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Introduction/Aim: The purpose of this study is to investigate the key predictors of online learning system continuance intention using expectation-confirmation theory and information system success model as the theoretical framework.

Methods: A total of 537 respondents participated in the questionnaire to measure their self-reported responses to eight constructs (perceived usefulness, interaction, confirmation, satisfaction, continuance intention, information quality, system quality, service quality). Convenience sampling was used to obtain participants in this study. Partial least square structural equation model is used for data analysis.

Results: The results showed that all the hypotheses were validated except that there was no significant positive relationship between online learning interaction and student satisfaction. Meanwhile, the variance of the continuance intention of the online learning system reached 74.0%, falling within the moderate to substantial. In addition, the multi-group analysis of perceived usefulness, satisfaction and continuance intention showed that there was no significant gender difference in the above two relationships.

Discussion: Finally, this study also puts forward the theoretical and practical implications of college students’ continuance intention of online learning system.
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1. Introduction

Online learning system can be regarded as one of the most prominent web-based educational advancements (Cheng and Yuen, 2018). According to Supriyadi et al. (2020), an online learning system, often known as “digital learning,” or “electronic learning (e-learning),” was a digital-based learning technology device such as desktop computers, laptops, tablets, and smartphones. Previous research on online learning system had mostly concentrated on issues of user satisfaction (USAT) and implementation effectiveness (Kovačević et al., 2021; Tsang et al., 2021) during COVID-19. Within the last few decades, large number of researchers argued that academics should place greater emphasis on students’ continuous use of online learning system than on their initial acceptance and subsequent success with such systems (Soria-Barreto et al., 2021; Al-Adwan et al., 2022a,b). The research on the continuous use of college students’ online learning system is divided into two parts: one is concerned with the continuous use behavior of college students’ online learning system (Al-Adwan et al., 2021, 2022a), and the other is concerned with college students’ intention to continue using their online learning system (Soria-Barreto et al., 2021; Al-Adwan et al., 2022b). According to Limayem et al. (2007), continuance intention (CI) of college students to use the online learning system is a key predictor of their continuous use behavior. Therefore, it is critical to focus on the CI of online learning systems by college students during the COVID-19 pandemic and in the period to come.

Researchers have investigated college students’ CI of online learning systems based on different theoretical frameworks, such as Expectation Confirmation Theory (ECT; Gupta et al., 2021; Wang et al., 2021), Technology Acceptance Model (TAM; Ahmad et al., 2020; Ashrafi et al., 2020; Alyoussef, 2021), The Unified Theory of Acceptance and Use of Technology (UTAUT; Liu and Pu, 2020; Wang et al., 2021), Theory of Planned Behavior (TPB; Dalvi-Esfahani et al., 2020; Baranova et al., 2022), etc. For example, based on ECT and TBP, Baranova et al. (2022) selected 301 undergraduate and postgraduate students and investigated the factors influencing CI in blended environment. The results indicated that 82% of the variance of the CI could be explained by integrating the two models. Liu and Pu (2020) took UTAUT and TAM as the theoretical framework to propose an explanatory model of learners’ CI in online learning systems. The research results showed that this model could explain 71.5% of the variance of the CI in online learning systems. The above results indicate that ECT, TAM,UTAUT,TPB, and other models are very suitable to explain the CI of college students in online learning system. In addition, a number of researchers have examined the use of online learning by students in different countries during the COVID-19 outbreak. For example, Alismaiel et al. (2022) studied the influence factors of COVID-19 on online learning and academic performance of 480 Saudi Arabian higher education students, and found that teacher-student interaction had a significant positive impact on online learning during the COVID-19 pandemic. Faura-Martínez et al. (2022) studied how 3,080 Spanish college students adapt to online learning and attend training during the COVID-19 pandemic, and the results showed that college students were not prepared for online learning, and their academic performance still declined despite spending a lot of time studying every day. Jin et al. (2021) studied 854 college students’ intention to use online learning platforms in China during the COVID-19 pandemic, and the results showed that perceived security risk, learning convenience and service quality, usability, usability, teachers’ teaching attitude, task and technology fit, and habits all significantly affected their willingness to switch from offline learning platforms to online learning platforms. Cifuentes-Faura et al. (2021) investgated the impact of COVID-19 on university students in Cambodia, Nigeria, Oman and Spain, and the results showed that COVID-19 had a negative impact on the well-being of students in these four countries, with students not receiving adequate social support and safety protection from others or teachers when they needed it. Thus, there are five major challenges facing higher education institutions during the COVID-19 pandemic: synchronous/asynchronous learning tool integration, access to technology, faculty and student online capabilities, academic dishonesty, and privacy and confidentiality (Turnbull et al., 2021).

Although previous research on CI had built on the TAM, ECT, TPB, UTAUT (Bhattacherjee, 2001; Venkatesh et al., 2003), it was found that using only constructs from these theories was inadequate to deal with the important issues of continuation intention of using technology in an online learning context. In light of this, we deemed it crucial to identify the elements of the online learning environment that motivate users to stick with it over time. According to Yan et al. (2021) ECT and information system success model (ISSM) are the two most important models for investigating the CI of college students in online learning systems. Therefore, we offered a unified model that took into account not only ECT but also the ISSM and other aspects, such as interaction (INT), that could have a distinct impact on students’ tendency to continue their online education (Lee, 2010).

