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Abstract 

Purpose: Remote learning is expected to become a normal tool after the epidemic’s end and is an important means to promote 

the digital development of education. This study investigates the impact of system quality, subjective norms, interactivity, course 

content quality, perceived usefulness, and satisfaction on the continuance intention to use e-learning of music major college 

students in Chengdu, China. Research design, data, and methodology: The population is 500 female students at Sichuan 

University using three selected e-learning platforms: DingDing, Tencent meeting, and WeLink. The sample techniques are 

judgmental, stratified random, and convenience sampling. The Item Objective Congruence (IOC) Index and the pilot test (n=50) 

by Cronbach’s Alpha were approved before the data collection. The data was analyzed through Confirmatory Factor Analysis 

(CFA) and Structural Equation Modeling (SEM). Results: The findings reveal that system quality and subjective norms 

significantly impact perceived usefulness. Interactivity and course content quality significantly impact satisfaction. Continuance 

intention is impacted by perceived usefulness and satisfaction. On the opposite, perceived usefulness has no significant impact on 

satisfaction. Conclusions: Educational institutions and the Chinese government can exploit the findings in this study to improve 

accessibility with the highest-performance online learning infrastructure for the country. 
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1. Introduction12 
 

Online learning is a similar term to e-learning.          

E-learning refers to “the use of electronic devices for 

learning, including the delivery of content via electronic 

media such as internet/intranet/extranet, audio or videotape, 

satellite broadcast, interactive TV, or CD ROM” (Zhang et 

al., 2010). Online learning can be refined particularly to “the 

use of the internet to deliver education or training programs.” 
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Jönsson (2005) stated that “online or e-learning moves the 

traditional instruction paradigm to a learning paradigm.” In 

Figure 1.1, the statistic in June 2022 shows that the number 

of online office users in China reached 461 million, down 

8.18 million from December 2021, accounting for 43.8% of 

all Internet users.  

The COVID-19 pandemic has tremendously affected to 

education systems in China. The outbreak fought to keep the 

continuance of learning in the education sector. Therefore, 
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the Chinese government launched the emergency plan 

“Classes Suspended but Learning Continues,” which urged 

schools to close and shift their teaching and learning 

activities entirely online (MOE China, 2020). China is the 

most populous nation worldwide. 270 million students were 

quickly encouraged to continue their studies online in the 

sudden outbreak, and the technological infrastructures and 

urgent preparation of distance learning were accounted for. 

However, inequality in digital accessibility has been a major 

issue in China (Gu & Li, 2022).  

There are numerous studies assessing online learning 

adoption during the pandemic. Roy et al. (2020) urged that 

“the pressure and frustration due to the pandemic lead to low 

engagement and motivation.” Huang et al. (2020) examined 

“the instructors on interactive teaching and learning that 

enhance students’ participation and engagement.” Brooks et 

al. (2020) supported that “COVID-19 relates to frustration, 

pressure, and anxiety of students during the period.” 

Almanthari et al. (2020) investigated “the mechanisms that 

have been a challenge for teachers in the e-learning time.” 

Huang et al. (2020) posited that “the time and assessment 

modes should be flexible and digital resources for learning 

should be chosen appropriately and aligned with online 

learning.” Malkawi et al. (2020) suggested “technical 

support and provision of adequate training both for 

instructors and students for a better e-learning process.” 

Furthermore, limited studies have examined the factors 

affecting students’ perceptions of online learning during 

COVID-19, especially music major college students. Moser 

et al. (2020) postulated that most studies on higher education 

only emphasize online learning applications in employment 

and raise competitiveness. Sari and Oktaviani (2021) 

focused on enhancing students’ self-efficacy to acquire 

knowledge, develop skills, and build initiatives. The 

perceived usefulness, satisfaction, and continuance 

intention to use are varied in most studies. The measurement 

of online learning of college students in the post-COVID era 

is still not yet covered. The influencing factors in online 

learning are in a robust debate and can be further examined. 

Hence, this study investigates the impact of system quality, 

subjective norms, interactivity, course content quality, 

perceived usefulness, and satisfaction on the continuance 

intention to use e-learning of music major college students 

in Chengdu, China. 

