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 There are various reasons why vaccine fear has resulted in public rejection. Students have raised 
concerns about vaccine effectiveness, leading to hesitation when it comes to vaccination. Vaccina-
tion apprehension impacts students' perceptions, which has an impact on the acceptability of an e-
learning platform. As a result, the goal of this study is to look at the post-acceptance of an e-learning 
platform using a conceptual model with several factors. Every variable makes a unique contribution 
to the e-learning platform's post-acceptance. In the current study, TAM variables were combined 
with additional external factors such as fear of vaccination, perceived routine use, perceived enjoy-
ment, perceived critical mass, and self- efficacy, all of which are directly associated with post-ac-
ceptance of an e-learning platform. Here, a hybrid conceptual model was used to evaluate the newly 
widespread use of e-learning platforms in this area in this study in the UAE. In the past, empirical 
investigations primarily used Structural Equation Modeling (SEM) analysis; however, this study 
used a developing hybrid analysis approach that combines SEM with deep learning–based Artificial 
Neural Networks (ANN). This study also employed the Importance–Performance Map Analysis 
(IPMA) to determine the significance and performance of each element. Through the findings, it was 
found that fear of vaccination, perceived ease of use, perceived usefulness, perceived routine use, 
perceived enjoyment, perceived critical mass, and self-efficiency all had a significant impact on stu-
dents' behavioral intention to use the e-learning platform for educational purposes. It was also shown 
in the analysis of ANN as well as IPMA that the perceived ease of use of the e-learning platform is 
the most important indicator of post-acceptance. The proposed model, in theory, provides appropri-
ate explanations for the elements that influence post-acceptance of the e-learning platform in terms 
of internet service factors at the individual level. In the practical sense, these findings will help de-
cision-makers and practitioners in higher education institutions identify the factors that should be 
given extra care and plan their policies accordingly. The ability of the deep ANN architecture to 
identify the non-linear relationships between the factors involved in the theoretical model has been 
determined in this research. The implication offers extensive information about taking effective steps 
to decrease the fear of vaccination among people and increase vaccination confidence among teach-
ers and educators and students, consequently impacting society. 
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1. Introduction 
 
Various challenges were experienced by higher education institutions during the COVID19 pandemic, even after vaccination 
availability. Due to these challenges, a major change was required in the field of teaching and learning. During the pandemic, 
the majority of the schools and universities shifted to virtual classrooms, which was the only way teaching methods and goals 
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could be applied (Crawford et al., 2020; Nuere & de Miguel, 2020; Watermeyer et al., 2020). University students shifted to 
an entirely different setting, where they experienced several issues (Alhassan et al., 2021; MacQuarrie et al., 2021). When the 
challenges experienced by students are comprehended, the method that can be used to evaluate students’ understanding, suc-
cess, and accomplishment during the second wave of Coronavirus can be established (Aguilera-Hermida, 2020). 
 
It should be noted that this challenge continues to be experienced, even after vaccination, due to the rejection of vaccination 
by the population. Vaccination hesitancy is a critical factor that impacts the world in general, and the education system in 
specific. Vaccination hesitancy refers to the hesitation shown by people toward different vaccines in several countries world-
wide. This suggests that a delay is experienced in the acceptance or the altogether rejection of vaccines, even though the 
vaccine has become available. This view differs across locations and changes over time, and it is closely linked to confidence 
and convenience. It is also influenced by contextual factors, group impact, individuals’ beliefs, and people’s faith in health 
services. There are differences in vaccination hesitancy from a specific user to another, based on their self-imposed perception, 
perceived risk, and workplace. Therefore, vaccine hesitancy is the key issue related to COVID-19 vaccine uptake, which 
means that several hurdles will be experienced by the vaccine against COVID-19 in a post-crisis scenario (Ogbuabor & Chime, 
2021; Peretti-Watel et al., 2015; Piedrahita-Valdés et al., 2021). Opposing vaccination hesitancy is vaccination confidence, 
which refers to something that can be done "all by itself". Vaccine confidence is based on both faith in the healthcare system 
and trust in a sociopolitical setting. Because of the perceived hazards involved with immunization, users may lack consistent 
confidence in vaccination. Instead, it could lead to a reduction in vaccination coverage and a loss of immunity. 
 
