
REGULAR ARTICLE

Factors Influence Students’ Switching Behavior to Online
Learning under COVID-19 Pandemic: A Push–Pull–Mooring
Model Perspective

Chien-Liang Lin1 • Yuan Qing Jin1 • Qun Zhao1 • Sung-Wen Yu2 • Yu-Sheng Su3

Accepted: 2 April 2021 / Published online: 19 April 2021

� De La Salle University 2021

Abstract Many educational institutions have adopted

e-learning under COVID-19 pandemic to maintain school

teaching activities. Most teachers were encouraged to use

online instruction in early February 2020. Thus, whether

online learning changes students’ learning habits and

replaces traditional physical teaching methods, online

learning has become a keen topic. Based on the push–pull–

mooring model, we proposed a comprehensive research

model and explored the impact of online learning during

COVID-19 pandemic on students’ attitude and behavioral

intention. We found that push effects (perceived security

risk, learning convenience, and service quality), pull effects

(usefulness, ease of use, teacher’s teaching attitude, task-

technology fit), and mooring effects (switching cost, habit)

had significantly influence the switching intentions of users

from physical course to online learning platforms. The

findings of this study will bring more insights into

e-learning during an epidemic crisis.

Keywords COVID-19 � Push–Pull–Mooring Model �
Migration Behavior � Online Learning � PLS-SEM

Introduction

The new coronavirus has changed the mode of physical

learning since early 2020. According to UNESCO (2020),

as of June, schools in more than 180 countries had been

closed. Nations worldwide have also responded to the

devastation caused by disease and reassessed the services

of online learning to face the challenges in the educational

environment. The Ministry of Education of China also

required schools of all levels to respond to the changes

brought about by the pandemic and adjust the form of

classes (Cheng, 2020; Zhang et al., 2020). They started

such modes of teaching as ‘‘online new semester,’’ ‘‘Sus-

pending Classes without Stopping Learning,’’ and ‘‘Sus-

pending Classes Without Stopping Teaching.’’ All

universities are encouraged to use online teaching methods

such as live broadcast teaching, video teaching, massive

open online courses (MOOCs), and small private online

courses (SPOCs) (Cheng, 2020). Unlike the online teaching

methods that everyone is accustomed to in the past, the

reason for this online teaching comes from an urgent pol-

icy. Almost all courses and teaching plans must be con-

verted into online learning mode in a very short time. With

the impact of the pandemic, students were forced to devote

time and energy to familiarize themselves with the use of

online teaching platforms. Increased students’ intention to

switch to online learning and reduce learning shocks are

also key factors during the pandemic.
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Previous studies explaining students’ behavior on how

to use online learning mainly applied theories such as the

technology acceptance model (Ashrafi et al., 2020; Huang

& Teo, 2019; Eksail & Afari, 2019; Huang et al., 2020; Su

et al., 2019a, b, 2020, 2021a, b), expectation confirmation

theory (Dai et al., 2020), but most of them were used to

explain the use and continuance intention of online learn-

ing platforms. This study believes that the switching

intention is an important factor for students and teachers

because the teaching methods from the past have been

implemented for many years. If there is no strong factor to

change the teaching method, the effect of learning will not

be achieved. Chen and Keng (2019) investigated the

switching intentions of transitioning from physical live-

action English learning to online live-action English

learning platforms and suggested that online learning

should pay greater attention to the needs of learners to

enhance the value of students’ overall learning. Liao et al.

(2019) explored the switching intentions of the social

network-based learning platform and pointed out the

experience of online learning and the substitution of plat-

form functions are important factors affecting the switch-

ing behavior.

How to think about switching intention from switching

classrooms to online learning platforms? Additionally,

regarding the switching intentions of the users, previous

studies mainly used PPM to explain the switching behavior

(Hou & Shiau, 2020; Xu et al., 2014). Based on Bansal

et al. (2005) pointed out, the PPM model structures a list of

predictor variables into theoretically defined effect cate-

gories. Unlike other theories in the marketing or informa-

tion system fields, by including fixed factors such as

usefulness, confirmation, satisfaction, and continuance

intention in the expectation confirmation model, the PPM

framework does not mandate fixed variables for the push,

pull, or mooring effects. In this emergency suspension of

classes, many research conceptions did not follow the basic

situations or assumptions set by other theories. By using

the PPM, we only need to consider the uniqueness of the

research background and then determine the push, pull, and

mooring factors of different topics, which is more appro-

priate to explore the transfer of Chinese college students

from physical courses to online learning. Previous research

that used the PPM model to discuss related issues shows

that the main push and pull factors are dissatisfaction (Tang

& Chen, 2020; Xu et al., 2014; Chang et al., 2014; Zhang

et al., 2012; Su and Wu, 2020), and alternative attractive-

ness, respectively (Tang & Chen, 2020; Susanty et al.,

2020; Jung et al., 2017; Su and Chen, 2020). However,

switching intention is still affected by many factors (Hou &

Shiau, 2020).

In response to this online learning switching behavior,

this study uses security risks and learning convenience as

the main factors in the push effect, and task-technology fit,

ease of use, and usefulness as the main factors in the pull

effect. In terms of mooring factors, this research tries to

understand the influence of habits and learners’ switching

costs through statistical verification to illustrate the impact

of these three factors on learners’ intention of the switch.

To this end, this study also constructs an appropriate the-

oretical framework for previous literature. This study

regards Chinese college students as subjects of the survey

and tries to identify factors that mainly promote the tran-

sitioning of Chinese college students.

Literature Review

Suspending Classes without Stopping Learning

to China College Education

During the pandemic, the Chinese government proposed

‘‘Suspending Classes Without Stopping Learning’’ and

‘‘School’s Out, But Class’s On’’ to guide schools, students,

and teachers. The Ministry of Education issued the ‘‘Notice

on Several Issues concerning Targeted Teacher Work

during the Pandemic Prevention and Control’’, which

proposed ‘‘suspending classes without stopping teaching

and learning’’. It required education departments and

schools to carry out online teaching according to local

conditions. (Ministry of Education of the People’s

Republic of China, 2020). ‘‘Suspending Classes Without

Stopping Learning’’ or ‘‘School’s Out, But Class’s On’’

refers to a state that although schools postpone the start of

the 2020 spring semester, the education continues with the

help of information technology (Zhang et al, 2020). The

purpose of this policy is to ‘‘integrate national and local

school teaching resources, provide rich, diverse, select-

able, high-quality online resources for all students across

the country, and support teachers’ online teaching and

student’s online learning’’ (Ministry of Education of the

People’s Republic of China, 2020a), such as ‘‘open high-

quality online courses and virtual simulation experimental

teaching resources for free’’, ‘‘develop online teaching

organization and implementation plans’’, ‘‘develop online

teaching quality standards’’, and ‘‘provide technical service

support’’ to make educational resources accessible to the

general public (Cheng, 2020).

