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Abstract

Amidst the global pandemic’s reshaping of education, our study investigates e-learning
dynamics in Canadian higher education. Integrating the Technology Acceptance Model
(TAM), the DeLone and McLean Information Systems Success Model (D&M ISS), and
the Expectation Confirmation Model (ECM), we introduce the innovative C-RES frame-
work. This framework, which stands for COVID-19 Remote E-learning System, uniquely
addresses the complexities of e-learning systems and their role in student satisfaction dur-
ing COVID-19. Through Structural Equation Modeling (SEM) analysis of responses from
a diverse pool of graduate students across Canada, we uncover relationships among psycho-
logical factors, quality dimensions, and social influences. We demonstrate how self-efficacy,
IT anxiety, and perceived system and information quality significantly influence students’
ease of use and usefulness perceptions, impacting their satisfaction and commitment to
Learning Management Systems (LMS). Our findings reveal that e-learning quality lies not
only in technology but also in content, and highlight the significant influence of individ-
ual confidence and community dynamics on student experiences. These insights provide
actionable strategies for enhancing the effectiveness and resilience of e-learning systems, es-
pecially in crises. While focusing on the Canadian pandemic context, our research suggests
exploring demographic influences in future studies. This thesis serves as a foundation for
future e-learning explorations, pushing educational technology boundaries during global

disruptions and offering key strategies for resilience and effectiveness in higher education.
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Chapter 1

Introduction

In the modern era, technological advancements have fundamentally reshaped educational
practices, impacting how we learn, teach, and engage professionally. These technologies,
far beyond mere conveniences, have assumed a critical role, especially highlighted by the
unprecedented challenges posed by the Coronavirus Disease 2019 (COVID-19) pandemic.
This research focuses on e-learning satisfaction, particularly in environments where tradi-

tional educational methods are supplemented or replaced by digital platforms.

Declared a global health crisis by the World Health Organization (WHO) in 2020,
COVID-19 catalyzed a seismic shift in the educational landscape [111, 81]. This sud-
den disruption transformed e-learning platforms from supplementary tools to the primary
medium of instruction, necessitating a conceptual shift in how educational services are
delivered and consumed. [111]. Higher education institutions, facing uncharted challenges,
had to rapidly adapt. This adaptation was not just to maintain educational continuity but
also to ensure its quality [81]. In response to government-imposed lockdowns and social

distancing measures, stakeholders, including administrators, faculty, and students, were



compelled to re-evaluate and optimize technological tools to ensure both continuity and

quality in education.

1.1 Background of The Study

The global educational landscape has experienced profound transformations in the last
three years, notably transitioning from traditional, in-person teaching to remote instruc-
tion. As per a recent The United Nations Educational Scientific and Cultural Organization
(UNESCO) report, this shift impacted over 1.9 billion students in 190 countries [197]. Orig-
inally driven by the COVID-19 pandemic’s urgent demands, this swift embrace of e-learning
marked a departure from earlier, more planned online education initiatives, characterized
by their immediacy and lack of preparation. Unlike previous gradual shifts to online learn-
ing, which involved extensive planning and strategy development, the pandemic-driven
transition was a reactionary response to an unprecedented crisis [2]. Initially developed
for conventional instruction, these educational methods, during the pandemic, quickly
adapted course design and evaluation methods to address immediate needs. Despite ini-
tial assumptions that educational methods would revert to traditional formats post-crisis,
educators and learners found themselves navigating a new, stress-laden landscape fraught

with anxiety and uncertainty.

Learning management systems, a cornerstone of educational technology, have signifi-
cantly influenced higher education [48]. These platforms are not mere information delivery
mechanisms; they provide interactive environments that enrich the learning experience.
Whether in traditional, blended, or fully online models, they have transformed educational
engagement dynamics. The abrupt dependence on e-learning platforms highlighted sys-

temic vulnerabilities, confronting students and instructors with the challenge of rapidly



adapting to new methodologies without adequate support or resources. This shift neces-
sitated not only a technological adjustment but also a pedagogical one, all amidst the
pandemic’s uncertainties. Concurrently, the increased online activity stressed both inter-
net and Information Communication and Technology (ICT) infrastructure, underlining the

need for a resilient re-evaluation of educational systems.

In this thesis, we explore the intricacies of student satisfaction, the perceived usefulness
of e-learning platforms, and the effectiveness of online interactions in higher education
during the pandemic. By examining these aspects, we seek to understand the transition

from an emergency state to a more stable, albeit altered, educational environment.