 

 

2. Literature Review 
 

2.1 System Quality 
 

System quality is “the desirable characteristics of an 

information system typically focus on usability aspects and 

performance characteristics of the system under 

examination” (Urbach & Müller, 2012). In the context of e-

learning, the system quality is identified as “the platform 

selected by the university to utilize an online learning which 

can provide ease of use, convenience and reliability” (Cao 

& Jittawiriyanukoon, 2022). Pituch and Lee (2006) added 

that “e-learning system has been considered as a most useful 

platform due to their functions, such as complete 

controllability and flexibility, especially to users who are 

sensitive to the system quality.” Cheng (2014) also pointed 

out that “if learners perceive that the e-learning system can 

provide them with fitting system functionality and timely 

response, and they can effectively get in contact with 

instructors and other learners via the system, they may feel 

that such a system is useful.” Therefore, this study 

hypothesizes: 

H1: System quality has a significant impact on perceived 

usefulness. 

 

2.2 Subjective Norms 

 

Subjective norms are described as “the external pressure 

exerted on an individual carrying out a certain activity. In 

other words, students’ attitude depends on who is important 

to them to engage in e-learning after COVID-19” (Bag et al., 

2022). O’Neal (2007) classified that “subjective norms 

relate to the perceived social influences/pressures to indulge 

or not to indulge in a given behavior” Supported by Ajzen 

(1991), subjective norms are “beliefs of individuals about 

how their reference groups would view them if they perform 

a certain behavior.” Subjective norms can greatly predict 

perceived usefulness and behavioral intention (Huang, 

2011). Subjective norms or social influence is viewed to 

affect users’ perceived utility of e-learning significantly. 

Based on the discussion of the relationship between 

subjective norms and perceived usefulness, this research 

proposes a hypothesis: 

H2: Subjective norms have a significant impact on 

perceived usefulness.  

 

2.3 Interactivity 

 

According to Sallaku and Vigolo (2022), interactivity 

incurs “brand’s technical facilitation of the interaction (e.g., 

the brand’s presence on social media) and the demonstration 

of a genuine desire for connectedness (e.g., the brand’s 

interactions with customers on the brand’s social profile).” 

In the context of e-learning, interactivity focuses on the 

interaction of students towards the e-learning system or 

platforms. Cheng (2020) clarified that “a high degree of 

interactivity develops more connection between a system 

and learners.” Hassanzadeh et al. (2012) additionally 

cascaded that if an e-learning system can provide learners 

with the functions of interactive features, it will enhance 
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their satisfaction with the system. Cidral et al. (2018) and 

Mohammadi (2015) supported that an e-learning system 

allows communication and interactivity between lecturers 

and learners, thereby affecting their satisfaction. Thus, the 

effect of interactivity on satisfaction can be hypothesized: 

H3: Interactivity has a significant impact on satisfaction. 

 

2.4 Course Content Quality 

 

Shattuck et al. (2014) determined that “the online course 

quality includes course overview, introduction, learning 

objectives, assessment and measurement, instructional 

materials, course activities and learner interaction, course 

technology, learner support, accessibility, and usability.” 

Parasuraman et al. (1988) introduced the SERVQUAL 

model, which can be adapted to academic services. It is 

believed that course-quality content is an essential service 

provided to students, and they evaluate service based on 

course content quality. In addition, course design quality 

refers to “the quality of the form for learning contents that 

the e-learning system generates” (Cheng, 2020). Moreover, 

Roca et al. (2006) noted that the high quality of course 

contents and information provided by the e-learning system 

might enhance their satisfaction with the system. 

Accordingly, a hypothesis of this study is developed: 

H4: Course content quality has a significant impact on 

satisfaction. 

 

2.5 Perceived Usefulness 

 

Perceived usefulness is “the degree to which an 

individual believes adapting and using a particular 

technology would improve the individual’s job performance. 

Hence, this study has addressed the use of e-learning for 

investigating the students’ continuance intention toward the 

online education system after COVID-19” (Bag et al., 2022). 

