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The COVID-19 epidemic has become a significant global obstacle as it has impacted people's lives in various sectors, including social, economic, and education. To respond to the shock caused to education systems, massive efforts—such as conducting formal education through online classes—have been made. This study has employed Structural Equation Modeling (SEM) to examine this arena during the COVID-19 pandemic and has elaborated on how effectively the education system responded, especially through online lecturing. The Technology Acceptance Model (TAM) was implemented as this study's theoretical framework. Partial Least Squares Structural Equation Modeling was employed to measure and assess the proposed model. This study was conducted through a survey with 112 student participants in a postgraduate program between January and December 2021. The findings showed that (1) the TAM-based proposed variables have been successfully explained during the pandemic through factors predicting the use by an online class of postgraduate students, (2) significant effects were reported from perceived ease of use and perceived usefulness toward actual system use through behavioral intentions to use, (3) there were no significant results to show an indirect effect from perceived ease of use and perceived usefulness toward actual system use through behavioral intentions to use.
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INTRODUCTION

The WHO declared the COVID-19 outbreak to be a pandemic on March 11, 2020. COVID-19 is a monumental problem affecting more than 200 countries, including Indonesia (WHO, 2021), which has been exposed to the COVID-19 virus since it was first detected on March 2, 2020. COVID-19 has also interrupted the education process, affecting approximately 1.6 billion students from more than 190 countries. To date, nearly 178 million cases have been detected (WHO, 2021). Ensuring learning continuity while schools are closed has become a priority for governments worldwide. Many education authorities are adopting Information and Communication Technology (ICT) and asking teachers to switch to online education. However, there is no clear evidence that school closures have been effective in controlling the spread of the virus (Isfeld-Kiely and Moghadas, 2014). While online learning in higher education is usually implemented through recorded lectures and online platforms, some universities have been warned that both students and faculty members lack IT infrastructure. Some programs have been successfully implemented online, while others have not, leaving questions about the harmony between semesters and academic calendars [United Nations (UN), 2020]. Since there is a definite need to use cognitive process technology during the pandemic, several studies have addressed this issue (Almanthari et al., 2020; Kerres, 2020). Specifically, this technology is an online virtual classroom application that leverages the communication process during classroom activities. The use of e-learning in higher education is generally detailed in terms of affordable cost and learning effectiveness (Clark and Mayer, 2016). Under normal circumstances, e-learning can support face-to-face learning as a complementary tool. Several studies on the effectiveness of e-learning have been published (Shi et al., 2020). However, COVID-19 has necessitated the immediate implementation of e-learning, and several studies on e-learning applications in education have been published (Abbasi et al., 2020; Almanthari et al., 2020; Favale et al., 2020; Radha et al., 2020). However, research on the implications of e-learning use is still scarce. Therefore, this study aimed to understand the predictors of e-learning effectiveness, especially the use of online classroom learning, through pathway analysis of doctoral students in Indonesia. It adopted the Technology Acceptance Model (TAM) as an academic model for understanding the relationship between extrinsic and intrinsic components.

E-learning, especially online learning, entails students being physically separated from their teachers and requiring technology as a delivery method (Wilde and Hsu, 2019). Interactions between students and faculty using technology can affect learning outcomes (Bower, 2019; Gonzalez et al., 2020). Online education and effective online education outcomes from well-prepared instructional design and planning have been studied for many years (Hodges et al., 2020). However, the COVID-19 pandemic required students around the world to switch from face-to-face classes to an online learning environment in the middle of the semester, although there is no clear evidence of the effectiveness of school closures in reducing the spread of the virus (Isfeld-Kiely and Moghadas, 2014). Human beings have limited information processing capabilities; hence, learning modality combinations can lead to cognitive overload, and impair the ability to master new information. If students are inexperienced with technology and lack a sense of cognitive involvement and social connectivity, learning outcomes may be adversely affected (Bower, 2019). By contrast, the effective use of technology can allow students and faculty members to engage and collaborate with each other (Gonzalez et al., 2020). Studies on users' intent have examined how students influence the success of online learning and the usefulness of technology (Kemp et al., 2019; Yakubu and Dasuki, 2019). Another study reported that the effectiveness of online learning depends on the level of user acceptance (Tarhini et al., 2016). Therefore, it is crucial to analyze factors related to the use and adoption of technology, which is one of the aims of this study. The TAM was developed by Fred Davis and Richard Bagozzi (Davis, 1989; Bagozzi, 2007) and is one of the most widely used models to examine user acceptance and technology use (Venkatesh, 2000; Kemp et al., 2019). The first TAM was based on a cognitive theory that described the process of adopting behaviors, and this model relates to users' willingness to use, and their continued use of, technology (García Botero et al., 2018; Teran-Guerrero, 2019).

During the COVID-19 pandemic, universities and their faculties were unable to appropriately plan and design their online learning lessons. Further, the social distancing necessitated by COVID-19 created a new social reality, which is the subject of this study.



