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ABSTRACT
The proliferation of communication technologies in recent years has significantly contributed to the swift 
transformation of education. The outbreak of the COVID-19 pandemic at the beginning of 2020 caused 
further drastic changes in education, making digital transformation one of its most apparent attributes. This 
evolution has necessitated a call for more studies delving into students’ learning experiences in a fully online 
learning environment, especially in nations where online education is still in its nascent stage. By adopting 
the structural equation modeling approach, this study was intended to examine the effects of various types 
of interaction on student satisfaction and the impact of student satisfaction on their behavioral acceptance of 
online learning. The study also aimed to examine the mediating role of student satisfaction in the relationship 
between interaction and perceived acceptance. The participants comprised 336 students across multiple 
academic disciplines from a private university in the Mekong Delta of Vietnam. A questionnaire was used 
for data collection. The results showed that student-teacher interaction and student-student interaction were 
significant determinants of student satisfaction, whereas student-content interaction and student-interface 
interaction yielded opposite outcomes. In addition, of the four types of interaction, satisfaction only mediated 
the relationships of student-teacher interaction and student-student interaction with perceived acceptance. 
These results emphasize the importance of fostering meaningful interaction activities between teachers and 
students, as well as among students themselves, in enhancing student satisfaction and further boosting the 
prospects of online education in today’s digital world.
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INTRODUCTION
The integration of digital platforms in the education landscape has witnessed a remarkable surge in recent 
times, driven by advancements in information and communication technologies (Hockly & Dudeney, 2018; 
Yunus, 2018). Aware of the vast potential afforded by digital media, numerous educational institutions have 
availed themselves of its resources to provide students with various Internet-based educational modalities, 
including but not limited to distance learning and blended learning. Such a propensity is particularly 
pertinent, given the diverse educational needs of individuals in the current epoch of life-long learning. It 
can be posited that the advent of technological applications has engendered a profound metamorphosis in 
the education milieu, thereby affording students various avenues to acquire knowledge. This transformative 
paradigm has not only extended the purview of learning beyond the confines of conventional educational 
settings but has also facilitated the dissemination of outreach education programs to home learning 
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environments. By harnessing the capabilities of technology-based innovations in education, many institutions 
have incorporated digital platforms, such as video meetings and online chatrooms, into their training 
curricula. This development yields enhanced convenience in educational delivery (Suvorova et al., 2021) 
while concurrently fostering students’ learning experiences. Furthermore, the prevalence of online learning 
is poised to provide evidence of its myriad benefits, such as serving as a potential alternative for transcending 
spatial and temporal boundaries while also offering the advantages of flexibility and accessibility of quality 
education where it is most needed (Aydin, 2013; Wu et al., 2023). Nevertheless, the salient facets of online 
instruction are commensurate with its challenges, one of which pertains to optimizing student interaction in 
the learning process as it may affect the effectiveness of online education (Sun & Rueda, 2012).

In Vietnam, although online learning was initiated a long time ago (Tran & Nguyen, 2022), it was not until 
the outbreak of the COVID-19 pandemic worldwide that such a mode of education became widely adopted 
in response to the continuous learning needs of students during the contemporary suspension of face-to-face 
classes. This paradigm shift to online learning has sparked a growing interest in exploring student satisfaction 
with this form of education (Nguyen et al., 2022) as it serves as a barometer for gauging how students perceive 
their learning experiences and assessing the caliber of the course instruction (Hew et al., 2020). However, in 
the field of online education, Teng (2023) underpins the lack of in-depth exploration into the factors that 
impact student satisfaction, especially in institutions where online learning is newly executed. This work, 
therefore, endeavored to contribute toward expanding the existing literature investigating the determinants 
of satisfaction based on a comprehensive analysis of an interaction model. Besides, even though preliminary 
research shows that interaction has a significant role in shaping student satisfaction, there remains a dearth 
of works examining the relationship between students’ satisfaction and their behavioral intention to accept 
online learning, especially in the post-pandemic “new normal.” Overall, the current inquiry was undertaken 
to scrutinize the intricate interplay between students’ interaction, satisfaction, and acceptance of online 
learning through the lens of tertiary students’ perspectives using a structural equation modelling approach 
(SEM). Also, the study was intended to fill the existing gap in the relevant body of knowledge by exploring 
whether students’ satisfaction with online learning mediates the impact of interaction on their perceived 
acceptance of online education. The findings of the present study are hoped to assist educators, instructional 
designers, and policy-makers in optimizing the design and delivery of virtual learning courses, consequently 
amplifying the optimal learning conditions for online students.

LITERATURE REVIEW

Student Satisfaction

Student satisfaction is widely recognized as a multifaced construct comprising various dimensions that 
collectively contribute to students’ reflection on their educational experiences (Amoush & Mizher, 2023; 
Wong & Chapman, 2022). In a parallel vein, Elliot and Healy (2001) postulate that learning satisfaction is 
a multidimensional concept, which is delineated by the manifestation of students’ emotions and attitudes 
toward the learning process. Furthermore, it is contingent upon the extent to which students’ learning 
needs and expectations are fulfilled or exceeded based on their learning encounters (Elliot & Healy, 
2001; Palmer & Holt, 2009). That is, when students perceive that they have successfully attained their 
educational goals and procured the desired reservoir of knowledge and competencies, they are probably 
satisfied with their learning activities. Puzziferro and Shelton (2008) suppose that students who find online 
learning satisfying are more likely to succeed in their studies, whereas dissatisfied learners may encounter 
difficulties in their learning process (Dharmadjaja & Tiatri, 2021). Within digital education, it has been 
empirically established that satisfaction serves as a noteworthy determinant of academic performance and 
the efficacy of the execution of online learning systems (Ke & Kwak, 2013; Kuo et al., 2013; Meyer, 2014). 
Student satisfaction with online learning has been conceptualized as a convoluted and multifaceted concept 
encompassing varied factors. These include, for instance, efficient communication, participation in online 
discussions, flexibility, workload, technological support, instructors’ teaching expertise, and feedback (Wei 
& Chou, 2020). Furthermore, Geary et al. (2023) underscore the significance of teachers fostering a sense 
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of learning community and social connection to ensure student satisfaction in virtual classes. In this study, 
satisfaction is characterized by the manner in which students evaluate their online learning encounters in 
virtual educational settings. Understanding the intricate nature of student satisfaction is, therefore, crucial 
for educators and institutions in enhancing the learning experiences and facilitating the academic outcomes 
of their students. 

