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Abstract

Purpose: This research paper aims to examine the factors impacting vocational collages’ students’ behavioral intention and use
behavior of the online learning system in Jiangxi, China. The conceptual framework proposed a causal relationship among
perceived usefulness, perceived ease of use, attitude, perceived behavioral control, social influence, behavioral intentions, and use
behavior. Research design, data, and methodology: The researcher used the quantitative method (n=500) to distribute
questionnaires to students. The nonprobability sampling includes judgmental, quota sampling, and convenience sampling in
collecting data and distributing surveys by the online survey platform. The Structural Equation Model (SEM) and Confirmatory
Factor Analysis (CFA) were used for the data analysis, including model fit, reliability, and validity of the constructs. Results: The
results explicated that perceived usefulness, perceived ease of use, attitude, and perceived behavioral control have a significant
impact on behavioral intentions. In addition, behavioral intentions significantly impact use behavior. Nevertheless, social
influence has no significant impact on behavioral intentions. Conclusions: Six hypotheses were proven to fulfill research
objectives. Hence, it is recommended that teaching management departments and educational technology centers provide
assessments to measure the level of influence and teaching development plans to enhance the overall level of teaching information

in the school.
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1. Introduction

In recent years, new online teaching models, represented
by open courseware, flipped classrooms, MOOQOCs, and
small-scale restricted online courses (SPOC), have sprung up,
continuing to promote universities in various countries to
accelerate the development of online teaching. The
introduction of mobile networks and smart devices in the
early 21st century triggered significant social changes
(Alexandersson & Limberg, 2012). Incorporating education
technology into traditional industry domains has led to the
redefinition and transformation of stakeholders (Gerhardt &
Mackenzie, 2018). The emergence of the internet has given
rise to a new training and learning model. Although
computers have been used as auxiliary equipment for
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teaching since the 1960s, their linearity made them inflexible.
However, the popularity of the Internet and fax machines
grew in the late 1990s (Stark & Lattuca, 1997), and desktop
computers became widely available in the early 1990s.
Governments have adopted online learning systems to
incorporate modern technology into education and provide
educational materials to students (Tenorio et al., 2017). This
approach has not only enabled students to access educational
materials but has also led to enhanced instruction quality.
Governments have implemented online learning platforms
such as Zoom, Tencent Meeting, and Canvas to facilitate
access to educational materials and enable students to
collaborate with teachers. These platforms have created
virtual classrooms where teachers can post assignments,
provide feedback, and monitor student progress.
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Additionally, these platforms have been used to create
online communities, enabling students to interact with each
other and share resources. This reflects the need for more in-
depth research on large-scale online teaching operation laws
and effectiveness mechanisms in the academic community.
In Chinese vocational colleges, what is the overall
effectiveness of online teaching? What are the underlying
motivations behind it? What is the impact mechanism of
online teaching? All of these questions require urgent,
practical answers. As part of this study, online teaching
research data was collected from 5 vocational colleges and
45266 associate degree students nationwide, the mechanism
model was constructed for online teaching effectiveness, the
effectiveness of online teaching at colleges was analyzed,
and recommendations for improving effectiveness were
provided.

Due to the appearance of mobile networks and smart
devices, the early 21st century saw dramatic social changes
(Alexandersson & Limberg, 2012). Especially with the
introduction of information technology (IT), stakeholders in
the original industry domain are redefined and transformed
(Gerhardt & Mackenzie, 2018). A new model for training
and learning has been established since the internet was
introduced. According to Van Manen (1997), computers
were used in teaching as auxiliary equipment as early as the
1960s but were not flexible due to linearity. The Internet and
fax machines gained popularity as the 1990s ended (Stark &
Lattuca, 1997), and desktop computers were readily
available in the early 1990s.

The teacher is regarded as the primary source and
transmitter of knowledge in traditional classrooms, while
students are expected to absorb knowledge as if they were
sponges. Students' learning experience is neglected as
"focusing on teachers' needs" and "transferring knowledge,
skills, and experience™ are ignored; most courses that make
students feel dissatisfied have the characteristics of passive
learning and no perceptual correlation. Learning is an active
process. Students should use the resources around them to
improve their knowledge and behavior and turn passive
learning into active learning. This requires the teaching
method to change from teacher-centered to student-centered.

Despite its open nature, MOOCs are publicly accessible
and have ubiquitous Internet connections, enabling
participants to interact, share, and reflect. Given its potential
to facilitate continuing education and expand access to
higher education, the researchers hope it will provide
innovative opportunities for all learners, regardless of entry
qualifications and educational experience (Littlejohn et al.,
2015). In recent years, MOOC-related publications have
rapidly increased, including diverse perspectives and
achievements worldwide (Liyanagunawardena et al., 2013).

