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Abstract

:

The global coronavirus disease (COVID-19) outbreak forced a shift from face-to-face education to online learning in higher education settings around the world. From the outset, COVID-19 online learning (CoOL) has differed from conventional online learning due to the limited time that students, instructors, and institutions had to adapt to the online learning platform. Such a rapid transition of learning modes may have affected learning effectiveness, which is yet to be investigated. Thus, identifying the predictive factors of learning effectiveness is crucial for the improvement of CoOL. In this study, we assess the significance of university support, student–student dialogue, instructor–student dialogue, and course design for learning effectiveness, measured by perceived learning outcomes, student initiative, and satisfaction. A total of 409 university students completed our survey. Our findings indicated that student–student dialogue and course design were predictive factors of perceived learning outcomes whereas instructor–student dialogue was a determinant of student initiative. University support had no significant relationship with either perceived learning outcomes or student initiative. In terms of learning effectiveness, both perceived learning outcomes and student initiative determined student satisfaction. The results identified that student–student dialogue, course design, and instructor–student dialogue were the key predictive factors of CoOL learning effectiveness, which may determine the ultimate success of CoOL.
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1. Introduction


The global coronavirus disease (COVID-19) pandemic has had a massive impact on higher education around the world [1]. In the absence of targeted medication, social distancing has been identified as an essential non-pharmaceutical intervention to curb the spread of the disease [2]. In the aftermath of the World Health Organization’s declaration of a COVID-19 pandemic on 11 March 2020 [3], university campuses across the globe were closed to comply with social distancing measures. Moving learning activities online became the only option to continue university education during the pandemic. Such a rapid, global shift from face-to-face (FTF) to online learning presented an unprecedented challenge to higher education [4].



Online learning is not a novel educational approach. It has been incorporated into higher education for years [5]. In 1989, the University of Phoenix became the first institution to launch fully online Bachelor’s and Master’s degree programs [6]. Subsequently, there was a steady increase in the delivery of online education across the world [7]. In 2017, 19.5% of undergraduate students in the United States took at least one online course in their study [8]. With systematic design processes, online courses were developed for education with the maximal use of technologies, including websites, learning portals, video conferencing, and mobile apps, and instructors and students were equipped to perform remote teaching and learning activities. The effectiveness of online learning has also been reported in various studies [9,10,11].



The emergency COVID-19 online learning (CoOL) is, however, different from the conventional online learning of pre-pandemic times. CoOL describes the quick transition from FTF to online learning. Courses that were originally planned to be delivered FTF were forced online within a very short period of time. Instructors and students, some of whom may not have had any experience with online teaching or learning and may not have been ready for the move, needed to cope with the changes quickly. The rapid transition of learning modes may influence learning effectiveness, which is yet to be investigated. As the COVID-19 pandemic continues to dictate our lives and amid a slow global vaccine rollout, CoOL is likely to be a feature of university education in the coming future. This rapid switch between learning platforms may also be needed to adapt to new changing situations. To improve online teaching strategies to accommodate the rapid transition between learning modes, it is important to investigate the learning effectiveness of CoOL [12,13].



1.1. The Importance of Learning Effectiveness


As the use of computer technology in teaching and learning increases, the focus of higher education is gradually shifting from ‘provider’ to ‘learner’ when it comes to enhancing the learning of individual students. However, the traditional quality measures associated with accreditation do not match this new climate of teaching and learning [14]. For example, ‘seat-time’, ‘physical attendance’, and library holdings’ do not translate to an online environment. Outcome-based measures might be useful in online learning environment [15]. Learning effectiveness, which refers to the degree to which the goals of learning have been achieved or that learning is effective, can better reflect the quality of Internet-based teaching and learning [16]. Information obtained from the analyses of learning effectiveness allows institutions to improve online course development. Research examining the effectiveness of online learning has much increased in recent years. According to an integrative review of 761 publications, learning outcomes, learning attitude, and satisfaction are the most common parameters for assessing learning effectiveness in higher education [17].



Learning outcomes reflect aspects of educational success, such as student perceived achievement of learning objectives, the occurrence of learning, improvement in performance, and attainment of results [16]. It has been reported that student perceived learning outcomes are highly correlated with actual learning performance [18]. A study of blended learning environments indicated that high achieving students were more satisfied with the courses than the low achievers, indicating that high achievers can better adapt to varied learning environments than their low achieving peers [18]. However, some researchers suggested that perception of learning may not correlate with actual gains in knowledge [19]. There are mixed results in this area. Therefore, it is important to investigate and provide more empirical evidence on whether perceived learning outcomes is essential for understanding students’ learning achievement and capability to cope with unconventional learning settings.



