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Massive Open Online Courses (MOOCs) is the product of “internet + education,” which offer the open educational resources to global students. This study analyzed the factors influencing the continued intention to use the MOOCs by students. To achieve research objectives, this study integrated the unified theory of acceptance and use of technology (UTAUT) and connected classroom climate (CCC). In this study, 312 valid samples were used to verify the hypothesis proposed with the help of structural equation modeling and PROCESS. The results showed that the factors of UTAUT model (performance expectancy, effort expectancy, social influence, and facilitating conditions) had significant positive effects on continued intention to use MOOCs. More importantly, there was a significant moderating effect of CCC between UTAUT and the continued intention to use MOOCs. Based on this research the findings, implications and limitations are discussed.
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INTRODUCTION

A Massive Open Online Course (MOOC) is usually a free online course offered to anyone who wants to sign up to study. The registered students may download the video and content of courses, fulfill the assignments, and conduct quizzes with the help of MOOCs platform (Fianu et al., 2018), which was first proposed in 2008 by Dave and Bryan (Bederson et al., 2015) and first used the term MOOC by Downes and Siemens in 2008 (García-Peñalvo et al., 2018; Fang et al., 2019). MOOC provides students with new learning opportunities and new professional knowledge and skills through online courses (Barak et al., 2016; Evans et al., 2016; Watted and Barak, 2018). MOOCs are regarded as a revolution in the field of education and more people can get quality education resources through MOOCs (Evans et al., 2016; Wu and Chen, 2017). And most of the students are to learn a new concept or improve their knowledge by enrolling in MOOCs (Arpaci et al., 2020). With their advantages of without space and time constraints (Porter et al., 2014), many universities around the world put the development MOOC on the agenda (Sharrock, 2015). As of the end of 2018, more than 900 universities had created 11,400 MOOCs involving over 101 million learners around the world (Sun et al., 2020).

Although MOOCs were held up as an educational innovation (Joo et al., 2018) and had experienced rapid development in recent years (Konstan et al., 2015), there were still some criticisms of MOOCs (Cagiltay et al., 2020). For instance, MOOCs are facing a serious problem of low completion rates (Macleod et al., 2015; Li et al., 2018) or high dropout rates (Cagiltay et al., 2020). According to some estimates, only 15% of registrants were able to complete the course (Arpaci et al., 2020). What was more serious was that the low completion rates of MOOCs had never been improved over 6 years (Sun et al., 2020).

Generally speaking, the initial participation of learners is the first step in the successful implementation of the MOOC program and the key motivation for the ultimate success is the continuous participation and use (Wan et al., 2020). Although many students are attracted by the new teaching model and perfect functions of MOOCs and decide to register and acquire relevant knowledge, they somehow drop out or give up studying due to personal or environmental factors, which results in a low completion rate or high dropout. Thus, it is very critical to study the factors that affect the acceptance and continued intention to use MOOCs (Briz-Ponce et al., 2017; Nikou and Economides, 2017; Chao, 2019).

A main reason of high rate dropout is a lack of face-to-face engagement in MOOCs, which may lead to the students being isolated and disconnected from others (Waugh and Su-Searle, 2014). The connected classroom climate (CCC), which is defined as “student-to-student perceptions of a supportive and cooperative communication environment in the classroom” (Dwyer et al., 2004) is very important. The online courses, such as the MOOCs are a computer-mediated environment, which the students considered to be negatively affected and creates communication challenges (Yang et al., 2019). Furthermore, the nature of an online course (e.g., MOOC) is the lack of face-to-face interaction between students and teachers, and interaction in the learning experience plays a more important role (MacLeod et al., 2017; Yang et al., 2019). It is very important to understand the influence of CCC on MOOCs learning in the computer-mediated environment, but there are only a few studies in this field.