In order to improve modern technology implementation
in education, Online learning system has been used by
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governments to provide educational materials to students.
(Tenorio et al., 2017). This approach has successfully
provided students with access to educational materials, but it
has also been used to improve the quality of instruction.
Governments have implemented online learning platforms
such as Zoom, Tencent Meeting, and Canvas to provide
students with educational materials and facilitate
collaboration between teachers and students. These
platforms have created virtual classrooms where teachers can
post assignments, provide feedback, and monitor student
progress. Additionally, these platforms have been used to
create online communities where students can interact with
each other and share resources.

In contrast, in developing areas (including Laos,
Thailand, Taiwan, and Malaysia), online learning system has
only recently been embraced (Ho, 2012). It is still in its
infancy in Vietnam to implement IT in education. In early
2020, the Covid-19 epidemic catalyzed a strong and drastic
transition from face-to-face to online learning. The initial
efforts to implement online learning in higher education were
concentrated in a few large colleges that purchased online
learning systems (OLS) or upgraded existing online learning
systems.

According to statistics from CITIC Intelligence Research,
2020, the scale of China's online education market has
reached 257.3 billion yuan, and the compound annual growth
rate is 34.5% from 2016 to 2020. This growth is largely
attributed to the accelerated development of online K12
subject tutoring and early childhood education tracks.
Despite the epidemic in full swing, early childhood and all-
round education continue to grow vertically. In vocational
education, online growth has been accelerating, resulting in
a supply-and-demand situation. With the rapid growth of
online education users, there is a large market potential and
great prospects for growth in the online education industry.
Relevant reports show that in 2014, the online education
market size in China was 126.4 billion yuan, reaching 559.6
billion yuan by 2021. Under the further promotion of the
education informatization strategy, the domestic online
education market will continue to grow, and its development
prospects are relatively optimistic. At the same time, the
large market is drawing in many traditional educational
institutions and web-based companies to speed up the
implementation of online education services.

With the progress of society and the optimization of the
personnel training system, more attention is paid to higher
vocational education. As a crucial part of the Chinese higher
education system, the practicability of personnel training has
also become the focus of attention. The economic
construction of our country's backup talent cultivation also
plays an increasingly critical role and has gained the
attention of society and the masses. Therefore, following the
overall planning of China's education Informa ionization
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reform, the rapid development of higher vocational colleges
urgently needs to solve how to promote the collaborative
construction of online learning resources. In order to achieve
this goal, it is crucial to incorporate the use of online teaching
platforms into classroom teaching.

2. Literature Review
2.1 Perceived Ease of Use

Perceived ease of use refers to how easily an innovation
is perceived in terms of learning, using, or understanding it,
as defined by Rogers (1962) and Davis (1989). It can also
refer to an individual's perception of how quickly they can
comprehend the technology, according to Zeithaml et al.
(2002). In numerous studies, perceived ease of use has been
used to mediate the impact of other variables on behavioral
intentions (Lu, 2014).

The perception of ease of use is a critical construct in
the technology acceptance model, including TAM and C-
TAM-TPB (Kim & Kwahk, 2007), as it is an essential aspect
of the post-adoption experience of m-commerce usage.
Generally, perceived ease of use is less crucial than perceived
usefulness in contributing to continuity intentions. It has
consistently been shown to influence post-adoption use
directly (Taylor & Strutton, 2010) or jointly affect perceived
usefulness (Liu & Forsythe, 2010; Zhou, 2011).

Behrend et al. (2011) demonstrated that the perception of
ease of use is related to the intention to use mobile learning.
In terms of perceived ease of use, student users perceive their
ability to start, learn, run, and share online learning
applications at any time and from any location, as well as
access, synchronize, and share their resources and
documents from anywhere and anytime. As a result, they are
more likely to use that mobile learning provider. For a
vocational learning environment to be perceived as useful, it
must be perceived as easy to use (Shiau & Chau, 2016).