Student initiative describes an attitude to learning that is characterized by proactive, self-starting, and persisting behaviors that are deployed to accomplish learning goals [20]. It has been shown that student initiative is closely linked to learning achievement. Ashforth et al. [21] indicated that proactive behaviors positively influence learning outcomes. Wolff et al. [22] revealed that active learning leads to better knowledge acquisition and deeper understanding of learning materials. It is especially important to arouse students’ learning initiative during CoOL because of the extra effort required for students to adapt to the change in learning mode and resist distractions. Research into student initiative is, therefore, as important as the study of learning outcomes in evaluating the learning effectiveness of CoOL.



Student satisfaction reflects how positively students perceive their learning experiences. It is associated with the overall success of online courses [23]. Higher student satisfaction can lead to lower drop-out rates, higher persistence, and greater commitment to the courses, which are the keys of success for university programs [23,24]. Moreover, student satisfaction enables institutions to target areas for improvement and facilitates the development of learning strategies specifically for online learners [25]. Therefore, the study of satisfaction is necessary in investigating the learning effectiveness of CoOL. Furthermore, student satisfaction is an important indicator of program- and student-related learning outcomes [26,27]. It has also been suggested that student initiative, involving the self-management of learning, is positively linked to online learning satisfaction [28]. Considering the importance of perceived learning outcomes and student initiative in CoOL, how these factors relate to satisfaction is worth investigating.




1.2. Aim of Study


The primary goal of this study was to identify the factors that predict the learning effectiveness of CoOL. This study advanced previous research into online learning by considering the potential predictive factors that are relevant to CoOL. It also examined the relationship between the three parameters of learning effectiveness, including perceived learning outcomes, student initiative, and satisfaction.





2. Background Theories


Previous studies have identified the determinants of the success of conventional online learning [29,30,31]. These factors have also been found to be closely related to online learning effectiveness. Therefore, to investigate the learning effectiveness of CoOL, the specific predictive factors of CoOL success should also be identified, drawing on the theories of learning.



Learning theories emerged in the 20th century, with three major theoretical frameworks shaping the study of learning: the behaviorist, cognitivist, and constructivist learning theories [32]. Unlike the behaviorist and cognitivist approaches, which emphasize instruction for knowledge transfer [33,34], the constructivist learning theory focuses on knowledge-building processes [35]. Having emerged during a period of educational reform in the United States, the constructivist theory defined one of the fundamental features of online learning, namely, that knowledge is constructed by students, rather than transferred from instructors to students [30]. The course structure and learning environment should facilitate faculty–student interaction as well as student–student interaction in ways that allow students to construct knowledge and formulate newly learned materials [36]. Several other learning theories are extensions of the constructivist theory. These include the collaborative learning theory, the cognitive information processing theory, and the facilitated learning theory [37,38,39]. These theories address different ways of knowledge construction.



Collaborative learning theory, previously known as online collaborative learning, assumes that knowledge is socially and collaboratively constructed through sharing [38]. Learners rely on one another to accomplish tasks that they otherwise would not be able to complete individually. Within this sharing framework, student–student dialogue and instructor–student dialogue are viewed as critical factors to the success of online learning.



Cognitive information processing theory assumes that knowledge is constructed through our cognitive processes, including attention, perception, encoding, storage, and retrieval of knowledge [37]. Online course should be designed in such a way as to facilitate these cognitive processes, for example through the provision of organized instruction, linking new material with prior knowledge, and creating practice opportunities. Course design is, therefore, a potential channel through which online learning is promoted.



The facilitated learning model assumes that learning occurs through an educator who establishes an atmosphere in which learners feel comfortable to consider new ideas and are not threatened by external factors [39]. Institutional support that provides clear guidelines, updates on the arrangement of online class, and technical assistance to ensure the smooth running of classes, is considered a crucial factor to enhance learning effectiveness.




3. Conceptual Framework and Hypotheses


The constructivist learning theories discussed above formed the theoretical foundation of the research model in this study. The construction of the research model itself, by defining the relationships between predictor variables (potential factors) and the outcome variable (satisfaction), were necessary steps in developing appropriate measures and obtaining valid results. The framework of our research model was derived from the study of Eom and Ashill [30], which originated from the web-based Virtual Learning Environment (VLE) effectiveness model [40] and the Technology-Mediated Learning (TML) research framework [41]. Our conceptual framework views CoOL as a system with three input entities—including students, instructors, and institutions (Figure 1). These three entities contribute to four predictive variables: student–student dialogue, instructor–student dialogue, course design, and university support. The four predictive variables regulate the learning processes and predict perceived learning outcomes and student initiative. The learning processes eventually determine satisfaction, which is taken to be the ultimate indicator of learning effectiveness. The development of our hypotheses is discussed in the following sections.