The goal of this research is to better understand the factors that motivate people to keep using online learning systems. Therefore, the current study is an attempt to fill this gap by providing a comprehensive model that takes into account several antecedents of CI and putting the hypotheses to the test in the context of online education. In this study, we conduct a survey administered to undergraduate students in Chinese institution that offers courses using a hybrid model of online and traditional instruction. In addition, Partial Least Squares (PLS) is used for our data analysis needs. Therefore, the research questions of this study are as follows:

1. What factors can affect college students’ CI of online learning systems?

2. To what extent can these factors explain the total variance of college students’ CI of online learning systems?

3. Are there significant gender differences in perceived usefulness (PU), satisfaction (SAT) and CI of online learning systems for college students?

What follows is a brief overview of how the rest of this paper is structured. The literature on ECT, ISSM, and INT will be discussed in the next section. In the second section, we describe our theoretical model built on the foundation of the literature review. Methodology is addressed in the following section, and then findings and analysis of the data are presented in Section 4. We finish with a discussion of the study’s findings and their theoretical and practical implications.



2. Literature review


2.1. ECT

As a model for foreseeing and understanding SAT and continuance behavior, ECT has gained widespread acceptance in recent years (Bhattacherjee, 2001). Key predictors of SAT in ECT were user confirmation (CON) and expectations. The user’s expectations are expressed through CON, and the absence of CON indicates that those expectations were not realized. To conclude, there is a good relationship between CON and SAT (Halilovic and Cicic, 2013). Many educational research have also made use of the ECT framework to investigate into students’ CI (Wang et al., 2021).

Researchers have used ECT as a theoretical framework to study the continuance behavior of numerous types of information systems in recent years (Yang and Jiang, 2020; Wang et al., 2021). To determine if online learning technology can assist students accomplish course learning tasks during the epidemic, Yang and Jiang (2020) developed a task-technology fit (TTF) model that extends ECT. They employed a partial least squares structural equation model to test the hypotheses based on data from 854 valid responses. The findings confirmed that the theoretical framework developed for this study adequately described students’ CI in online learning context (Fu et al., 2022). In order to explain learners’ CI in a massive open online course (MOOC), Dai et al. (2020) proposed a research model that modified and extended the Expectation Confirmation Model (ECM) by including cognitive and affective variables, capturing reflections on the past and anticipations of the future, and taking into account both intrinsic and extrinsic motivations. Chinese university student data was used to test the proposed model. According to the findings, 48% of continuation intention may be explained by the proposed model. In addition, according to previous empirical findings and the theory of expectation confirmation, Lu et al. (2019) investigated the factors that contributed to user SAT and how that SAT affects their actions in MOOC. Seven factors were considered in the research: CON, usefulness, interest, flow, SAT, CI to use, and intention to recommend (ITR). For this study, a total of 300 respondents were polled. The results indicated that flow and interest were significant variables that increased MOOC SAT as measured by ECT. Recent research using ECT to study online learning is summarized in Table 1.



TABLE 1 Research topics on ECT.
[image: Table1]

According to the research, ECT can be utilized to describe how a student’s exposure to an online learning system impacted their real educational experience. Therefore, we adopted ECT as the framework to investigate what aspects impact learners’ SAT and CI with their online learning system.



2.2. ISSM

ISSM was created by DeLone and McLean (1992). Organizational impact, individual impact, use, SAT, information quality (INQ), and system quality (SYQ) are the six components of this model that evaluate the efficacy of an information system. According to the model, the constructs of system quanlity and INQ directly affected user SAT and information system usage (SU). The SAT with and use of the system affects the impact on the individual, which in turn affects the impact on the organization. To forecast information SU and user SAT, however, William and Ephraim (2003) improved and refined the original model by include another quality factor—service quality (SEQ).

A number of studies using the D&M model in an online education setting have shown varying estimates of the total variance explained by quality parameters. Recent research using D&M model to study online learning is summarized in Table 2. Empirically extending the DeLone and McLean information systems success model, Alksasbeh et al. (2019) created a model that captured the most essential quality attributes of MSN apps. It was also shown that there was a significant correlation between overall quality characteristics and student SAT and behavioral intent to use. Using the ISSM, Efiloğlu Kurt (2019) examined how students felt about a certain online learning system. The empirical findings, which were derived from the students’ self-reported perceptional evaluations of the e-learning system, confirmed that while SYQ had a significant impact on both SU and user SAT, INQ had a significant impact on user SAT but not on SU. Hsu (2021) uncovered the factors that affected the success of MOOCs for English as a Foreign Language (EFL) students (gender, age, and opened to experience). It was shown that the extent to which EFL students were willing to try new things had a substantial effect on their evaluations of the service, system, and INQ provided by MOOCs. In addition, the quality of the system was recognized as the most important factor in determining whether or not EFL students will use and be satisfied with MOOCs. Higher levels of use intention, contentment, and perceived value would result in more frequent and deeper engagement with MOOCs.