According to Arpaci (2016), the perceived ease of use of
mobile learning positively impacts users' perception of its
usefulness. Online learning systems benefit users due to their
simplicity of operation, efficiency of synchronous sharing
function, and ease of use in completing knowledge
construction. It has also been discovered that perceived ease
of use positively and significantly impacts vocational
students' perception of online learning’s usefulness and their
intention to use it (Wang et al., 2016). Thus, a hypothesis is
proposed:

H1: Perceived ease of use has a significant impact on
behavioral intentions.
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2.2 Perceived Usefulness

Perceived usefulness is defined by Davis (1989) as the
degree to which an individual believes that using an
innovation will enhance their study performance, based on
the word useful, meaning the ability to be used
advantageously. Mathwick et al. (2001) defined perceived
usefulness similarly to Davis (1989), measuring how a
system can improve an individual's role performance.
Perceived usefulness has been found to have a highly
significant relationship with the adoption of e-learning and
m-learning. Technology acceptance research is critical,
especially for e-learning and m-learning. Anckar et al. (2002)
discovered that perceived usefulness greatly influences e-
learning in Finland, consistent with Nysveen et al. (2005)
research on e-learning in Norway, which found perceived
usefulness to be significant.

In the studies of Crabbe et al. (2009), Khalifa and Shen
(2008), and Wu and Wang (2006), perceived usefulness was
also found to have a significant impact on e-learning use.
Perceived usefulness has also been applied to mobile
learning in numerous studies. Akturan and Tezcan (2012)
examined the adoption of mobile learning by young Turks in
2012, and e-learning adoption showed the same trend, with
perceived usefulness significantly influencing m-learning
adoption. In previous studies, technology acceptance is
heavily influenced by numerous significant factors. Despite
the findings of Mallat et al. (2009) and Amin et al. (2008),
they found no significant association between perceived
usefulness and innovation adoption in Malaysia.

The user's attitude towards technology, prior experiences
with it, and perception of its complexity can all impact their
perception of its usefulness. Venkatesh et al. (2003) found
that users with more experience with the technology had
higher levels of perceived usefulness. The literature suggests
that perceived usefulness is crucial in user acceptance of
technology. Many factors affect user acceptance, satisfaction,
and intention to use technology, which is strongly related
(Pipitwanichakarn & Wongtada, 2020). Therefore,
technology designers and developers need to consider
increasing users' perceived usefulness of their products.
Additionally, the belief that online learning can enhance a
student's academic performance is one of the elements that
can influence their likelihood of using it. Thus, a hypothesis
is proposed:

H2: Perceived usefulness has a significant impact on
behavioral intentions.

2.3 Perceived Behavioral Control
Ajzen (2002) explains that perceived behavioral control

refers to an individual's perception of the ease or difficulty of
implementing a particular behavior rather than the actual
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level of control over it. This concept involves evaluating and
weighing the possible barriers, restraints, or struggles that
may arise while performing the behavior about an
individual's skills, abilities, opportunities, and resources
(Ajzen, 1991). This study defines perceived behavioral
control as the perception of ease or difficulty in performing
online learning behaviors.

Perceived behavioral control directly influences
behavioral intention across various contexts, including
various education resources (Bolduc & Kinnally, 2018). It is
hypothesized that online learning users who believe they
possess the necessary skills, resources, and opportunities to
participate in online learning behaviors are more likely to
have a strong intention to participate in these activities as
they perceive themselves to have control over the behavior.

Ajzen (1991) propose that perception plays a significant
role in determining the level of difficulty or ease in
performing a particular behavior, while perceived behavioral
control refers to an individual's perception of the ease with
which they can perform a behavior based on their perception
of the ease with which it can be performed. According to
Bidin and Jomaa (2019), Ajzen (1988) has identified
perceived behavioral control as one factor that influences
behavior, in addition to an individual's authority. Samuel et
al. (2017) further suggest that perceived behavioral control
refers to an individual's ability to control the factors that may
influence their actions, which is also influenced by past
experiences, anticipated obstacles, and sequences of events
(Linnenbrink, 2007).

A study by John (2013) found that the trustworthiness of
interactions between users strongly influences perceived
behavioral control of online learning systems. An individual
must have a positive attitude towards the users they serve, be
willing to trust them and be capable of controlling their
behavior. Therefore, Ajzen (2012) suggest that perceptions
of behavioral control significantly impact online learning
systems in the learning sector. Armitage and Conner (2001)
have researched the moderating effect of behavioral control
on intentions and actions. Thus, a hypothesis is proposed:
H3: Perceived behavioral control has a significant impact on
behavioral intentions.

2.4 Attitude

According to Fishbein and Ajzen (1975), attitude refers
to an individual's overall perception of a stimulus object as
favorable or unfavorable. It can also refer to an individual's
opinion about something, which reflects their level of
support for it (Huang, 2016). Davis (1989) stated, an
individual's attitude towards a new product or service is their
overall emotional response to it. The theory of reasoned
action (TRA) suggests that behavior and intention are
primarily influenced by social influence and attitudes
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(Fishbein & Ajzen, 1975; Park et al., 2014). Shiau and Chau
(2016) further explain that online learning users' attitudes
towards e-learning systems are based on their satisfaction
level with a particular service.