Push–Pull–Mooring Model

The migration of population theory was originally con-

ceived to understand the behavior of human migration

(Lee, 1966; Moon, 1995) by explaining why people move

from one place to another over time (Boyle and Halfacree

1998). The period of migration can be either short-term or
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long-term. Short-term migration, by definition, refers to

people who work and live outside their homes for decades,

then choose to return to their place of origin at the end of

their work. Long-term migration, on the other hand, means

that people leave their places of residence permanently and

do not return (Jackson, 1986). Bogue (1959) argued that

migration was the result of the interaction between push

effects in origin and pull effects of the new destination.

Push effects refer to the negative factors that encourage

people to leave the origin (e.g., economic opportunity,

natural disaster, etc.) (Stimson and Minnery, 1998). Pull

factors attract people to move in, such as excellent quality

education environment, political freedom, etc. (Stimson

and Minnery, 1998). Moon (1995) revised the Push–Pull

model to incorporate the mooring effect and proposed a

new push–pull–mooring model. The migrants’ decision to

move from one geographical region to another is affected

by factors of push, pull, and mooring effect. Mooring

factors are associated with the migration behavior, which

can either hinder or facilitate the decision behavior. Pre-

vious research that used PPM must consider the unique

characteristics of the research background to further iden-

tify factors of push, pull, and mooring in different envi-

ronmental contexts (Xu et al., 2014). PPM framework is a

helpful utility model, as it can be further tested empirically

according to broader online service switching contexts. For

example, Balakrishnan et al. (2017) employed PPM model

to explain switching from online learning to online Social

media learning, finding that push (i.e., e-learning percep-

tion), pull (i.e., convenience, social influence, academic

reasons, ease of use, and social networking) and mooring

(i.e., barriers) factors have varying degrees of effects on

switching intention. Liao et al. (2019) applied PPM to

explain online learning switching between different social

network-based learning, finding that push (i.e., social

interaction and service quality), pull (i.e., the attractiveness

of new services and social effect), and mooring (i.e.,

(switching costs and prior switching experience) factors

have varying degrees of effects on switching intention.

Chen and Keng (2019) investigated the switching intention

that shifts from traditional physical English learning to

online learning platforms. It is suggested that online

learning should pay more attention to the needs of learners

to enhance the value of overall learning. To better under-

stand the Chinese college students switching intentions

between online learning under COVID-19 Pandemic, PPM

model provides a useful conceptual architecture and helps

identify influencing factors of push, pull, and mooring

effect.

Push Effect

In PPM framework, the push factor includes negative

influences that drive users to leave existing services (Moon,

1995). Regarding the push factor, the information system

switching effect usually includes negative views of the

service provider, such as service failures, employee prob-

lems, or pricing strategies. All these views led to low levels

of satisfaction (Jung et al., 2017). Previous literature dis-

cussed push effects involved different concepts (Li & Ku,

2018; Susanty et al., 2020; Tang & Chen, 2020). However,

this study considers the environmental particularity of

Chinese college students’ switching intentions to adopt

online learning in the context of COVID-19 pandemic.

Therefore, the dimensions of push effect variables in this

study include learning convenience, service quality, and

security risk to analyze the influence of push effect on the

switching intention.

Learning Convenience

Convenience is defined as the time and effort consumers

perceive when using or purchasing services (Berry et al.,

2002). Compared with the shopping behavior in traditional

physical stores, online shopping provides consumers with

greater convenience and saves more time and search costs

(Lai et al., 2012). In the Internet age, convenience means

learning online through various devices in unlimited space

and time to save more time and cost (Carter & Campbell,

2012; Mangin et al., 2013; Hsu et al., 2018). Findings of

previous studies show that convenience has an impact on

the level of satisfaction and behavioral intention of physi-

cal store shopping and online shopping (Michaelidou and

Christodoulides, 2011; Aagja et al., 2011; Wu et al., 2011).

Chen and Keng (2019) suggested that learners perceive

inconvenience from attending physical classes, which

negatively affects the overall convenience, and thus

learners switch to the Internet to improve their learning

effect. Hence, this study defines the learning convenience

of choosing online learning platforms due to the inconve-

nience of attending classes in physical classrooms. There-

fore, this study holds that learning convenience is one of

the important factors affecting the push effect.

Service Quality

Service quality is the result of a comparison between

expectations and actual performance. Good service quality

can provide companies with a comparative competitive

advantage over competitors (Ladhari, 2009). For people

using the information system, service quality is the transfer

of internal employee support to external customer support.

Service providers strive to provide more real-time, reliable,
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and value-focused services. Service quality is conceptual-

ized as service providers providing effective services to the

serviced (Wang and Lin, 2012). As the past studies on

switching behavior, service quality is a very important

factor that drives users to switch (Chang et al., 2017;

Susanty et al., 2020; Tang & Chen, 2020). In particular,

when the service is poor, it will also drive the consumer to

switch to a better platform or service (Jung et al., 2017;

Liao et al., 2019). Chen and Keng (2019) discussed the

learning transfer behavior of physical English and argued

that service providers should effectively provide specific

service measures for users in English learning places.

When users perceive a decline in the service quality of

English learning centers, they will also switch to online

English learning platforms. Liao et al. (2019) discussed the

social online learning platform switching behavior and

suggested that when online learning platforms cannot

provide effective and high-quality services, learners will

also have the intention to migrate to other platforms. In this

study, service quality is defined as the choice of online

learning platforms when physical courses cannot meet the

demand for learning services. Therefore, service quality is

also one of the important factors of the push effect in this

study.

