.527 0.369 0.436 0.421 0.570 0.354 0.517 0.774 0.443 0.460 0.880
Note: ATT = Attitude, BI = Behavioral Intention, CP = Competitive Pressure, CUST = Customer Pressure,
ES = External Support, PC = Perceived Cost, PEOU = Perceived Ease of Use, PI = Personal Innovativeness,
PU = Perceived Usefulness, SE = Self-efficacy, TK = Technology Knowledge, TP = Trading Partner Pressure.

Table 3. Heterotrait-Monotrait ratio (HTMT) approach.

Att BI CP Custp ES PC PEOU PI PU SE TK TP

Att

BI 0.717

CP 0.530 0.727

Custp 0.645 0.872 0.621

ES 0.579 0.820 0.573 0.780

PC 0.489 0.281 0.418 0.346 0.360

PEOU 0.548 0.623 0.450 0.494 0.426 0.295

PI 0.546 0.664 0.460 0.539 0.561 0.586 0.411

PU 0.705 0.809 0.558 0.698 0.641 0.417 0.621 0.672

SE 0.682 0.806 0.559 0.742 0.728 0.398 0.581 0.544 0.653

TK 0.615 0.679 0.550 0.601 0.487 0.458 0.480 0.398 0.706 0.641

TP 0.627 0.655 0.496 0.534 0.525 0.657 0.462 0.673 0.788 0.598 0.656

5.5. Testing Multicollinearity

As suggested by Kleinbaum et al. [117], one significant technique, including the evalu-
ation of Variance Inflation Factor (VIF), was used to decide the presence of multicollinearity
among independent variables in this research. The regression analysis outcome showed
that VIF ranged from 1.107 to 1.682, which indicated well below 10. This concluded that
multicollinearity was not the issue in this research.

5.6. Coefficient of Determination

Santosa et al. [118] proposed a need to measure the models’ explanatory powers
by ascertaining the endogenous variable’s coefficient of determination (R2). Falk and
Miller [119] suggested that the R2 of the endogenous variable ought to be 0.10. Cohen [96]



J. Open Innov. Technol. Mark. Complex. 2021, 7, 142 12 of 24

recommended, based on different researchers, that the value of R2 of endogenous constructs
is significant when the value is 0.26, followed by the value of 0.13, which is considered
moderate; lastly, if the value is 0.02, it is deemed to be weak. In Table 4, the R2 estimations
of every endogenous value found in this research are over the PLS analysis prerequisites,
as recommended by Falk and Miller [119]. R2 of this research was higher compared to the
cut-off value, in this manner, demonstrating that the model fell into an acceptable level.

Table 4. VIF value, R2, and Q2.

Constructs
VIF

R2 (Endogenous Variables) Q2 (Endogenous Variables)
Att BI PEOU PU

Attitude 2.051 0.484 0.313

Behavioral Intention 0.747 0.501

Competitor Pressure 1.563

Customer pressure 5.614

External Support 4.589

Perceived Cost 1.740

Perceived Ease of Use 1.507 1.518 1.337 0.252 0.126

Personal
Innovativeness 1.242 1.287

Perceived Usefulness 1.666 4.156 0.505 0.411

Self-efficacy 1.525 1.242 1.448

Technological
Knowledge 1.679

Trading Partner
Pressure 3.061

5.7. Structural Model Analysis

The structural model and the hypotheses of this research were evaluated by using
the path coefficient and effect size (f2) based on the recommendation of Hair et al. [111].
It employed 5000 bootstrap subsamples from 233 cases to analyze the significance of
the findings. A 5 percent level of significance was considered in testing the proposed
hypotheses and the structural model. The confidence interval report was further analyzed
along with the t-values (1.65) and p-values (0.05) to test the hypothesized relationship’s
significance. Figure 3 shows the structural model of this research, and Table 5 shows the
hypotheses results of this study.