The success of online courses, such as MOOCs, depends on the behavioral intention and use behavior to the new technology (Clay et al., 2009). In the past decades, scholars have done a lot of research on the usage intentions of new technology (Davis, 1989; Chen and Hwang, 2019). Among these theoretical achievements, the unified theory of acceptance and use of technology (UTAUT; Venkatesh et al., 2003) has been regarded as a more complete theory than TAM and other previous models for its greater predictive capacity (Okumus et al., 2016) and higher explanatory power (Barrane et al., 2018). And the UTAUT has been widely used to investigate the factors influencing individual usage intentions of new technology in different environments (Khechine et al., 2016). UTAUT is considered as the most and even the best predictive model (Alawadhi and Morris, 2008; Al-Shafi and Weerakkody, 2010). To precisely identify factors and the mechanism that affected University student's continued intention to use MOOCs, this study integrated the theory of UTAUT and CCC to build an optimized conceptual model.



LITERATURE REVIEW


Unified Theory of Acceptance and Use of Technology

Over the years, researchers have used theories of human behavior to research technology acceptance and usage intention (Rahman et al., 2017). Literature research showed that there were many theories to analyze technology acceptance, such as Theory of Reasoned Action (TRA), Theory of Planned Behavior (TPB), Social Cognitive Theory (SCT), Technology Acceptance Model (TAM), Extended Technology Acceptance Model (TAM2), Motivational Model (MM), Model of PC Utilization (MPCU), Innovation Diffusion Theory (IDT), and Unified Theory of Acceptance and Use of Technology (UTAUT) (Barrane et al., 2018; Fianu et al., 2018). Among these theories, UTAUT integrated the other eight theories to examine the behavioral intention of learners (Venkatesh et al., 2003), which contained four core variables: performance expectancy (PE), effort expectancy (EE), social influence (SI), and facilitating conditions (FC) and four moderation variables: gender, age, experience, and voluntariness of use (Venkatesh et al., 2003).

In the field of technology acceptance and usage intention, UTAUT is the most widely used theory at present (Barrane et al., 2018). A citation of research made in 2014 published 743 scientific papers in journals applying UTAUT model from 2003 to 2013 (Khechine et al., 2016). The UTAUT model is the most predictive model for technology acceptance (Alawadhi and Morris, 2008; Al-Shafi and Weerakkody, 2010) and it is the most powerful theories to explain IT acceptance and use (Al-Qeisi et al., 2015). The UTAUT model could explain up to 70% of the variance of usage behavior (Venkatesh et al., 2003) and was better than the eight individual models with an adjusted R2 of 69% (Venkatesh et al., 2003). Moreover the literature also indicates that the UTAUT is a reliable theoretical model to clarify the influencing factors of technology acceptance across the globe (Arif et al., 2018). Therefore, this study uses UTAUT model as the theoretical basis of the study.



Connected Classroom Climate

Connected classroom climate means the degree of supportive and cooperative communication among students in classrooms (Dwyer et al., 2004). Research shows that the positive classroom climate is good for students (MacLeod et al., 2017) and it has a positive effect on the participation of students in the classroom teaching (Sidelinger and Booth-Butterfield, 2010). For example, positive classroom climates support students to participate in classroom activities, help students to meet their psychological needs and cultivate self-determined motivation (Carini et al., 2006; Joe et al., 2017). Moreover the research indicated that CCC has a positive influence on emotional learning (Johnson, 2009; Frisby and Martin, 2010), cognitive learning (Frisby and Martin, 2010), and self-regulation learning (Sidelinger and Booth-Butterfield, 2010) of students. These contribute to classroom learning of students (Dwyer et al., 2004).

The insufficiency in interaction between learners and teachers is the main reason for the low completion rate of MOOCs (Wang et al., 2017), which causes learners to feel isolated (Wang et al., 2017). With the help of suitable conditions, face-to-face learning groups can help learners improve their knowledge and skills, form group consciousness, influence learning motivation and results of students, and reduce dropout rates (Holliday and Said, 2008; Arendale and Hane, 2014). MOOCs depend on the computer-mediated environments and these technical factors affect student participation and create additional communication challenges (Rovai and Jordan, 2004). CCC is not only important for face-to-face classroom learning, but also for learning through online courses (MacLeod et al., 2017). However, few studies have been conducted on the influence of CCC on MOOCs learning, although some studies showed that the online environment will have an impact on CCC, which in turn will affect the impact of CCC on students (Ritter et al., 2010; Yang et al., 2019). In particular, the influence of CCC on MOOCs acceptance and continued intention to use has not been studied.