Based on these assumptions, the objective of this research is to examine how vaccination hesitancy or fear affects the post-
acceptance degree of an e-learning platform, where the challenge continues to be critical and obvious because of vaccination 
rejection. A conceptual framework was formulated to attain the study objective, which caters to the two factors being dis-
cussed, i.e., post-acceptance and fear of vaccination. A few external variables are included in the conceptual model because 
they have a direct relationship with post-acceptance, which are perceived enjoyment, perceived routine use, self-efficiency, 
and fear of vaccinations (Bandura, 1982; Kwon, 2018; Mahler & Rogers, 1999; Saga & Zmud, 1993). Consequently, the 
precise contribution of the present study can be summed up in the following: the study first examines the impact of vaccination 
fear or hesitancy in the educational sector. For this, an integrated research model is used to examine the impact of vaccination 
fear on e-learning platforms. A conceptual model was formulated, in which the TAM acceptance model (Davis, 1985a) was 
integrated with the Flow Theory (Nakamura & Csikszentmihalyi, 2009; Shernoff et al., 2014), to show the importance and 
predictableness of the findings. Secondly, in contrast with the earlier empirical studies that mainly depended on Structural 
Equation Modeling (SEM) analysis. The method offers a new hybrid analysis strategy that combines SEM and deep learning–
based Artificial Neural Networks (ANN). This study also used the Importance–Performance Map Analysis (IPMA) to deter-
mine the significance and performance of each element. Third, vaccination fear and hesitancy is a critical factor and has 
different effects based on the financial status of the country, age, and gender. It was shown in a recent study that there is 
greater vaccine hesitancy in low-income countries and among young females and older adults. Lastly, the model has been 
extended in this study to consider external variables that have a close relationship with the post-acceptance stage (Shen et al., 
2013), which include critical mass and daily routine. We believe that this is the first study that seeks to examine the post-
acceptance of e-learning platforms based on an integrated model in which fear of vaccination is the key variable, with the aim 
of filling a major research gap in the relevant literature.  

2. Literature Review  

The influence of COVID-19 on various educational e-learning platforms has been explored in previous studies, according to 
the literature review. Moodle, Zoom Microsoft Teams, Google Classroom, virtual reality applications, and other platforms 
were among them. The studies showed that all these platforms were effective while the pandemic was spreading and offered 
a viable solution to the issue (Bhatt et al., 2020; Jimenez et al., 2021; Pal & Vanijja, 2020). In most of the previous studies, 
TAM has been the most influential model used. The focus of the majority of the studies was on two of the most influential 
constructs, i.e., perceived usefulness and ease of use. The studies examined the effective part played by the two constructs in 
ensuring that the students’ adoption or acceptance is on-demand  (Bhatt et al., 2020; Karkar et al., 2020; Mad et al., 2020; 
Sukendro et al., 2020). UTAUT, which is an extended model of TAM, has also been employed as a model to determine how 
effective the constructs have been during the pandemic. Different technology acceptance models were used in the studies 
carried out in India. However, the model was extended by (Pal & Vanijja, 2020) by including SUS, which is vital for exam-
ining perceived usability. The same trend was followed in the study by (Jimenez et al., 2021), in which a few external factors 
were included to extend the TAM model, such as innovativeness, computer self-efficacy, computer anxiety, social norm, 
perceived enjoyment, content, and system quality. 
 
The impact of the pandemic has extended to various parts of the world, which is why the study is varied in its location. 
Different studies were carried out in Indonesia, China, Vietnam, and Malaysia. In all of these studies, the impact of e-learning 
platforms during the pandemic was explained with the help of surveys or online questionnaires that were distributed to stu-
dents of undergraduate educational institutions (Ho et al., 2020; Lazim et al., n.d.; Muqtadiroh et al., 2020; Sukendro et al., 
2020). The studies conducted in Romania and Europe also used surveys or online questionnaires distributed among either 
students or farmers.  
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They had a distinct sample because of the distinct objectives of their study. The study in Europe has the objective of describing 
the farmers’ readiness to use new technology during the pandemic, while that in Romania focuses on examining how the 
online platform affected a sample of students during the pandemic (Jimenez et al., 2021; Maier et al., 2020). The impact of 
COVID-19 on the educational environment of different cities in India was examined by various researchers. It was deduced 
in these studies that e-learning platforms were effective in maintaining direct and indirect means of communication between 
the various participants in educational institutions (Bhatt et al., 2020; Pal & Vanijja, 2020). 
 
According to the used methodology, only single-stage linear data analysis, notably the Structural Equation Modeling (SEM) 
technique, was applied in the majority of earlier research works. It was only possible to identify the linear correlations between 
the factors in the theoretical model using the single-stage of SEM analysis, and this was not sufficient to predict the complex 
decision-making process (Sim et al., 2014). A few researchers conquered this issue by employing the Artificial Neural Net-
work (ANN) approach as the second stage of analysis. (Al-Emran et al., 2021; Khan & Ali, 2018; Leong et al., 2013).  
 
On the contrary in this approach, only a single hidden layer is present and considered as a shallow type of ANN (Huang & 
Stokes, 2016). It was found that the deep ANN architecture should be favored over the shallow ANN since it has the potential 
of enhancing the accuracy of non-linear models by employing over a single hidden layer (J.-G. Wang et al., 2017). Therefore, 
this research uses a hybrid SEM-ANN technique that is based on a deep ANN approach which offers deep learning. The 
previous studies (Bhatt et al., 2020; Ho et al., 2020; Jimenez et al., 2021; Karkar et al., 2020; Lazim et al., n.d.; Mad et al., 
2020; Maier et al., 2020; Muqtadiroh et al., 2020; Nai, 2020; Pal & Vanijja, 2020; Saxena et al., 2020; Sukendro et al., 2020; 
Tiwari, 2020) have clearly shown that the majority of the studies are carried out in educational institutions where the teaching 
and learning process is mainly carried out through e-learning platforms. Hence, it ensures that the shift from the traditional 
classroom to the e-learning environment occurs safely and effectively (Crawford et al., 2020; Watermeyer et al., 2020). In the 
end, this would enable all the educational institutions to accomplish their aims and objectives (Lazim et al., n.d.; Mad et al., 
2020). 