To determine the model’s predictive relevance, Stone-Geisser’s Q2 [120,121] was esti-
mated. The Q2 value was calculated by blindfolding and utilizing the Smart PLS package.
The blindfolding procedure applied to endogenous latent variables only when the reflective
measurement model specification and the single-item endogenous constructs were speci-
fied. “Having a Q2 greater than zero for a specific target endogenous construct indicates
that the predictive relevance for the model path for that specific latent variable” [104]. The
model’s results indicated that the cross-validated redundancy values for “behavioral inten-
tion”, “perceived usefulness”, “attitude”, and “perceived ease of use” were, respectively,
0.505, 0.401, 0.313, and 0.126, which are all greater than zero, indicating that the employed
model’s predictive validity was achieved.

The PLS results (Table 5) showed the values of self-efficacy on perceived ease of use
(Beta = 0.393; t = 6.728; p = 0.000), perceived usefulness (Beta = 0.246; t = 4.744; p < 0.01),
and attitude (Beta = 0.310; t = 4.764; p = 0.000). Personal innovativeness significantly
affected the perceived ease of use (Beta = 0.185; t = 2.852; p < 0.01) and perceived usefulness
(Beta = 0.369; t = 6.243; p = 0.000). Perceived ease of use significantly influenced perceived
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usefulness (Beta = 0.290; t = 5.802; p = 0.000), and behavioral intention (Beta = 0.109;
t = 2.330; p < 0.05). Perceived usefulness was found to have a significant relationship with
attitude (Beta = 0.408; t = 5.778; p = 0.000). However, the relationships of perceived ease
of use (Beta = 0.099; t = 1.557; p > 0.05) on attitude showed insignificance. Therefore, we
accepted H1, H2, H3, H4, H5, H6, H8, H9 but rejected H7.

Table 5. Structural model and hypothesis testing result.

Hypothesis STD Beta STD Error t-Values p-Values 2.5% 97.5% Significance
(p < 0.05) f2