3.1. Potential Factors of CoOL Learning Effectiveness


3.1.1. University Support


Institutional support for learning is a key element in optimizing students’ academic experiences. The assistance offered to students by their universities may involve instructional, peer, and technical support. Lee et al. [42] reported that students’ perceptions of support were significantly related to their overall satisfaction with online courses. University support during CoOL has been deemed especially important for students to cope with the change in learning mode. In particular, instructional support that provides clear guidelines and updates on the arrangement of online class have made students feel comfortable to continue to learn in the CoOL environment. Technical support has ensured the smooth running of classes to maximize learning during CoOL. We therefore proposed the following hypotheses:



Hypothesis 1a.

A higher level of university support results in a higher level of perceived learning outcomes in CoOL.





Hypothesis 1b.

A higher level of university support results in a higher level of student initiative in CoOL.






3.1.2. Student–Student Dialogue


Interaction between students is an important part of any course experience. In the context of CoOL, it is especially indicative of a successful outcome, as social support is a crucial coping mechanism for students. Interaction between students allows the cohort to build a virtual community to compensate for the sudden loss of FTF communication. It also enables students to exchange information and ideas to promote learning through the new platform.



Student–student interaction facilitates dialogue and inquiry, and promotes supportive relationships between learners. This type of interaction can take the form of group projects or group discussions, for example. Student–student interaction is vital to building community in an online environment, which supports productive learning by enhancing the development of problem-solving and critical thinking skills [43]. In one study, students who displayed high levels of interaction with other students reported high levels of learning outcomes and satisfaction [44]. We therefore proposed the following hypotheses:



Hypothesis 2a.

A higher level of student–student dialogue results in a higher level of perceived learning outcomes in CoOL.





Hypothesis 2b.

A higher level of student–student dialogue results in a higher level of student initiative in CoOL.






3.1.3. Instructor–Student Dialogue


Instructor–student dialogue refers to the bi-directional interaction between instructors and students, which can be observed when, for example, an instructor delivers information, encourages their students, listens to students’ concerns, or provides feedback. Students interact with their instructors by asking questions, or communicating with them about course activities. Instructor–student interaction was found to be a significant contributor to student learning and satisfaction [45]. It is critical for the success of CoOL, as good communication and information sharing is essential for both instructors and students to cope with the change. Interaction between instructors and students may enhance students’ understanding of course materials and stimulate students’ learning interest. We therefore proposed the following hypotheses:



Hypothesis 3a.

A higher level of instructor–student dialogue results in a higher level of perceived learning outcomes in CoOL.





Hypothesis 3b.

A higher level of instructor–student dialogue results in a higher level of student initiative in CoOL.






3.1.4. Course Design


Course design is the process and methodology of creating quality learning environments and experiences for students [46]. It is part of the formal role of instructors [47]. With a deliberate design, online courses offer students structured exposure to course materials, learning activities, and interaction. Students are able to access information, acquire skills, and practice higher levels of thinking with the effective use of appropriate resources and technologies. Swan et al. [48] showed that course design can influence the learning process and learning outcomes of students. A recent survey reported that courses containing specific online course components can promote student satisfaction. These components include breaking up class activities into shorter segments than in an in-person setting, meeting in ‘breakout groups’ during a live class, and live sessions in which students can ask questions and participate in discussions. The ability for instructors to arrange and adjust course design to accommodate CoOL is pivotal to enhancing learning effectiveness. We, therefore, proposed the following hypotheses:



Hypothesis 4a.

A higher level of deliberate course design results in a higher level of perceived learning outcomes.





Hypothesis 4b.

A higher level of deliberate course design results in a higher level of student initiative.







3.2. Relationships between Learning Effectiveness Parameters


According to the literature, the three parameters of learning effectiveness are inter-related. Student initiative is closely linked to learning achievement [21,22], and student satisfaction is an important indicator of learning outcomes [26,27] and student initiative [28]. The relationships between the three parameters must be investigated to understand the learning effectiveness in CoOL. We therefore proposed the following hypotheses:



Hypothesis 5.

A higher level of perceived learning outcomes results in a higher level of student initiative.