3. The Conceptual Model and Hypotheses  

3.1 Perceived Vaccination Fear (FV) 

Within various populations, the COVID-19 vaccine fear and hesitancy is quite high, mainly due to the increase in the Coro-
navirus conspiracy theory. Hence, the vaccination is rejected and there is a constant increase in the vaccination hesitancy 
percentage (Salali & Uysal, 2020). Generally, vaccination acceptance is influenced by the risk theory. There are risk regulation 
and cultural assessments associated with risk theory. The risk response is quite deep considering the emotions present due to 
cultural developments. Risk information is evaluated in a way that expected utility is maximized (Douglas & Wildavsky, 
1982; Posner, 1993; Starr, 1969; Viscusi, 1983). For different genders, the vaccination perceived fear differs. For women, the 
vaccine is associated with healthcare institutions’ negative experiences, but the men’s attitude is associated with the immune 
system. It is believed that their immune system would be weakened (Kakinami et al., 2008; Waithanji et al., 2019). It is 
observed that vaccine rejection is quite influenced by health literacy. Research indicates that the vaccine may be rejected by 
the students, specifically female students, considering their health literacy. Health protective behavior is adopted since their 
fear toward the COVID-19 vaccine is quite high. The perceived fear of the vaccine is what leads to the COVID-19 infection 
spread (Paakkari & Okan, 2020; Sentell et al., 2020; Shaukat et al., n.d.). Keeping in mind the earlier assessments, the vac-
cination fears’ hypothesis is developed. 
 

H1: FV has a positive and significant impact on POA. 

3.2 TAM Theory  

Fred Davis developed the "Technology Acceptance Model (TAM)," which contributed to the concepts of technology adoption, 
acceptance, and post-acceptance. The constructs of this model include perceived ease of use and usefulness, assumed to be 
conceptual aspects that lead to the post-acceptance of the technology. The perceived ease of use variable is related to the 
effectiveness of the ease factor on users' performance, whereas perceived usefulness is concerned with the concept of “effort-
free” that increases users' performance. (Davis, 1985b). This led to the following hypotheses: 
 

H2: PU has a positive and significant impact on POA. 

H3: PE has a positive and significant impact on POA. 

3.3 Perceived Daily Routine (PR) 

The idea of daily routine means the degree to which technology is a part of the routine tasks and the inclusion of technology 
into the standard work routine of users. The daily routine use of technology is described as the use of technology such that it 
enters into the daily pattern and is considered as a standard element in the life of users (Saga & Zmud, 1993; Schwarz, 2003; 
Sundaram et al., 2007). The daily routine is a significant factor that affects the post-acceptance model. The effectiveness and 
the use of outcomes have an impact on the daily routine. This suggests that the technology users may consider it as a part of 
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their daily routine should it enhance their extrinsic motivation. Moreover, it can enhance technology integration with work 
processes (Saga & Zmud, 1993). However, the impact of daily routine is different for different users. These differences are 
caused by the presence of distinct work situations related to the users, and they may have different views about the integration 
of technology in their routine work (Barki & Hartwick, 1994). The following hypothesis was developed accordingly: 
 

H4: PR has a positive and significant impact on POA. 

3.4 Self-Efficiency (SE) 

Albert Bandura was the first to present the idea of self-efficiency, suggesting that the concept was a crucial prerequisite for 
effective learning behavior and was part of the social cognitive theory. Self-efficiency investigates users' perceptions of their 
abilities to accomplish a variety of tasks and complete them correctly. There is a close relationship between e-learning systems 
and the users’ self-efficiency in the classroom. The teachers’ capability of efficiently and effectively using technology deter-
mines the actual teaching practices in classrooms. Therefore, if teachers have high efficiency, they will be able to perform the 
desired tasks accurately. This goal can be attained by involving students in different activities, and this will serve as an en-
couragement for teachers to use technologies more consistently and to slowly enhance their proficiency (Balkaya & Akkucuk, 
2021; Raudenbush et al., 1992; Windschitl & Sahl, 2002; Zhao et al., 2002). It has been observed during COVID-19 that self-
efficiency in the educational setting has been influenced by the pandemic situation. It was suggested by various researchers 
that COVID-19 has had an impact on self-efficiency. According to (Baloran & Hernan, 2020), during the pandemic crisis, 
work commitment among teachers has been influenced by self-efficiency. It was also stated by (Hernández-Padilla et al., 
2020) that self-efficiency can have an impact on technology adoption during COVID-19. The authors asserted that the adop-
tion can be curtailed or even avoided when there is awareness regarding the drawbacks of the pandemic. Therefore, there may 
be a protective role of self-efficiency during the pandemic because it could lead to a more adaptable atmosphere that encour-
ages technology adoption. Although it appears that vaccination is a viable option for preventing pandemic spread, several 
people refuse to receive it for a variety of reasons. One of the most common reasons for vaccine rejection is the lack of trust 
in the healthcare system, which makes patients afraid to take the vaccination. (Hall et al., 2015; Plough et al., 2011; Schoch-
Spana et al., 2020). Taking into account the fact that the fear of vaccination affects the mental and physical health of the users, 
the following were hypothesized: 
 

H5: SE has a positive and significant impact on POA. 