TABLE 2 Research topics on ISSM.
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2.3. INT

It’s common knowledge that INT is crucial to effective online learning. Learner-learner INTs, learner-instructor INTs, and learner-content INTs are the three types of INTs proposed by Moore (1989), which were most commonly used to describe how people communicate in online learning or technology-based learning settings (Garrison et al., 2003; Yildiz Durak, 2018). While learner-learner INTs occur between students for the goal of sharing knowledge or ideas on course topics, learner-instructor INTs are bidirectional and help to increase or maintain students’ engagement with teaching materials. It’s useful for both mental and social appearances. Learner-content INT occurs each time a student engages with content in a way that leads to growth in that learner’s knowledge, outlook, and/or mental framework (Moore, 1989). By viewing education as a social and cognitive process, Abou-Khalil et al. (2021) argued that three types of INTs (learner-learner, learner-instructor, and learner-content INTs) were recognized as a fundamental framework to provide the minimal connections necessary for effective online learning in a crisis situation. Previous research had indicated the positive influence of these INTs on student SAT in distance education (Pham et al., 2019). Student-teacher INTs, learner-learner INTs, and learner-content INTs were all found to promote online learning performance and boost online students’ SAT with their courses by Lu et al. (2013). High-interactivity online courses are associated with higher levels of student motivation, achievement, and SAT than their less-interactive counterparts (Croxton, 2014). As a result, we hypothesize that the three forms of INTs mentioned above will have an impact on the success and SAT of students engaged in online education. According to Moore and Kearsley (1996), education, whether in-person or virtual, should focus and investigate INT. It’s a way for students to interact with their teachers, peers, and course materials to learn new things and deepen their understanding (Moore, 1989).




3. Hypothesis development


3.1. PU and CI

Davis (1989) first used the PU to describe an individual’s expectation that adopting a new system will improve his or her performance on the job. According to Bhattacherjee (2001), people do not care about the passage of time if they believe they would profit from a particular behavior. PU was found to significantly affect continuation intention, and its explanatory power was further supported by later studies (Wang et al., 2021). Furthermore, ECT-related investigations have revealed that PU influences continuation intention positively. According to the current study, when students utilize an online learning system and evaluate its utility, they are more inclined to continue using it. Therefore, Hypothesis 1 is proposed:


H1: PU of online learning has a significant positive relationship with the online learning CI.
 



3.2. PU and SAT

According to Zeithaml (1988), SAT is the result of a school’s success. PU is correlated strongly with SAT, according to studies of ECT (Yang and Jiang, 2020; Wang et al., 2021). In addition, The PU of online learning systems is an important predictor of students’ learning SAT (Wilson et al., 2021; Kerman et al., 2022). That is to say, the more agreeable and practical the online learning system is seen to be by the students utilizing it during the pandemic, the greater their level of SAT will be. Therefore, we put forward Hypothesis 2:


H2: PU of online learning has a significant positive relationship with students’ SAT.
 



3.3. PU and INT

Many research support the idea that students’ PU makes a direct or indirect contribution to their INT in online learning (Chang and Chen, 2020; Widjaja and Widjaja, 2022). Chang and Chen (2020) research also proved one of their hypotheses, namely that the PU of an e-learning system has a positive and significant effect on INT. Sher (2009) and Ramadiani (2019) discovered a positive and statistically significant association between learner-instructor INTs and the PU of e-learning system. In addition, Ramadiani (2019) found that learner-content and learner-instructor INTs have a substantial impact on the PU of e-learning system. In this study, once users find that the online learning system can effectively improve learning efficiency or performance, it can effectively improve the frequency and quality of INT. Therefore, we put forward Hypothesis 3:


H3: PU of online learning has a significant positive relationship with the INT.
 



3.4. CON and PU

Cognitive dissonance theory was used by Bhattacherjee (2001) to back up the claim that the degree of user CON has a positive effect on PU; a first-time user of an information system cannot confirm whether using the system allows for improved performance because they lack relevant experience. So the user would have low PU to the new system and it is easy to confirm. The user begins operations, and the system’s ability to provide advantages is confirmed in increments as time progresses. Consequently, people gradually adapt their initial thinking to post-anticipation (PU). In subsequent investigations, the effect of CON on PU has also been validated (Bhattacherjee, 2001). In the context of the current study, the degree of CON (the comparison between expectation and experience) generated by students using online learning during the pandemic will modify the previous expectation and change it to post expectation (PU). Thus, post expectation (PU) increases with the degree of CON (Wu and Wang, 2020). Therefore, Hypothesis 4 is proposed:


H4: CON of online learning has a significant positive relationship with the PU.
 



3.5. CON and SAT

Expectation and CON play a role in shaping levels of SAT. The extent of CON is derived from the gap between user expectations and actual use, whereas user SAT is derived from the level of CON (Bhattacherjee, 2001). In accordance with the ECT, user CON is a crucial requirement for SAT (Lee, 2010). CON is the evaluation of whether or not users have met their expectations in the context of the usage of information systems, and it is relevant to SAT (Halilovic and Cicic, 2013). In ECT-related literature, the effect of CON on SAT has been validated (Wang et al., 2021). The greater the degree of CON (comparison between anticipation and post-experience) of students utilizing an online learning system, the greater their feelings following the experience. Thus, the greater the CON, the more likely students are to have high SAT. Therefore, Hypothesis 5 is proposed:


H5: CON of online learning has a significant positive relationship with SAT.
 



