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Abstract: The COVID-19 pandemic has created the opportunity to conduct a huge experiment with
online classes in the university setting. The objectives of this study are (1) to provide obvious insight
into determining factors driving greater intention of students to use online learning systems based on
an integrated technology acceptance model (TAM) and theory of planned behavior (TPB), and (2) to
provide the moderating role of innovativeness as a key factor. An online survey was conducted with
216 university students taking hospitality and tourism studies in Busan, Korea. The results of the
study are as follows. First, perceived ease of use affects perceived usefulness, perceived usefulness
affects attitude, whereas perceived ease of use does not directly affect attitude. Second, attitude and
subjective norms positively influence behavioral intention, while perceived behavioral control does
not. Third, user innovativeness plays a moderating role in the relationship between subjective norms
and behavioral intention. As part of the lessons learned from COVID-19, it is meaningful to provide
insightful implications to academia, specifically to the college of hospitality and tourism.

Keywords: online learning system; higher education; technology acceptance model (TAM); theory of
planned behavior (TPB); user innovativeness; COVID-19

1. Introduction

The recent outbreak of coronavirus disease (COVID-19) has reshaped the way we
live in many aspects. According to current evidence, the novel coronavirus is primarily
transmitted between people through contact routes and respiratory droplets [1]. Due to
this nature of the coronavirus, social distancing has been the common practices around
the world. In other words, authorities around the world began to restrict the movement of
people and enforce physical distancing to stem COVID-19 [2]. Such rules and regulations
were not limited to universities [3–5]. Many universities across different regions sent out
notices that all classes would shift from traditional in-person classes to online classes until
such time when students can safely resume face-to-face lectures on campus [6,7]. Indeed,
the COVID-19 pandemic has created the opportunity to conduct a huge experiment with
online classes in the university setting.

Many attempts have been made to predict individual acceptance of technology-based
products/services based on existing theories. Of various theories, the technology accep-
tance model (hereafter TAM) is one of the most cited theoretical frameworks. TAM posits
perceived ease of use and perceived usefulness which aid in building a favorable atti-
tude and subsequently increase behavioral intention toward to a particular technology [8].
In the meantime, the theory of planned behavior (hereafter TPB) is another conceptual
model that has been frequently employed in numerous studies to determine the driving
forces of individual behavior. In TPB, individual behavioral intentions are formulated
by attitude, subjective norms, and perceived behavioral control [9]. Both TAM and TPB
were adapted from the theory of reasoned action (hereafter TRA) which postulates that
individual behavioral intention is completely under volitional control [10]; these two mod-
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els have been widely used to examine the acceptance of technology-powered learning
in higher education [11–13]. Furthermore, there have been other worthy endeavors that
have extended existing theories by adopting extra facilitators and incorporating theories
to better comprehend the formation of individual behavioral intention in the university
sector [14–17].

User innovativeness has been illustrated as an important construct that influences
a person’s intention to use a system [18–20]. User innovativeness was conceptualized as
the likelihood of an individual to pursue novel products or services in early stages [21].
Particularly, the moderating impact of individual innovativeness was identified in the rela-
tionship among key study variables of TAM and TPB in various sectors [22–24]. However,
limited findings of roles of user innovativeness exist in the field of higher education, and
thus it would be meaningful to examine its impact in the formation of students’ adoption
of online learning systems.

New forms of learning through online system such as a remote learning and virtual
classrooms were forced on to universities after the outbreak of COVID-19 [4,25]. This
may not be extremely new to all; however, it was considered a sudden change for many
students in universities where learning environments used to be face-to-face. In addition,
online methods require not only a high level of self-directed learning in terms of students’
volition and skills but also a high level of readiness for technological capacity of digital
learning platforms [25]. Nonetheless, there was no sufficient preparation for this transition
of learning style for students during COVID-19. Likewise, students at university have
exhibited discontent about recent online education during the pandemic. For example,
according to a survey at 203 universities in Korea conducted by the National University
Student Council Network, more than 99 percent complained about online lectures [26].
Moreover, there are quite substantial amounts of practical and craft-based training in the
hospitality sector that require more hands-on learning to be exercised throughout the
course [5,27]. Thus, online learning in the hospitality context is to some extent even more
challenging. Despite the aforementioned numerous studies on predicting student adoption
of online learning systems in higher education based on the existing theories, no attempts
were made to test the level of students’ acceptance in the area of hospitality and tourism.