Security Risk

Security risk refers to negative factors that cause potential

consumer uncertainty about online transactions (Kim et al.,

2008). Risk may cause consumers to reduce their intention

to adopt e-services (Nicolaou and Mcknight, 2006). Even if

it is adopted afterward, the high risk may also lead users to

be unwilling to continue using the previous service (Yang

and Lin, 2015). However, when a new service becomes

more secure, the users may switch to such a service

(Bhattacherjee and Park, 2014; Lai and Wang, 2015).

According to previous studies, security risk refers to con-

sumers’ belief in potentially uncertain negative results of

online transactions (Kim et al., 2008). However, in the

research related to PPM, Cheng et al. (2019) held that

security risk is a push, and defined security risk as ‘‘con-

sumers perceive a high-security risk to the previously used

service and switch to an alternative with a lower security

risk’’. In this study, the security risk is defined as the safety

problem of attending physical classes under the impact of

the pandemic, which leads consumers to switch to an

online learning platform with a lower security risk.

Therefore, the safety risk is also one of the factors affecting

the push effect in this study.

Pull Factor

Pull factors mainly involve influences in promoting people

to move from one place to another (Lee, 1966). In the

literature on marketing and information systems, the con-

cept of pull mainly uses alternative attraction to explain the

user’s willingness to switch from offline to online con-

sumer behavior (Lin & Huang, 2014). Previous studies

suggest that when consumers cannot meet their needs in

physical stores, they look for alternative services (i.e.,

online shop platform) to replace the original service pattern

(Chang et al., 2017). Therefore, this study considers that

the pull effect variables which drive Chinese college stu-

dents to switch to online learning in the context of COVID-

19 pandemic, including instructor attitude, task-technology

fit, usefulness, and ease of use.

Instructor Attitude

As defined in the literature, instructor attitude is something

that is perceived by a learner; this perception depends on

the instructor’s teaching style, provision of immediate

feedback to students, and attitude toward the use of online

learning platforms (Sun et al., 2008; Cheng et al., 2019; Lin

et al., 2019). For students, an instructor’s attitude during

teaching will influence students’ use of online learning (Al-

Fraihat et al., 2020; Rodrı́guez-Ardura & Meseguer-Artola,

2016). Such attitude is improved when the instructor

responds to students’ questions immediately (Cidral et al.,

2018), reduces the learning gap, establishes and improves

on learning mechanisms, formulates a series of teaching

activities, provides comprehensive learning resources, and

uses proper teaching methods or tools to motivate effective

learning using interaction and communication (Rodrı́guez-

Ardura & Meseguer-Artola, 2016). Instructor attitude in

this study was defined in terms of the feedback given by the

instructor and their support given to student learning.

Correspondingly, instructor attitude is a crucial role in the

context of online learning during COVID-19 pandemic.

Thus, this study considered instructor attitude to be a pull

factor.

Task-Technology Fit

Task-Technology Fit (TTF) model explain the success

factors of the information system, and it believed that the

success of the information system should consider whether

the performance of the information system can meet the

user’s task needs, which is the main factor to explain the

level of task performance (Goodhue and Thompson, 1995).

Therefore, when the task meets the requirements, the task

performance can be maximized for the users of the infor-

mation system (Khan et al., 2018). In the face of the
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COVID-19, a global pandemic, the Ministry of Education

of China took emergency management measures, which is

also known as ‘‘suspended classes, ongoing learning’’ to

enable schools to normally transfer learning activities to

large-scale online learning mode even when schools are

closed (Zhang et al., 2020). From the point of view of the

pandemic, the online learning mode adopted itself as a

feature of technology and the learning goal is a task under

the outbreak of the pandemic. When the task fits the

technology, the students’ expected effect of learning online

will be better (Wu & Chen, 2017). Previous studies have

also pointed out that this theory is often used to discuss

how to achieve students’ learning goals through online

learning platforms (Isaac et al., 2019; Kissi et al., 2018; Lin

& Wang, 2012; Yu & Yu, 2010; Zhang et al., 2019; Su

et al., 2019). Lu and Yang (2014) defined TTF as the task

requirements of how much technology helping users to

complete courses or work. This study defines TTF as a

general reference to whether the learning goal under the

pandemic and the online learning platforms meet students’

learning needs. Based on the above discussion, TTF is

listed as a pull factor affecting this study.

Perceived Usefulness and Ease of Use

The concepts of usefulness and ease of use originate from

the Technology Acceptance Model (TAM; Davis et al.,

1989; Davis, 1989). Scholars applying TAM have posited

that usefulness and ease of use encourage the adoption of

online learning (Eksail & Afari, 2019; Huang et al., 2020).

TAM has evolved to become foundational to the field of

information systems (Wang et al., 2008; Wang and Lin,

2012). Studies have defined an information system’s use-

fulness by how much it improves one’s efficiency at work,

whereas its ease of use is simply how easy it is to use and

operate (Davis et al., 1989; Davis, 1989). Among studies

on PPM, Chen and Keng (2019), who investigated

switching intention concerning English teaching platforms,

reported that a user is more likely to switch to an online

English teaching platform if they perceive it to be useful.

Balakrishnan et al. (2017) demonstrated that students are

more likely to switch to learning through social media if

they perceive it to be easy to use. Furthermore, studies on

online learning have revealed that students continue to use

online learning platforms if they perceive them to be useful

or easy to use (Chang et al., 2017; Ayele and Birhanie,

2018; Huang & Teo, 2019). Considering these findings and

our research context, we defined usefulness and ease of use

as the user’s perception that an online platform helps their

learning and is easy to use respectively. We also adopted

ease of use and usefulness as important sub-dimensions

that exert a pulling effect.

Mooring Effect

Mooring factors refer to the personal and social impacts

that may prompt a potential resident to leave or stay in their

place of residence (Moon, 1995). According to this con-

cept, this study defines the mooring factors of online

learning as ‘‘influencing factors that encourage students to

leave or stay in physical classrooms.’’ Considering the

impact of COVID-19 on college students in China and

focus on switching cost in the literature when elaborating

on the concept of mooring, we used the two dimensions of

habit and switching cost. According to Chen and Keng

(2019) and Liao et al. (2019), switching cost affects

mooring in online learning environments. These dimen-

sions were adopted as the mooring factors in this study.