Dropout in MOOCs

Although many students use the MOOCs platform for online course registration and learning, the dropout rate is very high (Zhang et al., 2018). It is estimated that the dropout rate of MOOCs is close to 90% on average (Xing et al., 2016), which has become one of the serious problems in learning through the MOOCs (Schuwer et al., 2015; Li et al., 2018; Ortega-Arranz et al., 2019).

Many scholars have studied the reasons for the high dropout rate of MOOCs (Xing, 2018). Research from the perspective of students is one of the main directions and a large number of studies have been carried out around this angle (Veletsianos and Shepherdson, 2016). For example, some studies have discussed the influence of factors, such as motivation levels, attitudes, and patterns of participation behavior of students on the high dropout rate (Xing, 2018). Furthermore, motivation is one of the strongest predictors of participation and efficiency for students in MOOCs (Barba et al., 2016). And the motivation factors are mainly related to the expected benefits for students, including career benefits, personal benefits, and educational benefits (Watted and Barak, 2018). The subjective norms and usefulness of the MOOCs as perceived by students affect their continued intention to use (Xu, 2015).

In addition, some scholars have studied the influencing factors of MOOCs learning from the perspective of teachers. For example, Khalil and Ebner (2013) found the role of interaction in the learning process of MOOCs and how the perceptions of interaction affected MOOC learning behavior and learning effect in students. Stephens-Martinez et al. (2014) pointed out that a MOOC instructor's views about different sources of information might affect the behavior and performance level of students in the learning process of MOOCs. Moreover, Watson et al. (2016) showed that the MOOC instructors could influence the MOOC learning results and attitudes of students by using social presence, teaching presence, and dissonance factors. Different instructional approaches in MOOCs also affect the final learning outcomes of students (García-Martín and García-Sánchez, 2020).

Furthermore, some scholars have analyzed the reasons for the high dropout rate of MOOCs from strategic and environmental perspectives. For example, Li et al. (2018) indicated that it was related to network benefit, user preference, and motivation to achieve for students to insist on completing MOOCs learning tasks. Alraimi et al. (2015) found that the MOOCs perceived reputation, perceived openness, perceived usefulness, and overall user satisfaction significantly influenced on the continuous use intention of MOOCs. Zhang et al. (2018) found that online forum and the interaction with teachers played an important role in motivating students' continuous use of MOOCs learning. Ortega-Arranz et al. (2019) provided empirical evidence to prove that the use of reward-based gamification strategies was one approach to promote student engagement and prevent dropout. In addition, patterns of MOOC features (Xing, 2018), computer self-efficacy, performance expectancy, and system quality (Fianu et al., 2018) and network externalities (Li et al., 2018) influenced MOOCs usage intention and dropout rates.



Summary

One of the most important characteristics of MOOCs is flexibility of self-arrangement of learning schedule by making use of the contents and resources of MOOCs (Bruff et al., 2013). Since most MOOCs support autonomous learning and in essence, it can realize sub-synchronous learning, which makes MOOCs learners often fail to receive direct feedback from teachers and have certain barriers to interaction with others (Kop et al., 2011). In contrast with traditional teaching methods, this kind of teaching method of MOOCs makes students lack the sense of participation and cannot realize the real-time interaction as seen in a physical classroom (Chang et al., 2018). Research shows that students lack motivation to use MOOCs for short of interaction and feedback with teachers, lack of group interaction, and poor communication (Hone and El Said, 2016), which is one of the main reasons for the serious dropout problem of MOOCs. Only using UTAUT model to explain acceptance of MOOCs by students may not achieve an effective result, when considering the social context of MOOCs. To account for the social characteristics of MOOCs and analyze the acceptance of MOOCs, on the basis of integrating CCC theory, this study proposes a new UTAUT model to better explain the influencing factors of students continued intention to use MOOCs. We tried to address two research questions:

Research Question 1: What are the crucial factors affecting students continued intention to use MOOCs?

Research Question 2: What are the moderating effects of CCC between UTAUT and students continued intention to use MOOCs?