Students' retention and positive attitudes toward online
education have been challenged by the rapid development of
blended learning in higher education (Liu et al., 2018).
Students' intentions to study online were significantly
influenced by their perception of usefulness, enjoyment, and
satisfaction, which indicated a positive attitude (Guo et al.,
2016). In order to employ learning strategies effectively
(Maio et al., 2019), a strong attitude can guide behavior and
create a positive attitude toward learning. As a result of
relearning's positive impact on students' motivation and self-
esteem (Nassoura, 2012), students have a positive attitude
toward it. Agyei and \Woogt (2011) has found that
accessibility of technology affects the attitudes and
competencies of both students and instructors and is
positively related to technology use. The attitude of females
and males toward MOOC and e-learning was similar (Rhema
& Miliszewska, 2014). Based on the student's preferences for
the online examination system, the students' attitude toward
the online education system has been measured. Students’
attitude toward examination is assumed to be positive when
they have a positive attitude toward it. Thus, a hypothesis is
proposed:

H4: Attitude has a significant impact on behavioral
intentions.

2.5 Social influence

Social influence refers to how people perceive important
others to believe they should use the new system (Venkatesh
et al., 2003). An information system's intention to be used is
influenced by how others perceive it (Zhou, 2011). When
people get recommendations from people they care about,
they are more likely to use that technology. As a result of
receiving opinions from relatives, family, and colleagues,
people are influenced to use technology to a certain extent
(Riquelme & Rios, 2010). One's level of awareness of how
others feel about using a new information system. It consists
of social factors, images, and subjective norms, according to
Venkatesh et al. (2003). The UTAUT model captures social
influence as a combination of social factors and subjective
norms. Numerous studies have demonstrated that social
influence influences people's intentions to use technological
innovations such as e-learning (Ali et al., 2018; Tarhini et al.,
2017). This study assumes that lecturer, instructor, and
colleague beliefs affect individuals' intention to use e-
learning systems more in a mandatory environment than in a
voluntary setup (Venkatesh & Davis, 2000).

In contrast, Oliveira et al. (2016) discovered that
facilitating conditions did not significantly impact
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behavioral intention, which aligns with Lu (2014) finding
that social influence strongly influences behavioral intention.
Tarhini et al. (2017) study revealed that social influence
continues to affect online learning users through their
perceived usefulness. Thus, a hypothesis is proposed:

H5: Social influence has a significant impact on behavioral
intentions.

2.6 Behavioral intentions

Fishbein and Ajzen (1975) define behavioral intention as
the subjective possibility of acting. According to Ajzen
(1988), behavioral intention includes attitude towards
behavior and subjective norms that impact behavior intention,
which can predict and direct actual behavior. Therefore,
behavioral intention can be used to predict and guide actual
behavior. Agarwal and Prasad (1999) found that behavioral
intention can be used as a substitute for mobile
communication technology conduct in China, with age,
gender, experience, and voluntariness acting as moderators
that affect the relationship. Venkatesh and Morris (2000)
reported that age and gender moderated the impact of effort
expectancy, performance expectancy, and social influences
on behavioral intention, whereas facilitating conditions
moderated usage behavior. Venkatesh et al. (2003) explained
that experience moderated the impact of effort expectancy on
behavioral intention and that facilitating conditions
moderated the impact of effort expectancy on behavioral
intention.

Moreover, the voluntariness of use moderated the effects
of social influence on behavioral intention. Davis (1989) and
Venkatesh et al. (2003) considered behavioral intention a
crucial component of the TAM model. Despite the extensive
e-learning studies over the years, most studies have focused
on behavioral intentions rather than actual use (Commer et
al., 2018). Mohammadi (2015) found that behavioral
intention was significantly influenced by examining various
mobile learning contexts and user experiences using TAM,
UTAUT, and IS models. Thakur and Srivastava (2014) also
examined the intention of Indian customers to use mobile
commerce. They reported that PU, PEOU, and social
influence influenced customer behavior in e-learning and
could affect behavioral intentions. Thus, behavioral intention
can facilitate the adoption of new technologies. Thus, a
hypothesis is proposed:

H6: Behavioral intentions have a significant impact on use
behavior.
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3. Research Methods and Materials

3.1 Research Framework

In the conceptual or designed framework, the researchers
chose a particular research to conduct the research (Clark &
Ivankova, 2016). Using a conceptual framework, you can
illustrate how different factors or variables affect your
researchl. It consists of existing studies related to your topic
and can be written or visual. It helps you organize your ideas
and connect them clearly (Mohammadi, 2015). Therefore,
this research used previous literature to summarize and
identify relevant variables and presented them in Figure 1.

