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Abstract

Background: The coronavirus disease of 2019 (COVID-19) has extensively impacted various sectors globally, including higher education. The indefinite closure of Universities has necessitated the need to introduce alternative teaching and learning methods and tools. E-learning, a disruptive innovation, has provided an opportunity to allow for continuity of teaching and learning in Universities during these closures.

Objectives: The study adopts Teo’s model as the analytical tool to investigate factors that influence University lecturers to adopt e-learning platforms in South Africa.

Method: The study followed a quantitative research approach with stratified sampling as a data collection approach using a sample size of 132 respondents. Structural Equation Modelling (SEM) was adopted to deduce factors that influence the Behavioural Intention to Use (BIU) to adopt e-learning, as well as to test the Model fit of Teo’s model in the South African context.

Results: The study revealed that the lecturer’s attitude towards the use (ATU) of e-learning is the most influential construct towards lecturers’ BIU e-learning platforms. The empirical evidence also revealed that Teo’s model is a reasonable fit to the data to understand the adoption of e-learning by lecturers in South African universities.

Conclusion: The empirical evidence from this study supports the viewpoint that in order for lecturers to successfully adopt e-learning platforms, their attitude towards the use of these platforms seems to be a critical factor. In order to understand lecturer’s adoption of e-learning platforms successfully, Teo’s model is a reasonably good framework to use.
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Introduction

The global higher education sector has been extensively impacted by the coronavirus disease of 2019 (COVID-19) pandemic, which has led to the unplanned closure of Universities (Flaxman et al. 2020; Hale et al. 2020). South Africa has been no exception to this impact, with the minister of higher education Dr Blade Nzimande announcing the early closure of Universities on 18 March 2020 (Nzimande 2020), which was necessitated to protect the general student population from the pandemic. The indefinite closure combined with the desire to save the academic year necessitated the need for exploring the development of alternative modes of teaching and learning.

The introduction of Information and Communication Technologies (ICTs) in higher education has been a disruptive innovation changing how teaching and learning are delivered and perceived. As a result of the growth in the development of ICT, the higher education sector landscape is continuously changing as well (Priya, Elayampalayam & Nadu 2018; Singh 2017). The changes have brought about a new model for education known as e-learning (Al-Samarraie et al. 2018; Ting, Smith & Gomez 2018). Over the years, students entering institutions of higher learning have become more and more tech-savvy and spend large amounts of time online be it for social purposes or educative (Azhar, Kim & Salman 2018; Mládková 2017). The COVID-19 pandemic, the mainstreaming of technology in education and the desire to meet students in ‘their spaces’ to maximise educational processes, has led Universities around the world to move towards adopting this new model of education. The implementation of e-learning technologies in higher education has caused a vivid transformation in teaching and learning pedagogies (Baltodano & Gomez-Zermeno 2017).

There are two types of institutions of higher learning, full contact universities where teaching and learning take place on a face-to-face basis between lecturers and students, and then there are also distance education institutions where teaching and learning take place remotely. E-learning is a disruptive innovation in full contact universities (Flavin & Quintero 2018), in the sense that it is a new paradigm of education delivery that is bringing change to the way education has traditionally been delivered to students. Traditional learning is learning delivered at full contact universities in an appropriate environment known as a classroom (Ansong et al. 2016). The introduction of e-learning is bringing about new teaching techniques that are disrupting the traditional ones.

Key players in the implementation of e-learning are lecturers and students. The role of lecturers in the successful implementation of an e-learning system is critical as their role is similar to that identified by Rogers (2010) of opinion leaders. Therefore, the adoption of e-learning technologies by lecturers tends to have a direct influence on students’ adoption of these technologies (Tarhini et al. 2017). Lecturer’s knowledge, understanding and adoption of these technologies are vital to the successful implementation of e-learning (Xhaferi & Bahiti 2018). A number of challenges exist with regard to lecturers’ adoption of e-learning (Opoku, Pobee & Okyireh 2020).