METHOD

Numerous science education frameworks have been used to understand the integration of technologies, especially the use of e-learning and online learning. Within this framework, the TAM is the most widely used and reported model in the social sciences context (Teo et al., 2018). The TAM defines this setting and predicts people's positive or negative emotions about behavioral intent performance associated with system adoption by the perceived usefulness and perceived ease of use of the system (Davis, 1989). In the original TAM theory, the model comprises perceived ease of use and perceived usefulness. In addition, it adapts behavioral intent (the extent to which people perform or do not perform certain future actions) to the system, predicting attitudes and perceived utility. Finally, the actual usage, called system usage, is predicted by behavioral intent (Davis, 1989). Studies have reported several external factors associated with the original TAM structure (Venkatesh and Davis, 2000; Venkatesh and Bala, 2008). Specifically, the TAM has been enhanced through a report on the integration of e-learning in education (Cakir and Solak, 2015; Mohammadi, 2015; Ramírez-Correa et al., 2019). For the purposes of this study, based on the original TAM, a hypothetical factor for predicting actual usage systems in terms of perceived ease of use, perceived usefulness, and behavioral intent to use is proposed. Table 1 depicts the TAM's framework.


Table 1. The framework of the technology acceptance model.
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This study uses quantitative data methods aimed at analyzing the usefulness, ease of use, behavioral uses, and actual use systems of online courses in Indonesian graduate education during the COVID-19 pandemic. The data were collected from January 2021 until December 2021. The sample selection method uses purposive sampling, which is based on the willingness of members to participate and respond to questionnaires shared via Google forms. The target population comprised 112 students in graduate programs. The structural equation model (SEM) was used to analyze multiple regression, as well as path analysis diagrams to visualize what was happening. All the variables integrated into the questionnaire were obtained from a previous literature search. In addition, all the questions were discussed with a panel of scholars and industry experts to assess the questionnaire items' validity. Throughout the questionnaire, a 5-point Likert Attitude Scale (1—totally disagree; 5—completely agree) and a behavioral rating scale (1- never; 5 -always) were used.

The relationship among constructs is depicted in a theoretical framework (Figure 1). The actual use system, as an endogenous construct, is measured with the following indicators: consistent usage (asu1, asu2, asu3, and asu4), transparency usage (asu5, asu6, asu7, and asu8), suitability of procedure (asu9, asu10, asu11, and asu12), and satisfaction usage (asu13, asu14, and asu15) adapted from the work of Davis (1989). The reason for adapting instruments that have been used by Davis (1989) and Venkatesh (2000) is that it links this study to all other research studies that have used the same instrument.
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FIGURE 1. Theoretical framework.


Conversely, the exogenous variable of perceived usefulness is measured through the following: responding to the needs of purposes (pu1, pu2, and pu3), control over the job (pu4, pu5, and pu6), the importance of the job (pu7, pu8, and pu9), job improvisation (pu10, pu11, and pu12), and improved user performance (pu13, pu14, and pu15), which were adapted from the work of Davis (1989) and Venkatesh (2000).

Perceived ease of use is measured through easy to learn (peu1, peu2, peu3, and peu4), easy to remember (peu5, peu6, peu7, and peu8), easy to understand (peu9, peu10, peu11, and peu12), and the availability of usage instructions (peu13, peu14, and peu15), which were adapted from the work of Davis (1989) and Venkatesh (2000).

Behavioral intentions to use were measured with motivation for permanent usage (biu1, biu2, and biu3), willingness to use in the future (biu4, biu5, and biu6), experiences (biu7, biu8, and biu9), motivation for usage (biu10, biu11, and biu12), motivating others (biu13, biu14, and biu15), that were developed from the work of Davis (1989).

Based on the parameters, the following hypotheses will be tested:

1. Perceived usefulness positively affects actual system use.

2. Perceived ease of use positively affects actual system use.

3. Behavioral intention to use positively affects actual system use.

4. Perceived usefulness positively affects behavioral intention to use.

5. Perceived ease of use positively affects behavioral intention to use.

6. Perceived usefulness positively affects actual system use through behavioral intention to use.

7. Perceived ease of use positively affects actual system use through behavioral intentions to use.

The testing phase of the measurement model included testing for convergent and discriminant validity and combined reliability. The results of partial least squares (PLS) analysis can be used to test research hypotheses, if all indicators of the PLS model pass the requirements of convergent and discriminant validities, and reliability checking. Convergence validation was performed by comparing the load factor value of each indicator with its components (Figure 2). Weights of factors greater than or equal to 0.5 are considered well-validated to explain the latent structure (Hair et al., 2020). In this study, if the average variance extracted (AVE) value was >0.5 for each configuration, the minimum allowable load factor limit was 0.5.


[image: Figure 2]
FIGURE 2. Convergent validity testing.


Based on the PLS model estimation results in Figure 2, given that the load factor values for all indicators exceeded 0.5, the model met the convergence validity requirement. In addition to checking the load factor values for each indicator, the validity of convergence was also evaluated using the AVE values for each configuration. Since each configuration's AVE was over 0.5, the convergent validity of this study's model met the requirements. The charge value, Cronbach's alpha, composite reliability, and AVE for each complete configuration are shown in Table 2.