The ultimate way of preventing the coronavirus is still unknown and some educators
expect online classes will be the new normal even after COVID-19 [7]. Likewise, universities
such as Cambridge University have announced that all lectures will be online only until
summer of 2021 [28]. Meanwhile, to utilize systems to their full potential, it is first necessary
to investigate individual intention to use such systems [29]. Therefore, it is of great
importance to assess current student acceptance level of online learning systems in the
college of hospitality and tourism for the coming semesters and years. Given this, the
purposes of this research are to provide a clear understanding of the determining factors
in inducing greater intention for students to use online learning systems on the basis of
incorporated TAM and TPB, with a consideration of innovativeness as a key moderator.
Accordingly, the present study will contribute to providing insightful implications to
academia, specifically to colleges of hospitality and tourism, as part of the lessons from
COVID-19.

2. Literature Review
2.1. Online Learning Systems in Higher Education

The application of online learning system as the part of edutech has continued to grow
in higher education across the globe [30]. The same phenomenon has occurred in South
Korea and online education, which includes learning through the medium of computers
and mobile phones has gained general acceptance over the last few years [13,31]. Likewise,
the concept of online classes through a designated platform might not be absolutely new
to instructors and students. However, a large proportion of lectures have generally been
managed in the university classroom, and thus, it is still a novel concept in the university
setting due to the suddenly enforced physical distancing after the outbreak of COVID-
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19 [3,5]. During the lockdown and social-distancing period, instructors were required
to record lectures through an online platform in advance, and students tool courses by
watching recorded programs aired on the system. Alternatively, there were online video
classrooms allowing real-time connection between students and instructors through a
cloud platform.

Online learning systems can supplement or replace traditional classrooms enabling
students to engage in learning through various tools and web technologies [31,32]. Concan-
non et al. [33] asserted that the new generation of students would accelerate the demand of
integrating smart technologies into higher education. Moreover, they stated that univer-
sities, through a wide range of implementation of innovative technologies into learning
model, could attract and engage many more students. However, there is still significant
resistances to technology in the education sector [34,35]. Wang et al. [5] differentiated opera-
tional and practical courses from knowledge-based courses and asserted that technological
innovation in the domain of education should be treated differently. They accordingly
suggested that respective curricula in online learning technologies for operational courses
should be modified. Therefore, it is expected that the acceptance behavior of students
toward online learning systems depends on the course they take if it is theoretical or
practical learning course.

2.2. Technology Acceptance Model (TAM)

TAM is a derivative of the TRA [10,36]. TAM determines that two fundamental
elements, namely perceived ease of use and perceived usefulness, are primary triggers
of individual attitude toward technology-powered products/services which eventually
induces behavioral intention [8]. Perceived ease of use denotes the degree to which indi-
viduals expect that using a specific applications will be free of effort, whereas perceived
usefulness describes individuals’ subjective probability to believe that using a specific
technology will increase their work performance. According to TAM, these two deter-
minants aid in building attitude, which refers to “the degree to which a person has a
favorable or unfavorable evaluation or appraisal of the behavior in question” [9]. Attitude
consequently influences individual behavioral intention, reflecting the level to which an
individual formulates conscious plans to engage in a particular behavior [37].