In developed countries such as the United States and the United Kingdom, the use of ICTs in education is at present changing educational pedagogies in institutions of higher learning. Institutional and socio-economic factors are the main driving forces behind e-learning acceptance (Freeman, Antwi-Boampong & Agyemang 2019). Developing countries such as South Africa and India are now using e-learning to leapfrog into the knowledge society, allowing these countries to participate in the global society (Patel, Kadyamatimba & Madzvamuse 2018; Pattanayak et al. 2019). South Africa has got over 100 institutions of higher learning that are offering various diploma and degree programmes (Parent24 2017), although only a handful offer online courses providing an insight towards e-learning penetration in institutions of higher learning. E-learning technologies are also used within institutions of higher learning to provide additional scaffolding for contact courses. Conventional e-learning technologies used by full contact higher education institutions usually consist of Learning Management Systems (LMSs), such as Moodle and Blackboard. The University under study is a full contact university with one of the highest student populations and stands amongst the top 10 highest ranking institutions in South Africa. The University of KwaZulu-Natal (UKZN) is amongst several institutions of higher learning, which has embraced ICTs; it is also amongst several institutions of higher learning, which has embraced ICTs in education and has shifted its focus to remote online learning because of the COVID-19 pandemic as a strategy to allow for the continuity of teaching and learning. A review of the 26 Universities in South Africa (DHET 2020) reveals that nearly all of the Universities have implemented a form of e-learning, mainly making use of LMSs. As universities are now shifting to e-learning as the mode of implementing teaching and learning, it becomes essential to investigate lecturer’s behavioural intention to adopt these e-learning technologies.

A number of studies on ICTs have examined descriptive models in the adoption of technologies that assist in predicting adoption, as well as in usage behaviour (Dwivedi et al. 2019; El-Masri & Tarhini 2017). Timothy Teo suggests a model of e-learning adoption by lecturers. This model developed by Teo (2011) consolidates constructs from the theories mentioned above in explaining the adoption process of technology. This study seeks to investigate the factors that influence Behavioural Intention to Use (BIU) to adopt e-learning by lecturers using Teo’s model in the South African context and to test whether Teo’s model applies in this context. This study attempts to provide a more holistic understanding of e-learning adoption at full contact institutions of higher learning.

Research objectives


	To investigate factors that influence BIU to adopt e-learning by lecturers.

	To test whether Teo’s model applies to the South African context.



Literature review

Traditional learning is the most common method of delivering education to students (Ingadottir et al. 2020). It is characterised by face-to-face interactions of students and lecturers in a common learning space called a classroom. Traditional learning has its advantages over e-learning (Table 1). However, e-learning is promising to be the future of education delivery because of disruptive innovations such as the Internet and the outbreak of pandemics like COVID-19, which emphasises social distancing. Table 1 outlines the advantages and disadvantages of e-learning as was adapted from Zhang et al. (2004). The study (Zhang et al. 2004) pointed out that e-learning was advantageous than traditional learning, even though it had some issues to be considered.
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E-learning concept

Electronically supported learning, commonly known as e-learning, is conducted using the Internet (Vaona et al. 2018). E-learning is a phenomenon that facilitates access to educational materials, boosting learning excellence, and advancing teaching techniques and practices through the use of ICTs (Güllü et al. 2016).

Algahtani (2011) classifies e-learning into two categories, namely, computer-based and internet-based. Computer-based e-learning is where computers are used to retrieve and store educational information or are used to provide communicating software to support learning that does not involve use of the Internet in class or for the individual learning (Wall et al. 2017). Internet-based learning is an extension of computer-based learning; it is divided into a blended mode (Kristanto 2017) and fully online learning (Davey, Elliott & Bora 2019). The blended model offers a combination of both traditional and online learning, whilst fully online is an entirely online experience.

Adoption of e-learning platforms

The e-learning adoption process has exponentially increased globally in full contact institutions of higher learning because of the outbreak of the COVID-19 pandemic. The growth in the use of the higher education sector seems to be increasing the adoption of e-learning in higher education institutions (Al-Samarraie et al. 2018). The student attrition from e-learning courses hinders e-learning adoption by lecturers (Burgess 2017). Al-Azawei, Parslow and Lundqvist (2016) identify some challenges to e-learning adoption as being a lack of student, technical and administrative support; lack of staff development; poor Internet connectivity and content not being localised to fit particular cultures.