Hypothesis 6.

A higher level of perceived learning outcomes results in a higher level of satisfaction.





Hypothesis 7.

A higher level of student initiative results in a higher level of satisfaction.







4. Method


4.1. Sample and Procedure


The study sample included 409 full-time undergraduate students from 11 universities (eight public and three private) in Hong Kong who experienced CoOL, in which both asynchronous and synchronous instruction were included, in the spring semester and FTF learning in the autumn semester of 2020 and prior to the CoOL period. In other words, the CoOL period was their first time receiving formal education online. We identified our target respondents through personal networks and referrals. We then sent an e-mail invitation, an information sheet, and a hyperlink to our online survey created by Qualtrics, an online survey system, to our target respondents. Data collection took place immediately after the end of the spring semester of 2020. The demographic characteristics of the participants are shown in Table 1. The participants represented different academic levels, academic disciplines, and universities. The academic levels were categorized into junior and senior levels. Some 45.0% of the participants were taking junior level courses while 55.0% were taking senior level courses. Greater proportions of participants were found in the major disciplines, including business (26.4%), medicine/healthcare (21.3%), social sciences (13.0%), science (13.2%), and arts (10.0%). About half of the participants came from private universities (52.8%) and half from public universities (47.2%) in Hong Kong. The sample was representative of the undergraduate population in terms of academic level, academic discipline, and type of university attended. A diverse background reduces potential biases due to the influence of academic experience in the study sample. There were more female participants than male participants, which reflects similar responses in previous studies of online learning environments [23,49] where females show a higher tendency to participate in online surveys.




4.2. Measures


All of the measurement items with their means and standard deviations are given in Appendix A. For the four predictor variables, the student–student dialogue, the instructor–student dialogue, and the course design constructs were designed with reference to the study of Eom and Ashill [30]. The university support construct was developed with items to investigate student perceived support via clear guidelines, updates on the arrangement of online class, and technical support. These instructional and technical supports were found to predict course satisfaction [42]. For the three outcome variables, the perceived learning outcomes construct was based on the study of Eom and Ashill [30], whereas the student satisfaction construct was adapted from an instrument from past research into student satisfaction with online learning settings [11]. The student initiative construct was developed with items to determine students’ learning behaviors, such as asking more questions, spending more time studying, and spending more time reflecting on what they have learned. These behaviors were considered indicators of the learning initiative of students [50].



Each measurement item was rated on a seven-point Likert scale where 1 = strongly disagree and 7 = strongly agree.




4.3. Data Analysis


The data were analyzed through partial least squares structural equation modeling (PLS-SEM). The statistical software SmartPLS version 3 [51] was used to perform the PLS-SEM analysis.



PLS-SEM is a non-parametric modeling technique developed by Wold [52] that can examine a complex research model in exploratory studies with fewer burdens on sample size and data distribution [53]. Due to their high flexibility and prominence, the use of PLS-SEM applications in higher education research has increased [54].



As the objective of PLS-SEM is to maximize endogenous latent variables’ explained variance [53], this analysis approach particularly suits the aim of this study through assessing the predictive capabilities of the potential factor constructs (university support, student–student dialogue, instructor–student dialogue, and course design) toward the learning effectiveness of CoOL.



The reflective measurement model was evaluated by assessing the internal consistency reliability, convergent validity, and discriminant validity [53]. The structural model was evaluated by examining the coefficients of determination (R2) of the three endogenous constructs (i.e., learning outcomes, student initiative, and satisfaction). The values and significance of the path coefficients were measured through the bootstrapping resampling method (n = 500 subsamples) in the PLS-SEM algorithm [55].



In addition, we included gender, academic level, academic discipline, and type of university as control variables in the research.





5. Results


5.1. Descriptive Statistics


The second and third columns of Appendix A display the means and standard deviations for the measurement items we studied (1 = strongly disagree; 7 = strongly agree). It is found that the mean range was from 2.87 (SD = 1.514) to 4.39 (SD = 1.702), representing that there are some differences in the respondents’ agreement to the items.




5.2. Validation of Measurement Model


Table 2 shows the results of the measurement model validation, including the item factor loadings, composite reliabilities, Cronbach’s alpha, and average variance extracted (AVE) of the seven constructs.



Regarding the construct reliability of the measurement model, both the composite reliabilities and Cronbach’s alphas of the constructs were larger than 0.7, indicating acceptable internal consistency [56,57].