3.6. INQ and SAT

INQ, which has been extensively studied in previous research, is defined as users’ perceptions of the quality of information (such as information obtained from a system, accuracy of the information, relevance of the information, timeliness, and completeness of the information) presented on a website (McKinney et al., 2002). For instance, research by Klobas and McGill (2010) and Eom et al. (2012) indicated a strong correlation between INQ and learning management system use and SAT. In addition, Nuryanti et al. (2021) indicated that INQ is a crucial predictors of learning management SU and SAT. Therefore, we may assume that improved quality of information in the online learning system will positively lead to an increase in PU, perceived SAT, and SU. Thus, we hypothesize that:


H6: INQ of online learning has a positive relationship with students’ SAT.
 



3.7. SYQ and SAT

SYQ is the degree of usability and task completion (Isaac et al., 2019). An online learning system’s SYQ is crucial for a positive UE (Ahn et al., 2004). In addition, it is noted as having an effect on performance attributes, function, and accessibility (McKinney et al., 2002). Urbach (2010) further demonstrated the significance of e-learning systems’ navigability, accessibility, structure, visual logic, and stability in ensuring a positive user learning experience. In addition, SYQ has a direct and significant impact on a person’s performance proposed by DeLone and McLean (2002). Therefore, the current research hypothesizes that:


H7: SYQ of online learning has a positive relationship with the students’ SAT.
 



3.8. INT and SAT

Numerous research support the notion that INT contributes either directly or indirectly to student SAT in a online learning context (Niu et al., 2022b). In addition to the variables of motivation, course structure, and teacher facilitation/knowledge, Baber (2020) shown that INT is the most influential factor in determining students’ perceived learning outcomes, which in turn impacts student SAT. Chen et al. (2020) were also successful in proving one of their hypotheses, namely that INT quality of an e-learning system has a positive and statistically significant impact on student SAT. In the meantime, Ares Albirru (2021) characterized the interactive learning environment in terms of communication and exploration of activities, and discovered that the INT aspect influences perceived SAT. From several previous studies already carried out, a hypothesis can be developed that INT will influence e-learning perceived SAT and PU that can be detailed as follows:


H8: INT of online learning has a significant positive influence on SAT.
 



3.9. SEQ and SAT

The SEQ of e-learning systems requires the responsiveness, empathy, trust, and safety of the supporting personnel. According to previous research, SEQ is vital to SAT and use (Tan et al., 2021), and in the context of online learning, SEQ has a significantly positive effect on online learning SU and students’ SAT (Pham et al., 2019). Teddy and Martha (2018) used structural equation modeling (SEM) to examine the link between SEQ and student SAT using a survey of 1,000 students from 13 universities and colleges in Riau Province. The outcome revealed a substantial positive relationship between SEQ and student SAT. Our argument is that the SEQ has an effect on both individual SAT and performance. Therefore, the current research hypothesizes that:


H9: SEQ of online learning has a significant positive influence on the students’ SAT.
 



3.10. SAT and CI

According to the literature on ECT, user SAT is a primary factor influencing their intention to reuse the online learning system (Oliver, 1980; Oliver and Bearden, 1985). In the discussion of research on CI and information systems, Bhattacherjee (2001) claimed that CI is mostly driven by the level of SAT given by actual use. Relevant research had demonstrated that SAT had a substantial influence on the CI (Bhattacherjee, 2001; Cheng, 2019; Lu et al., 2019). In conclusion, ECT provides adequate predictive power for the relationship between SAT and intention to continue (Wu and Wang, 2020). In the context of the current study, user likelihood to change the system decreases as SAT with the platform increases, and online learning CI increases with SAT. Therefore, Hypothesis 10 is proposed:


H10: SAT of online learning has a significant positive relationship with CI.
 

Based on the above hypothesis, the hypothesized model of this study is proposed (Figure 1).

[image: Figure 1]

FIGURE 1
 Research model. PU, perceived usefulness; INT, interaction; CON, confirmation; SAT, satisfaction; CI, continuance intention; INQ, information quality; SYQ, system quality; SEQ, service quality.





4. Methodology and materials


4.1. Participants

This study collected a sample of three colleges (Jiangxi Science and Technology Normal University, Jiangxi University of Applied Science, and Nanchang University) in China that used Super Star, the target online learning system. Students who had utilized Super Star for at least one semester were the units of analysis in this study. In this study, we used an online survey questionnaire to gather information. Over all, 562 students participated in the survey. In total, 537 respondents were applied to validate and evaluate the research model after incomplete and invalid responses (N = 25) were eliminated. Adequate sampling, as described by Gravetter and Forzano (2018), increases the likelihood that participants will complete the questionnaire depending on their availability and motivation to do so. Convenience sampling was used for this study since it is one of the quickest and easiest survey methods to implement and manage. Chi-square tests for gender (male = 45.23%, female = 52.54%; p = 0.500) were used to assess the sample’s representativeness. No statistically significant discrepancy between the sample and population distribution was found, which indicated that the sample waw highly representative. Data were collected between May 2022 and August 2022.

The valid sample included 247 male and 290 female, 117 were freshmen, 90 were sophomores, 180 were juniors, and 150 were seniors. Among them, 67 students use the online learning system for <1 h a day, 157 students use the online learning system for 1–2 h a day, 201 students use the online learning system for 2–3 h a day, 112 students use the online learning system for 3–4 h a day.