Teo (2011) encourages the continuous upskilling of lecturers in order to be able to maximise the use of these technological innovations that are constantly evolving. The author identifies factors such as age, computer experience, years of teaching experience and gender as keeping key in successful adoption. Age plays a significant role in lecturers who lack computer skills, especially when receiving basic instructions (Morin, Fard & Saadé 2019). The time needed to structure an e-learning programme is more than when preparing for traditional ones and tends to be a challenge (Al-Azawei et al. 2016).

Higher learning institutions need to plan, implement and then monitor technology adoption as they influence lecturers’ behavioural intention to adopt e-learning (Teo 2011). Clarity on universities’ e-learning policies helps lecturers to fully utilise it in supplementing their teaching strategies (Moakofhi et al. 2017).

Factors affecting the adoption of e-learning platforms

Behavioural Intention to Use ICT technologies are linked to successful adoption of e-learning (Chang, Hajiyev & Su 2017; El-Masri & Tarhini 2017). Behavioural Intention to use is how firm a person is eager to perform a behaviour or to adopt a technology (Teo 2011). The following factors have a direct or indirect influence on lecturers’ BIU e-learning indicated by the reviewed literature.

Perceived usefulness and perceived ease of use

Perceived usefulness (PU) is the user’s assumption that using a specific system will generally increase job performance, and perceived ease of use (PEU) is user’s assumption that using a particular technology system is effortless as defined by Sugandini et al. (2018) and Teo (2011). Lecturers’ PU and PEU affect the way they will behave towards the adoption of e-learning. The study carried out by Nikou and Economides (2017) revealed that BIU is significantly impacted by a systems usefulness and its ease of use. Teo (2011) in his study then specified that PU directly influences BIU and PEU, indirectly influences BIU through PU which is also in line with what is suggested by Davis (1989) in the Technology Acceptance Model (TAM) and Venkatesh et al. (2003) in the Unified Theory of Acceptance and Use of Technology (UTAUT).

Subjective norms

Subjective norms (SNs) are persons’ view of what their peers or those they consider to be of important think of them should they engage or not engage in a particular behaviour (Oteng-Peprah, De Vries & Acheampong 2020; Teo & Lee 2010). In his study, Teo (2011) found that SNs had an insignificant influence on BIU on lecturers but had a significant influence on PU, which indicated that it had an indirect effect on BI. Subjective norms imply that lecturers perceive their behaviour to be influenced by the ones they view as important referents.

Facilitating conditions

Facilitating conditions (FCs) are the extent to which a user believes that there is the technical and organisational infrastructure to support the use of a system (Molina-Castillo, Lopez-Nicolas & De Reuver 2020). Lecturer’s perception of e-learning is affected by technical support, training on using e-learning and administrative support. There was no significant influence of FCs on BIU in the study carried out by Teo and Noyes (2014) using UTAUT. Teo (2011) elaborated that there was a significant direct influence of FC on BIU and also indirectly significantly influenced BIU through PEU because as lecturers get the technical support, they are said to perceive the technology easy to use.

Attitude towards use

Attitude Towards Use (ATU) is how a lecturer reacts to and is willing to use a technology (Teo & Lee 2010). A study conducted by Teo (2011) showed that ATU has a direct influence on a person’s BIU technology. In agreement with this, another study carried out by Mosa, Mahrin and Ibrrahim (2016) indicated that attitude plays a vital role in determining the overall readiness of e-learning adoption. These studies indicate that ATU is a factor that affects the adoption of e-learning.

The three theories from which Teo’s model formulates

The need to know and appreciate users’ adoption and usage behaviour have made researchers to use numerous models and theories that originate from psychology, such as TAM, UTATUT and Theory of Planned Behaviour (TPB).

Technology acceptance model

Technology Acceptance Model was developed by Davis (1989), which states that to determine user acceptance, one needs to look at critical constructs, which are PEU and PU. The TAM theory is also used to successfully explain user acceptance of disruptive technologies (Schmidthuber, Maresch & Ginner 2020). The theory investigates the relations amongst PU, PEU, ATU and BIU technology (Figure 1). Perceived ease of use is suggested to have a direct influence on PU, and the two affect ATU. Attitude towards use affects BIU, which is also suggested to be directly and indirectly affected by PU and PEU (Teo 2011).
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This model proposed by Davis (1989) suggests that users’ behaviour can be explained by their PEU, PU and their attitude towards that technological innovation. The construct attitude has the most direct influence on the behavioural intention to adopt the innovation.