Shiau and Chau (2016) identified the usability of e-learning 

in that most education institutions have provided e-learning 

systems for students to engage in their studies from 

anywhere and at any time. Perceived usefulness refers to 

“the degree to which a person believes that using a particular 

system would enhance his/her job performance and is users’ 

perception of the expected benefits of the IS/IT use” 

(Bhattacherjee, 2001). Xu et al. (2017) acclaimed that using 

e-learning systems such as accessibility, convenience, and 

reliability can impact learners’ satisfaction with using the 

system. Yang and Lin (2015) further explained that “users 

who believe that cloud computing services are useful and 

effective will tend to have a more favorable continuance 

intention. According to the evidence from previous studies, 

this research confirms the causal relationships below: 

H5: Perceived usefulness has a significant impact on 

satisfaction. 

H6: Perceived usefulness has a significant impact on 

continuance intention. 

 

2.6 Satisfaction 
 

Elliott and Shin (2002) explicated that student 

satisfaction can be implied as “the  degree of satisfied 

students and school’s services or performance meets or 

exceeds their expectations.” Bay and Daniel (2001) pointed 

out that satisfaction can be derived from the learning process, 

which impacts students’ perceived value and service quality 

in their schools. Kunanusorn and Puttawong (2015) define 

satisfaction as “a customer’s assessment of the service being 

provided or a feeling that customers expect what  they will 

get will be as what they expect.” Elliott and Healy (2001) 

argued that students’ satisfaction is “a short-term attitude 

that resulted from their experiences with educational 

services.” Cheng (2019) mentioned that satisfaction is 

developed from the experience with e-learning systems that 

meet or exceed learners’ expectations. Thus, they have the 

willingness to continue using it. Xu et al. (2017) also agreed 

that “students’ satisfaction with e-learning system can 

greatly impact their continuance intention of the system.” 

Thereby, a proposed hypothesis is indicated: 

H7: Satisfaction has a significant impact on continuance 

intention. 

 

2.7 Continuance Intention 
 

Originally, the technology acceptance model offered 

behavioral intentions as a crucial element to measure 

successful adoption (Fan et al., 2021). Continuing intentions 

have been widely studied and identified as motivations to 

continue using system technology for some period. The 

extended model of ECT and task-technology fit in online 

learning indicate the association between satisfaction and 

continuance intention (Wang et al., 2021). Mailizar et al.  

(2021) posited that the acceptance of technologies 

incorporated attitude and behavioral intention in the 

Technology Acceptance Model (TAM). During COVID-19, 

the e-learning system was intensely promoted as an effective 

way to continue teaching and learning (Rizana et al., 2020). 

Therefore, performance expectancy, effort expectancy, 

social influence, facilitating conditions, and satisfaction are 

key factors affecting students’ behavioral intentions 

(Robinson et al., 2020). 
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3. Research Methods and Materials 

 
3.1 Research Framework 
 

From the literature review, this study points out the main 

variables used, which include system quality, subjective 

norms, interactivity, course content quality, perceived 

usefulness, satisfaction, and continuance intention. The 

conceptual framework was constructed from the previous 

research model of Bag et al. (2022), Cheng (2014), and 

Cheng (2020). 

 

 
 
Figure 1: Conceptual Framework 

 

H1: System quality has a significant impact on perceived 

usefulness.  

H2: Subjective norms have a significant impact on 

perceived usefulness.  

H3: Interactivity has a significant impact on satisfaction.  

H4: Course content quality has a significant impact on 

satisfaction.  

H5: Perceived usefulness has a significant impact on 

satisfaction.  

H6: Perceived usefulness has a significant impact on 

continuance intention.  

H7: Satisfaction has a significant impact on continuance 

intention. 

 

3.2 Research Methodology 

 

This study investigates the impact of system quality, 

subjective norms, interactivity, course content quality, 

perceived usefulness, and satisfaction on continuance 

intention to use e-learning of music major college students in 

Chengdu, China. The population is 500 female students 

majoring in music at Sichuan University who have been 

using three selected e-learning platforms: DingDing, Tencent 

meeting, and WeLink. The sample techniques are judgmental, 

stratified random, and convenience sampling. The Item 

Objective Congruence (IOC) Index and the pilot test (n=50) 

by Cronbach’s Alpha were approved before the data 

collection. The data was analyzed through Confirmatory 

Factor Analysis (CFA) and Structural Equation Modeling 

(SEM). The survey has three parts: screening questions, 

measuring items (25) with a five-point Likert scale, and 

demographic questions. 