RESEARCH MODEL AND HYPOTHESES

UTAUT is a powerful theoretical method, which is widely used to support the measurement of technology acceptance in related education environments (Yang et al., 2019) and it is the basic theoretical framework of this study. At the same time, considering the influence of interaction on learning, this study extends the UTAUT model combined with CCC theory. In the UTAUT model, students' acceptance and use of technology are affected by performance expectancy (PE), social influence (SI), performance expectancy (PE), effort expectancy (EE), and facilitating conditions (FC) (Venkatesh et al., 2003). In addition to these four independent variables (PE, EE, SI, and FC), the original model of UTAUT also included four moderators (gender, age, voluntariness, and experience) for better explaining the adaptability of models in different organizations and different backgrounds (Chen and Hwang, 2019). However research showed that the moderating role of gender and age did not exist in online learning systems for college students (Marchewka et al., 2007). The samples in this study were all college students of similar age and background. Due to the high consistency of samples in the study, the four moderators in the UTAUT model were not taken into account. Therefore in this study, we propose that the four UTAUT variables (PE, EE, SI, and FC) will influence students' continued intention to use MOOCs.

The research showed that social interaction between students and teachers and collaborative interaction among students were important to improve learning and actively participate in online discussions (Jung et al., 2002). Many studies have used CCC to examine the impact of the relationship between teachers and students and classroom atmosphere on learning in face-to-face environments (MacLeod et al., 2017), which is the representation of social interaction in the classroom. Lack of social interaction will increase students' pressure (Demakis and McAdams, 1994), difficulty adjusting to school, dropout tendency, and negative academic performance (McGrath et al., 2000). CCC can provide more opportunities for social interaction. With the help of social interaction the information value, emotional value, and hedonic value increases (Zhang et al., 2017), which effect the MOOCs acceptance (MA). Therefore, as shown in Figure 1, on the basis of existing research, this study integrates CCC theory and UTAUT theory, and deeply analyzes moderation role of CCC between the factors of UTAUT and continued intention to use MOOCs. The research hypotheses of this study are as follows:


[image: Figure 1]
FIGURE 1. Theoretical model and hypotheses.


H1: Performance expectancy has a positive effect on the intention of students continued to use MOOCs.

H2: Effort expectancy has a positive effect on the intention of students continued to use MOOCs.

H3: Social influence has a positive effect on the intention of students continued to use MOOCs.

H4: Facilitating conditions has a positive effect on the intention of students continued to use MOOCs.

H5: Connected classroom climate has moderating effect on the influence of UTAUT on students' continued intention to use MOOCs.



METHODOLOGY


Participants

According to the needs of the research, this study selected students with MOOCs learning experience as the survey objects. A total of 320 questionnaires in a University in China were issued in this study. Eight questionnaires were excluded because of incomplete filling and convergence of answers. Finally, 312 valid questionnaires were included in the analysis. The basic information of participants including gender, age, and grade were presented as demographic characteristics (see Table 1), in which female participants accounted for 55.10%, male participants accounted for 44.90%; 34.90% were under 20 years of age, 46.20% were between 21 and 23 years of age, and 18.90% were over 23 years of age. All the participants had the experience of using MOOCs.


Table 1. Demographics of the participants.
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Measures

The survey used in this study and the research model contained six constructs with 39 items (see Table 2). In order to improve the content validity, the items of measurement are all from literature (Straub et al., 2004) and items were rephrased to fit the context of MOOCs. All items used in the present study were translated into Chinese using standard back-translation procedures (Brislin, 1970) with a seven-point Likert scale (“1 = strongly disagree” and “7 = strongly agree”). Moreover, to ensure the quality of the measurement scale the questionnaire were also reviewed by other professionals. These scales were described as follows.


Table 2. Measurement items.

[image: Table 2]

UTAUT scale consists of five dimensions, namely, performance expectancy (PE, four items, such as “I believe that using MOOCs during my learning would be very useful,” Chronbach's alphas = 0.902), effort expectancy (EE, four items, such as “It would be easy for me to become skillful at using the MOOCs,” Chronbach's alphas = 0.911), social influence (SI, four items, such as “People who influence my behavior think that I should use the MOOCs,” Chronbach's alphas = 0.860), facilitating conditions (FC, four items, such as “I have the resources necessary to use the MOOCs,” Chronbach's alphas = 0.838) and continued intention (CI, five items, such as “I intend to continue to use MOOCs for assisting classroom learning,” Chronbach's alphas = 0.924).