Theory of planned behaviour

Developed by Ajzen (1991), the TPB holds that a person’s behavioural intention is the significant predictor of the behaviour; it also factors how much people are eager to execute a behaviour. Subjective norms, Attitude towards behaviour (ATU) and perceived behavioural control (Figure 2) are the determinants of BIU (Savari & Gharechaee 2020). This theory was, however, an improvement of the Theory of Reasoned Action (TRA), which had two constructs, namely, attitude towards the behaviour and SNs. Hence, TPB added perceived behavioural control to give more explanatory power to TRA (Sultan et al. 2020).
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The TPB consists of four constructs, which determine user behaviour as theorised by Ajzen (1991). In this theory behaviour is directly impacted by intention, whilst the intention is influenced by perceived behavioural control, SNs and attitude towards the behaviour.

Unified theory of acceptance and use of technology

The UTAUT was designed by Venkatesh et al. (2003), which meant to explain the acceptance and use of information system innovations. The model consists of four core constructs: technology usage intention, which include performance expectancy, effort expectance, FCs and social influence (Figure 3). These may be qualified by voluntariness to use technology, age, experience and gender.
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The UTAUT model developed by Venkatesh et al. (2003) consists of four core constructs (performance expectancy, effort expectancy, FCs and social influence). All except FCs directly influence user behavioural intention, which also determines user behaviour. Facilitating conditions and behavioural intention both directly impact user behaviour.

Teo’s model

Teo’s model used in this research takes into account six constructs from the above theories, which are as follows: PEU, PU, SNs, ATU, FCs and BIU (Figure 4). In as much as TPB is the base of the human behavioural study, there is also a need to look at other contributing factors that affect an individual’s decisions on adoption of e-learning.
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This model explains the influences of a person’s BIU to adopt a technology. Teo’s model seems to provide a more holistic consideration of the factors identified in the literature, and therefore, seems to be a better suitable model to use in investigating the BIU e-learning platforms by lecturers.

Teo’s model makes use of six constructs from the previously discussed adoption theories. The model consists of the following constructs: PEU, PU, SNs, ATU, FC and BIU. Out of the six, five are used to determine their influence on the sixth construct BIU.

Research methodology

For this study, the quantitative approach was more appropriate, as the study looked at the relationships amongst the constructs consolidated in the model to be applied. Statistical data were collected and analysed to give a more detailed description of the phenomenon (Mertler & Reinhart 2016). The study was conducted in a South African University, the UKZN Pietermaritzburg (PMB) campus using a convenient sampling method. Data were collected using a closed-ended questionnaire, which included a consent form.

The target population of the study included all of the UKZN PMB campus colleges, which consisted of a total of 200 lecturers. The sample size of 132 was calculated, taking into consideration a confidence level of 95%, a margin of error of 5% and a response distributor of 50. In an attempt to make the sample more representative, the researcher divided the sample to consist of an even number of lecturers from all three colleges. Therefore, the sample of this study consisted of 44 lecturers from the College of Law and Management Studies, 44 lecturers from the College of Humanities and 44 lecturers from the College of Agriculture Engineering and Science.

The study aimed at investigating the factors that influence BIU to adopt e-learning by UKZN PMB campus lecturers and to test whether Timothy Teo’s model is applicable in the South African context. A closed-ended research questionnaire was distributed to a target of 132 lecturers who participated in the study through the use of convenient sampling. The response rate was 100%. The sampling instrument was divided into sections that measure the constructs suggested by Teo, which helped in obtaining the results that answered the research objectives. Questions under each construct had responses: strongly agree, agree, neutral, disagree and strongly disagree, the scores placed on each was 1, 2, 3, 4, 5, respectively, as the instrument used a Likert scale. Cronbach’s Alpha was conducted to ensure internal uniformity of items as a group as the questionnaire had Likert scale questions. The reliability of the scale chosen for the questionnaire was tested with an accepted index of reliability being 0.7 and upwards (Bujang, Omar & Baharum 2018). Composite variables were created to conduct some of the tests. The normality test was also conducted to check the distribution of the data. Structural Equation Modelling (SEM) analysis, which served more as a confirmatory test rather than a predictive test, was adopted in this study. Structural equation modelling analysed the relationships between latent (unobserved) and observed variables (Byrne 2016). Structural equation modellings’ ability to model random errors in the observed variables resulted in detailed measurements and allowed for the testing of the validity of the proposed model.