H1

perceived ease of use

perceived usefulness H2

H3

perceived behavioural

control behavioral

H4

B Use behavior

intentions
Hé

Hs

Figure 1: Conceptual Framework

H1: Perceived ease of use has a significant impact on
behavioral intentions.

H2: Perceived usefulness has a significant impact on
behavioral intentions.

H3: Perceived behavioral control has a significant impact on
behavioral intentions.

H4: Attitude has a significant impact on behavioral intention.
H5: Social influence has a significant impact on behavioral
intentions.

H6: Behavioral intentions have a significant impact on use
behavior.

3.2 Research Methodology

During this study, the researcher collected and analyzed
numerical data by posing questions to participants. The study
included students from the top five vocational colleges in
Jiangxi, China, and middle and top colleges. The
questionnaire was administered both online and on paper. It
consisted of three parts designed to gather and analyze data to
identify the key factors influencing students' behavioral
intentions. In the first step, the screening questions were used
to identify respondents' characteristics to analyze all six
hypotheses. A five-point Likert scale was also used to
measure seven proposed variables, ranging from strong
disagreement to strong agreement. Finally, Demographic
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questions, such as gender, age, and educational background,
were also included. In the pilot testing stage, expert ratings of
the index of item-objective congruence (I0C) and a pilot test
were conducted with a broad range of respondents.

Cronbach's Alpha method was employed to evaluate both
validity and reliability. The reliability of the questionnaire
was gauged through a multi-stage process, beginning with an
assessment involving the Index of Item-Objective
Congruence (IOC) and a pilot test. The IOC assessment
enlisted three experts to rate each item, all of which achieved
scores of 0.6 or higher. Subsequently, a pilot test was
administered to 50 participants, utilizing the Cronbach alpha
coefficient to measure reliability. The findings indicated a
robust internal consistency among all questionnaire items,
with a reliability score of 0.7 or higher (Sarmento & Costa,
2016).

After the reliability test, the questionnaire was distributed
to target respondents, which resulted in 500 accepted
responses. The researcher analyzed the collected data through
SPSS AMOS 27.0. Then, Confirmatory Factor Analysis
(CFA) was used to test the convergence accuracy and
validation. The model fit measurement was calculated with
the overall test with given data to ensure the validity and
reliability of the model. Lastly, the researcher applied the
Structural Equation Model (SEM) to examine the effect of
variables.

3.3 Population and Sample Size

As the population of this study, five vocational colleges
in Jiangxi will be selected to represent this study. This study
will investigate the relationship between each variable.
Multistage sampling, including judgment or purposeful
sampling, will be used to select the sample size. The sample
size for Structural Equation Models suggested that at least
500 respondents (Kline, 2011) should participate in the study.
The survey was given to 500 respondents. After the data
screening process, 500 responses were used in this study.

3.4 Sampling Technique

The selection of five vocational colleges for the study
employed nonprobability sampling techniques, which
encompassed judgmental sampling. The sample size was
determined using quota sampling, ensuring proportional
representation. Data collection and survey distribution were
facilitated through convenience sampling, utilizing the
WenJuanXing platform. The distribution of required student
numbers from each college, based on both the sample size and
student proportion, is detailed in Table 1.
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Table 1: Sample Units and Sample Size

Population Proportional
Colere e Size Sample Size
Jiangxi Tourism and Commerce
Vocational College 11563 128
Jiangxi VVocational and Technical
College of Communications i R4
Jiangxi Modern Polytechnic College 10720 118
Jiangxi VVocational Technical
College of Industry & Trade 8542 94
Jiangxi Institute of Economic Ad
ministrators 5891 66
Total 45266 500

Source: Constructed by author

4. Results and Discussion
4.1 Demographic Information

The profile of the demographic targets 500 participants
and is concluded in Table 2. Male respondents represent 44.4%
and female respondents account for 55.6% For the year of
study, 122 sophomore students account for 26.5%, 330 junior
students account for 66.1%, and 38 senior students account
for 7.4%

Table 2: Demographic Profile

Demographl((':\l insc(l) OG)eneral Data Frequency | Percentage
Gender Male 222 44.4%
Female 278 55.6%
Year of Sophomore 122 24.4%
Study Junior 330 66%
Senior 48 9.6%

Source: Constructed by author

4.2 Confirmatory Factor Analysis (CFA)

Allen (2009) explain that measurement models and
confirmatory factor analyses (CFA) identify variations and
covariations among indicators. Brown (2006) further explains
that CFA is a type of structural equation modeling that
analyzes the relationship between observed and latent
variables using a measurement model. According to
Alkhadim et al. (2018), it is important to perform CFA for all
latent variables in the structural model of the research. Perry
et al. (2013) state that the objective of CFA is to determine the
model's acceptability.