1.2 Statement of the Problem

While e-learning platforms have been prevalent before COVID-19, their rapid and large-
scale adoption during the pandemic was unparalleled. The global health crisis necessitated
an urgent transition to online education, putting considerable strain on educators and the
supporting technology infrastructure [65]. This abrupt shift exposed various challenges,
including digital access disparities, frequent technological disruptions, and an increase in
distractions. Such challenges have significantly impacted students’ satisfaction with e-

learning [131].

The pandemic’s forced shift to e-learning revealed a broad spectrum of difficulties.
These included not only technological and infrastructural issues but also heightened dis-
tractions that were particularly pronounced in the digital learning environment. While
e-learning has become a staple in modern education, the factors influencing student satis-
faction, particularly among graduate students, are less understood. These students, known

for their autonomous learning approach and intensive use of e-learning platforms, provide



unique insights into the e-learning experience. As e-learning continues to play a critical
role in education, understanding the determinants of student satisfaction in these settings
becomes increasingly important. This research aims to explore these factors, with a focus
on the experiences of graduate students, to derive insights that could enhance e-learning
systems’ resilience and effectiveness, particularly in anticipation of future global disrup-

tions.

1.3 Research Motivation

The advent of the COVID-19 pandemic precipitated a sweeping and unprecedented shift
towards e-learning worldwide, fundamentally transforming higher education dynamics.
While there have been studies in diverse geographical contexts, like those by Almusharraf
et al [20, 181]. and Simsek et al. in Saudi Arabia and Turkey respectively, the unique
challenges of e-learning within North American territories, specifically Canada, during the
pandemic remain under-explored.

Define the Research Gap: Despite various studies, a significant gap persists in under-
standing the impact of the rapid e-learning transition on student satisfaction in Canada.
The Canadian higher education environment, characterized by its distinct policies, student
demographics, and educational culture, requires a more focused analysis of e-learning effi-
cacy and student satisfaction during COVID-19.

Bridging the Research Gap: This study seeks to fill this gap by examining the various
factors influencing student satisfaction in the unique socio-educational context of Canada
during the pandemic. We aim to understand how these factors interacted with the emer-
gency shift to virtual learning platforms.

Assessing Policy Effectiveness: Additionally, our research will evaluate the effective-



ness of Canadian initiatives like the 'Support for Student Learning During COVID-19’
program [39, 38]. By examining these aspects, this study aims to contribute not only to
the Canadian higher education sector but also to the broader global discourse on e-learning

efficacy in times of crisis.

1.4 Research Purpose

The primary aim of this research is to address specific gaps in the literature regarding
student satisfaction within e-learning environments, with a particular focus on the context
of the COVID-19 pandemic in Canadian higher education. Our research targets the less
explored intricacies and challenges unique to the Canadian context during this pandemic-
driven shift in education. To comprehensively analyze the multifaceted nature of e-learning

experiences, we employ a multi-pronged strategy, integrating several theoretical models:

e Technology Acceptance Model (TAM): Central to our study, TAM explores students’
perceptions of e-learning platforms, particularly in terms of perceived usefulness and
ease of use. This model allows us to examine the cognitive and emotional dynamics
influencing students’ interactions with e-learning technologies, revealing the under-

lying factors driving their engagement.

e Expectation Confirmation Model (ECM): ECM is crucial in assessing the perfor-
mance and satisfaction students derive from their actual experiences with e-learning
platforms. By focusing on the tangible outcomes, ECM helps us identify elements
that either enhance or diminish student satisfaction, offering deeper insights into

their lived experiences.



e DeLone and McLean Information System Success Model (D&M ISS): The D&M
model provides a comprehensive framework for assessing e-learning platforms, consid-
ering technical aspects, content quality, and service experience. Its inclusion ensures
a thorough evaluation of all dimensions affecting student satisfaction, from system

robustness to content richness.

The integration of these models achieves two main objectives. First, it ensures a multi-
faceted analysis by addressing distinct dimensions of e-learning. Second, their collective
insights offer a holistic view, leaving no critical aspect of the e-learning experience unex-
amined. Specifically chosen for their relevance to the Canadian higher education context
during the pandemic, these models enable a detailed understanding of the factors influenc-
ing student satisfaction. Through this synthesis, our research seeks to uncover the complex
dynamics shaping student satisfaction in Canadian e-learning environments against the

backdrop of the COVID-19 pandemic.