The CCC was measured by the scale of Dwyer et al. (2004), which included a single dimension with 18 items. One representative item of this scale is “I feel a sense of security in my class.” The overall reliability on the scale is 0.976.

All measurement scales reliability analysis show that the Cronbach's α coefficient exceeds the 0.70 threshold (Nunnally, 1978). The measure is reliable.



Data Analysis Method

Data were collected voluntarily and anonymously via paper format and analyzed using SPSS 23.0 and AMOS 24.0. Using structural equation modeling (SEM) to test the relationship between independent variables and the dependent variable. The moderating effect of CCC was tested by the bootstrapping procedures and used the plug-in of PROCESS (Hayes, 2018), which integrates many of the functions of existing and popular published statistical tools for mediation and moderation analyses (Sun et al., 2014).




RESULTS


Measurement Model Results

The purpose of this part is to test the reliability and validity of the research instruments used in this study. Specifically, the measurement model was assessed on four aspects: the item reliability, internal consistency reliability, convergent validity, and discriminant validity (Hair et al., 2011).

First, item reliability examines is estimated by evaluating the loadings of all the items on their latent variable. And the standardized loadings of the items should be 0.50 or higher, and ideally 0.70 or higher and all factor loadings should be statistically significant (Anderson and Gerbing, 1988). Also squared multiple correlation (SMC) is sometimes referred to as item reliability, which represents the extent to which a measured variance of a variable is explained by a latent factor and it should exceed 0.50 (Hair et al., 2010). Second, internal consistency was commonly measured by the composite reliability (CR). And the results of CR for each latent variable should be higher than 0.70. Third, convergent validity can be observed through Average Variance Extracted (AVE) testing. AVE for each latent variable should exceed 0.50 (Fornell and Larcker, 1981). Amos 24.0 is used to conduct confirmatory factor analysis (CFA, see Tables 3, 4) for an examination of the validity of the measure. All the standardized factor loadings exceed 0.70 (p < 0.001), AVE exceeds 0.50 (p < 0.001), CR exceeds 0.70 (p < 0.001), and SMC exceeds 0.50, indicating that the measure has adequate reliability and convergent validity.


Table 3. Reliability and convergent validity of UTAUT scale (n = 312).
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Table 4. Reliability and convergent validity of CCC (n = 312).

[image: Table 4]

Discriminant validity reflects whether two factors are statistically different (Gan and Li, 2015). The discriminant validity of UTAUT scale evaluated by the means of AVE (Fornell and Larcker, 1981). As shown in Table 5, the square root of AVE for each variable (diagonal values in bold) was obviously larger than the respective correlation with other variables, which validates the discriminant validity of the constructs.


Table 5. Correlations and discriminant validity of the UTAUT scale.

[image: Table 5]

As all data were self-reported by the sample, common method bias (CMB) may be found in the studies. Thus Harman's single factor test was conducted to assess whether the CMB existed (Podsakoff and Organ, 1986). According to the research of Podsakoff et al. (2003), if a factor accounts for most of the covariance of the variables, it provides evidence of the existence of CMB. The results from the exploratory factor analysis showed that the largest variance explained by an individual factor is 38.213% of the total variance and none of the factors could explain most of the variance, further indicating that CMB did not exist in this research (Vance et al., 2008).

To test for multicollinearity, the variance inflation factors (VIFs) were computed (Ramon et al., 2019). Results showed that the lowest value of VIFs was 1.091, and the highest value of VIFs was 1.499, where all the values of VIFs were below the conservative threshold of 5 (Hair et al., 2010). Therefore, multicollinearity was not serious in this study.



Structural Model Results

The structural model is mainly analyzed in two aspects: testing the significance levels of the path coefficients and the explanatory power (R2) of the model. The proposed hypotheses (H1–H4) have been tested using SEM. The results of the SEM analysis of the structural model indicated (as shown in Table 6 and Figure 2) that hypotheses H1–H4 are supported by the empirical data. PE, EE, SI, and FC have significant effects on continued intention to use MOOCs (β = 0.245, p < 0.001; β = 0.184, p < 0.001; β = 0.205, p < 0.001; β = 0.312, p < 0.001).