Table 2. Cronbach's alpha, composite reliability, and average variance extracted (AVE).
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The reliability of a construct can be assessed using the Cronbach's alpha score and the combined reliability of each construct. The recommended association reliability and Cronbach's alpha values are over 0.7, as shown in the reliability test results in Table 2, wherein all configurations have compound reliability and Cronbach's alpha values >0.7 (>0.7). In summary, all configurations met the required reliability values.



RESULTS

Respondents' demographic profiles related to gender, age, and academic level are presented in Table 3. Most of the respondents were male (65%), with the majority (44%) of respondents were in between 30 and 39 years old. Further, most of the respondents (58%) are master's degree students compared to (42%) who are doctoral degree students.


Table 3. Respondents' profile.
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The validity and reliability test includes a significance test for direct and indirect effects and a measure of the magnitude of the effect of the exogenous variables on the endogenous variable. Impact testing was performed using statistical testing of a PLS analytical model using SmartPLS 3.3 software. The bootstrapping technique is used to obtain the R Square value and the significance test values, as shown in Table 4.


Table 4. R squared.
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Table 4 also shows that the actual system usage R2 value is.619. This shows that the organizational variable is 61.9% for actual system usage. This is explained by the perceived usefulness and ease of use, and behavioral intent to use. The remaining 38.1% was explained by other variables not discussed in this study. Similarly, the coefficient of determination for behavioral intent is 0.789, implying that 78.9% of the behavioral intent variable is explained by the perception of usefulness and ease of use, and the remaining 21.1% by other variables that have not been discussed in this study. Table 5 shows the results of hypotheses testing for all the variables having a direct impact.


Table 5. The structural equation modeling results.
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DISCUSSION

This study confirms that during COVID-19, students need to immediately switch from a face-to-face to an online learning environment and use virtual classroom applications for the implementation of the educational process, as the results of several studies on the application of e-learning in education have been published (Abbasi et al., 2020; Almanthari et al., 2020; Favale et al., 2020; Radha et al., 2020).

The proposed TAM-based variables are well described as predictors of the evolution of online graduate classes during the pandemic. However, the intended use of behavior does not significantly affect the use of the system (Hypothesis 3, 6, and 7 through Behavioral Intention show that the hypothesis is not proven).

Although the use of e-learning has succeeded in encouraging the implementation of the educational process through virtual classrooms, this study has shown that the use of e-learning alone on an ongoing basis is undesirable. It should be remembered that student intentions will affect learning outcomes (Tarhini et al., 2016; Kemp et al., 2019; Yakubu and Dasuki, 2019).

The public, including students in the education process, is tired of dealing with COVID-19. However, the end of physical restrictions is still not in sight, given that the COVID-19 mutant has brought about the next wave of the pandemic. In the educational process, students must learn physically apart from the teacher and class (Wilde and Hsu, 2019). Due to the unpredictable ending, several countries have decided that COVID-19 should be treated as endemic, where humans must live and survive in the new situation.

This study shows that although the perceived usefulness and ease of use variables directly show a significant effect, the indirect effect through behavioral intentions for the actual use of the system shows insignificant results. This can be interpreted that although students have experienced the convenience and benefits of virtual classroom application technology, they do not consider it desirable or show interest in maintaining this situation in the future. This shows that a long online learning process affects the learning process and outcomes (Bower, 2019; Gonzalez et al., 2020).

Thus, we can conclude that face-to-face learning is an irreplaceable educational process, and technology is a complement rather than a major factor in the educational process.

Based on this context, education is a process of interaction between humans through a series of instruments that facilitate the educational process to run more effectively and efficiently (Megahed and Mohammed, 2020; Shi et al., 2020). Technology is one of the instruments that can improve the educational process. However, technology cannot replace the role of lecturers in the classroom.

Technology Acceptance Model has been used everywhere to analyze the effectiveness of information technology, including in education. Many studies on TAM have demonstrated its success in defining people's attitudes, and positive or negative feelings about behavior toward adopting a system, which is predicted by perceived usefulness and ease of use.

The current results suggest that several variables in TAM, such as perceived usefulness and ease of use, directly influence behavioral intentions to use, including actual system use. However, the indirect effect did not show significant results. This is presumably because information technology is a complementary factor in the educational process and is not the main factor. Furthermore, the role of lecturers in direct interaction with students is suspected to be an irreplaceable factor in the educational process. This assumption requires further research to show that direct interaction between lecturers and students is human-human interaction which is an important part of the educational process.

Since this research was conducted in higher education institutions, especially in postgraduate programs, this article does not aim to generalize but rather to identify and develop preliminary discussions related to theoretical elements. This is undoubtedly the main limitation of this article. Future research on investigating the effectiveness of information technology use in the educational process should capture the importance of this underlying tension.
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