Interaction

Moore’s (1989) Model of Interaction

The recognition that interaction is integral to the learning process is evident, be it in-person or online. 
Nevertheless, there is not much consensus on how it is conceptualized and what inherent characteristics 
it carries. Notwithstanding this, a three-type interaction model comprising student-content interaction, 
student-teacher interaction, and student-student interaction is widely acknowledged by scholars and 
researchers, as initially proposed in Moore’s (1989) conceptual framework.

Student-content interaction is indispensable in pursuing educational goals since it is the process of learners’ 
intellectual interaction with the information or knowledge intended to be acquired. This interactive process 
expectedly contributes to the growth in learners’ understanding, perspective, and cognitive structure of the 
mind (Moore, 1989). This type of interaction is also very much connected to a situation in which learners 
“talk to themselves” about the content they are working on in a text, a lecture, a program, and the like 
(Holmberg, 1986). Furthermore, it can be inferred that a relationship exists between content-interactive 
learning and self-directed learning. Some educational programs contain student-content interaction as 
part of their nature. They are equivalent to one-way communications with an expert in a subject matter 
and a course designer at times. Learning is greatly self-directed in such a context if no other teaching 
expertise is involved. 

Student-teacher interaction is considered vital and highly desirable by educators and students. Apart from 
teachers acting as instructors, others involved in the course design, such as experts preparing the learning 
material and those developing the content program, are likely to contribute to this sort of interaction. 
They aim to attract students’ interest in the content of the lesson, motivate them to learn, and enhance 
their learning behaviors, including self-direction and self-motivation (Moore, 1989). Together with 
student-content interaction, student-teacher interaction corresponds with a time when teachers play a 
more influential role in their students’ learning as opposed to student-content interaction itself. Moore also 
states that when student-teacher interaction is available in the learning process through correspondence or 
teleconference, students can be better guided under instructional influences and draw upon their teachers’ 
experience of interacting with the content. Besides, testing and feedback are other substantial elements 
involved in student-teacher interaction when the role of teachers is particularly valued, especially in response 
to students’ application of new knowledge. 

Student-student interaction, or inter-student interaction, is a mutual exchange of information among class 
members, whether or not with the instructor’s presence. This type of interaction has recognized values to some 
extent and is sometimes an essential resource for learning (Moore, 1989). The desirability of student-student 
interaction highly depends on students’ circumstances and personal factors, such as age, learning experience, 
and level of learner autonomy. Compared with younger learners, the acts of stimulation and motivation 
in the teaching process are usually performed with more ease and less use of peer-group interaction when 
it comes to adults and advanced students, as they are likely to be self-motivated. One typical instance of 
student-student interaction is that of students being required to make individual or group presentations. This 
was followed by preliminary discussion, elaboration on critical issues in groups, exchanges of feedback, and 
more in-depth discussion. Researchers found that interaction among members of a crowded undergraduate 
class was not effectively enhanced in face-to-face classrooms, whereas students achieved higher performance 
in group behaviors in online classes using different teaching techniques, such as employing recorded videos 
and computer-mediated interaction (Phillips et al., 1988). 



137

Student-Interface Interaction

Hillman et al. (1994) argue that Moore’s (1998) three types of interaction do not encompass all facets 
of interaction in distance education. The distinctive technological mediation inherent in online learning 
environments necessitates another type of interaction - specifically, the interaction that occurs between 
students and the technologies, referred to as student-interface interaction. It is seen as a process of 
manipulating technological tools to perform a specific task. However, to this end, students must have the 
necessary skills and competencies to deal with the mechanisms of the delivery system. As part of these 
requirements, students must “understand not only the procedures of working with the interface but also the 
reasons why these procedures obtain results” (Hillman et al., 1994, p.34). Hillman et al., 1994 suggest that 
it is essential to distinguish between the manipulation of the interface as another type of interaction and the 
employment of the interface as an inherent facet of all interaction in technology-mediated learning settings. 

Students’ Acceptance of Online Learning
The concept of students’ acceptance of online learning pertains to the cognitive evaluations made by 
students regarding the utility and simplicity of such a medium, which subsequently shape their attitudes, 
perceptions, and behaviors toward online learning environments (Ngampornchai & Adams, 2016). More 
simply, it can be construed as a gauge of their comfort level and willingness to engage in and use online 
learning platforms and resources for educational purposes (Rajeb et al., 2022). Recent studies have reported 
various components that contribute to the acceptance of students in online learning. The Technology 
Acceptance Model (TAM) was first coined by Davis in 1985 and has since been widely used to understand 
user acceptance of information technology across various fields, including online learning (Tung & Chang, 
2007). In accordance with TAM, two primary factors that determine students’ behavioral acceptance of 
online learning are perceived usefulness and ease of use (Granic & Marangunic, 2019; Venkatesh & Davis, 
2000; Venkatesh et al., 2003). The concept of perceived usefulness refers to an individual’s belief toward how 
much a specific technological system would enhance his or her work performance and productivity, while 
perceived ease of use is delineated as the extent to which a person believes that using a technological tool 
would be effortless and stress-free (Davis, 1989). In addition to the two noticeable constructing elements of 
TAM, online learning acceptance has also been explained through multiple components, including students’ 
satisfaction, behavioral intention, user recommendations, and motivation to use an online learning system 
(Rajeb et al., 2023). In the present study, the consideration of these components culminated in the framework 
for measuring students’ intention to accept online learning as an alternative instructional form of learning. 

