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Decoding Digital Learning: Analysing 
Antecedents of Behavioural Intention 
and E-Learning Adoption

Abstract

This study seeks to identify the determinants of behavioural intention (BI) and to examine 
how BI influences e-learning adoption (ELA) behaviour among students. The article inves-
tigates the impact of five key factors – Accessibility, Government Policy, Organisational 
Support, Instructor Attitude, and Technostress – on intention to use and adopt e-learning 
platforms. A validated questionnaire was administered to a heterogeneous sample of 290 
participants, and SmartPLS 4.0 was used for the analysis. The findings indicate that Tech-
nostress, Government Policy, and Organisational Support have a substantial and positive 
influence on intention and acceptance of the virtual learning platform, with Technostress 
emerging as the most influential factor. By contrast, Accessibility and Instructor Attitude are 
not significant, suggesting that access to digital infrastructure and e-learning platforms is 
generally good, and that students consistently report positive instructor attitudes; as a result, 
there is insufficient variance for these variables to meaningfully differentiate outcomes in the 
statistical model. The results show a strong effect of BI on e-learning adoption, with a large 
effect size. In addition, the model explains 53% of the variance in behavioural intention and 
49% of the variance in e-learning adoption, indicating strong explanatory power. Notably, 
Technostress has the greatest impact, and its effects can be reduced through immersive and 
engaging sessions. This suggests that Technostress may sometimes function as a ‘challenge 
stressor’ rather than a ‘hindrance stressor’, encouraging active engagement rather than 
avoidance. These issues should be integrated into strategic decision-making to enhance 
digital education outcomes through a positive, engaging virtual learning system.

Keywords: e-learning, Learning Management System, PLS-SEM, antecedents, enablers, 
barriers, online education

Introduction

Online education combines classroom teaching with information and communication 
technologies (ICTs) and is widely regarded as an effective means of sharing knowledge 
(Baber, 2021). It is also referred to as virtual, distance, electronic or mobile learning, and 
has developed alongside the expansion of information technology (Singh & Thurman, 
2019). The term is often used interchangeably with virtual education and e-learning 
platforms. Its widespread adoption has improved communication and teaching for both 
businesses and individuals, indicating considerable potential for training and education. 
The growing tendency for learners to choose online courses is a notable achievement 
of online education (Alkhalaf et al., 2012). This can help students manage their time 
and balance study with work, and it is now considered an integral part of the education 
sector. Many higher education institutions have adopted learning management systems 
(LMSs) to create, manage and deliver educational materials, monitor student progress, 
and administer assignments and quizzes, thereby facilitating interaction between 
learners and educators (Kim et al., 2021). Previous studies have also indicated that the 
implementation of LMSs has substantially transformed universities and enhanced their 
educational offerings (Dhapte, 2025; Singh, 2020).

Many researchers (Ahmad et al., 2018; Anwar et al., 2020; Hassanzadeh et al., 2012) 
have examined the features associated with successful e-learning in order to maximise 
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the benefits and quality of virtual education systems. 
These features are considered from both human and 
non-human perspectives, combining technological 
aspects such as learning management systems (LMSs) 
with their users, namely educators and students.

Anwar et al. (2020), Lan et al. (2021), and Zhao and 
Xue (2023) identify key motivators and challenges 
associated with e-learning, or education delivered 
fully online. Enablers of e-learning include quality pa-
rameters, learners’ experience and achievement level, 
attitude and competence level, perceived usefulness, 
and intention to accept virtual education. Conversely, 
several variables have been investigated as potential 
barriers to the wider acceptance of virtual learning, 
including technostress, the digital divide, accessibility 
issues, resistance to change, limited digital literacy, 
and financial concerns (Kong et al., 2014).

The instructor, course design, student characteris-
tics, university support, and information technology 
are five key dimensions of online education. Ro-
dríguez-Ardura and Meseguer-Artola (2016) validated 
that instructors’ efforts are critical for the effective 
application of information systems and the success 
of online learning. Hou et al. (2022) and Teo et al. 
(2008) proposed instructor characteristics that influ-
ence effectiveness, such as expertise, commitment, 
status, priorities, fundamental values, training, IT 
competence, mindset, and teaching style. Further-
more, El Alfy et al. (2017) note that students’ charac-
teristics – including expectations, engagement, media 
competence, personal competence (self-regulated 
learning), motivation, course compatibility, flexibility, 
and satisfaction – also contribute to e-learning adop-
tion. Another pillar is the institution’s characteristics, 
including organisational leadership, readiness, insti-
tutional policy, staff training, organisational culture, 
technical support facilities, and change management 
systems. Information technology attributes encom-
pass information quality, ease of use, system quality, 
accessibility, security, privacy, and service quality (Teo 
et al., 2020). Lastly, course design includes course 
structure and content, information quality, subject 
area, knowledge tests, competency tests, feedback, 
quizzes, and assessment modes and levels of dif-
ficulty (Karimian & Chahartangi, 2024; Kong et al., 
2014; Nguyen et al., 2024). Considering all of the 
above variables, the current study sets the following 
research objectives:
RO1 –  To study the impact of accessibility on behav-

ioural intention of learners to use e-learning 
platforms.

RO2 –  To test the effect of organisational support on 
the behavioural intention of learners to embrace 
e-learning.

RO3 –  To determine the influence of government policy 
to gauge the behavioural intention of learners 
towards the use of e-learning.