 

3.3 Validity and Reliability 
 

Prior to the data collection, the Index of Item–Objective 

Congruence (IOC) was used to verify the content validity by 

three experts who titled Ph.D. or in the c-level. The IOC 

results showed that all items passed at a score of 0.6 or over. 

According to In (2017), pilot study is “the data collection on 

a smaller scale than the main or full-scale study, which is 

crucial for improvement of the quality and efficiency of the 

main study. In this study, pilot test was conducted with 50 

participants. The Cronbach Alpha coefficient’s rule of thumb 

is shown that internal consistency in this study is 

recommended at 0.6 or above (Griethuijsen et al., 2014), 

including system quality (0.741), subjective norms (0.850), 

interactivity (0.881), course content quality (0.609), 

perceived usefulness (0.745), satisfaction (0.869), and 

continuance intention (0.725). 

 

3.4 Population and Sample Size 

 

Sichuan University is a well-known higher education 

institution, where it can be a representative target population 

for this study. The total number of students is 37,000 people, 

whereas music major college students has about 6,400 people. 

The population is 500 female students majoring in music at 

Sichuan University who have been using three selected e-

learning platforms: DingDing, Tencent meeting, and WeLink. 

According to Soper (2022), the result recommended 

minimum sample size about 425 participants. The research 

considered collecting 500 participants for efficient data 

analysis for the study. 

 

3.5 Sampling Technique 

 

This study employed probability and nonprobability 

sampling to determine a proper research procedure, 

including judgmental, stratified random, and convenience 

sampling. Judgmental sampling is to select female students 

majoring in music at Sichuan University who have been 

using three selected e-learning platforms: DingDing, Tencent 

meeting, and WeLink. Stratified random sampling is 

demonstrated in Table 1. Convenience sampling is to 

distribute the online questionnaire to target group of students. 
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Table 1: Stratified Random Sampling 

Three Most Used 

Platforms 

Total Number of Music 

Major College Students in 

Sichuan University 

Proportionate 

Sample Size 

1. DingDing 2,300 180 

2. Tencent Meeting 2,600 203 

3. WeLink 1,500 117 

Total 6400 500 

 

 

4. Results and Discussion 
 

4.1 Demographic Information 
 

The demographic results were collected in the survey to 

specify participants’ characteristics. Most respondents are 

aged between 18-20 years old at 60.6 percent (303), and the 

least group is 23 years old or over at 7.6 percent (38). Seniors 

account for 31.8 percent, followed by juniors (27 percent), 

sophomores (24.2 percent), and freshmen (17 percent). Most 

respondents have used e-learning for 4-6 days per week (64.8 

percent), whereas only 13.8 percent have used e-learning 

seven days a week. 

Table 2: Demographic Profile 
Demographic and General Data 

(n=500) 

Frequency Percentage 

Age 18-20 years old  303 60.6% 

21-22 years old 159 31.8% 

23 years old or  

over 

38 7.6% 

Year of Study Freshmen 85 17.0% 

Sophomore 121 24.2% 

Junior 135 27.0% 

Senior 159 31.8% 

Frequency Of  

E-Learning 

Use 

1-3 days/week 107 21.4% 

4-6 days/week 324 64.8% 

7 days/week 69 13.8% 

 

4.2 Confirmatory Factor Analysis (CFA) 
 

In CFA, the measurement model can be examined to 

approve convergent and discriminant validity. According to 

Table 3, CFA was assessed by factor loading at 0.5 or above, 

The Cronbach Alpha coefficient value at 0.6 or above 

(Griethuijsen et al., 2014), and the Composite Reliability 

(CR) at 0.7 or above. According to Fornell and Larcker 

(1981), the Composite Reliability (CR) is greater than the 

cut-off points of 0.6, and Average Variance Extracted (AVE) 

is higher than the cut-off point of 0.4.