H1: SE -> PEOU 0.393 0.058 6.728 0.000 0.273 0.501 Supported 0.166

H2: SE -> PU 0.246 0.052 4.744 0.000 0.142 0.344 Supported 0.085

H3: SE -> ATT 0.310 0.065 4.764 0.000 0.182 0.436 Supported 0.122

H4: PI -> PEOU 0.185 0.065 2.852 0.004 0.068 0.325 Supported 0.037

H5: PI -> PU 0.369 0.059 6.243 0.000 0.253 0.485 Supported 0.214

H6: PEOU -> PU 0.290 0.050 5.802 0.000 0.192 0.387 Supported 0.127

H7: PEOU -> ATT 0.099 0.064 1.557 0.119 −0.027 0.223 NS 0.013

H8: PEOU -> BI 0.109 0.047 2.330 0.020 0.022 0.207 Supported 0.033

H9: PU -> ATT 0.408 0.071 5.778 0.000 0.262 0.536 Supported 0.194

H10: PU -> BI 0.182 0.076 2.415 0.016 0.035 0.336 Supported 0.032

H11: ATT -> BI 0.139 0.050 2.794 0.005 0.042 0.239 Supported 0.037

H12: PC -> BI −0.140 0.043 3.290 0.001 −0.217 −0.049 Supported 0.044

H13: CP-> BI 0.197 0.037 5.301 0.000 0.121 0.267 Supported 0.098

H14: CUSTP -> BI 0.266 0.110 2.412 0.016 0.046 0.484 Supported 0.050

H15: TP -> BI 0.060 0.061 0.996 0.319 −0.065 0.176 NS 0.005

H16: ES -> BI 0.163 0.093 1.749 0.080 −0.016 0.354 NS 0.023

H17: TK -> BI 0.084 0.038 2.206 0.027 0.008 0.158 Supported 0.016

Note: SE = Self-efficacy, PEOU = Perceived Ease of Use, PU = Perceived Usefulness, ATT = Attitude, TP = Trading Partner Pressure,
PI = Personal Innovativeness, CP = Competitive Pressure, CUSTP = Customer Pressure, PC = Perceived Cost, TK = Technological
Knowledge, ES = External Support, BI = Behavioral Intention.
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The outcome of PLS regression (Table 5) showed that the construct perceived useful-
ness (Beta = 0.182; t = 2.415; p < 0.05), attitude (Beta = 0.139; t = 2.794; p = 0.00), competitive
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pressure (Beta = 0.197; t = 5.301; p = 0.00), customer pressure (Beta = 0.266; t = 2.412;
p < 0.05), and technological knowledge (Beta = 0.084; t = 2.206; p < 0.05) had a significantly
positive effect on the behavioral intention to use AR. The effects of trading partner pressure
(Beta = 0.060; t = 0.996; p > 0.05) and external support (Beta = 0.164; t = 1.749; p > 0.05) on
behavioral intention to use AR in retail stores were not significant, while the perceived cost
(Beta = −0.140; t = 3.290; p < 0.01) was found to have a negative but significant relationship
with behavioral intention. Therefore, it concluded that hypotheses 10–14 and 17 were
supported and 15, 16 were not supported according to the path coefficient results.

5.8. Moderating Effect of Technology Knowledge

Usually, the direct link between attitude and behavioral intentions remains quite
strong; unfortunately, this study found a weaker relationship. Thus, this study added
technological knowledge as the moderating variable to explore the reasoning within
the indirect relationship. Study results (Table 6 and Figure 4) showed that technology
knowledge does not moderate the relationship between attitude and behavioral intention
(Beta = 0.041; t = 1.059; p > 0.05). Figure 5 also showed that the BI-ATT lines in three
different TK levels have similar slopes. Thus, hypothesis 18 was rejected. This research
result was inconsistent with Matikiti et al. [76].

Table 6. Testing results of moderation and mediation.

Hypothesis STD Beta Standard
Error t-Values p-Values Significance

(p < 0.05)

Moderation

H18: TK*ATT -> BI 0.041 1.059 >0.05 Not
Supported

Mediation

H19: PEOU -> ATT -> BI 0.014 0.010 1.325 0.185 Not
Supported

H20: PU -> ATT-> BI 0.057 0.022 2.621 0.009 Supported

H21: SE -> ATT-> BI 0.043 0.020 2.212 0.027 Supported

In this study, the bootstrapping method was used to test the mediation effect of attitude
on the relationship between perceived ease of use, perceived usefulness, and self-efficacy
on behavioral intention based on Hair Jr. et al. [111], and Hayes and Preacher’s [122]
suggestion. It is unnecessary to assume the products’ sampling distributions or the indirect
effect of the bootstrapping method [122,123]. The mediating effect was tested with Smart
PLS 3.0 for 233 cases and 5000 subsamples.

It was clear that attitude mediated the relationship between perceived usefulness and
behavioral intention (Beta = 0.057, t-value = 2.621, p-value = 0.009); and self-efficacy and
behavioral intention (Beta = 0.043, t-value = 2.212, p-value = 0.027). However, attitude
did not mediate the association between perceived ease of use and behavioral intention
(Beta = 0.014, t-value = 1.325, p-value = 0.185). Therefore, we accepted hypothesis 20 and
hypothesis 21, and rejected hypothesis 19 (Table 6).



J. Open Innov. Technol. Mark. Complex. 2021, 7, 142 15 of 24

J. Open Innov. Technol. Mark. Complex. 2021, 7, x FOR PEER REVIEW 14 of 23 
 

14 and 17 were supported and 15, 16 were not supported according to the path coefficient 
results. 

5.8. Moderating Effect of Technology Knowledge 
Usually, the direct link between attitude and behavioral intentions remains quite 

strong; unfortunately, this study found a weaker relationship. Thus, this study added 
technological knowledge as the moderating variable to explore the reasoning within the 
indirect relationship. Study results (Table 6 and Figure 4) showed that technology 
knowledge does not moderate the relationship between attitude and behavioral intention 
(Beta = 0.041; t = 1.059; p > 0.05). Figure 5 also showed that the BI-ATT lines in three dif-
ferent TK levels have similar slopes. Thus, hypothesis 18 was rejected. This research re-
sult was inconsistent with Matikiti et al. [76]. 