RO4 –  To assess the role of instructor attitude in creat-
ing behavioural intention of learners.

RO5 –  To examine how Technostress affects behav-
ioural intention for e-learning in learners.

RO6 –  To identify the influence of behavioural intention 
on actual adoption of e-learning platforms.

RO6 –  To study the impact of accessibility on behav-
ioural intention of learners to use e-learning 
platforms.

RO7 –  To generate and test a conceptual framework 
that incorporates institutional, psychological, 
and contextual antecedents to explain e-learning 
adoption.

Hypothesis Generation based on Literature 
Review and Theoretical Background

Adoption of online education in HEIs is rooted in 
several complementary theoretical foundations. Per-
ceptions of practicality, effectiveness, ease, and con-
venience in virtual education are commonly examined 
through established frameworks. Davis’s (1989) Tech-
nology Acceptance Model (TAM) focuses on perceived 
usefulness and perceived ease of use as predictors of 
adoption. By contrast, UTAUT incorporates facilitat-
ing conditions and social influence (Venkatesh et al., 
2003). Accessibility aligns with perceived ease of use 
(TAM) and facilitating conditions (UTAUT). Where there 
is access to platforms (low bandwidth requirements, 
mobile-friendly design, intuitive interfaces, interactive 
features), the likelihood of adoption is higher.

Nevertheless, instructor attitude can be mapped 
to the social influence construct in UTAUT and to the 
educational and emotional support elements of Social 
Support Theory (House, 1981). Instructors’ support 
(encouragement, feedback, and guidance) has been 
reported to positively affect students’ satisfaction and 
their willingness to continue using e-learning tools. This 
support may be direct (through teaching behaviour) or 
indirect (by creating a positive learning context).

Government support enhances enabling conditions 
through infrastructure, subsidies, or requirements that 
minimise barriers to e-learning. This increased support 
is expected to improve users’ behavioural intention to 
use the e-learning platform (Kaur & Sehajpal, 2025; Se-
hajpal et al., 2025; Singh & Sehajpal, 2025). The theory 
supports the proposed hypotheses that government 
policy relates to intention through constructs such as 
Social Influence (norms, perceived pressure) and Facili-
tating Conditions (availability of resources), which are 
conducive to positive behavioural intention and use.

Institutional Theory also explains how govern-
ment policy can act as a coercive pressure and as 
normative organisational support in shaping inten-
tion to use e-learning (DiMaggio & Powell, 1983). 
Institutional Theory focuses on how external forces 
influence organisations and individuals (e.g., govern-
ment regulations, policies, and mandates that incen-
tivise particular behaviours to secure legitimacy and 
compliance).

Technostress, on the other hand, captures negative 
pressures and is commonly treated as a deterrent to 
adoption behaviour. Technostress is grounded in the 
Stress–Strain–Outcome framework (Koeske & Koeske, 
1993), which conceptualises technology overload, 
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 complexity, and continual updates as stressors that lead 
to strain (fatigue, frustration, dissatisfaction), which may 
reduce learners’ intention to adopt or use e-learning.

The discussion above provides a theoretical ra-
tionale for examining variables such as Accessibility, 
Government Policy, Organisational Support, Instructor 
Attitude, Technostress, and E-learning Adoption with-
in a single framework. Together, these elements form 
a multi-level ecosystem that influences technology 
adoption in learning environments. Based on TAM, 
UTAUT, Institutional Theory, Social Support Theory, 
and the Stress–Strain–Outcome framework, technol-
ogy adoption is shaped not only by individual user 
perceptions (e.g., instructor attitude and technos-
tress) but also by structural enablers (e.g., accessibility 
and government policy) and organisational conditions 
(e.g., institutional support). Such models suggest that 
psychological, environmental, and institutional factors 
jointly determine behavioural intention and actual 
usage. The literature relevant to the constructs used 
in the current study is reviewed below:

Accessibility and Psychological Framework to Accept 
Virtual Platforms for Education

With a range of technologies and devices used to 
access learning resources – mobile phones, laptops, 
tablets, and desktop computers – e-learning has ex-
perienced rapid growth. Making e-learning accessible 
also depends on integrating technologies such as 
speech-to-text, alternative text for images, captions, 
screen readers, and keyboard navigation. Technology 
has fundamentally transformed education, teaching 
methods, and learning environments (Kithsiri et al., 
2018). Traditionally, educational resources were not 
easily accessible to many people, and limited col-
laboration and information exchange were also ob-
served among students seated in the same classroom 
(Rodríguez-Ardura & Meseguer-Artola, 2016). Many 
learning tools are now available in multiple formats 
– text, audio, video with subtitles, and transcripts – al-
lowing students to select what best fits their skills and 
preferences and making learning more inclusive (Wen 
et al., 2008). Studies have found that accessibility and 
overall usability depend critically on logical structure, 
clear instructions, and straightforward navigation 
(Lyukevich et al., 2020). Accessible e-learning systems 
stimulate greater engagement and participation 
among all students, including those from underprivi-
leged or underrepresented groups (Gibreel & Abdalla, 
2024). System accessibility influences perceptions of 
intuitiveness and manageability of virtual platforms. 
Users are likely to view such platforms as useful and 
requiring less effort when they are easy to access, 
navigate, and use. Thus, we hypothesise:

H1:  Accessibility has a significant impact on the 
likelihood of adoption of virtual platforms. 