The application of TAM has long been widely popular to test individual acceptance
of various smart technologies in the education context [18,34,38,39]. Saade et al. [29].
conducted an empirical study based on 362 responses from students in higher education
institutions; they provided evidence that TAM is a solid theoretical model in the e-learning
context. Al-Adwan et al. [32] examined indicators of the acceptance of e-learning from
students’ standpoint based on TAM; their results supported the application of TAM to
predict user intention to accept e-learning systems. Abdullah and Ward [14] developed
GETAMEL, a general extended technology acceptance model for e-learning grounded in
TAM; they validated the theory as a fundamental theoretical framework for explicating
student intention to use e-learning systems. More recently, Granić and Marangunić [39]
reviewed a respectable number of studies built on TAM between 2003 and 2018 in the
domain of technology-based learning. They established a firm foundation of TAM in
predicting individual intention in the educational context.

2.3. Theory of Planned Behavior (TPB)

TPB is an extension of TRA; it suggests attitude and subjective norms as major driving
forces behind behavioral intention [10,36]. The core mechanism of TPB is that individual
behavioral intention is determined by not only volitional factors, namely, attitude and
subjective norms but also the non-volitional factor of perceived behavioral control. As
explained in the previous section, attitude represents a person’s overall evaluation of a
specific behavior in reference to the perceived outcomes of an act. Subjective norms refer
to the extent to which an individual believes that significant numbers of others think he or
she should engage in the certain behavior [40]. Perceived behavioral control involves the
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perception of internal and external constraints on a specific behavior [9]. That is, individual
behavioral intention depends on individual assessment of a particular behavior, individual
propensity to comply with the opinions of people surrounding themselves, and the level of
perceptions of inner and outer constraints on behavior.

A number of studies in the field of technology-powered education have built on TPB
to comprehend student acceptance of learning through online tools. For example, Chiang
et al. [41] explored factors that propel student adoption of technology-integrated learning;
they found that attitude as well as subjective norms are the salient drivers of intention
to use such systems. Yu and Yu [42] developed a theoretical framework based on TPB to
investigate factors inducing student online learning utilization. They surveyed 870 students
in Taiwan; their analysis results successfully identified critical constructs that facilitate
greater intention to use online learning systems. Chu and Chen [11] applied TPB to examine
student acceptance of e-learning technology; they confirmed that attitude, subjective norms,
and perceived behavioral control showed significant and positive correlations to e-learning
intentions. Yeap et al. [43] built a mobile learning readiness framework on the basis of TPB;
their results demonstrated that all three variables stemming from TPB exerted meaningful
influence on student intention to adopt mobile learning. Lung-Guang [15] incorporated
a self-regulated learning model into TPB to investigate intention to accept online courses
at universities. Their analysis results using 222 responses showed that social norms and
perceived behavioral controls are factors inducing better participation in online courses.

2.4. Incorporating TAM and TPB

Many scholars have extensively applied TAM and TPB to test individual behavioral
intention in the field of education. Nonetheless, a substantial amount of criticism of TAM
has been addressed to its parsimony [44,45]. In other words, the essential determinants of
behavior may be overlooked and thus many efforts have been made to broaden or deepen
the theory, and incorporate TAM into other theories [14,17,35]. Similarly, even though the
strong predicting power of TPB has been supported in many studies, there have also been
many attempts to extend TPB or merge the theory with another framework to respond
to the shortcomings of the original theory [15,46,47]. In this respect, numerous scholars
have endeavored to improve the predictive power of individual behavioral intention by
combining TAM and TPB in the context of user behavior toward novel technology in
various contexts [6,12,48,49].

Aboelmaged and Gebba [50] examined the adoption level of mobile banking by
integrating TAM and TPB. Their analysis results indicate a positive association between
subjective norms and system adoption and the critical impact of perceived usefulness on
attitude which, in turn, influences adoption. Cheung and Vogel [48] explored the formation
of student intention to participate in collaborative e-learning platform based on a combined
model of TAM and TPB. Their analysis results, based on data collected from students at the
Hong Kong Polytechnic University, successfully indicate that antecedent variables rooted
in these two frameworks are essential determinants of student usage intention. Yu et al. [51]
developed a holistic model by integrating TAM and TPB to explain the intentions to use a
sharing system. Their results showed that attitude is built by perceived usefulness as well
as perceived ease of use of the system, and that intention to use is positively influenced by
perceived usefulness, attitude, and perceived behavioral control. Hua and Wang [49] built
a combined framework of TAM and TPB to examine the drivers of consumers’ acceptance
of energy-efficient applications. Based on an analysis of 280 sets of data, they found overall
significant relationships among study variables rooted in these two theories. More recently,
Nadlifatin et al. [16] investigated university student intention to use a blended learning
system, which is a mixture of online and offline education. Their results attested to the
suitability of the combined TAM and TPB model in explaining student behavioral intention.
These endeavors at merging TAM and TPB demonstrate strong predictive power, helping
in comprehensive understanding of user behavior. Thus, in order to predict student
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intention toward online learning system through an integration of TAM and TPB, we
posited following hypotheses.