The findings revealed that all constructs exhibited robust
internal consistency, with a reliability score equal to or
exceeding 0.7 (Sarmento & Costa, 2016). This consistency is
further underscored in Table 3, where Cronbach's Alpha
values surpassed 0.7, signifying strong internal coherence.
Additionally, composite reliability (CR) values surpassed
0.70, confirming the reliability of the measurements. The
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average extracted variance (AVE) values also exceeded 0.50,
indicating substantial convergent validity. Moreover, all
factor loading values surpassed 0.50, providing additional
support for the validity of the factors. The significance of each
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item'’s factor loading, alongside acceptable values, affirms the
convergent validity. Consequently, all estimates hold
statistical significance

Table 3: Confirmatory Factor Analysis Result, Composite Reliability (CR) and Average Variance Extracted (AVE)

. Source of Questionnaire No. of Cronbach's Factors
Vet (Measurement Indicator) Item Alpha Loading ex a5
Perceived ease of use (PEOU) Madhurima and Ewuuk (2014) 4 0.828 0.686-0.83 0.845 0.578
Perceived usefulness (PU) Buabeng-Andoh (2018) 4 0.879 0.767-0.81 0.866 0.617
Perceived behavioral control (PBC) Moorthy et al. (2017) 4 0.865 0.752-0.82 0.864 0.614
Attitude (AT) Oertzen and Schréder (2019) 4 0.821 0.647-0.869 | 0.827 0.548
Social influence (SI) Thakur and Srivastava (2014) 5 0.886 0.712-0.828 | 0.877 0.589
Behavioral intentions (BI) Moorthy et al. (2017) 4 0.803 0.573-0.794 | 0.824 0.544
Use Behavior (UB) Kim and Kwahk (2007) 4 0.841 0.721-0.809 | 0.849 0.585

In Table 4, it can be observed that the square root of the
average variance extracted (AVE) demonstrates that all
correlations are higher than the respective correlation values
for each variable. Moreover, indicators such as GFI, AGFI,
NFIl, CFl, TLI, and RMSEA are utilized for model fit
evaluation in the CFA testing.

Table 4: Goodness of Fit for Measurement Model

Fit Index Acceptable Criteria Statistical Values
CMIN/DF | <5.00 (Al-Mamary &
Shamsuddin, 2015; Awang, 3.746
2012)
GFlI > 0.85 (Sica & Ghisi, 2007) 0.859
AGFI > 0.80 (Sica & Ghisi, 2007) 0.828
NFI >0.80 (Wu & Wang, 2006) 0.834
CFl > 0.80 (Bentler, 1990) 0.872
TLI > 0.80 (Sharma et al., 2005) 0.854
RMSEA < 0.08 (Pedroso et al., 2016) 0.074
Model In harmony with
Summary empirical data

Remark: CMIN/DF = The ratio of the chi-square value to degree of
freedom, GFI = goodness-of-fit index, AGFI = adjusted goodness-of-fit
index, NFI = normalized fit index, CFI = comparative fit index, TLI =

4.3 Structural Equation Model (SEM)

Structural Equation Modeling (SEM) is used to validate
causal relationships among variables in a proposed model
and to consider measurement inaccuracies in structure
coefficients, according to Hair et al. (2010). Structural
Equation Model (SEM) goodness of fit indices are presented
in Table 6. below. The model fit measurement should not be
over 3 for the Chi-square/degrees-of-freedom (CMIN/DF)
ratio, and GFI and CFI should be higher than 0.8, as
recommended by Bentler (1990). The calculation in SEM
and adjusting the model by using SPSS AMOS version 27,
the results of the fit index were presented as a good fit, which
are CMIN/DF = 3.410, GFI = 0.854, AGFI = 0.827, NFI =
0.843, CFI = 0.883, TLI = 0.871, and RMSEA = 0.069.,
according to the acceptable values are mentioned in Table 6.