 

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

(Measurement Indicator) 

No. of 

Item 

Cronbach’s 

Alpha 

Factors Loading CR AVE 

1. System Quality (SQ) Cheng (2014) 4 0.805 0.687-0.740 0.806 0.510 

2. Subjective Norms (SN) Bag et al. (2022) 3 0.727 0.579-0.809 0.730 0.479 

3. Interactivity (IN) Cheng (2020) 3 0.890 0.833-0.879 0.890 0.730 

4. Course Content Quality (CCQ)                                                                                          Cheng (2020) 3 0.760 0.624-0.779 0.772 0.533 

5. Perceived Usefulness (PU) Cheng (2020) 4 0.774 0.634-0.715 0.781 0.471 

6. Satisfaction (SAT) Cheng (2014) 4 0.793 0.634-0.780 0.796 0.496 

7. Continuance Intention (CI) Cheng (2020) 4 0.770 0.561-0.741 0.779 0.471 

The measurement model in CFA can be also assessed by 

the goodness of fit indices. Hair et al. (2006) suggested that 

the acceptable values in defining the goodness of fit is 

mandatory for CFA. Per Table 4, this study approved the 

measurement model fit without any adjustment, including 

CMIN/DF = 1.593, GFI = 0.939, AGFI = 0.921, NFI =  

0.923, CFI = 0.970, TLI = 0.964, and RMSEA = 0.034. 
 

Table 4: Goodness of Fit for Measurement Model 
Index Acceptable Values Statistical 

Values 

CMIN/DF < 5.00 (Al-Mamary & 

Shamsuddin, 2015) 

404.591/254 = 

1.593 

GFI ≥ 0.85 (Sica & Ghisi, 2007) 0.939 

AGFI ≥ 0.80 (Sica & Ghisi, 2007) 0.921 

NFI ≥ 0.80 (Wu & Wang, 2006) 0.923 

CFI ≥ 0.80 (Bentler, 1990) 0.970 

TLI ≥ 0.80 (Sharma et al., 2005) 0.964 

RMSEA < 0.08 (Pedroso et al., 2016) 0.034 

Model 

summary 

 Acceptable 

Model Fit 

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 = Normed fit index, CFI = Comparative fit index, TLI = Tucker-

Lewis index, and RMSEA = Root mean square error of approximation 

Source: Created by the author. 

 

In Table 5, testing for discriminant validity was evaluated 

by computing the square root of each AVE (Fornell & 

Larcker, 1981). The results show that the value of 

discriminant validity is larger than all inter-construct/factor 

correlations, therefore, the discriminant validity is supportive. 

The convergent and discriminant validity were proved; 

Consequently, the evidence is sufficient for establishing 

construct validity. 
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Table 5: Discriminant Validity 

  SAT SQ PU CI SN IN CCQ 

SAT 0.704             

SQ 0.287 0.714           

PU 0.367 0.682 0.686         

CI 0.599 0.537 0.677 0.686       

SN 0.149 0.266 0.265 0.263 0.692     

IN 0.412 0.550 0.678 0.679 0.284 0.855   

CCQ 0.439 0.566 0.670 0.642 0.209 0.586 0.730 

Note: The diagonally listed value is the AVE square roots of the variables 

Source: Created by the author. 

 

4.3 Structural Equation Model (SEM)  
 

The structural model can be measured by the goodness 

of fit indices. Per Table 6, this study approved the structural 

model fit without any adjustment, including CMIN/DF = 

3.469, GFI = 0.867, AGFI = 0.838, NFI =  0.824, CFI = 

0.867, TLI = 0.851, and RMSEA = 0.070. 

  
Table 6: Goodness of Fit for Structural Model 

Index Acceptable Values Statistical 

Values 

CMIN/DF < 5.00 (Al-Mamary & 

Shamsuddin, 2015) 

929.730/268 = 

3.469 

GFI ≥ 0.85 (Sica & Ghisi, 2007) 0.867 

AGFI ≥ 0.80 (Sica & Ghisi, 2007) 0.838 

NFI ≥ 0.80 (Wu & Wang, 2006) 0.824 

CFI ≥ 0.80 (Bentler, 1990) 0.867 

TLI ≥ 0.80 (Sharma et al., 2005) 0.851 

RMSEA < 0.08 (Pedroso et al., 2016) 0.070 

Model 

summary 

 Acceptable 

Model Fit 

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 = Normed fit index, CFI = Comparative fit index, TLI = Tucker-

Lewis index, and RMSEA = Root mean square error of approximation 

Source: Created by the author. 