3.5 Flow Theory  

Csikszentmihalyi presented the Flow Theory as a way of understanding the motivation of users. There is a close relationship 
between motivation and the psychological state in which the cognitive feeling of motivation and efficiency manages the users 
(Csikszentmihalyi & Csikzentmihaly, 1990; Csikszentmihalyi & MacAloon, 1975). The Flow Theory signifies the state in 
which the users are excessively involved in a specific activity. Users gain a highly enjoyable experience when using certain 
forms of technology; therefore, they will use it in any situation. There is a relationship between the Flow Theory and intrinsic 
motivation, and particularly to self-motivation. It is believed that self-motivation is one of the best ways in which users can 
be encouraged to do various activities while achieving inner satisfaction. Current research suggests that positive attitudes and 
high effectiveness are attained from the flow. Furthermore, it supports high education objectives achievements since students 
become motivated to attain specific objectives (Chan & Ahern, 1999; Hameed et al., 2021; Trevino & Webster, 1992). Since 
the beginning of the COVID-19 outbreak, various researchers presented similar results. The motivation of the students at the 
time of COVID-19 was affecting their satisfaction, success, and learning outcomes. According to the results, the student’s 
motivation to learn within an online environment at the time of COVID-19 would indicate their satisfaction and success with 
the learning results (Bolliger et al., 2010; Chen et al., 2019). User performance is influenced by the fear of vaccination that is 
expected to reduce the pandemic’s bad effects. Hence, the following was hypothesized: 
 

H6: EJ has a positive and significant impact on POA. 

3.6 Critical Mass Theory (PC) 

According to the Critical Mass Theory, a significant contribution is made by a population group when specific actions are 
being adopted. Hence, the behavior is considered essential by the other individual and the same behavior is imitated. The 
critical mass influence for technology adoption is quite vital. If a group of friends has decided to make use of technology, it 
is expected that the next group would also adopt it (Chang et al., 2013; Hsieh et al., 2012; Lou et al., 2000). Hence, the 
following is the hypothesis:  
 
H7: PC has a positive and significant impact on POA. 
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Fig. 1. Conceptual model 
 

4. Research Method 
 

4.1   Data Collection  
 
The University of Sharjah students had been given online surveys to fill. During the winter semester 2020/2021, from 25-Jan-
21 to 30-May-2021, data had been gathered. 700 questionnaires were randomly distributed by the research team, out of which 
659 questionnaires were filled out by the respondents. Hence, the response rate stands at 94%. Since there were a few missing 
values, 44 of the filled questionnaires were rejected. Therefore, 659 questionnaires were considered useful and effective by 
the team. The sample size of 659 valid responses is quite appropriate as stated by (Krejcie & Morgan, 1970), where the 
projected sampling size for the 1500 population was considered as a part of 306 respondents. When compared to insignificant 
requests, the 659 sample size is quite high. Hence, as the sample size, the structural equation modeling would be accepted 
(Chuan & Penyelidikan, 2006), and this was needed for the confirmation of the hypotheses. Although current theories were 
employed to establish the hypotheses, they were also incorporated into the M-learning framework. The structural Equation 
Modeling (SEM) method was used to analyze the measurement model (SmartPLS Version 3.2.7). The final path model was 
used to perform advanced therapy. 
 
4.2 Personal/Demographic Information   

The respondents’ personal/demographic data were presented in Fig. 1. 48% male and 52% female students responded, and 
their age group was within 18–29 years. Nearly 34% of the respondents were older than 29 years. Most respondents had a 
university degree and a sound educational background. 62% held a bachelor’s degree, 23% a master’s degree, 12% a doctoral 
degree, and the rest diplomas. The voluntary respondents of the research (Al-Emran & Salloum, 2017) recommended that a 
“purposive sampling approach” be used. The study sample has been developed using respondents of various ages, colleges, 
and different programs or levels. The IBM SPSS Statistics ver. 23 was used to measure the respondent demographic infor-
mation.  
 