Hypothesis 1a (H1a). Perceived ease of use significantly and positively affects perceived usefulness.

Hypothesis 1b (H1b). Perceived ease of use significantly and positively affects attitude.

Hypothesis 2 (H2). Perceived usefulness significantly and positively affects attitude.

Hypothesis 3 (H3). Attitude significantly and positively affects behavioral intention.

Hypothesis 4 (H4). Subjective norms significantly and positively affect behavioral intention.

Hypothesis 5 (H5). Perceived behavioral control significantly and positively affects behavioral
intention.

2.5. User Innovativeness and Its Moderating Role

User innovativeness has been described as individual propensity to accept novel
or different products or services at a relatively early stage [21]. That is, a person with a
greater degree of innovativeness is more likely to adopt new products/services rather than
remain with previous and current selections. Likewise, Manning et al. [52] showed that
individual innovativeness mirrors the self-direction value to embrace and adapt to change
and novelty seeking which is the tendency to pursue novel products/services. In a similar
vein, Yilmaz and Bayraktar [20] asserted that individual openness to change and to adopt
an innovation depends on that person’s level of innovativeness. Hence, user innovativeness
has been constantly validated as an important indicator of successful diffusion of newly
introduced products or services, particularly novel technology-based ones. For example,
Mahat et al. [19] focused on mobile learning, which became a new paradigm of higher
education in Malaysia and confirmed that students’ personal innovativeness influenced
their intention to participate in mobile learning. Arpaci [18] examined the adoption of
cloud computing in the education and the author demonstrated that users’ innovativeness
plays a vital role in adopting new technology-powered system.

In addition, user innovativeness has been identified as an important moderator in the
acceptance of technology-powered products/systems [22,23,53]. Lee, Qu, and Kim [54]
postulated that individual behavior of adopting online shopping varies according to in-
dividual innovativeness; they examined their hypotheses using 208 sets of data. Their
results indicated that a group of people with a high level of innovativeness will be largely
influenced by their attitudes when they embrace online shopping, whereas individuals
who are less innovative tend to count on attitude and subjective norms to mitigate the
uncertainty inherent in online transactions. Crespo and del Bosque [55] analyzed the
factors that induce individuals to adopt electronic commerce in consideration of personal
innovativeness. Their results show the significant moderating impact of personal innova-
tiveness in the link between attitude toward the system and behavioral intention. Similarly,
Ahmed et al. [22] confirmed that individual innovativeness moderated the link between
attitude and future intention to use online shopping. Leicht et al. [53] provided evidence
that individual innovativeness moderates the association between social influence and
behavioral intention toward autonomous car adoption. In an educational context, Matute-
Vallejo and Melero-Polo [24] predicted student acceptance of an online simulation and
confirmed the moderating role of personal innovativeness. More specifically, their results
revealed that the relationship between perceived ease of use and attitude was moderated
by student innovativeness. This existing evidence supports user innovativeness as a ro-
bust moderator in the formation of individual usage intention toward technology driven
products/systems. Given this, we hypothesized followings to identify the moderating role
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of user innovativeness in the development of student intention toward online learning
system.

Hypothesis 6a (H6a). User innovativeness moderates the link between perceived ease of use and
attitude.

Hypothesis 6b (H6b). User innovativeness moderates the link between perceived usefulness and
attitude.