Convergent validity measures the extent to which the items within the same construct relate to each other. Referring to the resulting model (Table 2), the factor loadings of the individual items were all above 0.7 (except ISD4, which was 0.67). The AVE values for all of the constructs were higher than 0.5. These results suggested adequate convergent validity [56,57].



Discriminant validity, which refers to the degree to which each construct in the resulting model is distinct from the others, was measured through the Fornell–Larcker criterion [57]. As illustrated in Table 3, the square root of the AVE value of each construct was greater than its largest correlation with any other construct. Thus, the results demonstrated satisfactory discrimination validity.




5.3. Evaluation of Structural Models


The structural models were evaluated by the size and significance of the path coefficients, and R2. As illustrated in Figure 2, the R2 values represent the amount of explained variance of the endogenous constructs in the structural model, which determines the structural model’s predictive power [53]. Figure 2 shows that the R2 values of learning outcomes (0.471) and student initiative (0.413) were satisfactory. The R2 value of satisfaction (0.646) also showed adequate predictive power in the resulting structural model [58], proving that approximately 64.6% of the variance of satisfaction was explained by the model. The significance and size of the path coefficients are summarized in Table 4.




5.4. Causal Relation Analysis


University support demonstrated no significant relationships with either perceived learning outcomes or student initiative. Thus, both hypothesis Hypothesis 1a and Hypothesis 1b are rejected. Student–student dialogue revealed a significant positive relationship with perceived learning outcomes (β = 0.438, p = < 0.001) but no significant relationship with student initiative, supporting hypothesis Hypothesis 2a and rejecting Hypothesis 2b. Instructor–student dialogue had no significant relationship with perceived learning outcomes but revealed a significant positive relationship with student initiative (β = 0.327, p < 0.001). Hypothesis 3a is therefore rejected, whereas the existence of Hypothesis 3b is supported. Course design demonstrated a significant positive relationship with perceived learning outcomes (β = 0.313, p < 0.001) but had no significant relationship with student initiative. The results support hypothesis Hypothesis 4a and reject Hypothesis 4b.



Perceived learning outcomes was found to have a significant positive relationship with student initiative (β = 0.349, p < 0.001), supporting hypothesis Hypothesis 5. Both perceived learning outcomes and student initiative revealed a significant relationship with satisfaction, and therefore support hypotheses Hypothesis 6 and Hypothesis 7. Of these factors, perceived learning outcomes (β = 0.681, p < 0.001) had a greater relationship with satisfaction than student initiative (β = 0.174, p < 0.001).



Regarding the control variables, gender, academic level, and academic discipline had no effect on student satisfaction with CoOL. Interestingly, the type of university attended influenced student satisfaction; students studying at private universities tended to show greater satisfaction with online classes than those at public universities, when the other variables were kept unchanged.





6. Discussion


This study identified the predictive factors of the learning effectiveness of CoOL. The results indicated that student–student dialogue and course design were significant factors that predicted perceived learning outcomes, whereas instructor–student dialogue was not. In this regard, the determinants of CoOL perceived learning outcomes were found to be different from those of conventional online learning, with all three factors being important predictors in distance learning environments [30]. The specific modifications to course structure and instructional methods in CoOL may explain this difference, as conventional online courses may be better balanced in terms of asynchronized and synchronized sections. However, pre-recorded, asynchronized lectures became one of the major course components in CoOL because much of the online learning material had to be prepared in a short period of time. Instructors also provided clearly written course outlines to ensure that students understood the course requirements and learning objectives. Because most of the course materials were available online, the interaction between instructors and students regarding course content was greatly reduced compared to FTF learning. As the relevance and impact of instructor–student interaction on learning outcomes likely depends on the intensity and frequency with which such interaction occurs [59], instructor–student dialogue may not significantly affect learning outcomes in CoOL. Self-study according to course design and interaction between students through group discussions, group projects, or idea sharing already supported the achievement of learning outcomes. As a result, appropriate course design that encourages student–student interaction is critical for students to achieve learning outcomes in CoOL.



Although instructor–student dialogue had no significant effect on perceived learning outcomes, it was the only factor among the four predictive variables that significantly affected student initiative. Instructor–student interaction, therefore, remains an essential component of CoOL. Interaction with instructors during synchronized lectures, breakout group discussions, or arranged online meetings, allows students to communicate with instructors when they have questions regarding the course content. Instructors can clarify students’ concerns and inspire students’ learning. Interaction with instructors promotes critical thinking and learning interests among students that cannot be achieved by other factors.