Theoretical Framework
Interaction and Student Satisfaction with Online Learning

Given the pivotal role of interaction in learning in the field of distance education, a growing body of 
studies has underscored the impact of interaction exerted on student satisfaction levels in online learning 
environments (e.g., Ayanbode et al., 2022; Amoush & Mizher, 2023; Dharmadjaja & Tiatri, 2021; Eom & 
Ashill, 2016; Kim & Kim, 2021; Li & Jhang, 2020; She et al., 2021; Tran & Nguyen, 2022; Yilmaz, 2023). 
The findings of these studies have also unveiled a positive correlation between these two variables. As per the 
findings of Kuo et al. (2014), it was observed that high interaction with the instructor, fellow students, or the 
course material resulted in a heightened sense of satisfaction among students, thereby indicating a significant 
level of involvement in online learning (Kuo et al., 2014). Analogously, using regression analysis, Amoush 
and Mizher (2023) examined the relationship between interaction and university students’ satisfaction with 
online courses. The study revealed that four factors, namely student-content interaction, student-teacher 
interaction, student-student interaction, and student-technology interaction, had a positive influence 
on student satisfaction with online learning. Among these, student-technology interaction was the most 
influential factor, followed by student-instructor interaction. Aydin’s (2021) study shared similar findings 
in that student-content interaction, instructor-student interaction, and student-student interaction had a 
significant effect on students’ online education satisfaction levels. However, unlike the above study, student-
content interaction was found to be the most substantial contributor to student satisfaction. This finding was 
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corroborated by Hettiarachchi et al.’s (2021) study, showing that student-content interaction was the most 
crucial factor of all forms of interaction in shaping student satisfaction in online learning settings. These 
studies emphasized the importance of enhancing the interaction between students and learning materials in 
fostering satisfaction with online education. Moreover, She et al. (2021) conducted a study that employed a 
serial mediation model to elucidate the connection between interaction and online learning satisfaction. The 
researchers found a significant relationship between these constructs, and the mediating factors of students’ 
academic self-efficacy and engagement in online classrooms played a crucial role in the association between 
these two variables. Another investigation conducted by Kuo et al. (2013) focused its attention on discerning 
the determinants of the level of satisfaction experienced by students enrolled in online educational programs. 
The findings of the study obtained through regression analysis revealed that student-instructor interaction, 
student-content interaction, and Internet self-efficacy had a significant role to play in determining student 
satisfaction. Conversely, student-student interaction did not exhibit a discernible impact on the degree 
to which students were satisfied with online education. Another investigation by Gameel (2017) found 
that student-student interaction and student-instructor interaction did not affect student satisfaction with 
massive open online courses. Based on an appraisal of the aforementioned findings, albeit with controversies, 
we hypothesized that:

H1: Student-content interaction has a significant positive effect on students’ satisfaction with online 
learning.

H2: Student-teacher interaction has a significant positive effect on students’ satisfaction with online 
learning.

H3: Student-student interaction has a significant positive effect on students’ satisfaction with online 
learning.

H4: Student-interface interaction has a significant positive effect on students’ satisfaction with online 
learning.

Student Satisfaction and Online Learning Acceptance

One factor impacting students’ behavioral intention to adopt online learning systems is student satisfaction 
with online learning outcomes (Nikou & Maslov, 2022). The relationship between student satisfaction and 
the acceptance of online education platforms was also denoted in a few studies (e.g., Alassaf & Szalay, 2020; 
Baloran et al., 2021; Daneji et al., 2019; Han & Sa, 2021; Lee & Mendlinger, 2011; Palmer & Holt, 2009; 
Shao, 2019; Tan et al., 2023). Lee and Mendlinger’s (2011) research showed that perceived self-efficacy 
positively affected students’ satisfaction with online learning, which in turn affected their intention regarding 
online learning acceptance. Likewise, another study by Baloran et al. (2021) explored student satisfaction 
with online learning amidst the pandemic. The study’s findings revealed that satisfaction was paramount in 
determining students’ behavioral intention to continue with online learning. This suggested that students 
who were satisfied with the caliber of online courses were more likely to harbor a heightened inclination 
to persist in adopting online learning platforms. Similarly, Palmer and Holt (2009) concluded that learner 
satisfaction significantly influenced students’ continuance with online learning. The study highlighted the 
importance of satisfaction in fostering student engagement and improving retention rates in online courses. 
Drawing upon the presented empirical evidence of the relationship between student satisfaction and online 
learning acceptance, we hypothesized that:

H5: Student satisfaction has a significant positive effect on students’ online learning acceptance.

Research Model
Based on the hypotheses mentioned above, the hypothesized model of the present study is shown in Figure 1. 
As can be seen, the model encompasses six latent variables and illustrates the direct and indirect relationships 
between them. Specifically, the four types of interaction act as independent or exogenous variables, and 
online learning acceptance functions as a dependent or endogenous variable. In addition, student satisfaction 
is considered a mediator variable supposed to mediate the relationship between interaction and online 
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learning acceptance. It plays the role of a dependent variable, which is expected to be positively influenced 
by interaction. Simultaneously, it acts as an independent variable, which is assumed to significantly impact 
online learning acceptance.

Figure 1. The hypothesized model

METHODS
Research Design
A quantitative research method was employed in this study to empirically assess the theoretical framework, 
specifically aiming at exploring the complex relationships between students’ interaction, satisfaction, and 
online learning acceptance. The quantitative method is deemed sufficient to validate the theoretical framework 
and related hypotheses (Alarabiat et al., 2023). Such a method plays a crucial role in scientific inquiry as it 
offers a systematic and objective approach to studying a situation (Williams, 2011) and generalizes results 
(Ayanbode et al., 2022). In addition, using standardized measurement tools and statistical analysis techniques 
can ascertain the validity and reliability of research findings (Tirschwell & Longstreth, 2002). In the present 
study, SEM was employed as a multivariate statistical technique to examine the strength and direction of 
relationships between variables (Deng et al., 2017). It also provides a holistic framework for hypothesis 
testing and theoretical model evaluation (Schumacker & Lomax, 2004). Moreover, SEM is considered 
statistically appropriate in this study to understand the mediating role of satisfaction in explaining the nexus 
between interaction and online learning acceptance as it can incorporate these complex relationships and 
allow for the examination of mediating effects. 

Participants
336 third-year and fourth-year (61.1% and 33.9%, respectively) university students from a private university 
in the Mekong Delta of Vietnam were invited to participate in this study. They studied at different faculties, 
including Foreign Languages (23.2%), Business Administration (18.5%), Pharmacy (21.7%), Law (20.2%), 
and Automotive Technology (16.4%). These participants were recruited through the convenience sampling 
method. The sample included 102 males (30.4%) and 234 females (69.6%), and their ages ranged from 19 
to 22 years (M=19.52, SD=0.72). They had full-time experiences of online learning during the COVID-19 
outbreak in Vietnam. They were required to take synchronous online courses lasting for 15 weeks via Zoom 
and Google Meet, with the support of asynchronous content, such as videos and digital documents. Thus, 
these participants were deemed suitable to partake in the present study. Nearly half of them spent 11 to 15 
hours online every week, and the remaining participants spent between 16 and 20 hours. Table 1 summarizes 
the participants’ demographic information.
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Table 1. Demographics of the participants

Variables Categories Frequency Percentage

Faculty

Foreign Languages 78 23.1

Business Administration 62 18.5

Pharmacy 73 21.7

Law 68 20.2

Automotive Technology 55 16.4

Gender
Male 102 30.4

Female 234 69.6

Age group 19-22 336 100

Year of study
Third year 222 66.1

Fourth year 114 33.9

Hours spent online per week
11-15 hours 208 61.9

16-20 hours 128 38.1

Digital platform Zoom and Google Meet 336 100

Mode of online learning access

Computer 14 4.2

Laptop 277 82.4

Mobile phone 45 13.4

Measures
A self-report questionnaire was employed as the primary research instrument to collect quantitative data 
for the study. The questionnaire included two sections. The first part was for eliciting the participants’ 
demographic information, such as gender, age, year of study, and weekly online usage hours. The second part 
encompassed six measurement scales adapted from different sources aiming to assess the forms of interaction 
in which students typically engaged and their satisfaction with and acceptance of online learning, as shown 
in Table 2.