Hypothesis 6c (H6c). User innovativeness moderates the link between attitude and behavioral
intention.

Hypothesis 6d (H6d). User innovativeness moderates the link between subjective norms and
behavioral intention.

Hypothesis 6e (H6e). User innovativeness moderates the link between perceived behavioral
control and behavioral intention.

Figure 1 displays our research model, which involves a total of seven latent constructs
and contains a total of eleven hypotheses. In the theoretical framework, the initial constructs
and links of TAM are outlined within the green highlighted lines; the original variables
and paths of TPB are indicated in the blue box.
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3. Methodology
3.1. Data Collection and Profile of Survey Respondents

The survey was conducted to provide a clear understanding of determining factors in
inducing greater intention for students to use online learning systems. An online survey
set up on Google.

The data were collected in the first of half of June 2020, prior to the end of the
semester, for college students taking hospitality courses in B area. A total of 220 responses
were collected; 216 were retained for analysis after excluding four responses that were
identified as outliers. The sample size of this study was greater than 187 samples at
the significance level of 5% [56]. Utilizing SPSS 24.0 and SmartPLS 3.0 programs, this
study performed frequency analysis, confirmatory factor analysis, correlation analysis,
and reliability analysis to assess the reliability and validity of the measurement tools,
and structural modeling analysis to examine the proposed research model and test the
hypotheses.
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Men accounted for 56.9 percent of the respondents. 41.7% of all respondents were
freshman, followed by 20.8% for sophomore, 20.4% for junior, and 16.2% for senior. By
majors, social science was the most numerous at 74.2%, arts and science students made up
13%, and humanities students were 7%. Table 1 provides a summary of the demographic
characteristics of respondents.

Table 1. Profile of survey respondents (n = 216).

Variable Frequency Percentage (%)

Gender
Male 123 56.9

Female 93 43.1

Year of Students

Freshman 90 41.7
Sophomore 45 20.8

Junior 44 20.4
Senior 35 16.2

Majors
Social science 160 74.2

Arts and sciences 28 13
humanities 15 7

Online Lecture
Experience

Yes 119 55.1
No 97 44.9

3.2. Measures

All items were measured using a seven-point Likert scale ranging from “strongly
disagree” to “strongly agree”.

The perceived ease of use was defined as the degree to which students expected to have
no difficulty in using the e-learning system; the usefulness was defined as the individual’s
subjective probability that the e-learning system would increase the effectiveness of the
class. Attitudes were defined to the extent that students provided a favorable assessment
of the behavior of using online learning systems. The subjective norm was defined to the
extent that students believed other students should participate in online learning; perceived
behavioral control was defined as the perception of internal and external restrictions on
participation in the e-learning system. Individual behavioral intention was defined as
student intention to use the e-learning system. User innovation has been defined as the
individual propensity for university students to embrace e-learning systems.

Each of the five items were used to evaluate perceived ease of use and perceived
usefulness. These measurement items were borrowed from Fishbein and Ajzen [10]; they
were modified to fit the context of online education. Attitude, subjective norms, and
perceived behavioral control were measured with four items, each adapted from Fishbein
and Ajzen [10], Lung-Guang [15], and Yeap et al. [43]. Individual behavioral intention was
assessed with three measurement items cited from Lung-Guang [15] and Yeap et al. [43].
Furthermore, user innovativeness was measured using five items borrowed from Matute-
Vallejo and Melero-Polo [24] and modified.

4. Results
4.1. Analysis of Validity and Reliability

To evaluate the measurement model and the structural model [57], we used SmartPLS
3.0, a two-step procedure including a bootstrapping technique [58]. First, reliability analysis
was performed using Cronbach’s α and Research Unit Reliability (CR) to measure the
internal consistency of the variables used in the study. As Table 2 displays, Cronbach’s
α values of each study variable ranged from 0.887 to 0.938, rho_A values were ranged
from 0.887 to 0.987, and C.R. values were found to be between 0.924 and 0.967. It was
found that the reliability between the measurement items exceeded the standard of 0.70.
Next, to measure the validity of the concept, the validity of convergence and the validity of
discrimination were determined and verified.
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Table 2. Measurement Model.