The findings indicate the important role of instructors in CoOL. The role of instructors in online learning settings has generally been a neglected area of research [60]. Arbaugh [60] investigated two different roles of instructors, a formal role (teaching presence), and an informal role (immediacy behaviors), and found that both instructor roles were positive and significant predictors of perceived learning outcomes and satisfaction in online MBA courses. The results of our study are consistent with previous findings that the formal role of instructors, including their involvement in course design and promotion of student–student dialogue, positively impacted perceived learning outcomes. In addition, the informal role, which refers to communication behaviors that inspire learning and reduce social and psychological distance between instructors and students, demonstrated a significant impact on student initiative. Both instructor roles, therefore, directly or indirectly affect perceived learning outcomes and student initiative, which eventually determine satisfaction and the ultimate success of CoOL.



University support had no significant relationship with either perceived learning outcomes or student initiative. In this study, the investigation of university support focused on the provision of clear guidelines, updates on the arrangement of online class, and technical support. Students may expect these kinds of assistance to be provided whether a course is delivered FTF or online. Students may not consider these types of support as capable of improving their learning outcomes and initiative during CoOL. In terms of technical support, most of the students in this study had already possessed sufficient information technology skills and had the necessary devices to learn online. Therefore, technical support was not viewed as an essential component that determined learning outcomes and student initiative in CoOL. It is consistent with previous findings that Internet self-efficacy was not a significant predictor of student satisfaction [23,49,61]. However, a recent survey has indicated that other kinds of university support, such as academic advising, tutoring, and administrative support on financial aid, may promote satisfaction and could be included as a subject of future studies [62].



The three demographic characteristics—including gender, academic level, and academic discipline—did not affect student satisfaction toward CoOL, however, the type of university attended did. In Hong Kong, public universities are relatively better known than private institutions, and can recruit students with a higher attainment in the university entrance examinations. The survey results suggest that students’ academic performance influences their preferred mode of learning. More research should be conducted in this area and to see if this finding can be generalized.



In addition, to the best of our knowledge, this study is the first to identify the relationship between the three most common parameters of learning effectiveness. It is likely that perceived learning outcomes significantly affected student initiative because high learning achievement acts as positive reinforcement to promote positive learning behaviors and arouse learning interests. Furthermore, both learning outcomes and student initiative determine student satisfaction, an indicator of the overall success of online courses. Perceived learning outcomes has a greater effect on satisfaction than student initiative, probably because students view their performance as the primary indicator that the course is useful and successful. However, student initiative also has a significant relationship with satisfaction, which should not be neglected. Student initiative implies that students have the drive to learn without being told to do so. Encouraging initiative in students through the ability and attitude to actively self-learn reflects the ultimate success of higher education.



The current research relies on students’ perception of learning and the survey was done at the end of spring asking students to recall fall semester. The passage of time, memory, etc. could impact student answers. Despite the limitations in investigating all possible predictive factors of learning effectiveness, this study identified student–student dialogue, course design, and instructor–student dialogue as the determinants of learning effectiveness in CoOL. Instructors play a major role in incorporating these factors appropriately into courses to promote satisfaction and ensure the ultimate success of CoOL. The further study of more potential predictive factors and a thoroughly detailed study of the known predictive factors (e.g., different forms of student–student and instructor–student interaction, and different types of course design) may provide richer information to guide the improvement of CoOL.




7. Conclusions


This study identified student–student dialogue and course design as predictive factors of perceived learning outcomes, and instructor–student dialogue as a predictive factor of student initiative in CoOL. Both perceived learning outcomes and student initiative determine student satisfaction. For the ultimate success of CoOL, instructors must deliberately incorporate these factors into courses to enhance the learning effectiveness of CoOL.







Author Contributions


Conceptualization, A.M.Y.C. and M.K.P.S.; methodology, J.T.Y.T. and A.M.Y.C.; formal analysis, M.K.P.S., A.C.Y.C. and B.S.Y.L.; writing—original draft preparation, J.T.Y.T. and A.M.Y.C.; writing—review and editing, M.K.P.S., A.C.Y.C. and B.S.Y.L. All authors have read and agreed to the published version of the manuscript.




Funding


The work described in this paper was partially supported from The Hong Kong University of Science and Technology research grant “Big Data Analytics on Social Research” (grant number CEF20BM04); and the Internal Research Grant (RG 53/2020-2021R) and Dean’s Research Fund of the Faculty of Liberal Arts and Social Sciences (FLASS/DRF 04633), The Education University of Hong Kong, Hong Kong Special Administrative Region, China.