Table 6. Testing results of moderation and mediation. 

Hypothesis STD Beta Standard 
Error 

t-Values p-Values Significance (p 
< 0.05) 

Moderation      
H18: TK*ATT -> BI 0.041  1.059 >0.05 Not Supported 
Mediation      
H19: PEOU -> ATT -> BI 0.014 0.010 1.325 0.185 Not Supported 
H20: PU -> ATT-> BI 0.057 0.022 2.621 0.009 Supported 
H21: SE -> ATT-> BI 0.043 0.020 2.212 0.027 Supported 

In this study, the bootstrapping method was used to test the mediation effect of at-
titude on the relationship between perceived ease of use, perceived usefulness, and 
self-efficacy on behavioral intention based on Hair Jr. et al. [111], and Hayes and 
Preacher’s [122] suggestion. It is unnecessary to assume the products’ sampling distribu-
tions or the indirect effect of the bootstrapping method [122,123]. The mediating effect 
was tested with Smart PLS 3.0 for 233 cases and 5000 subsamples. 

 
Figure 4. Moderation model. 

It was clear that attitude mediated the relationship between perceived usefulness 
and behavioral intention (Beta = 0.057, t-value = 2.621, p-value = 0.009); and self-efficacy 
and behavioral intention (Beta = 0.043, t-value = 2.212, p-value = 0.027). However, attitude 
did not mediate the association between perceived ease of use and behavioral intention 

Figure 4. Moderation model.

J. Open Innov. Technol. Mark. Complex. 2021, 7, x FOR PEER REVIEW 15 of 23 
 

(Beta = 0.014, t-value = 1.325, p-value = 0.185). Therefore, we accepted hypothesis 20 and 
hypothesis 21, and rejected hypothesis 19 (Table 6). 

 
Figure 5. Slip model. 

6. Discussion: Augmented Reality Adoption and Open Innovation 
This study indicated that self-efficacy significantly affected perceived ease of use, 

supporting past research results [37,42]. The results confirmed that self-efficacy was the 
most important predictor affecting perceived ease of use. Results of this study concluded 
that self-efficacy had a significant effect on perceived usefulness and attitude. Previous 
studies [42,124] confirmed the present study’s result. Consistent with the previous study, 
this study’s results showed a significant relationship between personal innovativeness 
and perceived ease of use and perceived usefulness. Similar results were found in pre-
vious studies conducted by Kuo and Yen [48] and Yi et al. [51]. That means the higher the 
self-efficacy and personal innovation, the higher the perceived ease of use, usefulness, 
and attitude towards AR use. 

As expected, perceived ease of use had a significant effect on perceived usefulness. 
This study’s result was consistent with a previous study conducted by Sevim et al. [52] 
and Ha and Stoel [125]. On the other hand, the study’s results showed that perceived ease 
of use did not significantly affect attitude. These results were inconsistent with previous 
studies conducted by Lim and Ting [54] and Yulihasri et al. [55]. This study’s results 
confirmed the previous study conducted by Hernandez and Mazzon [56], Eriksson et al. 
[57], and Wang et al. [58]. The value for the association between perceived ease of use and 
the behavioral intention was significant. 

Hypotheses 9 and 10 predicted the association between perceived usefulness and 
attitude and perceived usefulness and behavioral intention, and the result was in ac-
cordance. This result satisfied the past study [22,63–65] in different areas. In addition, a 
significant association was found between attitude and behavioral intention. Previous 
studies by Yadav and Pathak [66] and Karjaluoto and Leppaniemi [67] matched what this 
study found. Similarly, this study’s results also confirmed that perceived cost had a sig-
nificant negative effect on behavioral intention. Previous researchers such as Mochoge 
[69] and Alam et al. [70] stated that perceived cost was one of the most critical predictors 
of behavioral intention. System development for providing an AR facility was needed, 
which incurred an extra charge for the retailers. Therefore, hypothesis 12 was also ac-
cepted in this study. 