Table 6. Structural equation modeling (SEM) results.
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FIGURE 2. Results of the proposed SEM. ***p < 0.001.


The explanatory power (R2) for the endogenous variable is regarded as the essential criterion for the structural model test (Henseler et al., 2009). At present, there is no unified agreed standard for the optimal value for R2. This study refers to the standards of Cohen (1988) on R2, who suggested that R2 values of 0.02, 0.13, and 0.26 represented small, medium, and large explanatory power, respectively. In the research model of this study, the R2 values for continued intention to use MOOCs was 0.525, which indicated that the model had generally substantial explanatory power. The above results confirm the hypotheses (H1–H4) proposed in this study.



The Moderating Effects Analysis

To test moderation effect of CCC between PE, EE, SI, FC and continued intention to use MOOCs, a moderation analysis was conducted to test the hypothesis (H5) by the bootstrapping procedures and used Hayes (2018) statistical procedure PROCESS in SPSS.

The results of PROCESS are shown in Table 7. The interaction between CCC and PE, EE, SI, and FC was related to continued intention to use MOOCs (β = 0.195, 0.121, 0.113, and 0.266; p < 0.001, p < 0.001, p = 0.003, and p < 0.001, respectively), which means that the regression coefficient of independent variables (PE, EE, SI, and FC) to the dependent variable (CI) will increase by 0.195, 0.121, 0.113, and 0.266 units with the moderation variable of CCC increasing one unit. The moderation role of CCC exists. In addition we used the information in the results to calculate simple effects at low and high levels of CCC (see Table 8). The results show that compared with CCC at low level the influence of independent variable on the dependent variable is further enhanced under the high-level CCC. Hypothesis 5 of this study is confirmed.


Table 7. Moderation effect of CCC between UTAUT and CI.

[image: Table 7]


Table 8. Conditional effects of the focal predictor at high and low levels of the moderator CCC.

[image: Table 8]




DISCUSSION

This study attempted to explore the following two questions: the key factors affecting students continued intention to use MOOCs and the moderating effect of the CCC. With the help of UTAUT theory and CCC theory, this research investigates the effects of performance expectancy, effort expectancy, social influence, facilitating conditions on continued intention to use MOOCs and the moderation effect of CCC. The results show that our model has a good explanatory power in predicting the continued intention to use MOOCs. Data were collected using a survey instrument and 312 valid samples were recruited from a public University in China. The data were analyzed by SEM and Process 3.0. Moreover, this research shows that factors such as performance expectancy, effort expectancy, social influence, and facilitating conditions have a significant impact on continued intention to use MOOCs and the CCC has a significant moderating effect between UTAUT and students continued intention to use MOOCs.


Summary of Findings

The MOOCs provide a lot of meaningful opportunities for educational stakeholders, especially students in higher education (Sabi et al., 2016), which provides more high-quality resources for these students to learn. The study was motivated by the fact that the MOOCs have been widely criticized for the low completion rate. This study discusses the high dropout rate of students from the perspective of technology acceptance, namely, this study incorporated UTAUT (Venkatesh et al., 2003) and CCC (Dwyer et al., 2004) to examine the continued intention to use MOOCs.

This research showed that performance expectancy, effort expectancy, social influence, and facilitating conditions have a significant impact on the continued intention to use MOOCs. Moreover, our findings also have confirmed the moderation role of CCC in the effect of UTAUT on the continued intention to use MOOCs. Previous studies have shown that performance expectancy, effort expectancy, and social influence had an influence on behavioral intention (Venkatesh et al., 2003). This study confirms the existing research conclusions from a new perspective which performance expectancy, effort expectancy, and social influence have a positive impact on students' continued intention to use online courses during the learning process. In addition, this research also provides support for studies conducted by Děcman (2015), Wang et al. (2009), which showed that performance expectancy had a positive influence on usage intention.