4.2. Measurements

As was previously noted, the information was gathered through a web-based survey questionnaire split into two primary parts. In the first section, we asked for demographic information about each respondent. In the second part, eight constructs from the theoretical framework were evaluated. More specifically, there were 32 indicators in Part 2. The 7-point Likert scale ranges from 1 (completely disagree) to 7 (completely agree), and all questions were adopted directly from relevant literature (Appendix A).

Two methods were used to check the reliability and validity of the questionnaire before the actual data gathering. The first step involved a panel of four academic experts with extensive experience in online education evaluating the measurement instruments. Among the four assessors, there was a 90.5% level of consensus. Furthermore, the panel’s suggestions to further strengthen the study’s reliability and validity were taken into account. Secondly, a pilot research involving 60 students was conducted to assess the validity of the eight components. The results show that all constructs are reliable because their respective Cronbach’s alpha values are >0.7 (Hair et al., 2019).

Four items created by Mohammadi (2015) were adopted to assess students’ views on PU of online learning system (2015). Pursuant to the aims of the present investigation, the term “Moodle” was substituted with “online learning system” in the original scale (e.g., “Using online learning enables me to accomplish my tasks more quickly”). Three items created by Bhattacherjee (2001) were used to measure the students’ CON of online learning system. The initial scale was modified by switching “OBD” for “online learningn system” (e.g., “My experience with using online learning system was better than what I expected.”). Chung and Chen (2020)‘s six-item scale was employed to gauge participants’ INT in online learning. It mainly includes three types of INT, namely student-teacher INT (e.g., “The instructor is supportive when a student had difficulties or questions”), student–student INT (e.g., “The course foster student-to-student INT for supporting productive learning”), and student-content INT (e.g., “The course content provides mutual INT to facilitate student learning”). Three items created by Gefen et al. (2003) were adopted as a means of gauging online student SAT with their educational experiences. The original scale was modified by substituting “online learning” for “Travelocity.com” for the purposes of this research. We used a scale created by Cheng et al. (2019) to assess students’ commitment to continuing their online education. The scale developed by Cheng (2019) was what we used to determine whether or not students intended to continue their online education. The SYQ can be evaluated by how simple it is to use the system. The value and trustworthiness of the data provide metrics by which the INQ construct may be evaluated. When students have issues with the online learning system and the responsible staff responds to them quickly, with the appropriate level of expertise, and within the expected time frame, the SEQ becomes better. Urbach (2010) developed and field-tested scales to assess constructs including information, system, and SEQ.



4.3. Statistical analyses

This study employed a two-stage procedure for performing partial least squares (PLS) analysis. Reliability and validity analyses were performed in the first stage, while the structural model’s path coefficients and explanatory power were derived and validated in the second stage. The aforementioned two stages were conducted to ensure the constructs’ validity and reliability, as well as to check the inter-construct relationships (Anderson and Gerbing, 1988). PLS was considered because it is capable of dealing with both the model constructs and the measurement items at the same time, making it ideal for examining the causal relationships between constructs (Petter et al., 2007). Also, PLS is well-suited for dealing with the association between variables in abnormal data distribution because of its flexible criteria for the normality and random of the variables. Additionally, it is useful for evaluating complicated predictive model (Chin, 1998). This study investigated the causal relationship between PU, CON, INT, SAT, CI, INQ, SYQ, and SEQ; meanwhile, each construct contained a number of measurement items. Consequently, PLS was preferable to other SEM analysis methods for this study in order to examine the causal relationship between variables, decrease measurement errors, and prevent collinearity. In addition, according to Majchrzak et al. (2005), the minimum number of samples should be 5–10 times the number of model paths. According to the proposed criteria, the 537 samples and 6 maximal paths in this investigation are adequate for PLS analysis. The SmartPLS (Version 3.2.7) created by Ringle et al. (2015) was used in this research.




5. Results

Prior to actually progressing on to the measurement model, the common method variance (CMV) was assessed. Harman’s one factor test is conducted to determine the presence of CMV (Hair et al., 2019). Consequently, exploratory factor analysis (EFA) was performed. As shown by the outcome, none of these variables explained more than 50% of the variation in the measurement items. With a variance explained of 30.2%, the construct of CON exhibited the greatest variance. Consequently, it was clear that CMV was not present.


5.1. Outer model

At this section, the constructs and the accompanying measuring items were evaluated for validity and reliability. In accordance with Hair et al. (2019), several tests were carried out, including internal consistency reliability (Cronbach’s alpha), discriminant validity, and convergent validity. Convergent validity can be established if the average variance extracted (AVE) is >0.5 (Fornell and Larcker, 1981) and the items loadings on the intended theoretical constructs are in excess of 0.700 (Hair et al., 2021). Cronbach’s alpha and other composite reliability estimates of constructs must be >0.700 (Hair et al., 2019). Table 3 shows all items with loadings larger than the recommended value of 0.708; AVE of each construct is more than 0.5 and Cronbach’s alpha and composite reliability values >0.7. These results demonstrated that the dataset possesses good validity and reliability.