1.5 Research Questions

This study aims to delve into the complex dynamics of student experiences and percep-
tions regarding the rapid transition to e-learning necessitated by the COVID-19 pandemic.
The research questions are designed to unravel the unique challenges and opportunities
presented by this exceptional context in Canadian higher education:

RQ1: How satisfied were students in Canadian higher education with the quality and
delivery of e-learning during the COVID-19 pandemic? Which specific dimensions of e-
learning yielded higher or lower satisfaction levels among Canadian students?

RQ2: What determinants or factors (technical, pedagogical, psychological, etc.) most



significantly impacted student satisfaction or dissatisfaction with e-learning during this
pandemic? To what extent did technical glitches, communication barriers, or limitations
in learning resources influence this satisfaction?

RQ3: Based on students’ experiences and identified challenges, what specific enhance-
ments can be proposed for learning management systems to bolster student satisfaction
with e-learning?

The aim of these research questions is not only to provide a comprehensive understanding
of the factors influencing the effectiveness and limitations of e-learning but also to offer
actionable recommendations. These recommendations are intended to inform educational
policymakers, administrators, and instructional designers about ways to improve e-learning

platforms in higher education, particularly within the Canadian context.

1.6 Thesis Outline

This thesis is organized into six chapters, each contributing uniquely to our understanding
of e-learning in the context of the COVID-19 pandemic within Canadian higher education.
Chapter 1 serves as the introduction, setting the stage for the study. In Chapter 2, we
dive into the evolving world of e-learning, underscoring its growing significance in higher
education. This chapter provides a detailed review of key theories and models essential for
comprehending various facets of student engagement, satisfaction, and achievement in on-
line learning environments. Chapter 3 unveils the research model developed for this study.
It synthesizes the existing literature while highlighting the gaps and challenges this research
seeks to address, forming the basis for our hypotheses. Chapter 4 meticulously outlines
the methodological framework, detailing the data collection techniques, sample selection

rationale, and data gathering instruments. This methodology sets the stage for Chapter 5’s



in-depth analysis using Structural Equation Modeling (SEM), aimed at dissecting the data
to uncover the myriad factors influencing e-learning experiences. The thesis conclude with
Chapter 6, which engages in a comprehensive discussion of the findings. Here, we contrast
our results with existing literature to derive meaningful inferences and implications for the
educational field. This chapter also delineates the study’s limitations and suggests avenues
for future research, offering a road-map for scholars and practitioners interested in further
explorations within the e-learning domain. Overall, the structure of this thesis is designed
to provide a thorough understanding of the challenges and opportunities presented by e-
learning, particularly during the unprecedented times of the COVID-19 pandemic in higher

education.



Chapter 2

Literature Review

In this chapter, we embark on a comprehensive exploration of the existing literature rel-
evant to e-learning, focusing on its implications during the COVID-19 pandemic and its
potential impact on student satisfaction. The review is critical in contextualizing our study,
especially considering the unique context of the COVID-19 pandemic. This approach en-
ables a more focused examination of the various factors that influence student satisfaction
in e-learning environments. The literature review is methodically divided into three key
sections: Contextual Background of E-learning in the COVID-19 Era: This section delves
into the overall landscape of e-learning during the pandemic, providing insights into how
this global crisis has reshaped educational paradigm; E-Learning in Higher Education:
Here, we explore the specific nuances of e-learning within the realm of higher education,
focusing on its evolution, challenges, and opportunities in the context of the pandemic;
Foundational Theoretical Models: This section introduces and discusses the critical theo-
retical models that underpin our study, offering a deep understanding of the frameworks

guiding our analysis of student satisfaction in e-learning. Together, these sections weave a



coherent and comprehensive narrative on the current state of e-learning. This narrative not
only enriches our understanding but also lays a solid foundation for the research questions
and hypotheses that we will investigate in the subsequent chapters. Through this sys-
tematic exploration, we aim to anchor our study in a well-established body of knowledge,

ensuring that our inquiry is both grounded and expansive in its scope.