Table 2. Description of the questionnaire

Scales Number 
of items Sample items Sources

Student interaction

Student-content interaction 05 Online course materials helped me to understand the class 
content better. Kuo (2010)

Student-teacher interaction 06 Overall, I had numerous interactions with the teacher 
during class. Kuo (2010)

Student-student interaction 05 Overall, I had numerous interactions with fellow students 
during class. Kuo (2010)

Student-interface interaction 05 Computers make me much more productive. Chang (2013)

Student satisfaction 05 Overall, I was satisfied with this class. Kuo (2010)

Student acceptance 05 In the future, I will be willing to enroll in online classes. Rajeb (2023)

Note. Not all items are included in the table. For each measurement scale/subscale, only one item is presented for reference.

Before the administration of the instrument, it had been checked via expert review. Two senior lecturers and 
two experts in the field were invited to check for its validity. As a result, the questionnaire was marginally 
adjusted in terms of item clarity and readability based on their feedback. The questionnaire was subsequently 
piloted with a group of 30 students who shared the same characteristics as the target participants. All of them 
reported that they had no problems comprehending the questionnaire. These students were excluded from 
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the data collection process to maintain the independence and integrity of the data collected from the actual 
intended participants. Cronbach’s alpha was performed to assess the reliability of the 31-item questionnaire. 
It was found that Cronbach’s alpha of all the factors exceeded the recommended reliability coefficient 
threshold of 0.70 (Hair et al., 2014). The un-dimensionality of the items was also tested by computing 
item-total correlations. The observed items in the predetermined scales had coefficient values ranging from 
0.64 to 0.85, all of which surpassed the widely agreed-upon lower limit of 0.30 (Coolidge, 2013). Thus, all 
items were retained for later analyses. These results collectively substantiated the internal consistency of the 
responses to the items in the present study. Table 3 presents the descriptive statistics of the reliability tests. 

Table 3. Reliability of the questionnaire

Variables Number of items Cronbach’s alpha Item-total correlation range

Student-content interaction 05 0.91 0.71-0.85

Student-teacher interaction 06 0.91 0.67-0.83

Student-student interaction 05 0.92 0.74-0.82

Student-interface interaction 05 0.86 0.65-0.72

Student satisfaction 05 0.90 0.64-0.85

Student acceptance 05 0.90 0.69-0.81

Student Interaction Scale

Students’ interaction in online classes was assessed using the student interaction scale adapted based on the 
existing literature. The scale consisted of 16 items adapted from Kuo (2010), and five items from Chang 
(2013). These items were selected as they were mostly relevant to the context of the present study. They 
were nested under four dimensions of student interaction in online classes, namely (1) student-content 
interaction (5 items), (2) student-teacher interaction (6 items), (3) student-student interaction (5 items), 
and (4) student-interface interaction (5 items). The 21 items were evaluated based on a 5-point Likert scale, 
ranging from (1) strongly disagree to (5) strongly agree. In combination, Kuo (2010) and Chang (2013) 
previously reported the scale’s strong validity and demonstrated high reliability coefficients for the subscales 
specific to the four types of interaction.

Student Satisfaction Scale

To quantify university students’ satisfaction with online learning, the study utilized the student satisfaction 
scale adapted from Kuo (2010) as it was appraised as appropriate for the target learning context and 
population. The scale constituted one latent variable with five observed items. It used a 5-point Likert 
rating, varying from 1 (strongly disagree) to 5 (strongly agree). Kuo (2010) proved that the scale was valid 
and reliable in measuring students’ satisfaction with online learning. 

Online Learning Acceptance Scale

The outcome variable of students’ behavioral intention toward online learning acceptance was measured by 
the online learning acceptance scale, which was designed by Rajeb (2023). The scale consisted of one latent 
variable and five observed items, which were slightly modified so that they would be fully applicable to the 
participants. Students responded to each item using a 5-point Likert scale, ranging from (1) strongly disagree 
to (5) strongly agree. The validity and reliability of the scale were empirically established in Rajeb’s (2023) 
scale development and validation study.
 
Data Collection Procedures

Questionnaires were initially administered to 415 students from 10 classes during their study hours with the 
assistance of the teachers of these classes. They were asked to fill in the questionnaire in a paper-and-pencil 
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format under the researchers’ presence. Of 415 students, 395 completed the questionnaires with a return 
rate of 95.2 %. After the data screening, 336 responses were evaluated as valid and retained as the actual 
study sample. This number of participants was considered significant as it satisfied the sample size threshold 
needed for exploratory factor analysis (EFA), surpassing the requirement of being at least five times greater 
than the observed variables (Hair et al., 2014). Kline (2015) recommends a minimum of 100 observations 
for estimating SEM and 200 observations for obtaining reliable estimates. The sample size of 336 certainly 
met these requirements. 

Data Analyses

Prior to SEM analyses, EFA was performed using IBM AMOS ver. 27, followed by confirmatory factor 
analysis (CFA) to evaluate the proposed model. EFA was used to investigate the correlations among the 
factors and their factor loadings (Hair et al., 2014), which aids in evaluating the convergent validity of scales 
measuring self-perceived constructs (Zhu et al., 2021). CFA is an advanced statistical method that employs 
the input of correlations to establish a structural model in which structural relationships between latent 
constructs and their observed variables are assessed (Alrabai, 2011). The theoretical model in this study was 
evaluated based on several types of omnibus fit indexes to determine goodness-of-fit to the sample data. 
These include the chi-square statistic (χ2), degree of freedom (df ), p-value, normalized χ2 or χ2 divided by df 
(χ2/df ), and other essential indices, such as the goodness-of-fit index (GFI), the comparative fit index (CFI), 
the normed fit index (NFI), the root mean square error of approximation (RMSEA), the standardized root 
mean square residual (SRMR), and the Tucker-Lewis index (TLI). It is suggested that values greater than 
0.90 for GFI, CFI, NFI, and TLI are considered acceptable, and values over 0.95 indicate a good model fit 
(Hair et al., 2019). The acceptable values for RMSEA and SRMR are less than 0.1 and 0.05, respectively 
(Byrne, 2016).