 

4.4 Research Hypothesis Testing Result 
 

The statistical results for the hypotheses testing of this 

study can be measured by the standardized path coefficient 

value (β) and t-value. The significant effect is determined at 

p-value<0.05. In Table 7, the results demonstrate that most 

hypotheses are supported except H5. 

 
Table 7: Hypothesis Results of the Structural Equation Modeling 

Hypothesis (β) t-value Result 

H1: SQ→PU 0.677 10.444* Supported 

H2: SN→PU 0.135 2.724* Supported 

H3: IN→SAT 0.330 6.322* Supported 

H4: CCQ→SAT 0.294 5.076* Supported 

H5: PU→SAT 0.008 0.149 Not Supported 

Hypothesis (β) t-value Result 

H6: PU→CI 0.562 9.101* Supported 

H7: SAT→CI 0.501 8.591* Supported 

Note: * p<0.05 

 

Based on the SEM findings, this study can further be 

discussed: 

H1 shows that system quality strongly impacts perceived 

usefulness, resulting in the standardized path coefficient 

value of 0.677 (t-value = 10.444). Aligned with Pituch and 

Lee (2006), e-learning system quality can be perceived by 

learners to be the most useful platform due to their functions, 

such as complete controllability and flexibility. 

In H2, the relationship between subjective norms and 

perceived usefulness is supported by a standardized path 

coefficient value of 0.135 (t-value = 2.724). Huang (2011) 

approved that subjective norms can greatly predict 

perceived usefulness and behavioral intention as such social 

influence is viewed to affect users’ perceived utility of e-

learning among students. 

H3 reveals that interactivity significantly impacts 

satisfaction, reflecting the standardized path coefficient 

value of 0.330 (t-value = 6.322). The results are supported 

by numerous scholars that additionally cascaded that if an e-

learning system can provide learners with the functions of 

interactive features, it will enhance their satisfaction with 

the system (Cidral et al., 2018; Hassanzadeh et al., 2012; 

Mohammadi, 2015). 

H4 verifies the significant impact course content quality 

on student satisfaction, representing a standardized path 

coefficient value of 0.294 (t-value = 5.076). It was 

confirmed that course design quality as the quality of the 

form for learning contents can enhance student satisfaction 

(Cheng, 2020; Roca et al., 2006). 

H5 signifies that the significant relationship between 

perceived usefulness and student satisfaction is not 

significant. A standardized path coefficient is 0.008 and t-

value is 0.149. The results are opposite to previous claims 

that perceived usefulness is addressed to have significant 

relation with satisfaction of students to use e-learning 

(Bhattacherjee, 2001; Xu et al., 2017). 

H6 approves that perceived usefulness significantly 

impacts continuance intention with a standardized path 

coefficient of 0.562 (t-value = 9.101). Yang and Lin (2015) 

supported that perceived usefulness of learners positively 

enhance continuance intention to use e-learning. 

Last, H7 confirms that satisfaction significantly impacts 

continuance intention with a standardized path coefficient 

value of 0.501 (t-value = 8.591). Many researchers had a 

consensus that students’ satisfaction with e-learning system 

can greatly impact their continuance intention of the system 

(Cheng, 2019; Elliott & Healy, 2001; Xu et al., 2017). 
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5. Conclusions and Recommendation 
  

5.1 Conclusion and Discussion 
 

This study aims to determine the factors of continuance 

intention to use e-learning of female students majoring in 

music in Chengdu. The data was analyzed by Confirmatory 

Factor Analysis (CFA) and Structural Equation Modeling 

(SEM). The findings reveal that system quality and 

subjective norms significantly impact perceived usefulness. 