2.1 Definition of E-learning

In this research, e-learning is conceptualized as the utilization of information and com-
munication technology for structuring and delivering learning content. This definition,
derived from the foundational works of Sun and Liaw, encompasses the creation of virtual
learning environments designed to achieve pedagogical objectives like interactivity, assess-
ment, and communication [187, 123]. E-learning encompasses two primary phases: content
development and content delivery. Content development includes curriculum planning, in-
structional design, multimedia creation, and assessment preparation. Content delivery, on
the other hand, involves disseminating educational content, engaging students, and con-
ducting evaluations [105]. Our study distinguishes between these phases to analyze their

individual contributions to the overall e-learning experience.

Central to modern e-learning efforts are Learning Management Systems (LMS) such
as Moodle, Blackboard, and Canvas. These platforms integrate content development and
delivery, thereby enhancing the user experience through streamlined access to course mate-
rials and facilitating real-time evaluations [32]. In the context of the COVID-19 pandemic,
the significance of e-learning in student satisfaction has become increasingly paramount.
While the pandemic has shaped the e-learning landscape, our primary focus is to explore

the multifaceted nature of e-learning satisfaction, encompassing factors from academic

10



content quality to resource accessibility and instructor proficiency [187, 151].

Our research delves into these elements, particularly in the pandemic-driven shift to-
wards e-learning. We aim to fill gaps in existing literature regarding the efficacy of digital
learning communities, with a special focus on the experiences of graduate students. Their
academic needs and expectations may differ significantly from undergraduates [151, 72].
By situating this research within the Canadian context and its widespread use of platforms
like Moodle, Blackboard, and Canvas, we introduce a regional perspective to the global
discourse on e-learning satisfaction. Ultimately, this study aims to provide insights that
will help educational institutions and policymakers navigate the challenges of maintain-
ing quality education during and beyond pandemic times, with a particular focus on the

experiences of advanced students in Canadian higher education.

2.1.1 Learning Boundaries: Physical vs. Virtual

Understanding the nuances distinguishing physical from virtual learning environments is
critical in identifying factors influencing student satisfaction, a need accentuated by the
COVID-19 pandemic. E-learning, vast in its scope, shares inherent similarities with tra-
ditional learning. However, the shift to virtual platforms has amplified certain nuances,
making this comparison vital. Prior to the pandemic, e-learning was often seen as com-
plementary to traditional classroom learning, typically existing within a blended approach
that combined face-to-face instruction with online elements. This model, endorsed by
scholars like Ates for its potential to revolutionize higher education, suggested a synergy
between physical and virtual learning methods [27]. Sun expanded on this, viewing e-
learning not merely as content delivery but as encompassing digital communication, social

interaction, and more, contributing to a holistic educational experience [187].
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However, the advent of COVID-19 necessitated an abrupt shift to a predominantly re-
mote learning model. This transition, more reactive than deliberate, brought to the fore
challenges previously dormant or less pronounced in traditional settings. It transcended
mere online accessibility of learning materials, raising concerns about student mental well-
being, Information Technology (IT) infrastructure adequacy, and the actual effectiveness
of virtual learning platforms [187, 72]. In this reshaped, pandemic-influenced educational
landscape, our research aims to dissect how these intensified challenges impact student sat-
isfaction, with a specific focus on graduate program students. By contrasting the physical
and virtual learning boundaries, we seek to understand the unique aspects that contribute
to or detract from the e-learning experience, particularly in the context of advanced higher

education.

2.1.2 E-learning During the COVID-19 Pandemic

The COVID-19 pandemic catalyzed a global shift, transforming e-learning from an auxil-
iary educational approach to an essential tool for academic continuity [57]. This dramatic
shift necessitated a reevaluation of educational efficacy indicators, turning attention to-
wards course design quality, pedagogical innovations, and adaptability in remote teaching

environments [19].

While there is extensive research on e-learning, focusing predominantly on technological
frameworks and learner-instructor interactions [14, 87], a gap remains in examining the
pandemic-specific challenges and opportunities. These challenges are multifaceted, ranging
from technological reliability issues to the emotional strain experienced by educators and

students in these unprecedented times [66, 14].

In our study, we methodologically approach e-learning satisfaction by considering vari-

12



ous external factors that influence it. This approach allows us to examine the satisfaction
of e-learning in diverse circumstances, isolating its effects from other external challenges.
This perspective is particularly crucial in understanding the distinct experiences of gradu-
ate students, a group with unique educational needs and expectations. Our research aims
to address these identified gaps in the literature. We seek to provide actionable insights
to enhance the resilience and effectiveness of e-learning systems in the face of challenges
akin to the COVID-19 outbreak. Through this endeavor, we aspire to contribute to the
academic conversation on e-learning, extending beyond the current boundaries of scholarly

knowledge, especially in the context of advanced education during a global crisis.