Switching Cost

Most researchers identified Switching Costs as an impor-

tant mooring factor (Chang et al., 2017; Cheng et al., 2019;

Jung et al., 2017; Liao et al., 2019; Xu et al., 2014). For the

concept of the Switching Costs, previous studies suggested

that the concept of Switching Costs includes psychological,

time, and money factors (Chen & Keng, 2019; Huang et al.,

2019; Chang et al., 2017). However, in different situations,

the switching costs have different concepts. In Chen and

Keng’s research (2019), switching costs focus on learning

costs during the process of switching from a traditional

offline English learning environment to an online English

learning environment, and that is the loss in students’

learning efficiency. Therefore, this study defines the

switching costs like the loss in students’ learning efficiency

while switching to the online learning platform under the

pressure of COVID-19. To summarizing the above dis-

cussion, the switching cost is regarded as the factor

affecting the mooring factor.

Habit

Habit entails inertia in being reluctant to switch to a new

and better service (Kim & Kankanhalli, 2009; Wang et al.,

2019). Switcher behavior is induced when the alternative

service offers a much greater benefit than the original

service does (Polites & Karahanna, 2012). Individuals who

are habituated to use an online service rarely weigh the

costs and benefits of using its alternatives. Habit, a human

instinct, acts to ease our cognitive load in decision-making

(Sun et al., 2017), which results in inertia (Chen & Keng,

2019). This study defined habit as a student’s proclivity on

the preference of learning in a physical classroom or

online. In the context of the pandemic, habit thus affects

students’ motivation to continue learning online.
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Consequently, this study considered habit to be another

factor that influences mooring.

Research Methodology and Hypotheses

Construct Operationalization

The items were first translated into Chinese by two infor-

mation management professors and then translated back

into English by another translator with special training in

English-Chinese translation. The translation into Chinese

ensured that the respondents could read the items with no

difficulty when the questionnaires were administered in

China. One professional translator performed a back-

translation to ensure that the original translation was con-

tent accurate. The rationality of the questionnaire items

was mainly examined by two associate professors and three

Ph.D. students in related majors in the first place. Further,

38 students in a class were used as the pretest to test the

item face validity of the questionnaire (Mokkink et al.,

2010). Some professors and Ph.D. students were then

invited to fill in, revise, and modify the first draft of the

questionnaire so as to ensure the validity and applicability

of this research. The content of the questionnaire was

integrated with the content to ensure its validity. According

to the above expert validity, the explanations of the related

items and the sources of the scale in this study are as

follows:

First, the scale used for measuring second-order con-

structs of the push effects in offline-to-online learning

include perceived security risk, learning convenience, and

quality of service. Perceived Security Risk, Learning

Convenience and Quality of Service were measured using

three items developed by Grewal et al. (2003), three items

developed by Hu et al. (2016) and Chen and Keng (2019),

and two items developed by Cheng (2012) and Chen and

Keng (2019), respectively.

Second, the scale used for measuring second-order

constructs of the pull effects in offline-to-online learning

consist of four sub-constructs: usefulness, ease of use,

instructor attitude, and task-technology fit. The variables of

perceived usefulness are assessed using a two-item scale,

as suggested by Gefen (2003). Perceived ease of use is

measured using a three-item scale adapted from Moham-

madi (2015). The teacher’s teaching attitude was measured

using three items developed by Rodriguez-Ardura and

Meseguer-Artola (2016). Task-technology fit was further

measured by four items developed by Isaac et al. (2019).

Switching cost is measured by using a three-item scale

adapted from Chen and Keng (2019). Habit is assessed

with a three-item scale proposed by Chen and Keng (2019).

Items of construction were revised based on the items

related to switching from the physical classroom environ-

ment to the online learning environment. The research

situation is consistent with this study. Finally, measures of

switching intentions were adapted from Li and Cheng

(2014) and Chen and Keng (2019).

Data Collection

The respondents in the research indicated their intention to

participate in this study and completed the questionnaire

voluntarily. All the respondents were anonymous and

agreed to participate in the survey of this study in order to

collect data. The survey was conducted in Chinese. When

conducting the online survey, we explained the confiden-

tiality of the survey process. None of the questions

involved confidential information, and individual respon-

dents completed the survey anonymously. Therefore, all

the respondents were voluntary and their personal infor-

mation and opinions were confidential and did not relate to

any sensitive issues (Fatima et al., 2020).

The questionnaire of this study was posted on a survey

website, WJX (https://www.wjx.cn/), which is a profes-

sional online survey service in China. The survey, con-

ducted between May and June 2020, focused on Chinese

universities that adopted full online learning during the

COVID-19 pandemic. To ensure the validity of the ques-

tionnaires collected, we confirmed whether the students

who answered the questionnaires had attended classes

using online learning for 9 weeks or longer during the

pandemic. Furthermore, to ensure the reliability of the

questionnaires, we employed convenience sampling and

snowball sampling and collected the samples by sharing

the questionnaires with teachers from other universities and

with our university colleagues in WeChat groups, who then

distributed the questionnaires to the students in their

courses. The questionnaires were answered by the students

voluntarily and then collected. To encourage participation

and improve response, a nominal incentive of 3 RMB was

offered to every respondent who provided complete

answers.

Considering that the respondents did not understand the

intention and perception of switching from offline to online

courses, a simple question was designed and placed at the

beginning of the questionnaire to help respondents review

their switching behavior during the pandemic. A total of

870 questionnaires answered by the students of 18 uni-

versities in eight provinces were collected through WJX.

To ensure the rationality of the questionnaire collection

in this study, four indicators are used as the basis for

screening, which reflects the appropriateness and rational-

ity of the questionnaire collection proposed in previous

literature (Lindell & Whitney, 2001; Hsu et al., 2018; Wu

et al., 2017; Cheng et al., 2019). Among the four indicators,
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the time spent to complete the questionnaire was consid-

ered the benchmark. Filling in similar answers was also

considered the reference for deletion (Cheng et al., 2019;

Wu et al., 2017). Second, reverse-scored questions and an

IP check were included following Lindell and Whitney

(2001), Hsu et al. (2018), and Cheng et al. (2019). Finally,

based on the criteria of the above literature, the standard

screening mechanisms for valid questionnaires in this study

are as follows: (1) The questionnaire in this study took

approximately 8–15 min to complete. A questionnaire

completed within 3 min indicated that the participant

irresponsibly completed the questionnaire; a previous study

suggested that these questionnaires be considered invalid;

(2) questionnaires with the same answers (only ‘‘1’’ or ‘‘7’’

selected) or those with answers consisting of extreme

values; (3) WJX (https://www.wjx.cn/) recorded and

checked all IP addresses and excluded duplicate values; (4)

a reverse question was added to the questionnaire as a

discriminating mechanism to eliminate respondents who

answered the questionnaire randomly. Finally, after

excluding 16 invalid questionnaires, we collected 854 valid

questionnaires for data analysis.