TABLE 3 Construct reliability and validity.
[image: Table3]

In this study, two criteria were used to examine discriminant validity. Firstly, the criterion developed by Fornell and Larcker (1981) was used. According to the findings, each construct’s AVE square root should be higher than its correlation with any other construct in the model. Table 4 reveals this criterion was met, hence discriminant validity exists.



TABLE 4 Fornell and Larcker’s test.
[image: Table4]

Secondly, this study conducted the heterotrait–monotrait ratio (HTMT) approach to test discriminant validity (Henseler et al., 2015). As shown in Table 5, all values are ≤0.85. The existence of discriminant validity and the findings of the Fornell-Larcker criterion are therefore corroborated. In conclusion, the validity and reliability of each instrument employed in this investigation were found to be adequate.



TABLE 5 HTMT.
[image: Table5]



5.2. Inner model

Predictive relevance (Q2), explanatory power (R2), and proposed hypothesis were all evaluated using structural model analysis (Hair et al., 2019). Prior to analyzing the proposed structural relations, it is essential to examine collinearity to ensure that the regression results are unbiased. Accordingly, we assessed collinearity by calculating the variance inflation factor (VIF) values of the inner model, as suggested by Hair et al. (2019). It is recommended that VIF estimates be around or below 5 when checking for the lack of collinearity. According to Table 6, no collinearity issues were present because all constructs got a VIF of <5.



TABLE 6 Collinearity test.
[image: Table6]

The proposed model’s predictive accuracy was measured using R2 and Q2. Following the advice of Hair et al. (2013), a 5,000 bootstrap re-samples technique was carried out to examine all proposed paths. Furthermore, estimates for Q2 were calculated using the blindfolding process. Table 7 shows that the proposed model has sufficient predictive accuracy because all dependent variables have Q2 estimates more than 0.



TABLE 7 Predictive accuracy.
[image: Table7]

According to Table 7, seven different constructs account for 74.0 percent of the CI variance (R2 = 0.740). Meanwhile, Six constructs were involved in the explanation of 74.4% of the SAT variance (R2 = 0.744). According to Chin (1998), such explanation power falls within the moderate to substantial category. To assess the predictive power, the PLS predict technique was also used (Hair et al., 2019). These outcomes, coupled with the fact that all of these variables had positive Q2 values, show the proposed model’s medium to high predictive accuracy.

Effect size (f2) measures if an independent latent variable has a substantial impact on a dependent latent variable. Values of 0.02, 0.15, 0.35 indicates the predictor variable’s low, medium, or large effect in the structural model (Cohen, 1988). This study focuses on the effect of exogenous latent variables on endogenous latent variables (CI and SAT). According to Table 8, the effect size of PU and SAT on the CI was 0.038 and 0.764, respectively, the effect size of CON, INQ, INT, PU, SEQ, SYQ on the SAT was 0.08, 0.2, 0.046, 0.076, 0.1, 0.1. Therefore, Therefore, the effect size of PU on CI is between low and medium, the effect size of SAT on CI is large. In addition, the effect size of CON, INT, PU, SEQ, SYQ on SAT is between low and medium, the effect size of INQ on SAT is between medium and large.



TABLE 8 Effect size (f2).
[image: Table8]

Based on the results of the path analysis presented in Figure 1 and Table 9, we can infer that H1–H5 and H7–H10 are supported, but hypothesis 6 is not. Compared with PU (β = 0.162, p = 0.000), SAT has a greater impact on CI. Compared to other constructs (PU: β = 0.248, p = 0.000; SYQ: β = 0.108, p = 0.000; INT: β = 0.186, p = 0.000; SEQ: β = 0.103, p = 0.000), CON (β = 0.286, p = 0.000) is the most important predictor of SAT. In addition, PU was positively correlated with INT (β = 0.682, p = 0.000). CON was positively correlated with PU (β = 0.844, p = 0.000).



TABLE 9 Path analysis results.
[image: Table9]



5.3. Multi-group analysis

According to Matthews (2017), before performing a multi-group analysis, it is necessary to determine that the sample size of each subgroup must be large enough to meet statistical power guidelines. In this study, the sample sizes were 537. Following the more rigorous recommendations from a power analysis, 75 observations per group are needed to detect R2 values of around 0.25 at a significance level of 5% and a power level of 80%. Therefore, the group-specific sample sizes can be considered sufficiently large (Cohen, 1992).

The next procedure is to conduct a test of measurement invariance. In PLS-SEM, the measurement invariance of composite models (MICOM) process is used to check for measurement invariance (Henseler et al., 2016). During this procedure, three steps should be included: configural invariance, compositional invariance, and equality of composite mean values and variances (Henseler et al., 2016). Firstly, configural invariance must be conducted in MICOM (Henseler et al., 2016). Its involved three criteria: (a) identical indicators per measurement model, (b) identical data treatment, and (c) identical algorithm settings or optimization criteria (Henseler et al., 2016). Since all of the aforementioned requirements have been satisfied, configural invariance has been proven.

Step two of MICOM is to investigate at compositional invariance, which occurs when composite scores are established uniformly across groups (Dijkstra and Henseler, 2011). According to Table 10, compositional invariance is obtained when the original correlations are equal to or higher than the 5.00% quantile correlation (given in the 5.00% column).