2.2 E-learning in Higher Education: A Multidimen-

sional Exploration

In higher education, the integration of e-learning has become a focal point of academic
attention, with much of the existing scrutiny centered on its technological attributes and
democratization potential [120, 199]. However, to understand e-learning in its entirety,
we must recognize it as a transformative shift in pedagogical strategies with significant
implications for educational outcomes [137]. Our comprehensive approach to e-learning

involves examining it through a tripartite framework [187, 123, 206]:

e Components: E-learning encompasses a curated collection of resources, including
multimedia presentations, dynamic modules, and tailored assessments, catering to

diverse learning needs.

e Methods: Its digital foundation introduces innovative content delivery methods,

13



ranging from virtual classrooms to digital libraries, facilitating a personalized learning

experience.

e Purpose: E-learning serves not only academic goals but also professional develop-

ment, fostering continuous learning, community-building, and collaborative learning.

This multidimensional perspective allows us to fully appreciate e-learning’s agile and

student-focused model.

While e-learning is often touted as a universal solution [36], our study adopts a more
boarded view, acknowledging its varied impacts across different contexts. The COVID-19
pandemic provides a consistent backdrop for assessing e-learning dynamics. This approach
enables an in-depth examination of e-learning’s capabilities and constraints during this
unique period. Our study aims to unveil the complex interplay of design of content, tech-
nology, and user experience in e-learning and their collective impact on student engagement
and satisfaction. For instance, a well-designed user interface coupled with reliable tech-
nology can significantly boost student involvement. Our dual objectives are to uncover
the roles of students and educators in shaping e-learning and to identify key factors that
contribute to a fulfilling e-learning experience. Ultimately, our research seeks to enrich the
discourse on e-learning, moving beyond simplistic views to offer a comprehensive analysis

that leverages its strengths while addressing its challenges.

2.2.1 Learning Management Systems in Higher Education

In this study, Learning Management Systems (LMS) like Moodle, Blackboard, and Canvas
are examined as critical infrastructural components in the e-learning landscape, particu-

larly amidst the COVID-19 pandemic. These platforms transcend the traditional digital

14



framework for content delivery, acting as dynamic spaces for communication, evaluation,
and resource-sharing [178]. However, a key inquiry often overlooked in the literature is
how educational institutions tailor these LMS platforms to meet diverse learning objec-
tives, a question of increased relevance during the pandemic [166]. Our research seeks
to explore this, focusing on students’ experiences and perceptions of these platforms in a

predominantly remote learning environment.

We intend to assess the intuitiveness of these platforms, determine which features are
most beneficial in remote learning contexts, and identify areas needing improvement. This
aligns with our broader research goals, as the functionality and adaptability of LMSs are di-
rectly related to student satisfaction in e-learning environments. Moreover, we will explore
how these platforms integrate with other digital tools, creating what we term ”digitally-
augmented learning environments.” This concept is distinct from traditional hybrid learn-
ing models, highlighting the increased reliance on digital tools during the pandemic and
recognizing the unique challenges and opportunities this period presented. By conducting
a layered evaluation of LMS platforms during the pandemic, our study aims to contribute
to the ongoing discussion on optimizing these systems for enhanced e-learning experiences.
We hope to offer insights that will aid in refining these platforms, considering the significant

shifts in educational paradigms observed during this period.

2.2.2 Remote Learning During the COVID-19 Pandemic

The COVID-19 pandemic prompted an unprecedented shift to remote online learning. This
sudden migration offers a unique vantage point to evaluate the advantages and challenges
of this instructional modality. While remote learning has facilitated continued educational

access during challenging times, it has also revealed several unforeseen challenges, spanning

15



from socio-emotional issues like increased student anxiety to logistical constraints such as

bandwidth limitations and home-based distractions[54].