Of all the respondents, 238 are male (27.87 percent) and

616 are female (72.13 percent). The majority of respon-

dents are graded between the first year and second year

(79.28 percent). Before the outbreak of COVID-19 pan-

demic, 57.49 percent of students had reported having zero

experience of online learning, and the rest (42.51 percent)

has more than six months of experience. Certainly, many

students with no online learning experience are because the

school did not offer online courses, students did not choose

online courses, or school did not offer online courses that

students interested in (e.g., programming, graphic design,

and arts) because these courses were too specialized. For

the type of the colleges, 546 (63.93%) colleges/universities

are from government-funded colleges/universities and 308

(36.07%) colleges/universities are from personal-funded

colleges/universities. Additionally, nearly 46.25 percent of

the respondents spend below one hour per day on online

learning, while 14.87 percent spend over four hours. Sec-

ond, in terms of the year of study, the response rates of

freshmen, sophomores, juniors, and seniors were respec-

tively 46.32%, 33.02%, 18.79%, and 1.87%. Fewer seniors

responded because they were interning outside campus in

the second semester of the fourth year of college, during

which our survey was conducted. Thus, few seniors’ stu-

dents were in an online course.

Finally, about the college subjects of the students who

filled in the questionnaire, 77 (9.02%) from the law school,

82 (9.6%) from the science school, 96 (11.24%) from the

engineering school, 113 (13.23%) from the education

school, 114 (13.35%) from the humanities school and 372

(43.56%) students belong to the commerce school. Finally,

about college subjects of students who filled in the ques-

tionnaire, 77 (9.02%) students are from law school, 82

(9.6%) students are from science school, 96 (11.24%)

students are from engineering school, 113 (13.23%) stu-

dents are from education school, 114 (13.35%) students are

from humanities school and 372 (43.56%) students belong

to commerce school. The respondents tended to be women

rather than men because participation in the survey was

voluntary and because most respondents studied business

or education, in which women are overrepresented. Studies

have suggested that behavioral intention toward informa-

tion system use is affected by personal factors, such as sex,

age, and previous usage experience (Gefen et al., 2003;

Chen et al., 2020). Thus, we took the previous experience

of using online learning, college major, year of study, and

sex as the control variables in our analysis of switching

intentions.

Research Methodology

Based on the literature of the previous PPM framework,

this study defines the individual orientation of the Push,

Pull and Mooring factors according to the situation of

online learning environment. Figure 1 shows the main

framework and assumptions of this study. The framework

is presented as follows.

Hypotheses

Push Effect

Push effect includes negative influences that drive users to

leave existing services. Moreover, several studies have

demonstrated the influence of push effects in switching to a

new service (Hou & Shiau, 2020; Jung et al., 2017; Li &

Ku, 2018). Learning convenience, quality of service, and

security risk have proven to be push-oriented effects in

previous studies (Chen & Keng, 2019; Cheng et al., 2019;

Liao et al., 2019). In general, learning convenience, quality

of service, and security risks are push factors. Therefore,

the following hypothesis was formulated:

H1 The higher the learning convenience, quality of ser-

vice, and perceived security risk of offline learning ser-

vices, the lower the likelihood that the student will have

offline-to-online learning switching intentions.

Pull Effect

Pull effect is the factor that drives switching intention,

which is produced when the provided platforms or services

are more satisfactory (Tang & Chen, 2020; Xu et al., 2014).

Similarly, from the perspective of service, more
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satisfactory service quality leads to a stronger pull effect

that urges consumers to switch to a new service (Keaveney,

1995). The same applies to economic rationality: when a

competing service provider offers positive features that are

superior to the original service provider, consumers will be

encouraged to switch to the better supplier. To summarize

previous literature, the main factors that influence pull

effect include usefulness, ease of use, task-technology fit,

and instructor attitude. Therefore, the following hypothesis

was formulated:

H2 The higher the perceived ease of use, task-technology

fit, instructor attitude, and perceived usefulness, the higher

the likelihood that the user will have offline-to-online

learning platform switching intentions.

Habit

Habit is a behavioral pattern produced by past habits

among consumers (Li, 2018). Thus, regardless of the

presence options, previous habits prompt consumers to stay

with their current service providers. Furthermore, despite

the availability of numerous other service plans, consumers

are often unwilling to change (Kuo et al. 2013). However,

habit directly affects switching intention in PPM frame-

work. Research on the internet service applications also

suggests that users remain unwilling to use new services

despite their relative advantages, meaning that previous

used habits negatively influence switching intentions

(Cheng et al. 2019). Additionally, previous studies also

indicate that mooring can weaken the relationship between

push and pull effect in switching intentions (Chen & Keng,

2019; Wang et al., 2019). Previous used habits make stu-

dents prone to maintaining the status quo, so it contribute

to a relative low motivation to switch from physical course

to online learning. Therefore, we assume that previous used

habits affect the relationship between the push and pull

effect of students using online learning and their switching

intention, we propose the following hypotheses.

H3 The higher the physical course learning habit, the

lower the likelihood that the student will intend to switch

from an offline to online learning platforms.

H3a The stronger the previous habits of use, the weaker

the relationship between push effect and switching

intentions.

H3b The stronger the previous habits of use, the weaker

the relationship between pull effect and switching

intentions.