Competitor pressure is another important predictor affecting AR adoption intention 
among retailers in Malaysia. This study’s result confirmed that there was a significant 
association between competitor pressure and behavioral intention. This study’s results 
were consistent with the previous study done by Wanyoike et al. [74] and El-Gohary [73]. 
This study’s results also confirmed the significant association between customer pressure 
and behavioral intention. We found that customer pressure was another significant pre-
dictor of behavioral intention. Technology knowledge was also found to have a signifi-

Figure 5. Slip model.

6. Discussion: Augmented Reality Adoption and Open Innovation

This study indicated that self-efficacy significantly affected perceived ease of use,
supporting past research results [37,42]. The results confirmed that self-efficacy was the
most important predictor affecting perceived ease of use. Results of this study concluded
that self-efficacy had a significant effect on perceived usefulness and attitude. Previous
studies [42,124] confirmed the present study’s result. Consistent with the previous study,
this study’s results showed a significant relationship between personal innovativeness and
perceived ease of use and perceived usefulness. Similar results were found in previous
studies conducted by Kuo and Yen [48] and Yi et al. [51]. That means the higher the
self-efficacy and personal innovation, the higher the perceived ease of use, usefulness, and
attitude towards AR use.

As expected, perceived ease of use had a significant effect on perceived usefulness.
This study’s result was consistent with a previous study conducted by Sevim et al. [52] and
Ha and Stoel [125]. On the other hand, the study’s results showed that perceived ease of use
did not significantly affect attitude. These results were inconsistent with previous studies
conducted by Lim and Ting [54] and Yulihasri et al. [55]. This study’s results confirmed the
previous study conducted by Hernandez and Mazzon [56], Eriksson et al. [57], and Wang
et al. [58]. The value for the association between perceived ease of use and the behavioral
intention was significant.

Hypotheses 9 and 10 predicted the association between perceived usefulness and atti-
tude and perceived usefulness and behavioral intention, and the result was in accordance.
This result satisfied the past study [22,63–65] in different areas. In addition, a significant
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association was found between attitude and behavioral intention. Previous studies by
Yadav and Pathak [66] and Karjaluoto and Leppaniemi [67] matched what this study found.
Similarly, this study’s results also confirmed that perceived cost had a significant nega-
tive effect on behavioral intention. Previous researchers such as Mochoge [69] and Alam
et al. [70] stated that perceived cost was one of the most critical predictors of behavioral
intention. System development for providing an AR facility was needed, which incurred
an extra charge for the retailers. Therefore, hypothesis 12 was also accepted in this study.

Competitor pressure is another important predictor affecting AR adoption intention
among retailers in Malaysia. This study’s result confirmed that there was a significant
association between competitor pressure and behavioral intention. This study’s results were
consistent with the previous study done by Wanyoike et al. [74] and El-Gohary [73]. This
study’s results also confirmed the significant association between customer pressure and
behavioral intention. We found that customer pressure was another significant predictor of
behavioral intention. Technology knowledge was also found to have a significant influence
on behavioral intention. This implied that AR adoption was positively related to user open
innovation, customer open innovation, and engineer open innovation.

This study found that trading partners’ and external pressure did not significantly
affect behavioral intention. That was because retailers in Malaysia did not receive the prod-
uct from one supplier, and not all suppliers accepted the technology in their business. On
the other hand, external support had also no significant influence on behavioral intention.
A possible reason is that the government in Malaysia has still not established an institution
that would support this technology implementation in businesses. This study result was
inconsistent with previous studies [73–76].