Previous research has often highlighted the benefits of online education, but there is a
noticeable gap in literature specifically addressing student experiences in an involuntary
remote learning environment, as created by emergency situations like a pandemic. This
unplanned shift presents a learning environment distinct from typical online education
scenarios. Our research aims to address this gap by delving into the lived experiences of
students during the pandemic-induced remote learning period. We focus on understanding
how these unique challenges impact student satisfaction in a setting where remote learning
became the primary instructional mode. This exploration extends academic discussions be-
yond voluntary online learning to encompass compulsory scenarios triggered by exigencies
[54]. By investigating these aspects, our study seeks to provide a nuanced understanding
of remote learning under emergency conditions. We aim to evaluate whether traditional
e-learning best practices are effective in such unprecedented contexts and how educators
can swiftly adapt to sustain educational quality. Our research will identify the spectrum of
issues faced by students and examine how these factors collectively influence academic suc-
cess and emotional well-being. Ultimately, our findings are intended to guide educational
institutions in better preparing for and managing potential future scenarios necessitating

a rapid transition to remote learning.

2.3 The Evolving of Student Satisfaction

Prior to the COVID-19 pandemic, academic literature often conceptualized student sat-
isfaction as an emotional response based on the gap between expectations and perceived

returns on investments like time, effort, and finances [175]. A rich body of research explored
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its relationship with motivation and academic performance, offering a comprehensive view
of these dynamics [18]. However, the pandemic-induced shift to remote learning has ne-
cessitated re-examining student satisfaction in this new context. Traditionally, factors like
campus infrastructure and classroom dynamics were central to understanding student sat-
isfaction [51, 175, 64]. Now, with the abrupt transition to remote learning, aspects such as
online platform usability, technical support, and remote assessment efficacy have become

critical [142, 64].

Frameworks such as TAM, The Unified Theory of Acceptance and Use of Technology
(UTAUT), and others have been foundational in exploring e-learning satisfaction but may
not fully address the nuances of forced, non-elective online education during crises. To
bridge this gap, our study adopts a hybrid approach, integrating models like the Technol-
ogy Acceptance Model and Expectation Confirmation Model with the DeLone & McLean
Information Systems Success Model. This approach aims to capture a detailed understand-

ing of student satisfaction in involuntary remote learning environments.

Our research seeks to adapt and expand the framework for measuring student satis-
faction, acknowledging the complex realities of the pandemic-driven educational shift. We
aim to identify a broader set of factors influencing satisfaction in this unique context,
particularly emphasizing the involuntary nature of this shift, a facet largely overlooked in
pre-pandemic research. By doing so, we hope to provide actionable insights and comprehen-
sive recommendations for educational institutions to enhance remote learning experiences,

applicable both in current crisis conditions and in future educational strategies.
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2.4 Key Theories and Models

In the context of e-learning, various theoretical models offer insights into different aspects of
the learning process. For a comprehensive study like ours, aimed at understanding student
satisfaction during the pandemic, it is crucial to employ models that collectively address
technological acceptance, system efficacy, expectation, and overall success measures. Upon
reviewing the literature and considering our research context, three models stood out as
particularly relevant: the Technology Acceptance Model (TAM), the DeLone and McLean
Information Systems Success Model (D&M ISS), and the Expectation Confirmation Model
(ECM).

The TAM is central to our study, particularly under the rapid technology shifts prompted
by the pandemic, as it focuses on user perceptions of technology. The D&M ISS model,
with its focus on system and information quality, is vital in understanding the demands
and challenges e-learning platforms faced during this period. Meanwhile, the ECM is key
to examining the actual experiences with e-learning during these challenging times. These
models are widely recognized for their effectiveness in explaining user behavior, system
quality, and satisfaction in e-learning environments. Each brings a unique perspective, and
their integration offers a comprehensive approach to dissecting the e-learning experience in
the context of the COVID-19 pandemic. In the following subsections, we will explore each
model in depth, discussing its constructs, relevance to e-learning, and application against
the backdrop of the pandemic. This multi-model approach will enable us to gain a holistic

understanding of student satisfaction in e-learning during these unprecedented times.
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2.4.1 Technology Acceptance Model

The Technology Acceptance Model (TAM) in Figure 2.1, developed by Davis, Bagozzi, and
Warshaw in 1989 [53], is a fundamental framework for understanding user perceptions and
attitudes towards new technologies. At its core are two constructs: perceived usefulness
and perceived ease of use, both of which are crucial in shaping how users interact with

technology [53].

TAM has evolved significantly since its inception. Venkatesh and Davis’s 1996 extension
of TAM highlighted how these core constructs could predict an individual’s system use
[202]. This evolution continued with TAM2, which incorporated additional factors like
subjective norm and output quality, and culminated in TAM3, integrating variables such

as computer self-efficacy and perceived enjoyment [203, 201].