Switching Cost

Liao et al. (2019) indicated that high switching cost hinders

switching intention, which reflects the phenomenon of

customer migration between products and services in the

market. Hence, currently, free online learning platforms

can still cultivate customers’ loyalty by leveraging

Fig. 1 Research framework
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nonfinancial switching costs. Furthermore, the literature

review revealed the impact of switching costs on user’s

switching intentions (Chang et al., 2017; Jung et al., 2017;

Xu et al., 2014). However, according to PPM framework,

mooring effects directly affect switching intention. Studies

have also demonstrated that mooring effects reduce the

influence of push and pull effect on switching intention

(Chen & Keng, 2019; Wang et al., 2019). If a student feels

higher efficiency in traditional physical course learning

than in online learning, the student is less likely to have the

switching intention. Therefore, low switching costs will

also improve the switching intention of students. Besides,

we posited that the push and pull effect of switching costs

being generated by students’ use of online learning plat-

forms would have a weak influence on switching intention.

Therefore, this study proposes the following hypothesis.

H4 The higher the physical course learning of Switching

Costs, the lower likelihood of student will have an offline-

to-online learning platform switching intention.

H4a The stronger the switching cost, the weaker the

relationship between push effect and switching intentions.

H4b The stronger the switching cost, the weaker the

relationship between the pull effect and switching

intentions.

Results

In this study, the research model was evaluated using

partial least squares (PLS). The main reasons were that the

research uses PLS-SEM in exploratory research for theory

development and that the research requires latent variable

scores for subsequent analysis (Gefen et al. 2011; Shiau &

Chau, 2016; Shiau et al. 2019). Furthermore, this research

model employs a second-order model with the reflective-

formative type (Becker et al., 2012). In addition, Straub

et al. (2004) pointed out content validity assesses whether

the researcher has chosen measures that appropriately

capture the full domain of the construct. When specifying a

construct that is either formative or reflective, it is critical

that the entire domain of the construct is captured. Given

that formative constructs are defined by the dimensions or

measures that form them, it is absolutely imperative to

establish content validity. Without a full and complete

definition of a formative construct, important aspects can

be left out, and this will result in a misspecification of the

construct (Petter et al., 2007). In this study, push effect and

pull effect were defined as a second-order formative con-

struct, Among Push effect construct including three

reflective dimensions—Perceived security risk, Learning

convenience, and Service quality. Pull effect construct

including four reflective dimensions – Perceived ease of

use, Perceived usefulness, Task-technology fit, and

Instructor attitude. However, to test a second-order for-

mative model, PLS-SEM is the appropriate choice because

Covariance-based SEM (e.g., AMOS) is not able to test the

second-order formative model (Huang & Shiau, 2017).

Therefore, the PLS approach is appropriate for this

research model analysis.

As for multicollinearity, according to the literature

suggestion by Hair et al. (2017), Hair et al. (2017)), value

tolerance has a threshold of 0.10 and a VIF value below 5.

Table 1 presents all construct VIF values range from 1.701

to 4.453, which shows that the results of this study meet the

requirements.

Measurement Model

The measurement model is used to examine reliability,

convergent validity, and discriminant validity (Shiau &

Chau, 2016; Shiau et al., 2020a, 2020b). Internal consis-

tency can be assured by examining the composite relia-

bility of the constructs (Fornell & Larcker, 1981). As

shown in Fig. 2, Cronbach’s a value for all constructs was

well above the recommended threshold of 0.70 (Hair et al.,

2006) and ranged from 0.877 (SwCo) to 0.956 (TTF).

Composite reliability (CR) value greater than 0.7, and

ranged from 0.924 (SwCo) to 0.968 (TTF) (Hair, Babin

et al., 2017; Hair, Hollingsworth et al., 2017). roh_A value

for each construct was well above the recommended

threshold of 0.7 (Dijkstra & Henseler, 2015), and obtained

values ranging from 0.881 (SwCo) to 0.956 (TTF). The

results indicated that our measurement model had good

internal consistency.

Convergent validity can be evaluated by checking

whether the average variance extracted (AVE) values are

larger than 0.5 (Fornell & Larcker, 1981), and ranged from

0.802 (SwCo) to 0.940 (SQ). All of the Factor loading of

all items are significant and greater than 0.7 (Hair, Babin

et al., 2017; Hair, Hollingsworth et al., 2017). Therefore,

the convergent validity of these measures is satisfied, as

shown in Table 1.

The discriminant validity of the constructs was evalu-

ated using the approaches evaluated by Fornell–Larcker

(1981) method. The all square roots of the AVE values are

higher than all the correlation coefficients shown, which

again indicates the appropriate discriminant validity of

these measures (Fornell & Larcker, 1981), as shown in

Table 2. The result indicated that our measurement model

had acceptable discriminant validity.

In Table 3, the formative measures of second-order

constructs were assessed based on the significance

(p\ 0.05) of their weights, which indicated their contri-

butions to the corresponding second-order constructs
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(Wang & Haggerty, 2011). As shown in Table 3, the three

dimensions of Push effect (Perceived security risk, Learn-

ing convenience, and Service quality) and the four

dimensions of Pull effect (Perceived usefulness, Perceived

ease of use, Instructor attitude, Task-technology fit) sig-

nificantly contributed to their constructs in this context.

Thus, we found support for the dimensions of the Push and

Pull effect as theorized and tested within our sample.

Structural Model

To test our hypotheses, a bootstrap techniques resampling

procedure was used to examine the stability of the PLS

estimates, using resamples of 5000 (Hair, Babin et al.,

2017; Hair, Hollingsworth et al., 2017). Figure 2 shows the

results. Overall, the research model is explained 64.7 per-

cent of the variance in Switching Intention to adopt online

learning. These results show that the proposed research

model has a rather high explanatory power and provides

substantial support for H1 through H4b.

The empirical results support the hypotheses H1 to H4.