The previous research had confirmed that the CCC is beneficial for students to learn, integrate, and retain in face-to-face environments (MacLeod et al., 2017). The current research results showed that the CCC as a moderator had positively impacted the relationship between UTAUT and the continued intention to use MOOCs, which enhanced the influence of UTAUT on continued intention to use MOOCs. This research has examined the CCC in computer-mediated environments, which is consistent with Yang et al. (2019) who found that CCC had a significant impact on cloud classroom acceptance.



Theoretical Implications

This research integrated UTAUT and CCC to explain the continued intention to use MOOCs, which provided a new model to interpret online course learning. The results from the analysis of the structural equation model indicated that continued intention to use MOOCs by students could be influenced by learning environmental expectancy, such as performance expectancy, effort expectancy, social influence, and facilitating conditions. That is to say when considering the intention of continued participation in MOOCs by students, we should consider the acceptance of information technology according to the learning environments.

In addition, the research verified the role of CCC in computer-mediated environments and combined with the UTAUT model, the study analyzed the relationships between performance expectancy, effort expectancy, social influence, facilitating conditions with continued intention to use MOOCs and CCC. Because a person's learning should not be separated from the social environment, but depends on the interaction with others (Schunk, 2012). The findings in the research showed that the same principle also was applicable for MOOCs. These results broaden the knowledge of CCC in computer-mediated environments, which as a new social variables are essential for understanding the continued intention to use MOOCs.



Practical Implications

Our research found that performance expectancy, effort expectancy, social influence, and facilitating conditions in the UTAUT model had direct positive effects on the continued intention to use MOOCs, which provided the theoretical basis for how to improve the continued intention to use MOOCs. Specifically, for the technology attributes of performance expectancy and effort expectancy, which mean that students attach great importance to the practicability and ease of use of the technology in question. Therefore, the teachers should focus on improving the ease of use and practicability of MOOCs, such as selecting technology that is more suitable for students.

In addition, social factors had a positive impact on the continued intention to use MOOCs. The teachers may proactively manage social influence by organizing forums for sharing best practices. Strengthening interaction between student–student interaction or instructor–student interaction is helpful to improve continued intention to use MOOCs. For example, providing a platform that offers personalized feedback, creates real-life context, and encourages social interaction and more student reflection (Johnson and Aragon, 2003; Fianu et al., 2018). As the case with studies conducted by Děcman (2015) and Wang et al. (2009), facilitating conditions had a positive influence on continued intention to use MOOCs. Hence, the universities should consider providing adequate infrastructural facilities and resources, such as more free MOOC resources, simpler learning process, computer equipment, and smooth network links, to the students which will promote the use of MOOCs.

This study and previous literatures showed that he CCC was considered to be very important in both traditional face-to-face classroom teaching (Johnson and LaBelle, 2015) and computer-mediated environments (Yang et al., 2019). Most importantly, the online environment presents a lot of additional communication challenges (Rovai and Jordan, 2004), which is even more important for online learning lacking of interaction. This study investigates the moderation relationship between technological factors (performance expectancy, effort expectancy, social influence, and facilitating conditions) and continued intention to use MOOCs by students. Our results show that CCC can improve the continued intention to use MOOCs, which can help educational administrators and online education implementers to improve the efficiency of online learning by cultivating CCC.



Limitations and Future Study

Although the current research is of great implications, it is not without limitations. First, for the convenience of sample collection the participants of this study were obtained from only one University, whether the conclusion of this study can be extended to a wider range is questionable. In future, more diversified samples and larger samples size can be investigated to enrich the research conclusions. Second, for the convenience of data collection, this study collected data through questionnaires conducted by self-reported. Although this study tried to standardize the data collection process, as self-reported survey relies heavily on human memory, errors could occur (Sudman and Bradburn, 1973). Therefore in the future, other data collection methods, such as experimental method, can be considered to further improve the conclusions of this study. Third, this study analyzed the continued intention to use MOOCs from the perspective of UTAUT model and focused on the influence of UTAUT factors. Previous studies have shown that many factors affected the UTAUT model. In the future, the research can combine the characteristics of MOOCs, analyze the factors that affect UTAUT under the background of MOOCs, and further explore the factors that affect continued intention to use MOOCs.
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