Final Items Factor Loadings α Rho_A C.R. AVE

Attitude 3 0.932–0.943 0.938 0.938 0.960 0.889
Perceived behavioral

control 4 0.822–0.823 0.918 0.935 0.942 0.804

Perceived ease of use 5 0.796–0.890 0.900 0.926 0.924 0.709
Individual behavioral

intention 2 0.968–0.967 0.932 0.932 0.967 0.936

Subjective norms 3 0.911–0.930 0.923 0.928 0.951 0.867
Perceived usefulness 3 0.878–0.910 0.887 0.889 0.930 0.816
User innovativeness 5 0.843–0.886 0.909 0.923 0.932 0.732

α = Cronbach’s α; C.R. = composite reliability; AVE = average variance extracted.

Convergence validity is indicating as a high correlation between the same concepts.
The factor loading values were all 0.796 or more, and the AVE value was 0.732 or more,
confirming the convergence validity of each research unit in Table 2.

In addition, among the latent variables, the square root of AVE in each construct was
greater than the other correlation values (see Table 3). Thus, discriminant validity is well
established.

Table 3. Fornell-Larcker criterion.

1 2 3 4 5 6 7

1. Attitude 0.943
2. Perceived behavioral control 0.497 0.897
3. Perceived ease of use 0.716 0.835 0.842
4. Individual behavioral
intention 0.868 0.45 0.673 0.968

5. Subjective norms 0.614 0.538 0.64 0.611 0.931
6. Perceived usefulness 0.874 0.541 0.782 0.833 0.641 0.904
7. User innovativeness 0.728 0.552 0.701 0.704 0.53 0.757 0.855

Diagonal elements, which are marked in bold, are the square root of the variance shared between the variables
and their measures (AVE).

4.2. Assessment of Structural Model

For this study, SmartPLS 3.0 was used and structural models were evaluated according
to the following criteria [56,59].

First, as a result of evaluation using VIF (the variance inflation factor), VIF was found to
range from 1.926 to 4.971, indicating that there was no problem with multicollinearity [56,60].

Second, the predictive power of the model was assessed using variance explained (R2)
in endogenous constructs. As shown in Table 4, the R2 of the outcome variable was 0.610
to 0.772; higher than the reference value of 0.10 [61,62].

Table 4. Standardized structural estimates (PLS).

Path Estimate t p Result

H1a Perceived ease of use→Perceived usefulness 0.782 28.958 0.000 ** Supported
H1b Perceived ease of use→Attitude 0.083 1.215 0.225 Not supported
H2 Perceived usefulness→Attitude 0.809 14.024 0.000 ** Supported
H3 Attitude→Behavioral intention 0.579 7.897 0.000 ** Supported
H4 Subjective norms→Behavioral intention 0.093 2.004 0.045 * Supported
H5 Perceived behavioral control→Behavioral intention −0.044 0.975 0.330 Not supported

R2 Q2

Perceived usefulness 0.765 0.493
Attitude 0.778 0.675

Behavioral intention 0.610 0.720

** p < 0.01. * p < 0.05.

Third, as can be seen in Table 4, Q2 (the Stone–Gesser test) value was higher than
0, indicating that there was no problem with the predictive relevance of the reflection
measurement model and the endogenous structure.

Finally, the value of SRMR (the standardized root mean square residual) was 0.084,
which is regarded as indicating a good fit [63].
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4.3. Hypotheses Testing

Hypothesis 1 states that perceived ease of use will directly influence affective perceived
usefulness and attitude. As shown in Table 4, perceived ease of use has significant positive
impact on perceived usefulness (β = 0.782, t = 28.958, p < 0.01). Thus, H1a was supported.
However, perceived ease of use does not have a positive effect on attitude (β = 0.083, t =
1.215, n.s), and thus H1b is not supported.