Common Method Bias

Common method bias refers to measurement errors that substantially overestimate the relationship between 
variables measured with the same method (Kamakura, 2010; Spector, 2006). Podsakoff et al. (2003) suggest 
several statistical solutions to reduce bias caused by the homogeneous validity scales, one of which is Harman’s 
single-factor test. It is known as a widely used method in this regard. Unrotated exploratory factor analysis 
was conducted using the 31 items loaded into one latent variable. The average variance accounted for by the 
single factor was only 23.8%, well below the recommended cutoff of 50%. Therefore, it could be concluded 
that no serious common method bias was observed in this study.

RESULTS
Exploratory Factor Analysis
An EFA was conducted on the 21 items constructing student interaction factors. First, Kaiser-Mayer-Olkin 
(KMO) and Barlett test of sphericity were examined for factor analysis compliance. The adequacy of the 
sample was measured by conducting the KMO test. A KMO value of over 0.05 is considered indicative 
of sufficiently high correlations among items, and therefore, they can be used to perform factor analysis 
(Tabachnick & Fidell, 2001). In this study, the KMO value was 0.877. Barlett’s test of sphericity was then 
computed to assess the suitability of data for EFA (Korucu & Karakoca, 2020). A significant result of 0.000 
was recorded in Barlett’s test of sphericity. This means that the correlation matrix was not an identity one and 
was suitable for structure detection. Principal component analysis as an extraction method was employed to 
reflect on the data structure. The Kaiser criterion, which involves the examination of the initial eigenvalues, 
was applied to determine the number of factors to be extracted. In addition, Varimax rotation was adopted 
to ensure interrelations among factors. In this study, having the initial eigenvalues greater than 1.0, four 
factors underlying student interaction dimensions were ultimately extracted, which together explained 
71.28% of the variance. A scree plot was used to confirm the number of suitable factors. The elbow in the 
scree plot suggested that four principal factors should be extracted. Hence, the remaining 28.72% of the 
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variance was accounted for by other possible variables which were not included in the study. Subsequently, 
the factor loadings and communalities of all the items were checked. Factor loadings greater than 0.4 are 
considered adequate for item retention in the model; likewise, communalities greater than 0.4 are deemed 
acceptable (Osborne et al., 2008). In the present study, the factor loadings ranged from 0.747 to 0.896, and 
communality values ranged from 0.582 to 0.825, as shown in Table 4. These values suggested a good fit of 
the items to their respective factors. As mentioned earlier, the Cronbach’s coefficient alpha values for four 
factors were between 0.86 and 0.92, presenting sound reliability for each scale. 

Table 4. Results on factor loadings and the communalities

Items
Factors

Communalities
1 2 3 4

STI3 .876 0.796

STI6 .861 0.778

STI5 .844 0.739

STI1 .837 0.719

STI2 .754 0.586

STI4 .752 0.582

SSI5 .881 0.801

SSI4 .873 0.794

SSI3 .860 0.792

SSI1 .840 0.723

SSI2 .821 0.691

SCI4 .896 0.825

SCI5 .868 0.786

SCI2 .845 0.760

SCI3 .821 0.707

SCI1 .793 0.660

SII5 .797 0.695

SII4 .791 0.683

SII2 .781 0.630

SII3 .773 0.624

SII1 .747 0.596

Extraction Method: Principal Component Analysis. 

 Rotation Method: Varimax with Kaiser Normalization.

a. Rotation converged in 5 iterations.

Note. SCI = student-content interaction, STI = student-teacher interaction, SSI = student-student interaction, SII = student-interface interaction, 
SAT = student satisfaction, ACC = student acceptance

Normality Check
The normality of measurement items was examined using Mardia’s skewness and kurtosis. The assumption 
of multivariate normality is a fundamental consideration in CFA, where the observed variables and their 
joint distributions are expected to adhere to a normal distribution (Dimitrov, 2010), and its violation can 
influence the estimation and interpretation of CFA models (Flora & Curran, 2004). For this study, skewness 
values ranged from -0.916 to +0.424, and kurtosis values fell between -0.380 and +2.544. All the values 
were within the acceptable limit, demonstrating that the data fit the normality assumption. The results of 
the normality assessment are illustrated in Table 5.
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Table 5. Results of the normality assessment

Variables
Normality index

Skewness Kurtosis

Student-content interaction -0.289 -0.027

Student-teacher interaction -0.578 0.213

Student-student interaction -0.158 -0.380

Student-interface interaction 0.424 2.544

Student satisfaction -0.916 2.145

Student acceptance -0.344 -0.265

Convergent Validity
Convergent validity was checked based on factor loadings, composite reliability (CR), and average variance 
extracted (AVE) (Hair et al., 2019). In the present study, the measurement model was composed of six first-
order latent constructs, namely student-content interaction, student-teacher interaction, student-student 
interaction, student-interface interaction, and students’ online learning satisfaction and acceptance. The 
results indicated that the standardized factor loadings were within 0.64 to 0.88. The CR values of all factors 
exceeded the recommended threshold of 0.70. The AVE values for all constructs were greater than 0.5, 
and each construct’s AVE was less than its respective CR. These results indicated that all six constructs had 
acceptable convergent validity. Table 6 shows the results of the convergent validity testing.

Table 6. Convergent validity measures

Variables Factor loadings CR AVE

Student-content interaction 0.724-0.884 0.915 0.684

Student-teacher interaction 0.665-0.827 0.912 0.636

Student-student interaction 0.737-0.855 0.919 0.694

Student-interface interaction 0.666-0.761 0.861 0.553

Student satisfaction 0.641-0.872 0.899 0.643

Student acceptance 0.710-0.853 0.902 0.648

Discriminant Validity
The heterotrait-monotrait ratio (HTMT) of the correlations was employed as a criterion to examine the 
discriminant validity of the latent constructs. Henseler et al. (2015) assert that the HTMT ratio offers a 
more reliable and less biased evaluation of discriminant validity when compared to other widely employed 
methods, such as the Fornell-Larcker criterion and cross-loadings. HTMT values less than the cutoff value 
of 0.85 are typically regarded as satisfactory, whereas values surpassing 0.90 indicate a dearth of discriminant 
validity (Hair et al., 2019). In this study, all the HTMT values were far lower than 0.85, ranging from 0.082 
to 0.454, as indicated in Table 7. Thus, the discriminant validity of the constructs was confirmed. 