Organisational Support and Willingness 
for Embracing Virtual Platform

Learners’ intention to implement and use online 
education platforms in a dynamic environment is 

strongly influenced by organisational support (Alajmi 
et al., 2018). Dedicated leadership, learning oppor-
tunities, sufficient funding, and a supportive culture 
all contribute to this support. Leadership, resources, 
technical assistance, and training are directly instru-
mental in achieving positive outcomes. In addition, 
reducing barriers, addressing resistance, and shaping 
attitudes can also improve acceptance. Successful 
and comprehensive endorsement of online educa-
tion across institutions depends on strong, visible, 
and consistent organisational support (Alkhalaf et 
al., 2012; Rowell, 2010). By removing barriers and 
enabling students and staff to engage, supportive 
environments foster a culture that values technology. 
Thus, we hypothesise.

H2:  Organisational Support has a positive relation-
ship with propensity for adoption of virtual 
platforms

Government Policy and Willingness for Adopting 
Virtual Platform

The extensive implementation of the NEP, the 
establishment of virtual laboratories, financial assist-
ance policies for acquiring digital devices, and unified 
platforms such as Diksha and Swayam have supported 
wider acceptance of digital learning and, in turn, 
contributed to changes in social norms. This social 
influence can shape behavioural intention through 
learners’ perceptions of support and approval from 
society and peers (Elameer, 2021). Integrating digital 
learning into the curriculum fosters awareness and 
a preference for interacting with digital tools. Enabling 
conditions, including guidelines that ensure digital 
literacy training, adequate resources, and techni-
cal assistance, are known to influence behavioural 
intention (Kanwal & Rehman, 2014). Consequently, 
learners who perceive themselves as equipped and 
supported in using virtual educational tools may be 
more motivated. Thus, we hypothesise:

H3:  Government Policy has a significant relation-
ship with behavioural intention to use the 
e-learning platform.

Instructor Attitude and Readiness to Embrace Virtual 
Platform

Instructor Attitude is widely regarded as an impor-
tant variable in determining intention to use online 
and digital learning mechanisms (El Alfy et al., 2017; 
Yi et al., 2024). A positive attitude towards e-learning 
is likely to increase an instructor’s willingness to adopt 
and use these platforms in their teaching. Willingness 
to engage may be shaped more by attitude than by 
convenience; among experienced instructors, per-
ceived usefulness, satisfaction, and positive affect 
indicate a favourable attitude, which in turn predicts 
stronger intention to use e-learning. Institutional 
and social factors also influence educators’ attitudes. 
 Accordingly, it is hypothesised that:

H4:  Instructor Attitude is significantly related to 
behavioural intentions to use the online learn-
ing platform.
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Technostress and Willingness for Embracing Virtual 
Platform

Technostress refers to stress or anxiety associated 
with the use of digital technologies and can undermine 
willingness to use digital educational platforms (Tarafdar 
et al., 2011). Several forms of technostress have been 
identified in the literature, including techno-invasion 
(disturbances to personal life), techno-overload (being 
forced to work faster), and techno-uncertainty (feeling 
left behind by rapid technological change). Several stud-
ies show that greater technostress is associated with 
lower intentions to use, or continue using, e-learning 
platforms (Penado Abilleira et al., 2020). Students 
who experience technostress may feel overwhelmed, 
anxious, and dissatisfied, which reduces their motiva-
tion to engage with online learning resources (Chu & 
Chen, 2016). Reduced participation, lower memory 
retention, and anxiety resulting from technostress can 
influence academic achievement and satisfaction with 
online education (Lal et al., 2024). Students experienc-
ing technostress may also be less likely to participate 
in group projects or communicate with instructors or 
peers. Based on these findings, we hypothesise:

H5:  Technostress has a significant relationship 
with behavioural intention to use e-learning 
platforms

Behavioural Intention to use E-learning Platform 
Relationship with Adoption Behaviour

Behavioural intention is widely acknowledged 
as a crucial determinant of adoption behaviour, 
thereby enhancing the effectiveness of virtual learning 

 methods (Al-Hunaiyyan et al., 2021). Numerous studies 
and theoretical models (including TAM and UTAUT) 
consistently indicate a strong relationship between 
the propensity to adopt and the actual adoption of 
online education platforms (Jameel et al., 2022; Xian, 
2019). Behavioural intention reflects learners’ readi-
ness or willingness to use virtual learning platforms in 
the knowledge acquisition process and is frequently 
identified as the main antecedent of actual adoption. 
Strong intentions are likely to translate into actual use 
behaviour. Thus, we hypothesise:

H6:  Behavioural intention has a significant re-
lationship with actual usage of e-learning 
platforms

Only a limited number of studies have investigated 
these constructs within a single empirical framework, 
particularly in developing countries where infrastruc-
ture and pedagogical practices may differ. The current 
literature seldom addresses how these variables col-
lectively influence students’ perceptions. These gaps 
underscore the need for an integrated analysis that 
evaluates the relative contribution of technostress, ac-
cessibility, government policy, organisational support, 
and instructor attitude to students’ e-learning experi-
ence. The present study seeks to address this gap by 
developing a conceptual model and providing empirical 
evidence, thereby extending understanding of factors 
that shape effective and sustainable online learning.