Table 6: Goodness of Fit for Structural Model

Tucker Lewis index and RMSEA = root mean square error of approximation Statistical
Index Acceptable values
As shown in Table 5, this study's convergent validity and CMIN/DF 2051-20A(A"Ma’2“0a1f%’)& Shamsuddin, 3.410
L . ; Awang,
dlscrlmln_ar_]t valldlt_y are greater tr_]a_n acceptabl_e values, so GFl = 0.85 (Sica & Ghisi. 2007) 0871
these validity and discriminant validity are confirmed. AGFI > 0.80 (Sica & Ghisi, 2007) 0827
NFI > 0.80 (Wu & Wang, 2006) 0.883
Table 5: Discriminant Validity CFI > (.80 (Bentler, 1990) 0.843
PEOU PU | PBC AT Sl BI uB TLI >0.80 (Sharma et al., 2005) 0.854
PEOU 0.760 RMSEA < 0.08 (Pedroso et al., 2016) 0.069
Model In harmony
PU 0.259 | 0.785 Sumomgry with empirical
PBC 0.300 | 0.277 | 0.784 e - —— | da;a /
Remark: CMIN/DF = The ratio of the chi-square value to degree o
AT 0181 | 0256 | 0.201 | 0.740 freedom, GFI = goodness-of-fit index, AGFI = adjusted goodness-of-fit
Sl 0.240 0.241 | 0.227 | 0.151 | 0.767 index, , NFI = normalized fit index, CFl = comparative fit index, TLI =
BI 0412 | 0478 | 0374 | 0448 | 0.439 | 0.765 Tucker Lewis index and RMSEA = root mean square error of approximation
uB 0.443 | 0.468 | 0.433 | 0.369 | 0.243 | 0.540 | 0.738

Note: The diagonally listed value is the AVE square roots of the variables
Source: Created by the author.
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4.4 Research Hypothesis Testing Result

A regression coefficient or standardized path coefficient
can be used to measure the correlation between independent
and dependent variables. Among the six hypotheses
proposed in Table 7, five were supported. Behavioral
intention (BI) strongly influenced Use Behavior (UB). The
influence of Behavioral intention (BI) was significantly
influenced by Perceived ease of use (PEOU), Perceived
behavioral control (PBC), and Perceived usefulness (PU),
respectively.

Table 7: Hypothesis Results of the Structural Equation Modeling

Hypothesis (1)) t-Value Result
H1: PEOU —BI 0.320 6.530*** Supported
H2: PU—BI 0.368 7.462%** Supported
H3: PBC—BI 0.283 5.910*** Supported
H4: AT—BI 0.260 5.271%** Supported
H5: SI-BI 0.086 1.891 Not Supported
H6: BI-UB 0.569 9.555*** Supported

Note: *** p<0.001, ** p<0.01, * p<0.05
Source: Created by the author

The result from Table 7 can be refined that:

H1 has proven that Perceived ease of use (PEOU) is one
of the key drivers of Behavioral intention (Bl), revealing the
standard coefficient value of 0.320 in the structural pathway.
Fan et al. (2021) confirmed that Perceived ease of use
(PEOU) can enhance users’ Behavioral intention (BI).
However, the appropriate level of Perceived ease of use
(PEOU) must be deployed to drive students to learn easily
and efficiently at the college. In terms of H2, the analysis
outcome supported the hypothesis of the significant
influence of Perceived usefulness (PU) on students'
Behavioral intention, representing the standard coefficient
value of 0.368 Per the study of Fan et al. (2021), the
discussion implied that Perceived usefulness (PU) among
individuals can drive students' behavior to generate
knowledge and ideas during learning time. H3 has postulated
the significant impact of Perceived behavioral control (PBC)
on Behavioral intention (Bl), resulting in the standard
coefficient value of 0.283.

Additionally, perceived behavioral control is regarded as
a crucial factor in predicting and understanding behavior, as
it is believed to influence an individual's motivation to act,
which means it encourages students to perform to the best of
their ability. The result supported the previous literature that
Perceived behavioral control (PBC) showed the highest
significant impact on Behavioral intention (BI) in this study.
Another significant factor impacting Behavioral intention
(BI) is attitude (AT), with a standardized path coefficient of
0.260 and a t-value of 5.271 (H4). Attitude can influence the
degree of online learning system usefulness perceived by
students Al-Omairi and Al Balushi (2015), Lin (2007), and
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Perkowitz and Etzioni (1999). The strongest impact on
Behavioral intention (BI) is social influence (SI). The path
relationship of social influence (SI) and Behavioral intention
(BI) has a standardized path coefficient of 0.086 in H5. This
supports the previous studies of Fan et al. (2021). Social
influence (SI) in conformity, compliance, or obedience is
another vital attribute of the online learning system'’s
usefulness.