Ethical consideration

Ethical consideration was received from the University of KwaZulu-Natal Humanities and Social Sciences Research Ethics Committee (HSS/1092/017H, received on 09 December 2017).

Results

Several statistical tests were carried out to meet the stated objectives. Reliability analysis was conducted to ascertain the creditability of the results obtained from the study through the consistency of the scales used. The reliability coefficient ranges from 0 to 1, with 0 indicating the lowest levels of reliability and 1 being the highest indicator. A good indicator of reliability is considered to range from 0.7 to 1 (Bujang et al. 2018). The Cronbach Alpha analysis was conducted to evaluate the reliability of the scales; given below are the Cronbach Alpha coefficients (Table 2) for the following constructs under investigation: PU, PEU, SN, FCs, ATU and BIU.
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The result of Cronbach Alpha analysis for all the constructs under investigation reveals excellent reliability for all the constructs. The results are indicative of a high degree of consistency amongst the constructs. It also indicates the reliability of the instrument used in this study to collect data.

Demographics

The questionnaires were distributed amongst 132 lecturers, and the response rate was 100%. Out of the 132 lecturers, 89 (67.4%) were males, representing a high response rate than for females. About 83 (62.9%) of these lecturers had PhD as their level of education. About 43 (32.6%) had over 15 years of experience. Fifty- three (40.2%) had 3-6 years of teaching experience using e-learning. Sixty (45.5%) were from Agriculture, Engineering and Science (Table 3).
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Structural equation modelling analysis

Confirmatory factor analysis (CFA) was conducted using a statistical tool called Analysis of Moment Structures (AMOS) on the data collected from the 132 lecturers. Confirmatory factor analysis is a model identification measurement, which analyses the loading up of items (observed variables) on the constructs (latent variables). The maximum likelihood estimate method, which decreases the size of standard errors, was selected to estimate the model’s parameters (Byrne 2016). The bootstrap method was also selected as the data collected was not normally distributed; it assumes that the sample and the population distributions have the same shape. These measures being controlled made it possible to analyse the data even if the data are non-parametric.

Correlations between model constructs

There was a significantly strong positive correlation (Table 4) between PU and ATU (r = 0.84, P < 0.01). Perceived usefulness had a positive correlation (r = 0.63, P < 0.01) with BIU (Table 4). Perceived ease of use had a weak though significant positive relationship with FC (r = 0.35, P < 0.01), ATU (r = 0.74, P < 0.01) and BIU. Attitude towards use and BIU also had a significant positive relationship (r = 0.61, P < 0.01).
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The directional relationship of the constructs

For every 1 raw score increase in FC, there was a significant (P < 0.001) increase of 0.303 raw score in PEU. Subjective norms and PEU were significant (P < 0.01) predictors of PU (Table 4). An increase in a raw score of PEU results in a significant (P < 0.001) increase of 0.309 raw score in PU. A raw score increase in PU causes a significant (P < 0.01) increase in ATU of 0.772 raw score. For every raw score increase in PEU, there is a significant (P = 0.002) increase in ATU of 0.199 raw score. A raw score increase in ATU causes a significant (P < 0.01) 0.612 raw score increase in BIU (Table 5). The total effect is the same value as shown in Table 5, indicated as an estimate that also shows the relationship direction. The predictors accounted for just 12.5% of the variation in PEU. However, the predictors for PU, ATU and BIU accounted for 43.8%, 73.8% and 57.4% of the variation.
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Direct and indirect effects of exogenous variables on the endogenous variable