Development of Conceptual Model

A conceptual model of e-learning adoption has been 
developed using the variables shown in Figure 1.

Figure 1
Conceptual Model

Source: authors’ own work.
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Research Methodology

Quantitative methods were used to test the hy-
potheses in the conceptual framework. SmartPLS 4 
(Ringle et al., 2024) was used to assess the measure-
ment and structural models. Data collected through 
surveys of users of an e-learning educational platform 
were analysed using PLS-based Structural Equation 
Modelling (PLS-SEM). This is a robust quantitative 
technique for evaluating complex relationships 
among latent constructs, particularly in exploratory 
work and in social science research involving non-
normal data. The analysis includes two stages: first, 
the measurement model is assessed (i.e., the relation-
ships between indicators and constructs); second, the 
structural model is assessed (i.e., the hypothesised 

causal relationships between constructs). Follow-
ing data screening for outliers, multicollinearity, 
and average variance extracted (AVE) (Coluci et al., 
2015), the approach prioritises maximising explained 
variance in dependent variables rather than overall 
model fit indices. The methodology was selected to 
ensure a robust basis for generating insights into the 
facilitators and barriers associated with e-learning 
platforms. Measurement items were drawn from an 
extensive review of the literature (Hwang & Kim, 
2022; Karimian & Chahartangi, 2024; Rahayu et al., 
2021). The questionnaire was validated by industry 
experts and professionals before responses were 
collected, as shown in Table 1. Overall, this approach 
provides a credible basis for generating results that 
extend the existing evidence base.

Table 1
Survey Questionnaire

Construct Code Measurement Item Reference

Accessibility

ACC1 I own a suitable device for e-learning Ssemugenyi & Nuru Seje, 2021

ACC2 I have reliable internet access for e-learning Alyoussef, 2022

ACC3 These platforms are easy to use

ACC4 LMSs are compatible with mobile devices

Organisational 
Support

OS1 My institute provides sufficient IT infrastructure 
for e-learning Tom et al., 2019

OS2 University leadership allocates sufficient funds 
for e-learning tools Herath et al., 2015

OS3 Technical support for e-learning is readily available

OS4 My institute regularly updates digital learning 
technologies

OS5 Administrative processes support e-learning

Government Policy

GP1 The government provides grants for e-learning 
infrastructure Singh et al., 2021

GP2 National policies mandate the integration of digital 
education Elameer, 2021

GP3 Government agencies monitor e-learning quality 
standards

GP4 Government initiatives promote faculty training, 
development, and accessibility

Instructor Attitude

INST1 My instructor is confident in delivering content 
through an online platform Ssemugenyi & Nuru Seje, 2021

INST2 My instructor enjoys using the e-learning system 
for teaching Hernández-Ramos et al., 2014

INST3 My instructor promotes active student 
participation Sangwan et al., 2021

Technostress

TS1 Technology compels me to work faster Tarafdar et al., 2011

TS2 I am worried about technology interfering 
with my personal time Penado Abilleira et al., 2020

TS3 Sometimes it is hard to learn how to use new 
educational technologies

TS4 Technology fails me when I need it most
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Data Analysis

A dataset was compiled from responses provided 
by 290 participants via a structured questionnaire 
designed to capture a heterogeneous audience, 
thereby supporting scalability and efficiency, as 
shown in Table 2. Convenience sampling was used, 
and respondents were higher education students in 
the State of Uttaranchal. The sample was drawn from 
33 universities, comprising 11 state universities, one 
central university, and 18 private universities. Partici-
pation was voluntary; informed consent was obtained 
online and completed before data collection began, 
and no personally identifiable information was col-
lected. Given the limitations of convenience sampling 
– including possible sample bias and variation in 
responses – preventive measures were implemented 
to mitigate these issues.

Construct Code Measurement Item Reference

Behavioural Intention

BI1 I will use online education tools frequently 
in the future Yang & Qian, 2025

BI2 I believe that e-learning enhances students’ 
engagement Ameen et al., 2019

BI3 I am comfortable adopting new e-learning 
technologies Jamil, 2017

BI4 I intend to recommend adoption of the online 
education platform to my peers

E-learning Adoption

ELA1 I find online education tools useful for improving 
my learning performance Al-Maroof et al., 2021

ELA2 Understanding virtual learning tools is easy 
for me Shah et al., 2025

ELA3 I possess the necessary resources for the learning 
management system Mashroofa et al., 2023

ELA4 My peer group influences me to use the virtual 
learning system

Source: authors’ own work.

Table 1 – continue

Table 2
Demographic Data

User’s Age Frequency Percentage Educational 
Qualification Frequency Percentage

Less than 25 77 26.5 Undergraduate 69 23.8

Between 25 to 35 174 60 Postgraduate 128 44.1

More than 35 39 13.5 Ph.D./Others 93 32.1

Gender Frequency Percentage Experience Frequency Percentage

Male 102 35.2 Positive 167 57.5

Female 188 64.8 Negative 123 42.4

Source: authors’ own work.