7. Conclusions

The study aimed to develop a comprehensive model for the AR behavioral intention.
This study established an empirically tested model in the Malaysian context where it
covered the limitations of the original TAM by increasing its explanatory power from 0.40 to
0.747 percent. The results showed that perceived usefulness, attitude, competitive pressure,
customer pressure, and technological knowledge significantly affected the behavioral
intention to use AR. At the same time, the perceived cost was significantly and negatively
related to behavioral intention. The study also confirmed that trading partner pressure
and external support were not related to behavioral intention to use AR in the retail
store. The study revealed that self-efficacy was connected to the attitudes and perceived
usefulness and perceived ease of use with perceived usefulness. In contrast, perceived
usefulness affected attitude, and personal innovativeness affected perceived usefulness.
The construct’s perceived ease of use was not connected with the attitude towards accepting
AR in Malaysia’s Malaysian retail stores. The study further determined that attitude
mediated the relationship between perceived usefulness and behavioral intention and
self-efficacy and behavioral intention. However, attitude did not mediate the association
between perceived ease of use and behavioral intention. Likewise, technology knowledge
did not moderate the relationship between attitude and behavioral intention.

7.1. Theoretical Contribution

One of the main theoretical contributions of this study was the integration of open
innovation-related factors and market-oriented technological factors with the existing TAM
constructs for the full spectrum of understanding AR’s behavioral intention. The added
cognitive factors included self-efficacy, personal innovativeness, perceived cost, and tech-
nological knowledge. On the other hand, the market-oriented technological factors were
external pressures from customer pressure and competitive pressure. Though these inte-
grated factors were not completely new, it was missed in the recent retail sector literature
to understand behavioral intention comprehensively. With the successful integration of
the factors, the model explained external reasons, more specific individualistic causes, and
existing technology-specific reasons predicting AR’s behavioral intention in retail stores.
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However, this incorporation extended this model’s explanatory power comprehensively
aligned to Tarhini et al.’s [22] suggestion.

This research contributed to addressing the literature gap on two mediation effects
of attitude within perceived usefulness, self-efficacy, and behavioral intention to adopt
AR. This could be the reference point of future research, especially in SMEs’ AR. Likewise,
this research also filled the literature gap in the AR sector from SME entrepreneurial
perspectives by providing some insight into retailers in emerging countries like Malaysia.
Additionally, the model developed in this research could be applied to other new IT
adoption contexts, such as the adoption intention of Artificial Intelligence. In the future,
researchers can extend or replicate it as this research has its measurement scales validated
by PLS statistical analysis.

7.2. Implications for Practice

While retailers attempt to develop open innovation-based business models through
adopting AR technology in their retail business, retail managers should consider the factors
affecting the adoption of such innovative technology. From an organizational context, this
study showed that TAM constructs and other important open innovation factors might
affect augmented reality usage in retailers, which retail managers need to consider while
adopting this latest information technology. This study suggests that it is needed to consider
the technology’s ease of use and usefulness to ensure the successful implementation of
augmented reality. This study’s results also suggest that managers should also consider
some other factors that significantly influence augmented reality implementation.

External support in the proposed model did not function as expected. Since this
could be due to the unavailability of supporting institutions for implementing such latest
technology in businesses, the Malaysian government and its responsible body should care
for this missing aspect to materialize the upcoming fourth industrial revolution. We also
suggest a future study that understands why this feature, which is usually necessary to
introduce innovation, is not suitable for AR adoption. However, suppliers should also set
up various customer service centers nearby for a stain-free AR experience.

This study’s results indicated that operating cost is the key factor that influences AR
acceptance. Concerning overhead expenses, administrators are also advised to introduce
incentives to minimize escalated service charges or offer service bundles to get aspiring
entrepreneurs. Managers should suggest, for example, delivering various packages of
after-sales services and free installation charges.

Perceived ease of use was found significant for the behavioral intention that indicated
ease of use-inspired businesses to adopt particular technology. The manufacturer of AR
technology should give priority to ensure simplicity in terms of application, installation.
Technical knowledge could enhance the adoption intention. Thus, the supplier should make
an effort to educate managers through first-hand training or an interactive helpline at the
time if needed. Likewise, AR had better use than prior practices. In the case of retail selling,
the use of AR technology and its virtual trial rooms could lower the tendencies of returning
products and customer dissatisfaction. Particularly, the chatbot facility installation could
reduce the human efforts to answer queries.