In e-learning, TAM’s relevance is underscored by numerous studies. For instance, Lee’s
research amalgamated components from various models, focusing on user satisfaction as
crucial for continued technology engagement [117]. Its effectiveness in predicting user ac-
ceptance and satisfaction in e-learning has been affirmed by studies globally, including
those in Spain [63]. As we navigate the challenges of e-learning during the COVID-19
pandemic, TAM provides a robust framework for exploring user satisfaction and technol-
ogy adoption. Its evolution, reflecting the changing landscape of technology use, makes it
particularly relevant for understanding the dynamics of remote learning in these unprece-
dented times. Thus, the Technology Acceptance Model, with its comprehensive approach
to user engagement, remains instrumental in our exploration of e-learning systems during

the pandemic.
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Figure 2.1: Technology Acceptance Model[53]
2.4.2 DeLone and McLean Information Systems Success Model

The DeLone and McLean Information Systems Success Model (D&M ISS Model) in Figure
2.2, is a pivotal model for evaluating information system success. Originally developed for e-
commerce platforms [55], its application has expanded to e-learning, highlighting its adapt-
ability across diverse educational contexts [214]. The model’s core components—system
quality, information quality, and user satisfaction—have established it as a key tool in

understanding the success of online learning ecosystems [155].

Incorporating insights from the Technology Acceptance Model (TAM) enriches the
D&M ISS Model, particularly in the context of e-learning. The combination of TAM’s focus
on user perceptions with the D&M Model’s emphasis on system and information quality
offers a comprehensive view of e-learning system success. This integration aligns with
findings from scholars like Mohammadi and Cidral, who have shown the benefits of merging
these models in [145, 45]. However, the D&M ISS Model is not without its criticisms. Some
scholars have highlighted its potential shortcomings in fully capturing the complexities of e-

learning environments, such as diverse teaching methods and learner backgrounds [208, 12].
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Figure 2.2: The DeLone & McLean IS Success Model [55]

Our study aims to address these limitations by empirically testing the model in various
e-learning settings, considering factors like cultural diversity, pedagogical approaches, and

learner differences.

Our research goes further by infusing the model with new dimensions, such as instruc-
tor content delivery and the quality of digital interactions. We plan to incorporate metrics
evaluating instructors’ digital literacy, engagement strategies, and online discussion facili-
tation skills. This approach acknowledges the significant changes in educational dynamics
brought about by the COVID-19 pandemic and the need for rethinking traditional ped-
agogical models. In summary, our study intends to re-calibrate the D&M ISS Model to
better suit the unique demands of the pandemic era. We propose adaptations that consider
the shift towards asynchronous learning, the necessity of robust digital infrastructure, and
strategies for maintaining student engagement in virtual classrooms. These refinements
aim not only to address the immediate challenges posed by the pandemic but also to

enhance the model’s relevance in the broader context of e-learning research.
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2.4.3 Expectation Confirmation Model

The Expectation Confirmation Model (ECM), illustrated in Figure 2.3, originally developed
to analyze consumer behavior across various sectors [192, 191, 147], has found significant
application in understanding user behavior in information systems, including e-learning.
Bhattacharjee’s work in re-contextualizing ECM for the information system sector has been

particularly influential, focusing on users’ continued usage behaviors [35].

Within e-learning, a primary focus of our thesis, ECM has been a key tool for analyzing
student satisfaction and continued engagement [117]. However, the abrupt and involuntary
shift to e-learning brought about by the COVID-19 pandemic introduces new challenges
not yet fully explored within the ECM framework. These include technological readiness,
emotional and cognitive impacts on students, and the effectiveness of digital pedagogical

approaches.