Interactivity and course content quality significantly impact 

satisfaction. Continuance intention is impacted by perceived 

usefulness and satisfaction. On the opposite, perceived 

usefulness has no significant impact on satisfaction. In 

summary, most hypotheses are supported except the 

relationship between perceived usefulness and satisfaction.  

This study can relate the findings with the theories. First, 

system quality presents the strongest effect on perceived 

usefulness. Even though students expect the system’s good 

quality, they feel it is useful to use such a learning mode. 

Cao and Jittawiriyanukoon (2022) studied e-learning’s 

behavioral intention during the pandemic. Students expect 

the e-learning platform selected by the university can 

provide ease of use, convenience, and reliability. 

Furthermore, subjective norms such as social pressure 

significantly impact perceived usefulness, demonstrating 

that teachers and peers convince students about the 

usefulness of e-learning (Bag et al., 2022; O’Neal, 2007). 

Second, interactivity and course content quality 

significantly impact student satisfaction with e-learning. 

The interactivity of e-learning is expected and impacts 

students’ evaluation. Cheng (2020) explained that a high 

degree of interactivity could greatly impact students' 

satisfaction levels. Furthermore, Roca et al. (2006) noted 

that the high quality, of course, contents as information 

provided by the e-learning system might enhance student 

satisfaction with the system. 

Next, continuance intention is impacted by perceived 

usefulness and satisfaction. Bhattacherjee (2001) indicated 

that perceived usefulness is the degree to which a person 

believes using a particular system would enhance his/her job 

performance and can determine users' behavioral intention. 

Students' satisfaction with e-learning can level their 

confidence and encourage them to continue using it (Xu et 

al., 2017). Therefore, students’ satisfaction with the e-

learning system can greatly impact their continuance 

intention. 

Last, this study found that perceived usefulness has no 

significant impact on satisfaction. The results disapproved 

earlier study mentioned that e-learning can drive students’ 

continuance intention (Bag et al., 2022). It can be assumed 

that students do not see the convenience and accessibility of 

e-learning as a major point but more on other factors. 

5.2 Recommendation 
 

According to Chang (2020), the online education market 

had about 200 million users in 2018, reflecting year-on-year 

growth of 25.7% to reach revenues of RMB 251.7 billion 

($35.9 billion). The forecast showed that China’s online 

education was expected to reach RMB 500 billion ($70.6 

billion) by 2022. These statistical results demonstrated that 

the use of e-learning would be continued and increase in the 

future. Accordingly, this study provides recommendations 

based on the findings that educational institutions and the 

Chinese government should exploit the factors impacting 

the continuance intention of students in higher education to 

improve accessibility with the highest-performance online 

learning infrastructure for the country. 

The system quality demonstrates the highest effect on 

perceived usefulness towards the continuance intention. 

Educational institutions could investigate the functionality 

and system quality of numerous e-learning platforms 

available in the market. The Chinese government should 

elevate the technological infrastructure to cope with future 

demand. The usefulness of e-learning can also be promoted 

through the system’s high quality. The major influence on 

continuance intention can be promoted through educators 

and e-learning developers. Social norms can be that e-

learning is a mega deployment during the Covid-19 

pandemic due to social distance and other measures.  

Additionally, interactivity and course content quality can 

elevate student satisfaction. Thus, universities should 

consistently measure and evaluate the satisfaction level of 

students for better improvement of interactivity and course 

content. This study focuses on the continuance intention of 

students to use e-learning. Perceived usefulness and 

satisfaction directly affect continuance intention. 

Consequently, educators and academic practitioners can 

investigate further the acceleration of these motivations and 

achieve the successful adoption of e-learning.   

 

5.3 Limitation and Further Study 
 

The limitations of this research are sample size and 

methodology that can be further conducted in the future. 

First, the data was collected from a specific group of 

respondents who were female students majoring in music in 

Chengdu. There would be a different perspective on another 

respondent’s characteristics. Second, the selected e-learning 

systems are DingDing, Tencent meeting, and WeLink., 

which limit learners’ experience. Any other platforms or 

upgraded systems in the future can provide different 

findings. Last, the data was analyzed by quantitative 

statistics. The findings cannot cover the clear view of 

participants. Thus, the qualitative method should be useful 

to extend or compare the results. 
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