   
Gender Age Educational background 

 

Fig. 1. Respondents’ demographic information 

4.3 Study Instrument  

The survey is the instrument that has been developed to carry out the hypotheses testing of the research. 23 items are parts of 
the survey that assessed eight constructs present within the questionnaire. Table 1 indicates the sources of all eight constructs. 
Earlier studies' research questions, after being subjected to some modifications, have been included to make sure the research 
is applicable.  
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Table 1  
Measurement Items 

Constructs Sources 
POA (Li et al., 2013) 
PE (Ngai et al., 2007; Persico et al., 2014) 
PU (Ngai et al., 2007; Persico et al., 2014) 
PR (Saga & Zmud, 1993) 
EJ (Nakamura & Csikszentmihalyi, 2009; Shernoff et 
PC (Hasan et al., 2016; Mahler & Rogers, 1999) 
SE (Bandura, 1982; Kwon, 2018) 
FV (Banerjee & Dash, 2013; Raza et al., 2020) 

 

Table 2  
Cronbach’s Alpha values for the pilot study (Cronbach’s Al-
pha ≥ 0.70) 

Constructs CA 
POA 0.822 
PE 0.860 
PU 0.724 
PR 0.867 
EJ 0.802 
PC 0.770 
SE 0.866 
FV 0.833 

 

4.4 Pilot Study of the Questionnaire  

A pilot study has been carried out to check the questionnaire items reliability. For the pilot study, 70 students were randomly 
selected from the mentioned population. Considering the total sample size to be 10% for the current analysis, the 700 student 
sample size was set and the research standards have been considered appropriately. To assess the pilot study findings, internal 
reliability has been tested using the Cronbach’s alpha (CA) test along with the IBM SPSS Statistics ver. 23. Hence, for the 
measurement items, acceptable conclusions are presented. It is acceptable to have a 0.70 reliability coefficient if the social 
science research studies mentioned pattern is emphasized (Nunnally & Bernstein, 1978). Table 2 presents the seven measure-
ment scales for the Cronbach alpha values. 
 
5. Findings and Discussion   

 
5.1 Data Analysis  
 
The earlier empirical studies used the SEM to carry out a single-stage analysis. For the current research, the hybrid SEM-
ANN approach using deep learning for validation of the hypothesized associations between the research model factors has 
been applied. There are two phases within this research. At first, the recommended research model would use the Partial Least 
Squares-Structural Equation Modeling (PLS-SEM) by applying SmartPLS (Ringle et al., 2015). The objective of using PLS-
SEM within the research is the theoretical model's exploratory nature and the non-availability of earlier literature. General 
guidelines have been followed by the study for implementing the PLS-SEM within information systems research (Al-Emran 
et al., 2018). It has already been mentioned (Simpson, 1990) that the research model can be analyzed using a two-step ap-
proach, i.e., measurement and structural models. The Importance Performance Map Analysis (IPMA) was applied within this 
research as it is an advanced PLS-SEM technique. It would help extract each construct's performance and importance within 
the research model. Secondly, the PLS-SEM analysis investigation, complement, and authentication would be done through 
ANN. It would also help state the effectiveness of the independent variable upon the dependent variable. The ANN is an 
instrument for function approximation which is relevant in areas where the input(s) and output(s) collaboration is non-linear 
as well as complex. ANN states that there are three vital mechanisms which are network architecture, learning rule, and 
transfer function (Simpson, 1990). It would then be subdivided into radian basis, feed-forward Multilayer Perceptron (MLP) 
network, and recurrent network subcategories (Sim et al., 2014). One commonly used approach is the MLP neural network in 
which several layers are present like input and output. Hidden nodes are used to connect these input and output layers. Neurons 
or independent variables are present within the input layer, and they are responsible for taking the raw data ahead to the hidden 
layers as synaptic weights. The activation function choice determines the hidden layer output. A widely used activation func-
tion is the sigmoidal function (Asadi et al., 2019; Sharma & Sharma, 2019). The MLP neural network was utilized for the 
recommended research model training and testing. 
 
5.2 Convergent Validity   
 
The measurement model is assessed keeping in mind the construct reliability (which integrates Composite Reliability (CR), 
Dijkstra-Henseler's criterion (PA), and Cronbach’s Alpha (CA)) along with validity (which integrates convergent and discri-
minant validity). (J. Hair et al., 2017) Has brought forward this recommendation. The construct reliability is determined using 
Table 3 which presents the Cronbach’s Alpha (CA) values of 0.769 till 0.906. As compared to the threshold value of 0.7 
(Nunnally & Bernstein, 1994), these figures are higher. Table 4 shows that the Composite Dependability (CR) values range 
from 0.786 to 0.927, which is higher than the suggested threshold value of 0.7 (Kline, 2015). The Dijkstra-Henseler's rho (pA) 
reliability coefficient could be utilized by the research for construct reliability evaluation and reporting.  
 
The reliability coefficient ρA should be similar to the CA and CR with values of 0.70 or higher as part of the exploratory 
research. For advanced research stages, values should be over 0.80 or 0.90 (J. F. Hair et al., 2011; Henseler et al., 2009; 
Nunnally & Bernstein, 1994). Table 3 shows that the reliability coefficient Alpha for each measurement construct should be 
more than 0.70. As suggested by the results, the construct reliability should be confirmed, and the constructs must be assumed 
to be quite free of error toward the end. The convergent validity measurement testing should be done for the Average Variance 
Extracted (AVE) and factor loading (J. Hair et al., 2017). The 0.7 proposed value has remained lower than the factor loading 
values, according to Table 3. Furthermore, as shown in the table, the AVE generated values ranged from 0.686 to 0.842, which 
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is significantly higher than the 0.5 threshold value. For all constructs, it is possible to appropriately attain the convergent 
validity keeping the future results in mind.  
 