Finally, Behavioral intention (BI) on Use Behavior (UB)
demonstrated a value of 0.569 on the standard coefficient,
reinforcing the significant impact of H6. To support this
statement, the Behavioral intention (BI) support significantly
influences the Use Behavior (UB) at study as the student is
comfortable and useful for information collection in the
efficient rhythm to complete the task. (Prieto & Pérez-
Santana, 2014).

5. Conclusion and Recommendation
5.1 Conclusion and Discussion

This study's objective was to comprehensively analyze
the factors influencing vocational Associate students'
behavioral intention and use behavior towards Online
Learning Systems in Jiangxi, China. The researcher
proposed six hypotheses to correspond with the research
questions, which aimed to examine whether Perceived ease
of use (PEOU), Perceived usefulness (PU), Perceived
behavioral control (PBC), Attitude (AT), and social influence
(SI) have a direct or indirect impact on behavioral intention
to use online learning system. The study targeted students
from five vocational higher education colleges in Jiangxi,
China, who had experience studying with online learning
systems. The sampling procedures involved multi-stage
sampling, including judgmental sampling to select the
colleges in Jiangxi, stratified random sampling to allocate the
sample size proportionately to each college, and convenience
sampling for questionnaire distribution. The data was
collected quantitatively through a questionnaire containing
screening questions, measurement of all variables using a
five-point Likert scale, and demographic questions of
respondents. The reliability and consistency of each
measurement item were ensured by conducting an Item-
Objective Congruence (IOC) and pilot test. Confirmatory
Factor Analysis (CFA) was used to measure and test the
validity and reliability of the research conceptual model. The
composite reliability, Cronbach's alpha reliability, factor
loading, average variance extracted analysis, and
discriminant validity measured the results. Structural
Equation Modelling (SEM) was employed to analyze and
discuss the factors influencing vocational students'
behavioral intention and use of online learning systems. The
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study concluded with a description of the findings.

Firstly, the study found that social influence (SI) was the
strongest predictor of behavioral intention among students
and that behavioral intention significantly influences Use
Behavior (UB). This relationship is consistent with previous
literature from Aaker and Maheswaran (1997). Therefore,
expanding the social aspect and advantages of the online
learning system is important to motivate behavioral intention
among students.

Secondly, the study found that Perceived usefulness (PU)
significantly impacts behavioral intention. This is because
users' evaluation of the utility of new IT, such as performance
based on a target, affects behavioral intention significantly.
Additionally, Perceived ease of use (PEOU) was also found
to be an important factor that impacts behavioral intention.

Lastly, the study confirmed that Behavioral intention
significantly influences Use Behavior (UB). This is
particularly true when there is a persistent establishment and
expression, a strong willingness and persistence to complete
academic work, a desire, love, and pride in learning, as well
as a complete focus, obsession, and deep immersion in
executing course tasks.

5.2 Recommendation

The study conducted by the researcher in five higher
Associate vocational colleges in Jiangxi, China, identified
key factors, including Perceived ease of use (PEOU),
Perceived usefulness (PU), Perceived behavioral control
(PBC), Attitude (AT), and social influence (SI), which
impact behavioral intention (BI) and Use Behavior (UB)
towards online learning systems. Trust was found
insignificant and, therefore, not a key factor. The study found
that social influence (SI) was the strongest predictor of
behavioral intention to use online learning systems,
indicating that it is important to emphasize the influence of
behavioral intention on the use behavior of the system. This
implies that students are likely to adopt online learning
systems if they perceive them as useful tools to enhance their
vocational performance. To ensure that the attributes of
PEOU, PU, PBC, and AT are available when using online
learning systems, developers of course systems, teachers,
and top management of higher Associate vocational colleges
should ensure that the features provided by online learning
systems are responsive, flexible, accurate, and relevant to
their studies. Quality technical assistance should also be
provided, and sufficient training should be conducted to
improve practitioners' practical ability, helping learners learn
online courses more effectively and improving their
willingness to accept online learning systems. Once the
quality features are ensured, the usefulness, operation
procedures, and other facilities supported by the system
should be promoted to students through training and media
communications to increase their awareness and recognition.
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5.3 Limitation and Further Study

The limitation of the study lies in the fact that, based on
the scale of education, population, and sample size,
specialized vocational bachelor’s degree students from five
vocational colleges in Jiangxi, China. Different analysis
results may appear when investigating the size, majors, level
of education informatization, or teaching level of different
colleges. Further research can be conducted on other
structures that may affect the behavior of modern educational
technology, such as perceived organizational support, team
learning, self-learning, knowledge trust, etc. In addition,
future research can expand educational technology and
impact school management performance, manifested as new
products, services, or processes created by new technological
behaviors, providing schools with a better digital technology
environment and more convenient management processes.
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