TABLE 10 MICOM Step 2 results report.
[image: Table10]

In the third phase of MICOM, composite equality of mean and variance in different groups should be checked. The mean original difference and variance original difference both need to be within the 95% confidence interval respectively, as illustrated in Table 11. All constructs that passed the measurement invariance test are further supported by the Permutation p-values (M) and Permutation p-values (V) >0.05 shown in Table 11.



TABLE 11 MICOM Step 3 results report.
[image: Table11]

Once the invariance is confirmed, the next step is to check if there are appreciable differences between the path coefficients of the theoretical models for the two sets of data. According to the Table 12, there is no gender gap in any of the relationships. Furthermore, the permutation p-values (>0.05) support this conclusion.



TABLE 12 Permutation test path coefficient results.
[image: Table12]




6. Discussion

The purpose of this study is to investigate the key predictors of online learning system CI. In the literature review, we introduce expectation-confirmation theory and the ISSM as the theoretical framework, and INT as the important predictor of the CI of online learning system. In addition, we hypothesized CI of online learning system is predicted by several constructs: PU, INT, CON, SAT, INQ, SYQ, SEQ. The model was validated by partial least square structural equation model technique. All hypotheses were supported except for the relationship between INT and SAT, accounting for 74.0% of the total variance in CI of online learning systems. After multi-group analysis, it was found that there was no significant gender difference between PU, SAT and CI of online learning system. In the following paragraphs, we will discuss the important findings of this study. In addition, Hypotheses H1, H2, and H3 gained empirical support. This confirms that PU is a determinant of CI, SAT and INT. That is to say, when students believe that online learning systems can effectively improve academic performance, their SAT will be increased, their CI will be increased. In addition, in online learning environments, valuable knowledge and ideas often stimulate the INT of student–student, student-teacher and student-content. These results confirm the findings of Wang et al. (2021), who found that PU is critical to the success of information systems (such as SAT, intention to continue use, etc.). In this study, to improve the CI, SAT and INT of college students’ online learning system, on the one hand, the learning content should be changed, so that students can get valuable information, so as to improve their academic performance and the ability to use knowledge to solve problems. On the other hand, improve the efficiency of online learning system, so that students can easily operate, save time.

Hypotheses H4 and H5 were accepted. The results showed that CON significantly influences PU and SAT. The findings demonstrated that PU and SAT are highly influenced by CON. Such results are consistent with earlier ECM-based investigations (Yang and Jiang, 2020). Additionally, it was discovered that CON was a stronger indicator of students’ SAT than PU (Niu and Wu, 2022a). This shows that satisfying students’ expectations for how online learning activities are performed is significantly more crucial to their SAT and may indirectly affect their intention to continue to use. In this study, in order to improve the SAT of college students’ online learning system, on the one hand, students’ demands for the online learning system should be extensively collected to meet their expectations. On the other hand, the functions of online learning system should be publicized to college students so that they can have a correct and comprehensive understanding of the learning system and form reasonable expectations.

The hypotheses H7 and H9 were supported by data. That is to say, the level of SAT with an online learning system is strongly related to the SYQ and the SEQ provided by the system. This demonstrates that people who utilize online learning systems are more content with their jobs and more productive when they have a positive perception of their utilization. It is predicted that the higher the quality of the used online learning system, the more satisfied the system’s end users will be with it. The results of this study support and extend Ajzen (1991) Theory of Reasoned Action (TRA), according to which a person uses an information system if using it would result in benefits for himself. Additionally, user SAT increases in direct proportion to the quality of services offered by the online learning system (Sasono and Novitasari, 2020). The research undertaken by Wang (2008) to examine the success of e-commerce in Taiwan and Wang and Liao (2008) to examine the success of e-government in Taiwan is confirmed and expanded by the findings of this study. Between SEQ and customer SAT, both studies demonstrate a significant and positive association.

INQ is not a very important predictor of student SAT in an online learning context, as evidenced by the lack of support for hypothesis H6. The findings of Eom et al. (2012) are at odds with this outcome, which found that user SAT was significantly correlated with the quality of the information provided to them based on the D&M information system success model for e-learning. The reason for the inconsistent results may be that, in the context of COVID-19, students passively accept online learning, while the frequency and quality of INT (student–student INT, student-teacher INT, and student-content INT) decrease, leading to the shift of factors affecting students’ SAT to hardware (computer, network, etc.) and learning system characteristics (SEQ, SYQ, PU).

H8 was supported by the data. That is to say, INT (student–student INT, student-teacher INT, student-content INT) is an important predictor of online learning SAT. This result is consistent with Ares Albirru (2021), which detailed the interactive learning context and discovered that the INT has an impact on the degree of students’ SAT. Based on the results of this research, the level of user SAT with an online learning system increases as both the quality and frequency of INTs increase inside that system. In this study, one of the most important ways to improve college students’ online learning SAT is to strengthen INT. On the one hand, student–student INT can realize knowledge sharing, information collision, and generate the meaning construction of knowledge; On the other hand, instructor-student INT can realize knowledge transmission, student feedback, and change the way of knowledge transmission.

Since H10 was supported, and students’ SAT is a crucial indicator of the CI. That is to say, the higher the students’ SAT with the online learning system, the stronger their CI, and the more likely they are to have continuous use behavior. The findings of Cheng (2019) are confirmed by these findings, which indicated that students’ SAT is a significant predictor of their CI based on ECM and TTF. In this study, the more satisfied users are with an online learning system, the more likely they are to continue using it. In this study, to improve college students’ SAT with online learning system, they can start from the following aspects, such as learning materials, learning system and teacher support, so as to enhance their CI.