Push effect (H1) has a negative significant influence

switching on intention (b = - 0.303, t-value = 5.622,

p\ 0.05), the results are consistent with those of Chen and

Keng (2019) and Cheng et al. (2019). Overall, the results of

the push effect, which influenced college student behavior

in leaving the physical courses and switching to online

learning, revealed that the inconvenience and inadequate

service quality of physical courses, as well as security

Table 1 Analysis results of Factor loading, Cronbach’s a, roh_A, composite reliability and AVE

Construct Factor Loading a roh_A CR AVE VIF

Perceived security risk (SER) 0.961***

0.954***

0.938***

0.947 0.947 0.966 0.904 1.638

Learning convenience (LC) 0.887***

0.934***

0.935***

0.908 0.911 0.942 0.845 1.956

Service quality (SQ) 0.970***

0.969***

0.936 0.936 0.969 0.940 1.701

Habit (HABIT) 0.932***

0.947***

0.907***

0.921 0.921 0.950 0.863 2.111

Perceived ease of use (EOU) 0.921***

0.947***

0.959***

0.937 0.938 0.960 0.888 2.594

Perceived usefulness (PU) 0.964***

0.966***

0.926 0.927 0.964 0.931 3.774

Task-technology Fit (TTF) 0.940***

0.959***

0.947***

0.914***

0.956 0.956 0.968 0.883 4.453

Instructor attitude (IAT) 0.926***

0.925***

0.938***

0.922 0.924 0.950 0.922 2.456

Switching cost (SwCo) 0.899***

0.904***

0.883***

0.877 0.881 0.924 0.802 2.497

Switching intention (SwInt) 0.925***

0.941***

0.904***

0.922***

0.942 0.943 0.958 0.852 DV

CR (Composite reliability); VIF (Variance inflation factor); DV (Dependent variable); AVE (Average variance extracted)

***Significant at p\ 0.01
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Fig. 2 PLS results of the research model

Table 2 Analysis results of discriminant validity (Fornell–Larcker Criterion)

Habit TTF LC SER IAT EOU PU SQ SwInt SwCo

Habit 0.929

TTF 0.526 0.940

LC - 0.606 - 0.669 0.919

SER - 0.435 - 0.461 0.597 0.951

IAT 0.620 0.720 - 0.569 - 0.29 0.930

EOU 0.437 0.720 - 0.599 - 0.401 0.707 0.943

PU 0.462 0.847 - 0.648 - 0.483 0.644 0.702 0.965

SQ - 0.768 - 0.620 0.617 0.511 - 0.666 - 0.528 - 0.561 0.969

SwInt 0.478 0.761 - 0.657 - 0.561 0.562 0.601 0.730 - 0.582 0.923

SwCo - 0.644 - 0.496 0.568 0.645 - 0.477 - 0.407 - 0.489 0.730 - 0.589 0.896

Perceived security risk (SER); Learning convenience (LC); Service quality (SQ); Habit; Perceived ease of use (EOU); Perceived usefulness (PU);

Task-technology Fit (TTF); Instructor attitude (IAT); Switching intention (SwInt), Switching cost (SwCo)

Table 3 Analysis results of weights

Construct Sub-construct Weights

Push factors Perceived security risk (SER) 0.438***

Learning convenience (LC) 0.444***

Service quality (SQ) 0.293***

Pull factors Perceived ease of use (EOU) 0.265***

Perceived usefulness (PU) 0.202***

Task-technology Fit (TTF) 0.402***

Instructor attitude (IAT) 0.247***

***p\ 0.01
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considerations during the pandemic, were all essential push

effects leading to online learning.

Second, the pull effect (b = 0.530, t-value = 12.429,

p\ 0.05) has a positive significant influence on switching

intention, thus, supporting H2. Pull effect affected student

switching intention to online learning during the pandemic,

an observation that was consistent with the results of pre-

vious discussions on switching intention to online learning

(Balakrishnan et al., 2017; Cheng et al., 2019). Thus, the

effects of pull factors on switching intention strengthened

the function and operability of the overall online learning

system, improved lecturer attitudes, and enable curriculum

content to be more in line with the student needs, thereby

attracting students to switch to online learning. These

aspects constituted the crucial concepts of online learning

pull effects. We also found Habit (b = -- 0.149,

t-value = 3.759, p\ 0.05) strong negative influence con-

tinuance intention, as posited in H3. As anticipated, that is

consistent with the results of past studies (Hsieh et al.,

2012; Cheng et al., 2019). The results of the present study

demonstrated that previous use habits did not change with

user switching intention, indicating that despite the

numerous advantages of physical course over online

learning (e.g., more satisfactory interaction, face-to-face

communication), students were still reluctant to return to

physical courses due to the pandemic. Consequently,

despite their previous use habits, students still chose to

accelerate their switch to online learning services in a

learning environment shaped by emergency management

during the COVID-19 pandemic. Switching cost

(b = -- 0.178, t-value = 3.677, p\ 0.05) had a negative

impact on switching intention. Thus, H4 was supported. As

expected, the influence of switching costs generated by the

transfer of physical courses to online learning was nega-

tive, which corresponded with the results of relevant lit-

erature (Cheng et al., 2019). To university students, using

online learning platforms during the pandemic was low

cost; therefore, they exhibited high switching intention.

During the post-pandemic period, universities in China

should encourage teachers to design courses according to

the characteristics of the localities of their universities and

reduce the learning costs required for online learning and

the time needed to adopt online learning platforms.

According to the moderating results, H3a and H3b

concern the moderating effects of habit on the relationship

between the Push effect and Pull effect on switching

intention. Besides, the results reveal that the moderating of

the mooring effect on the push effect (b = -- 0.030,

t-value = 1.629, p[ 0.05), as well as that on the pull effect

(b = 0.031, t-value = 1.745, p[ 0.05) on switching

intentions, has no significant influence. Therefore, the

results do not support H3a and H3b. Therefore, habit acted

as a moderating effect that interfered with the effects of

push and pull factors on switching intention. The results

indicated that the influence of habit was non-significant,

which differed from previous findings (Jung et al., 2017; Li

& Ku, 2018). This suggested that previous use habits did

not moderate the push or pull effects on switching

intention.

However, the findings showed that switching cost didn’t

have a moderating role in the relationship of push effect

and pull effect with switching intention. Thus, H4a and 4b

were supported. The results regarding H4a and H4b are not

also consistent with those previously reported (Chen and

Keng, 2019; Chang et al., 2014), therefore, switching costs

haven’t a moderating impact on the push effect and pull

effect. Finally, regarding control variables, we find previ-

ous learning experience, grade, major, and gender does not

have a significant effect on switching intention, as shown in

Fig. 2.