Direct effects signify effects of an exogenous variable on the endogenous variable. Facilitating condition had direct effects (predictor) on PEU and BIU indicated by the directional regression line arrow (Figure 5). Facilitating condition and SN are exogenous variables because they are predictors of other variables and are not predicted themselves. Perceived ease of use, PU and ATU are all acting as exogenous and endogenous variables because they are all predictors and also were being predicted. This is indicated by the arrows going out (predictors) and arrows coming in (being predicted). Behavioural Intention to use is endogenous, and it is only being predicted by other variables. All other constructs, directly and indirectly, influence BIU. In Figure 5, PU is a higher significant predictor for ATU with 0.73 using the standardised estimates. One raw score of PU results in a significant 0.73 raw score increase on ATU, contributing to the 0.70 significant effect that ATU has on BIU. Perceived usefulness does not have much direct effect on BIU, but it has more effect through ATU.
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The objective of conducting this analysis was to measure how well the data collected fit the theory under investigation. Table 6 provides the resulting output of the model fit tests against the prescribed threshold. These are the indicators that need to be valid for a model to be deemed fit (Schreiber et al. 2006). These indicators are CMIN which is χ2, DF (df) is the degrees of freedom. Owing to the sensitivity of CMIN to sample size, CMIN/DF (χ2/df) is used. Tucker-Lewis fit index (TLI), comparative fit index (CFI), standard root mean square residual (SRMR), root mean square error of approximation (RMSEA) and PClose fit are all analysed. The results revealed that based on the CFI, the model is an acceptable fit to the data, although it is stated that the model does not fit the data well when using RMSEA or PClose (Paulsen & BrckaLorenz 2018).
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Discussion

The results of the analysis shown in Table 3 in the Results section indicate the response given by respondents when asked to rank their experience with e-learning. From a total of 132 responses on e-learning experience the most frequent response was Moderate 56 (42.4%). It is also indicated that the majority of lecturers still needed assistance in adopting e-learning platforms, even though there were a large number of PhD holders. Once timely assistance is given, it will make the environment conducive for the adoption process to take place.

The findings of this study showed that there was a correlation with the constructs demonstrating the existence of associations; a change in one would result in a change in the other. All constructs had a significantly positive relationship. The relationship amongst these constructs are supported by the literature (Ajzen 1991; Davis 1989; Venkatesh et al. 2003). A raw score increase in FC was estimated to result in a 0.303 raw score increase in PEU. Therefore, when a university provides training to lecturers on how to use e-learning platforms, then it can expect a significant positive change of 30.3% in the manner in which lecturers perceive the ease of using that technology as they have a better understanding of it (Rosaline & Wesley 2017). Both SNs and PEU showed an influence on PU. Perceived usefulness showed a strong influence on ATU with a raw score increase of 0.772. It is, therefore, crucial for lecturers to have a positive perception of the usefulness of e-learning platforms towards their academic work as this will, in turn, increase their attitude towards the use of the technology (Xhaferi & Bahiti 2018).

The influence on behavioural intention to adopt e-learning was predicted directly and indirectly by the other fiveconstructs. The construct PEU has an indirect influence on behavioural intention by lecturers to adopt e-learning thereby being an indirect predictor.

The fact that a lecturer can perceive e-learning to be easy to use does not mean that they intend to use it in the future, and hence, this construct on its own does not have a direct influence on BIU e-learning. Behavioural intention to use e-learning makes use of a mediator construct, PU. An inference that can be drawn from this is that lecturers not only require to have a perception that e-learning is easy to adopt but also require to find the technology to be useful in performing their duties. The PU, SNs and FCs also indirectly influence BIU e-learning and, at the same time, act as direct predictors of BIU the technology. This is consistent with the literature (Renda dos Santos & Okazaki 2016; Venkatesh et al. 2003), although according to Teo the construct SNs were found not to be directly influencing behaviour. Figure 5 shows that ATU has a highly significant influence on BIU e-learning.

In terms of model fit, four out of six fit indices accepted the fitness of the model (CMIN/DF, CFI, TLI and SRMR); however, RMSEA and PClose showed a poor fit to the data. It is important to note that the RMSEA fit measurement, although popular, is sensitive to sample sizes lower than 200 cases, given that the sample size used in this study was 132. Despite not producing a perfect fit, it can be argued that the model is a reasonable fit based on the chi-square result as can be justified for models with cases between 75 and 200 (Kenny 2015).