5.3 Discriminant Validity  
 
For discriminant validity measurement, it is recommended that the Fornell-Larker criterion and the Heterotrait-Monotrait ratio 
(HTMT) be gauged (J. Hair et al., 2017). Table 4 results indicate that the Fornell-Larker condition confirms the requirements 
as the AVEs and their square roots are much higher than the correlation with the rest of the constructs (Fornell & Larcker, 
1981). Table 5 illustrates the HTMT ratio results which indicate the fact that 0.85 is the threshold value, ahead of each con-
structs’ value (Henseler et al., 2015). As a result, the HTMT ratio is established. The discriminant validity is stated based on 
these findings. With the results of the study in mind, there were no issues with the measurement model assessment in terms 
of reliability and validity. Therefore, it is possible to evaluate the structural model by making further use of the collected data.  
 
Table 3  
Measurement model 

Factor Items Factor Loading CA CR PA AVE 
POA POA1 0.815 0.786 0.793 0.864 0.760 

POA2 0.876 
PR PR1 0.691 0.788 0.790 0.877 0.706 

PR2 0.876 
PR3 0.881 

PE PE1 0.742 0.867 0.877 0.919 0.790 
PE2 0.873 
PE3 0.863 

PU PU1 0.841 0.892 0.927 0.931 0.819 
PU2 0.825 
PU3 0.843 

EJ EJ1 0.904 0.906 0.911 0.941 0.842 
EJ2 0.914 
EJ3 0.934 

PC 
 

PC1 0.889 0.880 0.890 0.926 0.807 
PC2 0.854 
PC3 0.728 

SE SE1 0.924 0.769 0.786 0.867 0.686 
SE2 0.867 
SE3 0.902 

FV FV1 0.867 0.844 0.847 0.906 0.763 
FV2 0.896 
FV3 0.856 

 

Table 4  
Fornell-Larcker Scale 

  POA PE PU PR EJ PC SE FV 
PO 0.873        
PE 0.611 0.89       
PU 0.731 0.55 0.88      
PR 0.714 0.48 0.69 0.91     
EJ 0.694 0.68 0.68 0.70 0.84    
PC 0.721 0.70 0.72 0.59 0.64 0.90   
SE 0.678 0.45 0.75 0.58 0.60 0.64 0.87  
FV 0.446 0.69 0.73 0.67 0.71 0.73 0.61 0.82

 

Table 5  
Heterotrait-Monotrait Ratio (HTMT) 

 POA PE PU PR EJ PC SE F
PO         
PE 0.70        
PU 0.65 0.62       
PR 0.61 0.53 0.68      
EJ 0.65 0.62 0.63 0.53     
PC 0.51 0.50 0.69 0.63 0.40    
SE 0.68 0.57 0.66 0.64 0.61 0.70   
FV 0.44 0.67 0.69 0.39 0.53 0.58 0.64  

 

 

5.4 Hypotheses Testing Using PLS-SEM  

The Smart PLS, with maximum likelihood estimation, was integrated with the structural equation model to obtain the several 
structural model theoretical constructs interdependence (Al-Emran et al., 2020; Salloum et al., 2019). Hence, it was possible 
to assess the proposed model. It is observed in Table 6 and Fig. 3 that a moderate predictive power is present for the model 
since it attains a 45% variance percentage for post-acceptance of e-learning technology. 
 
Table 7 shows the beta (β) values, t-values, and p-values for each hypothesis based on the PLS-SEM approach generated 
findings. All hypotheses have been supported by the researchers, it may be said. The empirical data supports the H1, H2, H3, 
H4, H5, H6, and H7 hypotheses, according to the data analysis. The results revealed that Post-Acceptance of e-learning tech-
nology (POA) significantly influenced Fear of Vaccination (FV) (β = 0.293, t = 13.694), Perceived Usefulness (PU) (β = 
0.487, t = 3.494), Perceived Ease of Use (PE) (β = 0.597, t =17.001), Perceived Routine Use (PR) (β = 0.389, t = 7.009), Self-
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Efficiency (SE) (β = 0.548, t = 5.416), Perceived Enjoyment (EJ) (β = 0.363, t = 6.907), and Perceived Critical Mass (PC) (β 
= 0.287, t = 5.312) supporting hypothesis H1, H2, H3, H4, H5, H6, and H7, respectively.  
 