Competitive pressure and Customer pressure are the external pressures influencing
intention. Owners and managers should have a mechanism (opinion pool, feedback-
seeking, reaction testing) to learn about customer’s expectations about products and their
delivery. This would help them attract new customers and to keep them exited and up
to date. They should also continuously recheck their competitive advantages and instant
upgrade on that.

7.3. Limitation and Recommendation for Future Research

No research is without limitation. In this study, we found some limitations which
require further assessment and additional study. Firstly, this study focused mainly on
eyewear and furniture retail stores in Malaysia. The literature showed that different
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technologies have distinct characteristics. Therefore, future researchers need to consider
and verify this model using other respondents with technical knowledge. Secondly, this
research only considered eyewear and furniture retailers; it is clear whether these analysis
results could be generalized in the market context.

Further, this research model can apply to other retail business perspectives as per-
ceived ease of use, perceived usefulness, and technological constructs can be related to
particular product perspectives. Thirdly, this study was conducted in Malaysia, and their
businesses are slow to adopt new technologies; therefore, it is not clear whether this re-
search can be generalized to another country as other countries may have different cultures
and different consumer behaviors. Thus, the study model developed in this research needs
to be tested further in other countries using different samples, and this would further
provide a higher robust test of this comprehensive model.
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Appendix A. Questionnaire

Items Sources

Self-efficacy
• I am convinced that I will adopt augmented reality

in our online sales.
• I could figure out a way to implement augmented

reality in our business.
• I am confident of using augmented reality if I have

never used such a system before.

Chao [97]

Personal Innovativeness
• If I heard about new information technologies, I

would find ways to operate them.
• In general, I am ready to accept new technologies.
• I always try to use new information technologies

earlier than my peers.
• I usually keep an eye on emerging technology.

Janssen [101]; Fan et al. [126]

Perceived Ease of Use
• I think using augmented-reality-implemented

applications is easy.
• I think it is very simple to learn how to use

augmented reality applications.
• I think it does not require much effort to use an

augment-reality-implemented application.
• I think the augmented-reality-implemented

application is clear and understandable.

Alam et al. [98]; Huang and Liao [99]
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Items Sources

Perceived Usefulness
• I can improve the online selling process with an

augmented-reality-implemented application.
• My online selling process will be more efficient

with an augmented-reality-implemented
application.

• Augmented Reality will be helpful while selling
online.

• Augmented reality will improve my ability while
selling online.

Janssen [101]

Attitude
• I like the idea of selling online with augmented

reality.
• I think that it is a good idea to sell online with

augmented reality.
• I have a favorable attitude towards selling online

with augmented reality.

Alam et al. [98]

Technological Knowledge
• I have a better understanding of AR applications.
• I have sufficient knowledge about how to handle

AR applications.

Berg and Lingen [88]

Cost
• The initial set-up cost is high.
• Incur extra cost for hiring IT staff.
• Assessing costs and benefits are difficult.

Alam et al. [70]

Trading Partners Pressure
• Most of the trading partners of my company

recommend and insist on adopting AR
applications.

• If my company decides to adopt an AR application,
then trading partners are also ready to adopt an
AR application.

Paydar et al. [77]

Pressure from competitors
• Our competitors have adopted AR technology.
• Our competitors are doing well using AR

technology.
• Customers prefer online retailers who use AR

technology.

Salwani et al. [102]; Wanyoike et al.
[74]

Pressure from customers
• Our customers expect us to use AR technology.
• Our customers demand that we use AR technology.
• The use of AR technology is something that would

make the customer happy.

Wanyoike et al. [74]; Zhu and
Kraemer [100]

External Support
• The existing policy related to AR applications is

quite suitable to support the adoption.
• The government assists and supports retail

organizations to adopt AR applications.

Paydar et al. [77]

Behavioral Intention
• I will consider augmented reality while selling

online.
• I think it will be worth it for me to use augmented

reality in online selling.
• Regularly, I will use augmented reality in online

selling.

Authors creation
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