Conclusion

The challenges in which the world finds itself, such as the COVID-19 disease outbreak and the fast-paced advancement in technology, leading us at the cusp of the fourth industrial revolution (4IR) motivate this study. The study sought to investigate factors that influence behavioural intention to adopt e-learning by lecturers in order to test whether Teo’s model applies to the South African context. The findings presented revealed that lecturers’ behavioural intention towards the adoption of e-learning is positively influenced by the way they perceive the technology to be useful in their duties, the technologies ease of use, the SNs, the FCs and the lecturer’s attitudes towards its use. The findings also revealed that the lecturers’ attitude towards the use of e-learning has the most influence towards their BIU e-learning.

The study also showed that Teo’s model provides a reasonable fit to the data to understand the adoption of e-learning by lecturers in South African universities. Much as this study’s model showed a reasonable fit to the data, it can be recommended that further studies on e-learning adoption model fit be conducted taking into consideration larger sample sizes to get a better understanding of lecturers’ adoption of e-learning in South African universities and in a developmental nation context.
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FIGURE 5: Results from the structural equation modelling and also for
confirmatory factor analysis.
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FIGURE 4: The relationships amongst constructs.
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FIGURE 1: The relationships of the constructs of technology acceptance model.
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TABLE 5: Indicating relationship coefficients.

Construct Relationship Predictor Estimate Standard CR P
direction error
PEU « FC 0.303 0.078 3.89 e
PU “« SN 0.349 0.067 5.223 *
PU S PEU 0.309 0.069 4.458 i
ATU “« PU 0.772 0.106 7.302 *
ATU < PEU 0.199 0.065 3.069 0.002
BIU “« PU 0.009 0.178 0.053 0.958
BIU & ATU 0.612 0.171 3.579 *

PU, perceived usefulness; PEU, perceived ease of use; BIU, behavioural intention to use;
ATU, attitude towards use; CR, critical ratio; SN, subjective norms; FC, facilitating condition.

* 5<0.01.
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TABLE 4: Correlation matrix for the structural equation modelling analysi:

Variable FC SN PEU PU ATU BIU
FC il = - - - >
SN 0.30** 1 - - - -
PEU e 0.11 il = = =
PU 0.29 0.54%** 0.45%* 1 - -
ATU 0.30** 0.42%* DS 0.84** 1 -
BIU 0.25 0.36** 0.42%* 0.63%* 0.74%* 1
XK.

PU, perceived usefulness; PEU, perceived ease of use; SN, subjective norms; FC, facilitating
conditions: BIU, behavioural intention to use: ATU, attitude towards use.
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TABLE 6: Model fit measures.

Measure Estimate Threshold Interpretation
CMIN 346.266 = =

df 159 = =

CMIN/df 2.178 Between 1and 3 Excellent

CFl 0.912 >0.95 Acceptable

U 0.891 >0.9 Acceptable
SRMR 0.09 <0.09 Acceptable
RMSEA 0.095 <0.06 Not acceptable
PClose 0 >0.05 Not acceptable

CMIN, chi-square; df, degrees of freedom; CFI, comparative fit index; TLI, Tucker-Lewis fit
index; SRMR, standard root mean square residual; RMSEA, root mean square error of
approximation; PClose, p-value for testing the null hypothesis of the close fit.
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086213.986216
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TABLE 3: Demographics of study respondents.

Measure sure Items Frequency %
Gender Male 89 67.4
Female 43 326
Age >35 47 356
36-45 32 2.2
>45 53 402
Level of education  Honours 1 83
Masters 38 288
Doctor of Philosophy 83 62.9
Teaching experience >5 32 242
5-10 39 295
11-15 18 136
>15 43 326
Teaching experience >3 4 311
in e-learning s 5 .
7-10 20 15.2
<10 18 136
College of affiliation  Law and management 44 333
Humanities 28 455
Agriculture, engineering 60 212

and science
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TABLE 2: Reliability analysis.
Construct Cronbach’s Cronbach’s Number of Measure status

alpha  alphabasedon items
standardised
items

PU 0.868 0873 4 Good
PEU 0.926 0929 5 Good
SN 0.904 0.904 2 Good
FC 0.850 0.847 3 Good
ATU 0.848 0853 3 Good
BIU 0.848 0.853 3 Good
Tested together 0.927 0932 20 Good

PU, perceived usefulness; PEU, perceived ease of use; SN, subjective norms; FC, facilitating
condition: ATU, attitude towards use: BIU, behavioural Intention to use.