Table 7. Discriminant validity measures

1 2 3 4 5 6

1. Student-content interaction

2. Student-teacher interaction 0.312

3. Student-student interaction 0.082 0.157

4. Student-interface interaction 0.279 0.124 0.091

5. Student satisfaction 0.454 0.385 0.086 0.273

6. Student acceptance 0.258 0.162 0.432 0.157 0.115
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Measurement Model Assessment
As a prerequisite for SEM analyses, the entire measurement model with six first-order latent constructs 
was assessed using CFA to evaluate if the measurement model fits the data well. According to the CFA 
results, the model had a good fit, as evidenced by the following model fit indices: χ2 = 585.328; df = 411; 
χ2/df = 1.420; GFI = 0.902; CFI = 0.975; TLI = 0.972; NFI = 0.920; RMSEA = 0.035; SRMR = 0.039. 
Besides, the standardized estimated loadings of observed variables on latent variables were greater than 
0.50, all of which were statistically significant (p < 0.001), demonstrating that the latent constructs were 
adequately operationalized by their indicators (Raykov & Marcoulides, 2008). Figure 2 depicts the six-factor 
measurement model based on CFA.

Figure 2. The six-factor measurement model based on CFA
Note. SCI = student-content interaction, STI = student-teacher interaction, SSI = student-student interaction, 

SII = student-interface interaction, SAT = student satisfaction, ACC = student acceptance
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The Structural Model
The structural model was tested to determine the relationships between the constructs based on the 
hypotheses. The goodness-of-fit indices obtained from SEM showed that the proposed research model 
yielded a good fit to the data well (χ2 = 593.355; df = 415; χ2/df = 1.430; GFI = 0.901; CFI = 0.974; TLI 
= 0.971; NFI = 0.919; RMSEA = 0.036; SRMR = 0.048). The observed items loaded well on each of the 
factors, with their standardized estimated loadings both greater than 0.50 and statistically significant (p < 
0.001). Figure 3 exposes the structural model based on SEM. 

Figure 3. The structural model based on SEM
Note. SCI = student-content interaction, STI = student-teacher interaction, SSI = student-student interaction, 

SII = student-interface interaction, SAT = student satisfaction, ACC = student acceptance

The standardized path coefficients and p-values were utilized to test the significance of the hypotheses through 
the bootstrapping approach. 1000 bootstrapping samples and the 95% bias-corrected (BC) confidence 
intervals were executed to estimate the magnitude of the effect of each variable. The results revealed that 
student-teacher interaction (β = 0.442, p = 0.000) and student-student interaction (β = 0.216, p = 0.000) 
had a significant positive relationship with student satisfaction, with the former manifesting a stronger 
effect compared to the latter. Meanwhile, the opposite was true of student-content interaction (β = 0.035, 
p = 0.477) and student-interface interaction (β = -0.083, p = 0.471), which showed no influence on the 
perceived satisfaction. Furthermore, student satisfaction was found to significantly affect student’s online 
learning acceptance (β = 0.397, p = 0.000). These results showed that H2, H3, and H5 were supported, 
while H1 and H4 were rejected, as presented in Table 8. 
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Table 8. Results of the hypothesis testing

Hypotheses Hypothesized paths SRβ SE CR P Results

H1 SCI → SAT 0.35 0.50 0.711 0.477 Rejected

H2 STI → SAT 0.442 0.060 7.424 *** Supported

H3 SSI → SAT 0.216 0.050 4.360 *** Supported

H4 SII → SAT -0.083 0.115 -0.720 0.471 Rejected

H5 SAT → ACC 0.397 0.078 5.078 *** Supported

Note. SRβ = standardized regression weights, SE = Standard errors, *** = p < 0.001

Note. SCI = student-content interaction, STI = student-teacher interaction, SSI = student-student interaction, SII = student-interface 
interaction, SAT = student satisfaction, ACC = student acceptance

Mediation Testing
By extension, this study further explored the mediating effect of satisfaction in the linkage between each 
interaction factor and the acceptance outcome. To this end, Preacher and Hayes’ (2004) bootstrapping 
mediation analysis was applied. Accordingly, mediations are established if the indirect relationships exhibit 
statistical significance after bootstrapping (p < 0.005). The results revealed that the indirect effects of 
STI (β = 0.125, p = 0.001 < 0.005) and SSI (β = 0.070, p = 0.001 < 0.005) on students’ acceptance of 
online learning through satisfaction were significant, proving that satisfaction mediated the relationship of 
student-teacher interaction and student-student interaction with acceptance. In contrast, student-content 
interaction and student-interface interaction had insignificant indirect effects on acceptance (β = 0.012, p = 
0.505 > 0.005 and β = -0.013, p = 0.400 > 0.005, respectively), suggesting that satisfaction did not play a 
mediating role in the relationships between student-content interaction and acceptance as well as between 
student-interface interaction and acceptance. For robustness check, the indirect path coefficients from the 
exogenous variables and the endogenous variable or the outcome were estimated using the BC bootstrap 
confidence interval method, as recommended by Cheung and Lau (2017). Following this method, if the 
95% BC confidence intervals do not include zero, the mediating effects are observed in the nexuses between 
the studied constructs. Results from Table 7 show that the confidence intervals for the mediating effects 
from student-teacher interaction to acceptance (lower 2.5% limit = 0.058 and upper 2.5% limit = 0.210) 
and student-student interaction to acceptance (lower 2.5% limit = 0.033 and upper 2.5% limit = 0.120) 
did not contain zero, which substantiated the mediating role of satisfaction in the links of student-teacher 
interaction and student-student interaction with acceptance. Nevertheless, the confidence intervals for the 
mediating effects from student-content interaction to acceptance (lower 2.5% limit = -0.031 and upper 
2.5% limit = 0.052) and student-interface interaction to acceptance (lower 2.5% limit = -0.051 and upper 
2.5% limit = 0.020) did contain zero. Thus, satisfaction did not mediate the connections between these two 
interaction factors and acceptance behavior. Table 9 shows the results of the mediation testing.