Institutional Review Board Statement


The study was conducted according to the guidelines on ethics in research, and approved by the Human Research Ethics Committee of The Education University of Hong Kong (reference number 2019-2020-0104).




Informed Consent Statement


Informed consent was obtained from all subjects involved in the study.




Data Availability Statement


The datasets used/or analyzed during the current study are available from the corresponding author on reasonable request.




Conflicts of Interest


The authors declare no conflict of interest. The funders had no role in the design of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript, or in the decision to publish the results.





Appendix A




[image: Table] 





Table A1. Measurement Items with Their Means and Standard Deviations.






Table A1. Measurement Items with Their Means and Standard Deviations.










	Items (1 = Strongly Disagree; 7 = Strongly Agree)
	Mean
	Standard Deviation





	University Support (US)
	
	



	US1: My university provided me clear guidelines for the online classes due to COVID-19.
	4.13
	1.528



	US2: My university kept me well informed of the arrangement of the online classes due to COVID-19.
	4.37
	1.498



	US3: I could receive instant technological support from my university when I needed.
	3.81
	1.419



	US4: My university paid every effort to ensure the online classes run smoothly due to COVID-19.
	4.00
	1.432



	Student–Student Dialogue (SSD)
	
	



	SSD1: In general, I had positive and constructive interactions with other students frequently in the online classes due to COVID-19.
	3.18
	1.486



	SSD2: In the online classes during COVID-19, the level of positive and constructive interactions between students was generally high.
	3.12
	1.399



	SSD3: In the online classes during COVID-19, I, generally, learned more from my fellow students than in face-to-face classes at the university.
	2.87
	1.514



	SSD4: The positive and constructive interactions between students in the online classes due to COVID-19 helped me improve the quality of the learning outcomes in general.
	3.17
	1.415



	Instructor–Student Dialogue (ISD)
	
	



	ISD1: In general, I had positive and constructive interactions with the instructors frequently in this online classes due to COVID-19.
	3.61
	1.465



	ISD2: In general, the level of positive and constructive interactions between the instructors and students was high in the online classes due to COVID-19.
	3.44
	1.491



	ISD3: The positive and constructive interactions between the instructors and students in the online classes helped me improve the quality of learning outcomes in general.
	3.52
	1.528



	ISD4: Positive and constructive interactions between students and the instructors was an important learning component in the online classes due to COVID-19.
	4.39
	1.702



	Course Design (CD)
	
	



	CD1: The course objectives and procedures of the online classes were generally clearly communicated.
	4.21
	1.321



	CD2: The structure of the modules of the online classes was generally well organized into logical and understandable components.
	4.23
	1.283



	CD3: The course materials of the online classes were generally interesting and stimulated my desire to learn.
	3.76
	1.376



	CD4: In general, the course materials of the online classes due to COVID-19 supplied me with an effective range of challenges.
	4.00
	1.346



	CD5: Student grading components such as assignments, projects, and exams were related to learning objectives of the online classes due to COVID-19 in general.
	4.30
	1.339



	Perceived Learning Outcomes (PLO)
	
	



	PLO1: The academic quality of the online classes due to COVID-19 is on par with face-to-face classes I have taken.
	3.51
	1.574



	PLO2: I have learned as much from the online classes due to COVID-19 as I might have from a face-to-face version of the courses.
	3.51
	1.633



	PLO3: I learn more in online classes due to COVID-19 than in face-to-face classes.
	3.20
	1.693



	PLO4: The quality of the learning experience in online classes due to COVID-19 is better than in face-to-face classes.
	3.21
	1.713



	Student Initiative (SI)
	
	



	SI1: I asked my instructors more questions during the online classes period than in face-to-face classes period.
	3.70
	1.789



	SI2: I spent more time to learn and study during the online classes period than in face-to-face classes period.
	3.92
	1.691



	SI3: I spent more time to reflect what I have studied during the online classes period than in face-to-face classes period.
	3.74
	1.617



	Satisfaction (SAT)
	
	



	SAT1: As a whole, I was very satisfied with the online classes due to COVID-19.
	3.69
	1.599



	SAT2: As a whole, the online classes due to COVID-19 were successful.
	3.83
	1.530
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Figure 1. Conceptual framework of CoOL system. 
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Figure 2. Structural model results. 
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Table 1. Demographic characteristics of the participants (n = 409).






Table 1. Demographic characteristics of the participants (n = 409).