Table 6   
R-squared values 

Constructs  R2 Results 
POA 0.450 Moderate 

 

Table 7   
Results of path tests 

H Relationship Path t-Value p-Value Comment 
H1 FV→ POA 0.293 13.694 0.000 Significant** 
H2 PU→ POA 0.487 3.494 0.036 Significant* 
H3 PE→ POA 0.597 17.001 0.000 Significant** 
H4 PR→ POA 0.389 7.009 0.003 Significant** 
H5 SE→ POA 0.548 5.416 0.008 Significant** 
H6 EJ→ POA 0.363 6.907 0.007 Significant** 
H7 PC→ POA 0.287 5.312 0.000 Significant** 

 

 
Fig. 3. PLS Results 

5.5 ANN Results  

The IBM SPSS Statistics ver. 23 was used to do the ANN review. Only the notable predictors were produced from the PLS-
SEM findings which were then used in the ANN evaluation. For the ANN analysis, only the FV, PR, EN, SF, PC, PE, and PU 
variables are considered. The ANN model, as per Fig. 4, has a single output neuron, e.g., post-acceptance of E-learning 
Technology, and many input neurons, i.e., FV, PR, EN, SF, PC, PE, and PU. A two-hidden layer deep ANN model was 
utilized to enable deeper learning and to take effect for each of the output neuron nodes. In this experiment, the sigmoid 
function is employed to activate both hidden and output neurons. The spectrum for both input and output neurons were be-
tween [0, 1] to improve the efficiency of the provided study model. To avoid overfitting in ANN models, researchers adopted 
a tenfold cross-validation strategy with an 80:20 ratio for both training and testing data. The Root Mean Square of Error 
(RMSE) is offered as a metric for the correctness of a neural network model. Table 4 shows that the ANN model's RMSE 
parameters for both training and testing data are 0.1394 and 0.1405, respectively. Since the RMSE estimates and standard 
deviation for both training and testing data are of minuscule variances (0.0046 and 0.0098, respectively), it can be deduced 
that the presented research model achieves high accuracy with the use of ANN. 
 

5.6 Sensitivity Analysis  

The average of every predictor is compared to the maximum mean value expressed as a percentage to determine the normal-
ized importance. Every predictor involved in ANN modeling is included in Table 8 with their mean importance and normal-
ized importance. The sensitivity analysis results show that PE is by far the most important predictor of post-acceptance of E-
learning Technology, preceded by FV, PR, EN, SF, PC, and PU, as shown in Table 8. It was proposed that the goodness of 
fit, which is identical to R2 in PLS-SEM analysis (Leong et al., 2019), be determined to additionally authenticate and validate 
the ANN application's accuracy and performance. As an outcome, the predictive power of ANN evaluation (R2 = 53%) is far 
greater than that of PLS-SEM (R2 = 45%), according to the findings. These results show that the ANN model elucidates 
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endogenous constructs more thoroughly than the PLS-SEM approach. Furthermore, the disparity invariances can be due to 
the deep learning ANN approach's dominance in deciding non-linear relationships between the constructs. 
 

 
 
 
 
 
Table 8  
Independent variable importance 

 Importance Normalized Importance 
PE .270 100.0% 
FV .181 67.1% 
PR .163 60.4% 
EN .135 49.9% 
SF .086 31.7% 
PC .085 31.5% 
PU .082 30.2% 

 

 
Fig. 4. ANN model 

 
 
5.7 Importance–Performance Map Analysis  

We used the IPMA as an efficient approach in PLS-SEM with post-acceptance of e-learning technology as the target variable 
in this study. IPMA, according to Ringle and Sarstedt (Ringle & Sarstedt, 2016), aids in the comprehension of PLS-SEM 
research evidence. IPMA includes the average value of the latent constructs and their indicators (such as performance meas-
ure) as an option to calculate the path coefficients (such as importance measure) (Ringle & Sarstedt, 2016). According to the 
IPMA, overall impact represents the importance of precedent factors in defining the target factor (post-acceptance of e-learn-
ing technology), while the average of latent constructs' values reflects their performance. The IPMA findings are shown in 
Fig. 5. In this study, the importance and performance of seven variables (fear of vaccination, perceived ease of use, perceived 
usefulness, perceived routine usage, perceived enjoyment, perceived critical mass, and self-efficacy) were assessed. Accord-
ing to the findings, PE has the maximum values for both importance and performance measures. It is also noteworthy that FV 
has the second-largest value in terms of importance and performance measures. Although PU has the third-largest value on 
the importance measure, on the performance measure, it has the lowest value. Moreover, even though SE has the lowest 
importance metric, it is crucial to note that it has the highest relative value to the PE on the performance measure. 