Measurement Model Assessment
Following Taber (2018), assessment of the outer 

model examines construct reliability and internal 
consistency through indicator loadings (λ), compos-
ite reliability (CR), and Cronbach’s alpha (α), with 
values above 0.7 generally considered acceptable; 
CR is often regarded as the more appropriate reli-
ability metric. Convergent validity is assessed using 
the average variance extracted (AVE), which should 
exceed 0.5, as shown in Table 3. Campbell and Fiske 
(1959) suggested assessing discriminant validity to 
confirm that constructs are empirically distinct, using 
approaches such as the HTMT ratio, cross-loadings, 
and the Fornell–Larcker criterion; recommended 
thresholds typically lie between < 0.850 and 0.90, 
as shown in Tables 4 and 5. The measurement model 
meets the reliability and validity criteria reported 
in Table 3.
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The reliability measures (CR, loading values, and 
Cronbach’s alpha) all exceed 0.70, indicating that 
items such as ACC1, ACC2, ACC3, and ACC4 collec-
tively represent the Accessibility latent construct 
effectively; the same criteria are met by indicators 
for the other constructs, establishing internal con-
sistency. AVE reflects the proportion of variance 
captured by the construct relative to measurement 
error and provides evidence of convergent validity. 
Table 3 shows that the AVE for ACC, GP, OS, TS, and 
INST exceeds 0.50, meeting the validity threshold.

The bold diagonal entries report the square roots 
of the average variance extracted (AVE) for each 
construct, while the remaining values represent 
inter-construct correlations. Discriminant validity 
refers to the extent to which the items associated 
with a given construct measure that construct rather 

Table 3
Factor Loading, Reliability, Validity and Collinearity of Outer Model

Alpha CR AVE VIF

ACC1 0.766 0.85 0.898 0.687 1.746

ACC2 0.82 2.132

ACC3 0.825 1.935

ACC4 0.9 2.378

BI1 0.769 0.785 0.861 0.608 1.57

BI2 0.755 1.476

BI3 0.808 1.635

BI4 0.785 1.574

ELA1 0.821 0.784 0.86 0.607 1.655

ELA2 0.803 1.65

ELA3 0.741 1.502

ELA4 0.748 1.503

GP1 0.889 0.81 0.882 0.715 1.729

GP2 0.89 2.099

GP3 0.749 1.685

INST1 0.863 0.79 0.877 0.704 1.795

INST2 0.872 1.826

INST3 0.779 1.497

OS1 0.836 0.868 0.91 0.716 1.961

OS2 0.867 2.463

OS3 0.805 1.811

OS4 0.877 2.35

TS1 0.737 0.782 0.859 0.605 1.376

TS2 0.794 1.814

TS3 0.805 1.597

TS4 0.773    1.633

Source: authors’ own work from PLS-SEM software.

than other constructs, thereby indicating clear 
separation between constructs. Discriminant validity 
was assessed using cross-loadings (Table 4) and the 
Fornell–Larcker criterion (Table 5). In Table 5, the 
diagonal values (√AVE) exceed the corresponding 
inter-construct correlations, indicating that TS, GP, 
OS, INST and ACC are empirically distinct. Accord-
ingly, each construct is measured using a distinct 
set of indicators.

Structural Model Assessment
Structural model assessment is a vital step in test-

ing hypotheses about latent constructs (Bagozzi & 
Yi, 1988). Structural relationships are evaluated by 
analysing path coefficients, p-values, and t-values, 
together with f 2 (effect size) and R2, after establish-
ing reliability and validity of the outer model. The 
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Table 4
Discriminant Validity: Using Cross Loadings

ACC BI EL GP INST OS TS

ACC1 0.766 0.252 0.169 0.628 –0.189 0.428 0.138

ACC2 0.820 0.208 0.269 0.401 –0.236 0.383 0.089

ACC3 0.825 0.320 0.328 0.403 –0.097 0.459 0.243

ACC4 0.900 0.377 0.363 0.475 –0.164 0.508 0.239

BI1 0.282 0.769 0.479 0.367 0.079 0.472 0.515

BI2 0.314 0.755 0.523 0.396 0.167 0.481 0.466

BI3 0.354 0.808 0.613 0.387 0.109 0.510 0.509

BI4 0.179 0.785 0.561 0.321 0.195 0.409 0.534

ELA1 0.362 0.632 0.821 0.333 0.167 0.485 0.551

ELA2 0.207 0.563 0.803 0.237 0.129 0.426 0.508

ELA3 0.274 0.468 0.741 0.263 0.105 0.314 0.399

ELA4 0.245 0.497 0.748 0.271 0.197 0.372 0.423

GP1 0.531 0.484 0.334 0.889 –0.064 0.578 0.279

GP2 0.455 0.415 0.348 0.890 0.004 0.531 0.329

GP3 0.468 0.221 0.173 0.749 –0.140 0.371 0.049

INST1 –0.107 0.155 0.135 –0.005 0.863 0.024 0.238

INST2 –0.210 0.160 0.183 –0.092 0.872 0.039 0.297

INST3 –0.181 0.125 0.170 –0.061 0.779 –0.007 0.208

OS1 0.550 0.524 0.421 0.572 –0.001 0.836 0.475

OS2 0.397 0.461 0.401 0.465 0.049 0.867 0.510

OS3 0.445 0.467 0.391 0.537 0.006 0.805 0.406

OS4 0.444 0.567 0.531 0.471 0.030 0.877 0.521

TS1 0.392 0.516 0.535 0.350 0.163 0.469 0.737

TS2 0.056 0.432 0.399 0.098 0.309 0.420 0.794

TS3 0.187 0.550 0.491 0.280 0.157 0.493 0.805

TS4 0.051 0.503 0.457 0.155 0.316 0.371 0.773

Source: authors’ own work.