	
	Frequency
	Percent





	Gender
	
	



	  Male
	151
	36.9



	  Female
	258
	63.1



	Academic level
	
	



	  Junior year (Year 1/2)
	184
	45.0



	  Senior year (Year 3 or above)
	225
	55.0



	Academic discipline
	
	



	  Business
	108
	26.4



	  Social Sciences
	53
	13.0



	  Arts
	41
	10.0



	  Science
	54
	13.2



	  Medicine/Healthcare
	87
	21.3



	  Others
	66
	16.1



	University
	
	



	  Public
	193
	47.2



	  Private
	216
	52.8
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Table 2. Model validation results (construct reliability and validity).
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	Construct and Items
	Factor Loading
	CR
	α
	AVE





	University Support (US)
	
	0.925
	0.892
	0.755



	US1
	0.898
	
	
	



	US2
	0.899
	
	
	



	US3
	0.843
	
	
	



	US4
	0.834
	
	
	



	Student-student Dialogue (SSD)
	
	0.910
	0.869
	0.716



	SSD1
	0.823
	
	
	



	SSD2
	0.866
	
	
	



	SSD3
	0.815
	
	
	



	SSD4
	0.879
	
	
	



	Instructor-student Dialogue (ISD)
	
	0.911
	0.869
	0.721



	ISD1
	0.904
	
	
	



	ISD2
	0.908
	
	
	



	ISD3
	0.890
	
	
	



	ISD4
	0.670
	
	
	



	Course Design (CD)
	
	0.917
	0.887
	0.688



	CD1
	0.830
	
	
	



	CD2
	0.881
	
	
	



	CD3
	0.848
	
	
	



	CD4
	0.816
	
	
	



	CD5
	0.770
	
	
	



	Perceived Learning Outcomes (PLO)
	
	0.934
	0.905
	0.779



	PLO1
	0.829
	
	
	



	PLO2
	0.906
	
	
	



	PLO3
	0.905
	
	
	



	PLO4
	0.889
	
	
	



	Student Initiative (SI)
	
	0.904
	0.840
	0.760



	SI1
	0.812
	
	
	



	SI2
	0.886
	
	
	



	SI3
	0.914
	
	
	



	Student Satisfaction (SAT)
	
	0.952
	0.900
	0.909



	SAT1
	0.958
	
	
	



	SAT2
	0.949
	
	
	







CR: Composite Reliability; α: Cronbach’s Alpha; AVE: Average Variance Extracted.
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Table 3. Latent variable correlations (discriminant validity).
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	Constructs
	US
	SSD
	ISD
	CD
	PLO
	SI
	SAT





	University Support (US)
	0.869
	
	
	
	
	
	



	Student-student Dialogue (SSD)
	0.410
	0.846
	
	
	
	
	



	Instructor-student Dialogue (ISD)
	0.439
	0.713
	0.849
	
	
	
	



	Course Design (CD)
	0.692
	0.546
	0.570
	0.830
	
	
	



	Perceived Learning Outcomes (PLO)
	0.367
	0.638
	0.540
	0.552
	0.883
	
	



	Student Initiative (SI)
	0.295
	0.502
	0.557
	0.442
	0.567
	0.872
	



	Satisfaction (SAT)
	0.516
	0.609
	0.594
	0.671
	0.785
	0.560
	0.953







Diagonal values (in bold): Square root of AVE.
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Table 4. Results of hypothesis testing.
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	Path Coefficient
	Hypothesis Support





	Hypothesis 1a: University support    ⟶ +    Learning outcomes
	−0.063
	No



	Hypothesis 1b: University support    ⟶ +    Student initiative
	−0.039
	No



	Hypothesis 2a: Student-student dialogue    ⟶ +    Learning outcomes
	0.438 ***
	Yes



	Hypothesis 2b: Student-student dialogue    ⟶ +    Student initiative
	0.019
	No



	Hypothesis 3a: Instructure-student dialogue    ⟶ +    Learning outcomes
	0.078
	No



	Hypothesis 3b: Instructure-student dialogue    ⟶ +    Student initiative
	0.327 ***
	Yes



	Hypothesis 4a: Course design    ⟶ +    Learning outcomes
	0.313 ***
	Yes



	Hypothesis 4b: Course design    ⟶ +    Student initiative
	0.080
	No



	Hypothesis 5: Learning outcomes    ⟶ +    Student initiative
	0.349 ***
	Yes



	Hypothesis 6: Learning outcomes    ⟶ +    Satisfaction
	0.681 ***
	Yes



	Hypothesis 7: Student initiative    ⟶ +    Satisfaction
	0.174 ***
	Yes







*** p < 0.001.
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