Table 9. Results of the mediation testing

Mediating effects SRβ SE P
Bootstrapping 95% BC confidence interval

Lower Upper

SCI → SAT → ACC 0.012 0.020 0.505 -0.031 0.052

STI → SAT → ACC 0.125 0.041 ** 0.058 0.210

SSI → SAT → ACC 0.070 0.022 ** 0.033 0.120

SII → SAT → ACC -0.013 0.017 .400 -0.051 0.020

Note. SRβ = standardized regression weights, SE = Standard errors, ** = p < 0.01

Note. SCI = student-content interaction, STI = student-teacher interaction, SSI = student-student interaction, SII = student-interface interaction, 
SAT = student satisfaction, ACC = student acceptance
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DISCUSSION
The overarching aim of this study was to scrutinize the interplay between students’ perceptions of interaction, 
satisfaction, and acceptance of online learning. More precisely, it aimed to examine the effects of the four types 
of interaction (i.e., student-content, student-teacher, student-student, and student-interface) on student 
satisfaction and to illuminate the mediating role of perceived satisfaction in the nexuses between these 
interaction factors and student acceptance of online learning. It was found that student-teacher interaction 
and student-student interaction significantly impacted student satisfaction, contrasting with insignificant 
effects observed for student-content interaction and student-interface interaction. The results also showed 
that student satisfaction and online learning acceptance were significantly related. In addition, with 
satisfaction playing the mediating role, student-teacher interaction and student-interface interaction were 
found to have an indirect effect on acceptance; nevertheless, satisfaction did not meditate the relationship 
of student-content interaction and student-interface interaction with perceived acceptance. These results are 
significant as they contribute to the understanding of the mechanisms that cultivate student satisfaction in 
virtual learning environments through a holistic examination of the interaction model, whereby expanding 
upon the extant e-learning literature that has centered on the behavioral intentions of students. 
The study confirmed that of the four types of interaction, student-teacher interaction was the strongest 
determinant of student satisfaction (β = 0.442, p = 0.000). This result aligns with a myriad of previous research 
works which showed that student-teacher interaction was a key factor in formulating students’ satisfaction 
with their online learning experience (e.g., Ayanbode et al., 2022; Aydin, 2021; Dharmadjaja & Tiatri, 2021; 
Eom & Ashill, 2016; Kim & Kim, 2021; Kuo et al., 2014; Wang et al., 2022; Yilmaz, 2023). Therefore, 
it could be deduced that by giving ample opportunities for student-teacher interaction activities in online 
classrooms, teachers can elevate students’ contentment with online courses. Synchronous online activities, 
such as video conferencing and real-time discussion, should be well designed to enhance interaction between 
students and teachers, further contributing to increased satisfaction levels. Notwithstanding the commonly 
agreed-upon magnitude of this type of interaction, Chu et al.’s (2021), Gameel’s (2017), Li and Jhang’s 
(2020), and Suat’s (2021) studies yielded a divergent result, which indicated that student-teacher interaction 
had no impact on student satisfaction. One of the interpretations of this relationship was supposed to be due 
to the sudden shift to online education during the pandemic, as well as teachers’ inadequate competence in 
teaching online and students’ unreadiness for such an alternative form of learning. This explanation seems 
plausible, considering the intrinsically multifaced nature of online education.
The results of the study also showed that student-student interaction significantly impacted student 
satisfaction, albeit with a lesser degree of influence as opposed to the aforesaid factor (β = 0.216, p = 0.471). 
This result is consistent with the findings of various studies in the existing literature on online education 
(e.g., Ayanbode et al., 2022; Aydin, 2021; Chu et al., 2021; Dharmadjaja & Tiatri, 2021; Eom & Ashill, 
2016; Kim & Kim, 2021; Li & Jhang, 2020; Yilmaz, 2023), indicating that student-student interaction 
and perceived satisfaction were significantly correlated. As such, it is inferred that the more teachers foster 
student-student interaction activities in online classes, the more students are satisfied with their online 
learning experience. In a similar vein, Chu et al. (2016) recommended that students should be offered room 
to conveniently interact with each other through collaborative tasks so that their learning outcomes could 
be enhanced, which in turn would contribute greatly to student satisfaction. However, contrary to common 
belief in this nexus, Gameel (2017) and Kuo et al. (2014) found that there was not a significant positive 
relationship between student-student interaction and satisfaction. One possible reason attributed to this 
outcome was owing to that of students’ insufficient interaction in a fully online learning environment, which 
neither teachers nor students had experienced beforehand. 
Besides, it was found in this study that there was an insignificant relationship between student-content 
interaction and students’ perceptions of satisfaction (β = 0.035, p = 0.477), which is in line with Suat’s 
(2021) study unveiling that student-content interaction exerted no influence on student satisfaction. This 
implies that no matter how much students interact with the course materials, their level of interaction 
remains unaffected. However, this finding contradicts the general pattern found in the literature showing 
that student-content interaction was the strongest determinant of satisfaction levels in the context of online 
learning environments (e.g., Ali & Mirza, 2020; Aydin, 2021; Dharmadjaja & Tiatri, 2021; Hettiarachchi 
et al., 2021; Kim & Kim, 2021; Kuo et al., 2014; Li & Jhang, 2020; Ngo & Ngadiman, 2021). This 
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discrepancy raises intriguing inquiries about the possible causes resulting in the potential variability in 
this connection across diverse educational settings. It is suggested that future research should delve deeper 
into the nuanced connections between student-content interaction and satisfaction, taking into account 
the potential mediating role of contextual factors, such as prior experience with online learning and 
learning style preferences, in determining this relationship. Variances in the characteristics of the online 
learning environments, including the nature of the course content, instructional design, and technological 
infrastructure can also influence the impact of student-content interaction on satisfaction.
An insignificant relationship between student-interface interaction and student satisfaction was observed in 
this study (β = -0.083, p = 0.471). This result was somehow supported by Suat’s (2021) study, which revealed 
that internet self-efficacy was not an indicator of online learning satisfaction. This infers that whether the level 
of student-interface interaction is high or low, regardless of its inherent characteristics of computer-mediated 
learning, does not impact student satisfaction. Nevertheless, some past studies show a different result, 
concluding that this type of interaction played a significant role in formulating satisfaction (e.g., Amoush 
& Mizher, 2023; Kuo et al., 2014). Amoush and Mizher (2023) found that student-technology interaction 
was the most influential factor affecting student satisfaction with online courses. This inconsistency appears 
to be reasonable as Wang et al. (2013) suggest that the multifaced nature of student-interface interaction 
can have varying effects on student satisfaction. In addition, the contradictory findings might be due to 
differences in the sample size, the analysis technique, or the specific context in which the studies were 
conducted. Therefore, future studies which aim to replicate these findings should use larger and more diverse 