 
Fig. 5. IPMA results 

6. Discussion  
 
The current analysis investigated the key factors that influence the acceptance of an e-learning platform using the TAM model 
in conjunction with external factors such as fear of vaccination, perceived ease of use, perceived usefulness, perceived routine 
use, perceived enjoyment, perceived critical mass, and self-efficiency. The following are some of the most important findings. 
To begin, it was discovered that the variables have an impact and are linked to the dependent variable. This finding backs up 
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the TAM in the study, which shows that the two constructs of perceived ease of use and perceived usefulness have a favorable 
impact on technology acceptance (Al-Maroof et al., 2021; Al-Maroof R.S., 2021; Jimenez et al., 2021; Rashid et al., 2021). 
According to a study by (Alfadda & Mahdi, n.d.), perceived ease of use and perceived usefulness have a significant impact 
on Zoom's acceptance as an e-learning platform, and they have a successful relationship with self-efficacy. The outcomes of 
this study show that both PEOU and PU have an important and optimistic effect on the e-learning platform's post-acceptance 
stage. Second, the assumptions concerning perceived routine use, perceived enjoyment have been ensured. These results are 
consistent with those observed in earlier research. According to (Saga & Zmud, 1993), the perceived routine use has a bene-
ficial effect on technology acceptance and has a direct association with motivation similarly, prior research yielded that per-
ceived enjoyment has an important impact on technology acceptance (Al-Maroof et al., 2021; Jimenez et al., 2021;  Li et al., 
2021; Wang et al., 2021). According to an analysis by (Maheshwari, 2021), perceived enjoyment enhances technology ac-
ceptance, and this factor is closely linked to fast internet and efficient systems. After that, the statistical analysis has backed 
up critical mass and self-efficiency. The outcome demonstrates that in moments of distress, people try to be compassionate. 
They assist one another in avoiding technical difficulties. As a result, these two parameters can act as a buffer throughout a 
crisis (Baloran & Hernan, 2020; Chang et al., 2013; Hernández-Padilla et al., 2020; Hsieh et al., 2012). According to an 
analysis by (Jimenez et al., 2021), self-efficacy, alongside TAM (PEOU and PU), are the most important factors that influence 
acceptance of technology. Eventually, fear of vaccination is a major variable that influences the acceptance of an e-learning 
platform. The results show that fear of vaccination has a beneficial effect on the key model constructs. Vaccine hesitancy has 
been identified as a critical problem, as it can build numerous obstacles in a post-crisis environment (Ogbuabor & Chime, 
2021; Peretti-Watel et al., 2015; Piedrahita-Valdés et al., 2021). As a result, students ought to have vaccination confidence, 
as opposed to vaccination hesitancy; as a result, they would be able to build trust in the healthcare sector, allowing them to 
tolerate vaccinations and overcome their fears. 

  
6.1 Practical Implication  
 
Students' embrace of technology is hampered by their fear of vaccination. As a result, practical implications can help guide 
learning strategies and procedures in the right direction. Experts believe that fear of vaccination may sway consumers' opin-
ions. As a result, when implementing e-learning models, educators and teachers should pay particular attention to students' 
perspectives and preferences. As a result, this research has many applications. To begin, teachers and healthcare workers 
should explore various methods for boosting vaccination confidence to be accepted by technology consumers. Second, to 
further explore this problem, investigators may obtain practical confirmation of the impact that vaccination fear can have on 
the learning process. Furthermore, the current research provides a scientific viewpoint. Fear of vaccination should be consid-
ered by academics in both educational institutions in the online learning environment, particularly in the teaching and learning 
surroundings. As a result, teachers should rethink the importance of evaluating their teaching strategies to address the current 
obstacles (Cardullo et al., 2021). 
 
6.2 Managerial Implication  
 
This study looks at the impact of vaccination hesitancy in the educational environment, to encourage healthcare executives 
and governments to emphasize vaccination fear and take appropriate measures to alleviate this fear. It provides an in-depth 
look at existing strategies for reducing fear and boosting vaccination morale among educators, teachers, and students, which 
will have an impact on society overall. For example, healthcare managers should accept these results to minimize the risk of 
a crisis that might end in student vaccination rejection (Simonetti et al., 2021). This research has the potential to improve 
educational institution teaching and learning efficiency, as well as increase vaccination acceptance, allowing educational in-
stitutions to execute their objectives and perspective more efficiently. 
 
6.3 Theoretical Implications  

In terms of technique, this study uses a hybrid SEM-ANN model focused on deep learning to refer to previous research in 
general and the e-learning domain in particular, unlike prior empirical investigations that mostly relied on SEM analysis. The 
ANN model outperforms the PLS-SEM model in terms of predictive capability. We infer that the deeper ANN architecture's 
ability to assess non-linear correlations between the elements in the theoretical model is responsible for the higher predictive 
power recovered from ANN analysis. 
 
6.4 Limitations of the Study 
 
There are certain drawbacks to the research. The key drawback is that only four universities in the UAE were engaged, which 
prevents a thorough examination of the factors influencing e-learning platforms following the propagation of COVID-19. 
With the involvement of a larger number of universities, the research may have been more useful. By thoroughly analyzing 
the factors that influence e-learning systems, additional analysis would enable an accurate understanding of e-learning sys-
tems. One downside is the small number of respondents who participated in the study (659 students). According to (Al-Emran 
& Salloum, 2017), the survey questionnaire was developed for data collection. The study could have been improved if a 
superior instrument and sampling method had been used. Furthermore, the participation of various universities from the Arab 
Gulf region, including those from the KSA, Kuwait, and Bahrain, would have enhanced study results. In the future, it will be 
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imperative to engage more students about participating in research. Furthermore, interviews and focus groups will provide 
more reliable results. Finally, we hope that participating Arab universities will adopt an e-learning system. 
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