Hypothesis 2 postulates that affective perceived usefulness will directly affect cog-
nitive attitude. The results of analyses were that affective perceived usefulness has a
significant and positive effect on cognitive attitude (β = 0.809, t = 14.024, p < 0.01), and so
H2 was supported.

Hypothesis 3 and Hypothesis 4 were supported, because attitude (β = 0.579, t = 7.897,
p < 0.01) and subjective norms (β = 0.093, t = 2.004, p < 0.05) have significant effects on
behavioral intention.

Finally, Hypothesis 5 was not supported, because perceived behavioral control does
not have a significant effect on behavioral intention (β = −0.044, t = 0.975, ns).

4.4. Moderating Analysis

The results of the analysis to test the moderating effect of user innovativeness are
exhibited in Table 5. First, user innovativeness has been shown to have no moderate
effect between attitude and perceived ease of use (e.g., t = −0.031, t = 0.449, p = 0.453),
and perceived usefulness (e.g., t = 0.741; p = 0.459). Therefore, H6a and H6b were not
supported. User innovativeness, also, does not moderate the association between attitude
and behavioral intention (ß = 0.085; t = 1.529, p = 0.126), hence H6c is not supported. User
innovation regulates the relationship between subjective norms and behavioral intention
(ß = −0.119; t = 2.840, p = 0.005), so H6d is supported. This is consistent with our pos-
tulation that user innovativeness will play a moderating role in subjective norms and
behavioral intention, as depicted in Figure 2. The results show that the higher the subjec-
tive norms for lower innovativeness group, the greater the change in behavioral intention
to accommodate online learning systems than the higher innovativeness group. Finally,
user innovativeness also does not moderate the association between perceived behavioral
control and behavioral intention (ß = −0.020; t = 0.455, p = 0.649), and thereby H6e is not
supported.
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Table 5. Moderating Analysis Results (PLS).

Path Estimate t p Result

H6a Perceived ease of use x User
innovativeness→Attitude −0.031 0.449 0.653 Not supported

H6b Perceived usefulness x User
innovativeness→Attitude 0.061 0.741 0.459 Not supported

H6c Attitude x User innovativeness→Behavioral
intention 0.085 1.529 0.126 Not supported

H6d Subjective norms x User
innovativeness→Behavioral intention −0.119 2.840 0.005 ** Supported

H6e Perceived behavioral control x User
innovativeness→Behavioral intention 0.033 0.808 0.419 Not supported

** p < 0.01.

5. Implications and Future Research

This study embraced a research model that incorporated TAM and TPB into one
comprehensive theoretical framework to examine behavioral intention to use online learn-
ing systems in higher education. Further, this study investigated the moderating role of
individual innovativeness. Data analyses were conducted using SmartPLS 3.0 [56]. Results
of empirical analyses have the following meaningful theoretical and practical implications.

5.1. Theoretical Implications

Universities have been affected in the aftermath of the COVID-19. Concretely, they
were forced to move their education programs to online space. In preparation for prolonged
COVID-19, a considerable body of new studies attempts to examine students’ perspective
of online learning system [64–66]. These studies provided evidences regarding students’
experience in using online education platforms and how it could be enhanced. Nonetheless,
they did not consider if the online courses are more focused on lecture on theory or practical
trainings. Unlike these studies, the present research is among the first to predict the
intention toward online learning system of students majoring in hospitality and tourism
which involve more practical learning.

The results show that, in higher education, student adoption of online learning sys-
tems is not only explained by TAM, but also demonstrated by TPB. This finding suggests
that TAM, as well as TPB jointly affect individual behavioral intention in e-learning envi-
ronments. This result strongly confirms the credibility of the TAM model in facilitating
assessment criteria for acceptance of diverse types of technology. We employed perceived
ease of use and perceived usefulness to raise the predictive validity of TAM in this study.
In the TPB model, individual behavioral intention is formulated by attitude, subjective
norms, and perceived behavioral control.