samples to provide a more thorough understanding of the impact of student-interface interaction on student 
satisfaction in online learning environments.
Apart from the examination of the effects of interaction on satisfaction, this study sought to identify the 
connection between students’ satisfaction and acceptance of online learning. The results showed that student 
satisfaction was significantly correlated with students’ behavioral intention to accept this mode of education 
(β = 0.397, p = 0.000). This result is similar to studies by, for example, Daneji et al. (2019), Han and 
Sa (2021), and Tan et al. (2023), thus providing evidence for a positive relationship between students’ 
satisfaction and acceptance intention. It can be implied that the more students are satisfied with online 
course deliveries, the more likely they are to hold positive perceptions toward online learning acceptance. 
This finding underscores the vitality of guaranteeing satisfying online education experiences for students, as 
their contentment significantly impacts their readiness to embrace this mode of learning. To date, with the 
proliferation of online courses, this finding offers valuable information for policy-makers, educators, and 
course designers to have effective strategies for promoting the prospects of online education through the 
enhancement of student satisfaction. 
The present study distinguishes itself from other studies in that it sought to identify the mediating role of 
satisfaction in the link between interaction and perceived acceptance of online learning among university 
students. The results suggested that among the four types of interaction, learner-teacher interaction (β = 
0.125, p = 0.001 < 0.005) and student-student interaction (β = 0.070, p = 0.001 < 0.005) had a positive 
indirect relationship with student acceptance. Despite being conducted with varying outcome constructs, 
various studies partly confirmed the role of satisfaction as a mediator in the context of online learning (e.g., 
Ayanbode et al., 2023; Tien et al., 2022). Tien et al. (2023) found that satisfaction significantly mediated 
the relationship between students’ interaction and perceived progress. Ayanbode et al.’s (2023) study shared 
similar results, which resonates with the mediating role of satisfaction examined in the present study. 
Nonanalogously, it was established that satisfaction did not meditate the connection of student-content 
interaction (β = 0.012, p = 0.505 > 0.005) and student-interface interaction (β = -0.013, p = 0.400 > 0.005) 
with acceptance. These results indicate that satisfaction has a specific mediating role in certain aspects of 
online learning and may not be a universally applicable mediator. It is also inferred that students attach 
more importance to interpersonal interactions, herein student-teacher interaction and student-student 
interaction, compared to other interaction types and find them crucial for their overall satisfaction with the 
online learning experience. Therefore, it highlights the need for online learning platforms to prioritize and 
enhance features that facilitate meaningful interpersonal interactions, as these are critical drivers of student 
satisfaction and acceptance.
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CONCLUSION
In the landscape of online education, the relationship between interaction and satisfaction has been explored 
in various contexts, shedding light on the intricate dynamics between these two constructs, each of which 
has a significant role to play in ensuring educational quality in this context and further enhancing the 
prospect of web-based learning. Central to this work is the examination of the interplay between students’ 
interaction, satisfaction, and acceptance of online learning. The study revealed that student-teacher 
interaction emerged as the most influential determinant of student satisfaction, followed by student-student 
interaction, while student-content and student-interface interactions showed insignificant relationships with 
student satisfaction. These results add to the extant literature by shedding light on the differential impacts 
of various types of interaction on student satisfaction in online learning environments. Furthermore, the 
study confirmed a significant positive relationship between student satisfaction and acceptance of online 
learning, indicating that students’ satisfaction with online courses influences their acceptance behavior 
toward online. This result emphasizes the importance of ensuring positive online education experiences for 
students to promote the prospects of online learning. Moreover, the study identified the mediating role of 
satisfaction in the link between interaction and perceived acceptance of online learning. Specifically, learner-
teacher interaction and student-student interaction were found to have a significant indirect relationship 
with student acceptance, highlighting the significance of interpersonal interactions in shaping students’ 
satisfaction and acceptance of online learning.
The implications of these findings for online learning practices are substantial. Educators and instructional 
designers should prioritize the development of strategies that promote interpersonal interaction in 
online learning environments. To guarantee student-teacher interaction, teachers should establish a sense 
of presence and accessibility in synchronous virtual classes. Research by Shea, Pickett, and Pelz (2003) 
stresses the value of teacher presence in online courses, emphasizing its significant role in boosting student 
satisfaction and promoting academic achievement. This type of interaction can be achieved through regular 
communication, prompt feedback, and creating opportunities for one-on-one interactions. Besides, it is 
the teachers’ responsibility to create a supportive learning environment, as it is crucial for building a sense 
of teacher presence and accessibility in online learning settings. Concerning student-student interaction, 
this may involve the use of diverse communication tools, collaborative activities, and group projects that 
facilitate student-student interaction and peer-to-peer learning. By fostering a sense of community and 
connection among students, online learning experiences can be enhanced, leading to increased levels of 
student satisfaction and acceptance. Rovai (2002) suggests that a sense of community is positively associated 
with student satisfaction and retention in online courses. Additionally, incorporating opportunities for 
interaction can help alleviate feelings of isolation and promote a more engaging and interactive learning 
experience, ultimately improving overall learning outcomes in online education. 

Limitations
Despite intriguing results, given the limited sample size of the current study, which only involved the 
participation of 336 students at a private university in the Mekong Delta of Vietnam, the results obtained may 
not be generalized to the larger population of tertiary students in the region and beyond. Therefore, future 
studies can be conducted with an escalated number of participants at both private and public universities to 
elucidate the research issue. A comparative analysis can also be performed to test whether there is a significant 
difference in the perception between students pursuing their learning in these educational institutions. In 
addition, as evidenced in the results of this study, student-content interaction and student-student interaction 
showed no effects on student satisfaction with online learning and acceptance, so duplicated research works 
can be implemented to give a common ground for the confirmation of this conclusion, or they can be done 
with the follow-up employment of an in-depth interview, which aims at better understanding students’ 
perceptions of the impact of each factor in the proposed research model. Finally, the influences of contextual 
factors and student demographical variables, such as gender, age, and field of study, on student satisfaction 
with online learning can be taken into account in forthcoming investigations.
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