Table 5
Discriminant Validity: Using Fornell Lacker Criterion

ACC BI EL GP INST OS TS

ACC 0.829

BI 0.363 0.780

EL 0.352 0.700 0.779

GP 0.569 0.472 0.356 0.845

INST 0.196 0.176 0.193 0.062 0.839

OS 0.544 0.600 0.520 0.603 0.024 0.846

TS 0.228 0.649 0.610 0.292 0.297 0.567 0.778

Source: extracted from PLS-SEM Software.
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current model assesses the relationships between 
ACC and BI, OS and BI, TS and BI, INST and BI, GP 
and BI, and BI and ELA. 

The empirical assessment of the hypothesised 
structural paths in the PLS-SEM model (Table 6) 
indicates mixed effects of the latent constructs on 
behavioural intention and e-learning adoption. The 
path from Accessibility to Behavioural Intention (H1: 
β = 0.055, p = 0.357) is not statistically significant, 
suggesting that the mere availability of, or ease of 
access to, technological infrastructure does not, in 
itself, materially increase users’ intention to engage 
with online education systems. This is consistent 
with UTAUT (Venkatesh et al., 2003), which implies 
that facilitating conditions may not exert a direct 
effect when other antecedents are more salient. By 
contrast, Organisational Support has a statistically 
significant positive effect on Behavioural Intention 
(H2: β = 0.197, p = 0.007), underscoring the impor-
tance of responsive and robust support in strength-
ening user confidence, technological self-efficacy, 
and perceptions of platform reliability; this, in turn, 
fosters stronger behavioural intention. Literature 
emphasised the role of academic and technical scaf-
folding in virtual learning environments.

Furthermore, Government Policy shows a sig-
nificant positive effect on Behavioural Intention (H3: 
β = 0.194, p = 0.002), indicating that macro-level 
regulatory and institutional frameworks that en-
dorse, incentivise, or mandate digital transformation 
act as important external motivators that legitimise 
e-learning and align stakeholders with national priori-
ties, consistent with Alshammari et al. (2016) on the 
enabling role of policy interventions in technology 
assimilation. In contrast, Instructor Attitude does 
not show a significant direct effect (H4: β = 0.061, 
p = 0.184), suggesting a diminished, indirect, or me-
diated role of instructors in shaping behavioural in-
tention in contexts where students are comparatively 
autonomous and technologically experienced, which 
challenges the traditionally central role emphasised 
by Rodríguez-Ardura and Meseguer-Artola (2016).

Technostress has a strong and highly significant 
positive association with Behavioural Intention (H5: 
β = 0.450, p = 0.000), indicating that students 
may experience technology-related challenges as 

manageable and even motivating when supported 
by adequate digital literacy and institutional infra-
structure; this implies that technostress may some-
times function as a ‘challenge stressor’ rather than 
a ‘hindrance stressor’, prompting engagement rather 
than avoidance.

This reinforces the central premise of the TAM 
and its extensions (Davis et al., 1989): enhancing us-
ers’ competence and reducing technological anxiety 
through structured pedagogical interventions and us-
er-empowerment initiatives have a pronounced and 
unambiguous effect on the formation of intention. 
This, in turn, indicates that institutional administra-
tors should invest strategically in sustained training 
provision and proactive technical assistance proto-
cols. Finally, H6 shows a strong statistical association 
between Behavioural Intention and E-learning Adoption 
(β = 0.700, p = 0.000), confirming intention as the 
most proximal antecedent of actual behaviour and 
underscoring the importance of cultivating positive 
attitudinal, normative and control beliefs to catalyse 
active engagement with e-learning platforms.

Existing evidence suggests that when access to 
digital infrastructure and devices is highly standard-
ised within an institution or region, it varies little and 
is therefore a weaker statistical predictor (Aboagye 
et al., 2021; Adarkwah, 2021). Similar findings have 
been reported in multiple pandemic-related studies: 
once a baseline level of access has been achieved, 
students tend to treat accessibility as an expected 
factor rather than a differentiator, and psychological 
variables such as technostress or self-efficacy become 
more important in shaping the learning experience 
(Hodges et al., 2020; Mohammadi, 2015). Our sample 
reflects the same pattern: institutional provision and 
the general availability of devices have resulted in 
most students reporting uniformly high accessibility 
scores, producing a limited range effect.

To assess the model’s predictive capacity, R2 val-
ues were examined. The R2 for Behavioural Intention 
is 0.530, indicating that 53.2% of the variance is ex-
plained by accessibility, organisational support, gov-
ernment policy, instructor attitude, and technostress, 
as shown in Figure 2, reflecting moderate-to-substan-
tial predictive power. The R2 for E-Learning Adoption 
is 0.490, indicating that behavioural intention alone 

Table 6
Hypothesis Testing

Hypothesis Relationship β SD t-value p-value Decision

H1 ACC > BI 0.055 0.060 0.922 0.357 Rejected

H2 OS > BI 0.197 0.073 2.686 0.007 Supported

H3 GP > BI 0.194 0.062 3.142 0.002 Supported

H4 INST > BI 0.061 0.046 1.330 0.184 Rejected

H5 TS > BI 0.450 0.054 8.268 0.000 Supported

H6 BI > ELA 0.700 0.035 20.118 0.000 Supported

Source: authors’ own work from PLS-SEM software.
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explains 49% of the variance in adoption. The f 2 val-
ues for each predictor indicate the contribution of 
each factor to the explained variance (Table 7).