Conclusion and Implication

This research mainly discusses the switching intention

from physics learning to online learning in the context of

the pandemic. Although relevant literature in the past has

pointed out that online learning is a future trend (Shih

et al., 2008; Smith & Ferguson, 2004), but it is the first time

that learning methods have been converted into a large

scale due to the pandemic. From the verification of H1, we

can find that learning convenience, security risk, and ser-

vice quality have negative and significant impacts on the

switching intention. That is to say that if the above-men-

tioned levels are maintained, the intention of students to

switch will not increase. The results indicate that a good,

stable, and high-quality learning environment is the most

important thing in push factors. If online teaching can

provide a better environment, students will have a higher

intention to use online learning. Moreover, the service

mechanism of online learning should also be improved,

such as establishing effective management and control

measures for emergency curriculum establishment, pro-

viding online consultation for students, and increasing the

online face-to-face teaching time. Because conventional

online learning is still mainly implemented by teachers

through uploading videos for students to watch online, this

may lead to problems such as fatigue and inattention

among students in long run.

According to the results regarding pull factors (H2), the

usefulness of the platform content and difficulty in oper-

ating the platform are important indicators for future uni-

versity units and teachers’ choice of teaching materials and

platforms. In particular, in the response of COVID-19

pandemic, the Ministry of Education of the People’s

Republic of China adopted the approach of suspending
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classes without stopping learning, enabling students to take

online courses at home (Cheng, 2020; Yao et al., 2020).

However, due to the time shortages, many teachers in

China could initially use only existing online teaching

platforms (MOOC platforms such as icourses, chaoxing,

and zhihuishu) for teaching (Zhang et al., 2020). Thus, if

the functions of online learning platforms can be enhanced

and more customizing teaching materials can be provided

after the pandemic, more satisfactory content and functions

can be used to improve and attract students to use online

learning. For example, when universities offer relevant

courses, teachers may record the course content and

incorporate regional case studies as supplementary mate-

rials, enabling student learning to better address local

needs. Alternatively, more online face-to-face real-time

interactive teaching measures can be provided to encourage

students to interact with teachers in real-time through

online learning and give feedback on course content.

Additionally, the learning tasks generated during the pan-

demic and resulted in a change in the learning model.

Therefore, the improvement of learners’ adaptability

remains to focus on teacher or university choice of cur-

riculum platforms and the matching of teaching materials.

When a curriculum design meets student needs, their

learning tasks can be improved, in turn, heightening stu-

dents to switch intention to online learning. Finally, the

pandemic presents both a challenge and an opportunity for

teachers: preparing teaching materials and improving

communication and interaction with students can improve

the advantages of online learning as well as student

learning motivation.

Finally, concerning the concept of mooring, because

previous use habits (H3) have a negative impact on student

switching intention (Chen & Keng, 2019), schools must

invest more effort in their promotion of online learning

during the pandemic, enabling students to realize the pos-

sible impact of the pandemic on physical classroom cour-

ses. And the influence of switching costs (H4) generated by

the transfer of physical classrooms to e-learning platforms

was negative, which corresponded with the results of rel-

evant literature (Cheng et al., 2019) as expected. During

the post-pandemic period, universities in China should

encourage teachers to design courses according to the

characteristics of their local universities and reduce the

learning costs required for e-learning and the time needed

to adopt e-learning platforms. This in turn would improve

the teaching effect of online learning, and therefore

increase student dependence on it. When students’ accep-

tance of online courses increases and generates satisfaction,

their behavior and identification with the new habit of

using online learning are enhanced. This improves their

habits of using online learning and thereby increases their

switching intention for online learning.

From a theoretical perspective, previous switching

behavior studies on PPM have tended to discuss long-term–

oriented migration behavior, such as switches from Insta-

gram to Facebook (Hou & Shiau, 2020), from E-commerce

to M-Shopping or social commerce (Chang et al., 2017; Li

& Ku, 2018), or from mobile instant messaging (Sun et al.,

2017) or cloud storage services (Cheng et al., 2019; Wu

et al., 2017). This study investigated migration behavior

during the emergency management implemented by Chi-

nese universities under the impact of COVID-19 pandemic.

Based on the results of this study, different interpretation

concepts—for migration behavior under emergency man-

agement—are also provided. Second, in the online learning

environment, the concept of TTF has not been incorporated

into the framework of PPM. This study considered the

online environment from the perspective of emergency

management of COVID-19 pandemic, and the results dif-

fered from the framework model of the user application of

technologies discussed in previous studies (e.g., UTAUT,

TRA, TPB, TAM; Isaac et al., 2019; Khan et al., 2018; Wu

& Chen, 2017). Previous studies have emphasized the need

to consider the appropriateness of TTF in population

migration. Thus, the application and integration of PPM

and TTF covers a new perspective and enriches the liter-

ature on switching behaviors. Third, this study explored the

environment for the switch from offline to online learning.

Through evaluation, TTF, instructor attitude, perceived

usefulness, and perceived ease of use were regarded as

two-level concepts that formed push effects. However,

switching behavior–related literature has not investigated

the concept of instructor attitude as an influencing push

effect and has focused mostly on aspects of student

learning (Balakrishnan et al., 2017; Liao et al., 2019).

Discussing instructor attitude can further explain the effect

of teaching interaction on understanding switching inten-

tion in the online teaching environment.

Limitations and Future Research

In general, investigating whether a large-scale educational

change can form normal behavior. It is necessary to con-

sider the balance of push, pull, and mooring factors at the

same time, especially in the intention to change the mode

of human behavior. Omitting one of these factors will bias

the entire changed pattern. In the future, this kind of dis-

cussion can also be applied to people’s lives, employment,

schooling, and policy promotion. Unlike a single factor, the

push–pull–mooring model method discussed in this study

can fully explain the difference in the implementation

effects.

There are still some limitations and follow-up questions

that need to be determined in the future. Particularly, the
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sample attributes did not cover universities in all provinces

of China, which can be addressed in subsequent studies.

Regional characteristics that affect the promotion of online

learning and student switching intention during the pan-

demic is also a question of whether it is worth investigat-

ing. Second, the sampling in this study was based on the

survey approach. Therefore, future studies can focus on

qualitative research, which can reveal core factors related

to switching intention and produce results that can more

effectively explain the quantitative research findings.

Finally, to avoid the influence on the statistical results

caused by the differences in the sample obtainment, control

variables were used to verify the results in this study, and

the results showed no significant difference. However, in

this study, sample students are limited to only specific

majors or genders, so the sampling nature. Sampling reli-

ability may become a research limitation.
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