Specifically, this study examined the moderating effect of user personal innovativeness
in the relationship among key study variables of TAM and TPB in the adoption of online
learning systems. However, these relationships were not observed in the original model by
Aboelmaged and Gebba [50], or in the model recently modified by Nadlifatin et al. [16]. In
this regard, this study proposes a research model incorporating the moderating effect of
user innovativeness into existing TAM and TPB studies in order to examine the intention
to use the online learning system that emerged recent during the COVID-19 pandemic.

5.2. Practical Implications

Considering the data analysis results, there is the potential for practical implications
in the development and management of online learning systems in universities.

First, it is not surprising that the development of positive attitudes among perceived
ease of use, perceived usefulness, and behavioral intention are important for the acceptance
of most new technologies; we have reaffirmed this to be true even in the higher education
environment. University managers and faculty should make efforts to boost students’
positive attitude toward online learning, because attitude has the largest direct effect on
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behavioral intention to use. To boost students’ positive attitude toward online learning,
universities should provide a high quality LMS environment, including Wi-Fi zones, m-
learning (using smart phones), and an online mentor system. In addition, university
should develop and activate massive open online courses (MOOCs) that allow students
to participate in an unlimited number through the web to improve their online learning
effects [67]. In particular, in the field of hospitality, there are many curriculums that require
practical skills, such as hotels and tourism. In the current COVID-19 pandemic situation, it
is difficult to provide students with face-to-face practical skill classes, but if faculty provide
well-organized LMS, such as online practice classes that can be easily accepted by small
groups, students’ positive attitude and willingness to accept online learning systems will
increase. Ultimately, this type of small group practical skill class will be an important
indicator of student acceptance level of online learning systems in colleges of hospitality
and tourism for coming semesters and years.

Second, this study confirmed that social influence is an important construct in building
student behavioral intention toward online learning systems in higher education. This
finding is similar to Nadlifatin et al.’s [16] study that subjective norms have a positive
relationship to the behavior intention to use blended learning system. This result can be
interpreted as showing that students are highly impacted by recommendations of family
and friends. Therefore, subjective norms have a significant impact on student behavioral
intention to use e-learning systems in situations in which new forms of learning through
online systems such as distance learning and virtual classrooms are necessarily required.

Finally, the significant moderating role of innovativeness was identified in the link
between subjective norms and behavioral intention (see Figure 2). This result can be
explained as showing that the higher the subjective norms are for the lower innovativeness
group compared to the high innovativeness group, the higher the behavioral intention
will be to accept the online learning system. Thus, university and faculty first classify
students according to their innovativeness [20] and should operate an integrated online
learning system so that students with low innovativeness can be influenced by students
with high innovativeness. Additionally, it is commonly accepted that user segmentation is
a useful management strategy to enhance effectiveness [68]. For instance, in the ongoing
COVID-19 pandemic, it is necessary to apply more focused norms or systems for the low
user innovativeness group to increase positive behavioral intention for student acceptance
of online learning systems. Meanwhile, for highly innovative students to better accept and
utilize online learning systems in the college of hospitality and tourism, it is necessary to
develop diverse and systematic online practical curriculums.

5.3. Limitations and Future Study

The findings of this study present not only a baseline for clearer understanding of
the psychological dynamics of online learning system users, but also provide insight for
future studies that can address certain limitations in this research. First, this research was
conducted with university students in Busan, the second largest city in Korea. Respondents
may vary by region, so further studies of cultural orientations (e.g., individualistic or group
cultures) across different regions as well as regions are needed to better understand and
generalize the results presented in this study. Second, this study focused on the higher
education environment, so it is somewhat difficult to apply the results of this research to
other industries. Third, this study focuses on practical skills-oriented departments such
as colleges of hospitality and tourism, so there is a limitation that this study cannot be
applied to theory-oriented departments. Fourth, this study failed to assess the roles of
prior experience and year of students in the development of student intentions. These
factors may influence perceived ease of use and perceived usefulness towards online
learning system, and thus future studies are recommended to take them into consideration
in order to provide the more detailed implications. Finally, this study was conducted
only with student respondents. To generalize the acceptance of online learning systems,
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a comparative study to determine differences between the two groups of students and
faculty is needed.
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