Table 7
F 2 Values

Predictor → Dependent f 2

ACC → BI 0.004 Very small (almost negligible)

BI → EL 0.96 Very large effect

GP → BI 0.044 Small effect

INST → BI 0.007 Negligible

OS → BI 0.035 Small effect

TS → BI 0.258 Medium-to-large effect

Source: authors’ own work from PLS-SEM software.

Managerial Implications

The findings indicate that organisational support, 
government policy, and technostress are particularly 
important in shaping learners’ intention to use e-learn-
ing, whereas accessibility and instructor attitude do 
not show direct effects. Institutions should therefore 

focus on building strong support systems. Organisa-
tional assistance (administrative support, specialist 
help, training, and resource provision) has clear impli-
cations for learners’ ability to use e-learning effectively 
and to build competence. Supportive environments 
enable faculty and students to reduce hurdles and 
foster a culture that values technology (Baber, 2021). 
Continuous professional development and readily 
available support can increase users’ confidence and 
capability when using e-learning platforms.

Policy-makers should also ensure that e-learning 
policies are clear, stable, and backed by appropri-
ate resources, as such policies create an enabling 
ecosystem that supports platform use and long-term 
adoption (Nagy & Duma, 2023). Since technostress 
emerged as a strong positive predictor, managers 
should adopt structured digital competency training, 
balanced workload practices, and stress-reduction 
measures so that students experience technology as 
manageable and beneficial rather than overwhelming 
(Penado Abilleira et al., 2020).

Although baseline accessibility and instructor at-
titude were not statistically significant, institutions 
must still ensure minimum standards of digital infra-
structure and provide professional development for in-
structors, as these remain prerequisites for sustainable 
e-learning provision (Ramhith & Lallmahomed, 2024). 

Figure 2
E-Learning Adoption Model

Source: extracted from PLS–SEM Software.
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Finally, since behavioural intention is a key predictor of 
actual uptake, strengthening user motivation and the 
perceived value of online learning should be central 
to institutional strategy. The present study considers 
these variables to assess their influence on improving 
e-learning adoption and supporting equitable access 
to education.

Conclusion and Future Scope

E-learning is an important aspect of contemporary 
education, as it supports flexibility and accessibility 
and helps to overcome geographical, economic, and 
social boundaries. By integrating technology into 
teaching and learning environments, institutions 
can provide more inclusive and efficient educational 
experiences. This shift highlights the importance 
of identifying the main factors that determine the 
effective implementation of virtual learning environ-
ments, as understanding these determinants is crucial 
to improving student engagement and the overall 
e-learning experience. 

This article examines the antecedents of behaviour-
al intention to use e-learning platforms—Accessibility, 
Government Policy, Organisational Support, Instructor 
Attitude and Technostress—which, in turn, influence 
E-Learning Adoption behaviour. The measurement 
model was assessed for reliability and validity, and 
the results were satisfactory: all constructs met the 
recommended thresholds (Cronbach’s alpha (α) > 0.7; 
composite reliability (CR) > 0.85; average variance 
extracted (AVE) > 0.6), and the VIF values for all 
measurement items were below 5 (Table 3), indicating 
no multicollinearity concerns. This suggests that the 
indicators represent their respective constructs well. 
Discriminant validity was also supported, indicating 
that the items for each construct relate to that con-
struct only and not to other constructs; hence, each 
construct is clearly differentiated. None of the con-
structs (TS, GP, OS, INST and ACC) overlaps with the 
others. This was established using the Fornell–Larcker 
criterion, whereby all diagonal values exceed the inter-
construct correlations, suggesting that each construct 
is distinct from the others, as shown in Tables 4 and 
5. Thus, each construct differs from the others and is 
measured by different indicators/items.

The structural model indicates that Government 
Policy (β = 0.194, p = 0.002), Technostress (β = 0.450, 
p < 0.001), and Organisational Support (β = 0.197, 
p = 0.007) have significant and positive effects on 
behavioural intention to use e-learning platforms. 

With respect to Hypothesis 3, the relationship 
between Government Policy and behavioural inten-
tion aligns with elements of Institutional Theory 
such as coercive pressures, compatibility, and observ-
ability. Clear policies, mandates, or incentives from 
government bodies create an environment in which 
e-learning is perceived as legitimate, necessary, and 
aligned with broader educational reforms. Learn-
ers respond to this institutional climate by forming 
stronger  intentions to adopt e-learning. Government 

Policy therefore emerges as a structural antecedent 
that reinforces the institutional layer of the concep-
tual model.

Organisational Support is grounded in UTAUT’s 
facilitating conditions and Institutional Theory’s 
normative pressures. This result confirms that when 
institutions provide training, technical support, and 
encouragement, learners feel more confident and 
motivated to use e-learning. Organisational support 
signals legitimacy and reduces perceived effort, 
thereby strengthening intention. The finding supports 
the framework’s institutional dimension by showing 
that organisational structures and norms meaningfully 
shape learner behaviour, thus addressing research 
objective 2.