In addition, there was no significant gender difference in the relationship between PU and CI and in the relationship between SAT and CI. The above results are consistent with Tam (2020), which studied the intention of continuous use of mobile banking in Vietnam based on the TAM, the TTF and the ECM, and concluded that there was no gender difference in the relationship between SAT and CI, and there was no gender difference in the impact of PU on the CI (Wu and Wang, 2020). In other words, gender does not need to be considered in the process of enhancing students’ CI in online learning systems usage.



7. Implications

In the context of online learning, this study creates a research model that explains 77.4% and 74.0% of the variance in users’ SAT and CI using the system, respectively. As a result, the research model for this study has greater predictive power in relationship to the gathered information. The next section includes specific theoretical and practical implications.


7.1. Theoretical implications

Firstly, the proposed model makes an effort to establish an unified framework based on the three fundamental viewpoints (namely, ECM, ISSM, and INT) that may affect the CI of online learning. The findings demonstrated conclusively that the research model adequately supported the primary aim of the study, namely, that the integrated model provides a sufficient theoretical framework to explain online learners’ CI of the online learning system. Secondly, the findings of this study demonstrate the importance of ECM in determining students’ SAT with their intention to continue using the online learning system. In the meantime, the findings indicate that students place a disproportionate amount of emphasis on their CON of expectations toward the system when establishing their SAT with the system, which is the most important direct driver of their intention to continue using the system, and that the salience of SAT is significantly greater than PU. The results also suggest that user SAT is the most important factor in determining the intention to continue using an information system, as users lay a greater focus on the CON of their expectations than on their post-adoption beliefs when determining their levels of SAT. As a result, it is essential to consider students’ level of contentment while analyzing their propensity to engage in further online education. This result recommends that in order to increase students’ intention to continue using the online learning system, academic institutions should first focus on identifying sources of students’ disconfirmation and then rethink how to strive to optimize their SAT by reassuring their expectations and supporting their efficient system use.



7.2. Practical implications

This study will benefit online learning systems by increasing student engagement and efficacy. Firstly, an online learning system should meet the needs of its users by giving them useful and interesting information and encouraging INT between learners. To better meet students’ demands, online learning systems should understand their users. Additionally, the intention of learners to continue using and advocating online learning is also strongly influenced by their level of SAT. Secondly, CON also accurately predicts how satisfied students are with online education. Because of this, it is necessary to educate students on how to utilize the online learning system effectively in order to enhance their CON of expectations and further maximize their SAT. Finally, Online instructors should employ vivid examples, appealing instructional techniques, and valuable and engaging content to encourage participant engagement. With the help of these methods, teachers may be able to meet their students’ needs and expectations.




8. Conclusion

The purpose of this study is to investigate the key predictors of online learning system CI. The results show that CON, PU, INT, SYQ, and SEQ are effective predictors of the CI of online learning system, while there is no significant positive correlation between the INQ and the SAT of an online learning system. In addition, there were no significant gender differences in PU, SAT and CI of online learning system. This study extends the field of CI of online learning system. On the one hand, the proposed model makes an effort to establish an unified framework based on the three fundamental viewpoints (namely, ECM, ISSM, and INT) that may affect the CI of online learning. On the other hand, the findings of this study demonstrate the importance of ECM in determining students’ SAT with their intention to continue using the online learning system. Additionally, this study also provide some suggestions for instructors of online learning and decision-makers.

On the basis of the current study’s limitations, potential directions for further research are recommended. The first recommendation concerns the design of the survey. Without a doubt, the process should be set up to protect personal information and keep people from having to fill out the same questionnaires over and over again. Future studies using qualitative interviews or case studies may be able to confirm these empirical findings, as the survey results do not allow for the inference of causality. Secondly, Our sample consists of learners who engaged in online education throughout the COVID-19 epidemic. This indicates that these students’ perspective toward online learning is wholly passive. When learning is transferred from passive students to active students, entirely new outcomes may be attained. The variables affecting students’ SAT and intent to continue learning online would be entirely different for those who actively engage in this mode of instruction. As a comparison to the existing sample, their perspectives are worthwhile researching. Additionally, attitudes among students in various disciplines and courses may vary. Thirdly, this study only explores that there is no significant gender difference in the relationship between college students’ PU, SAT, and CI of online learning system. But why there is no significant gender difference in these two relationships has not been explored. Future studies can be designed to continue to specifically examine the role of gender in these relationships. Fourthly, In view of the impact of the novel coronavirus epidemic, convenience sampling method was adopted in this study, which on the one hand may lead to higher sampling error, and on the other hand may cause the results of the study cannot be generalized to a larger research field. In the future, the COVID-19 epidemic will be over. It is suggested that researchers adopt random sampling or other more scientific sampling methods to obtain results with lower sampling error and more generalization validity. Finally, The effectiveness of students’ learning was not examined in this study, despite the fact that our qualitative findings suggest that it is a major concern. As a result, we anticipate further study on measuring students’ learning as a result of extensive online instruction. The creation of a wide range of reliable evaluation tools is another area deserving of study.
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