Among these factors, Technostress has the largest 
effect, with a medium-to-large effect size (f 2 = 0.258; 
Table 7), indicating that higher levels of technology-
related pressure are associated with stronger inten-
tions among students to continue using e-learning 
platforms. The results show that, although technology 
can create stress – such as pressure to work faster, 
difficulty learning new tools, interference with per-
sonal time, and system failures – Technostress still 
significantly increases intention to use e-learning 
(β = 0.450, p < 0.001). In line with Stress–Strain–
Outcome theory, these technology-related stressors 
create strain, but the outcome is not necessarily 
withdrawal; instead, students may feel compelled 
to continue using technology because it is essential 
for completing coursework, accessing materials, and 
meeting academic expectations. This can be described 
as necessity-driven or compliance-driven adoption. BI 
acts as the bridge between stress and actual behav-
iour. Thus, Hypothesis 5 is supported, validating the 
psychological dimension of the conceptual framework 
and highlighting Technostress as a critical factor shap-
ing e-learning adoption.

By contrast, the current study found non-significant 
effects for Instructor Attitude (β = 0.061, p = 0.184) 
and Accessibility (β = 0.055, p = 0.357), with weak 
effect sizes (f 2 = 0.007 and 0.004, respectively).

Although accessibility is often linked to perceived 
ease of use in TAM and facilitating conditions in 
UTAUT, the non-significant effect suggests that learn-
ers may no longer perceive accessibility as a barrier. In 
many educational contexts, baseline access to devices 
and internet connectivity has become normalised. 
Accessibility may therefore function as a hygiene fac-
tor – necessary, but not sufficient to shape intention. 
Once minimum access is in place, other motivational 
and institutional factors appear to become more deci-
sive. This finding refines the conceptual framework by 
indicating that contextual enablers such as accessibil-
ity do not automatically translate into intention unless 
accompanied by institutional or psychological drivers. 
Accordingly, Hypothesis 1 is not supported.

Instructor attitude is identified as a key social in-
fluence within UTAUT, but the non-significant result 
suggests that learners may not rely heavily on instruc-
tor cues when forming intentions. This may occur 
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when learners are already familiar with digital tools 
or where peer and institutional influences outweigh 
instructor attitudes. It may also indicate that instruc-
tor endorsement is not strongly communicated. This 
finding nuances the psychological dimension of the 
framework by showing that not all sources of social 
influence carry equal weight in shaping intention. 
Accordingly, Hypothesis 4 is not supported.

The non-significant results for accessibility and 
instructor attitude may reflect uniformly high accessi-
bility enabled by institution-wide digital infrastructure 
provision, together with consistently positive instruc-
tor behaviour reported by most students. Where such 
variables show limited variation, their predictive rela-
tionship with learning outcomes is weakened.

Behavioural intention has a significant impact on 
E-Learning Adoption behaviour, with a large effect size 
(f 2 = 0.96), highlighting its central role in translating 
the effects of exogenous constructs into actual use 
behaviour. The R2 value for BI is 0.530, indicating that 
53.2% of the variance is explained by Accessibility, 
Organisational Support, Government Policy, Instruc-
tor Attitude, and Technostress (Figure 2), which rep-
resents moderate-to-strong explanatory power. The 
R2 value for E-Learning Adoption is 0.490, indicating 
that behavioural intention alone explains 49% of the 
variance in adoption. The f 2 values for each predictor 
(Table 7) indicate the contribution of each independ-
ent variable to the dependent variables’ explained vari-
ance, which is acceptable in behavioural research.

Consistent with TAM, UTAUT, and DOI, intention 
remains the most powerful proximal determinant of 
actual behaviour. This confirms that the antecedents 
examined in this study i.e. organisational support, 
government policy, and technostress are ultimately 
influence adoption by affecting intention. This finding 
completes the conceptual framework by validating 
the intention–behaviour link central to technology 
acceptance theories.

In summary, the results highlight Technostress, 
Government Policy, and Organisational Support as 
key antecedents of behavioural intention to use an 
online learning platform in both initial and contin-
ued practice. These findings can guide policy-makers 
and higher education institutions in strengthening 
such capabilities to support e-learning adoption as 
technology-mediated learning becomes increasingly 
essential. Such progress requires personalised and 
adaptive learning systems that improve educational 
effectiveness by tailoring content to learners’ specific 
needs. The integration of gamification tools and other 
interactive engagement methods may also improve 
outcomes without the environmental costs associated 
with physical infrastructure or printed materials.

Overall, the results show that e-learning adoption 
is shaped by a multi-layered system of influences. 
First, institutional antecedents such as government 
policy and organisational support significantly 
strengthen intention, whereas instructor attitude 
does not exert the expected social influence. Second, 
psychological antecedents such as Technostress are 

the strongest predictors, underscoring the impor-
tance of emotional and cognitive strain in technol-
ogy acceptance. Third, contextual antecedents such 
as accessibility do not significantly shape intention, 
suggesting that contextual readiness alone is insuffi-
cient. Finally, behavioural intention strongly predicts 
actual adoption, supporting the theoretical founda-
tions of the model.

Future research could explore the moderating role 
of government policies and schemes in colleges’ and 
universities’ initiation and implementation of online 
education, as such measures can encourage HEIs to 
respond more rapidly and expand the reach of virtual 
education. During COVID-19, certain government bod-
ies provided mobile phones and computers to eligible 
students through higher education institutions to 
facilitate access to learning platforms. Further work 
could also examine causal relationships between gov-
ernment initiatives and institutional readiness.
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