To address these new dimensions, our study synthesizes ECM with the Technology Ac-
ceptance Model (TAM) and the DeLone and McLean Information Systems Success Model
(D&M ISS). This integrated approach is designed to capture a broad spectrum of factors
influencing student satisfaction and engagement during forced transitions to e-learning.
It examines not only the initial expectations and their confirmation regarding e-learning
systems but also incorporates elements such as perceived usefulness, ease of use, system
quality, and information quality from the other models. By combining these models, we
aim to leverage their collective strengths, providing a comprehensive framework to dissect
and understand the complex experiences of students who have abruptly transitioned to
remote learning due to the pandemic. This approach will allow us to delve deeper into the

nuanced dynamics of e-learning satisfaction during such unprecedented times.
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2.5 Summary

In conclusion, this literature review has navigated the intricate terrain of remote learning,
with a special focus on the transformative changes induced by the COVID-19 pandemic.
We have leveraged established theoretical models like TAM, D&M ISS, and ECM to identify
key determinants of student satisfaction and the effectiveness of e-learning infrastructures.
However, it is acknowledged that these models, while providing a solid foundational un-
derstanding of user interactions and system efficacy, fall short in addressing the unique
challenges posed by the emergency shift to online learning during a global health crisis.
Our research aims to fill this gap by evolving these traditional models to incorporate critical
yet previously overlooked elements. These include factors such as instructor effectiveness,
the psychological implications of prolonged remote learning, and disparities in access to
educational resources, all of which have gained prominence during the pandemic. By ex-
panding the scope of these models, we seek to offer a more comprehensive view of e-learning
in the context of a pandemic-affected world. Our study contributes to the academic need
for models that encompass a wide range of factors influencing e-learning, from technologi-
cal infrastructure and educator and student readiness to broader socio-economic influences
on educational accessibility. As the higher education sector continues to navigate both
current and future disruptions, our theoretical tools must evolve accordingly. This study
aims to contribute to this endeavor by providing refined insights that will be valuable for
educational policymakers and practitioners. Our goal is to aid in the development of more
inclusive, resilient, and responsive e-learning systems, capable of meeting today’s challenges

and adapting to tomorrow’s unforeseen demands.
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Chapter 3

Conceptual Framework and

Hypothesis Development

Building upon the extensive analysis presented in the literature review, this chapter intro-
duces the C-RES framework, termed the COVID-19 Remote E-learning Systems (C-RES),
a novel and integrative model designed for the evaluation of e-learning systems. The C-RES
framework is specifically tailored to address the constraints and challenges unique to the
COVID-19 pandemic era. C-RES synthesizes critical variables from established models:
the Technology Acceptance Model (TAM), the Expectation Confirmation Model (ECM),
and the DeLone and McLean Information Systems Success Model (D&M ISS). From TAM,
it incorporates aspects like perceived usefulness and ease of use, essential for understanding
user acceptance in digital learning [203, 53]. ECM contributes insights on user satisfac-
tion and the impact of prior expectations, especially relevant for continued system usage
[117, 220]. D&M ISS brings in multifaceted evaluative criteria like system quality, service

quality, and information quality, crucial for a holistic assessment of e-learning platforms
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[63, 145]. The genesis of C-RES lies in the synergistic strengths of these models. TAM
provides a psychological perspective on user acceptance [203], ECM offers insights into
satisfaction and continuous usage [220], and D&M ISS presents a comprehensive view of
systemic factors crucial for effective e-learning environments [63, 145]. The C-RES frame-
work is thus designed to navigate the unique challenges posed by the pandemic, aiming
to provide a robust tool for evaluating e-learning systems in these extraordinary times.
We acknowledge the atypical conditions under which e-learning systems are operating.
This approach ensures that the C-RES framework not only reflects standard variables of
e-learning system success but is also attuned to the unique context of a global health cri-
sis. In the subsequent sections, we will develop and validate hypotheses within the C-RES
framework. These hypotheses aim to identify key determinants crucial for the success
of e-learning systems during the pandemic. This endeavor seeks to fill a significant gap
in current academic research, offering educational stakeholders a comprehensive tool to

understand and navigate the complexities of e-learning in this era.

3.1 Conceptual Framework

The core of this chapter introduces the C-RES framework, a framework that amalgamates
and extends elements from established models like TAM, ECM, and D&M ISS, specifically
tailored for the e-learning environment during the COVID-19 pandemic. As depicted in
Figure 3.1, C-RES integrates new dimensions to address the heightened need for effective
online interactions and adapts cognitive components to reflect the emotional and techno-
logical challenges students face in this era [44, 63, 187, 162, 59, 138]. The C-RES framework
is structured around four redefined primary dimensions:

Student Dimension: This now includes pandemic-related factors affecting self-efficacy
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and I'T anxiety, along with the ongoing relevance of perceived usefulness.

System Dimension: It emphasizes the demand for robust system and service quality and
user-friendly interfaces, given the increased dependence on e-learning platforms.

Course Structure Dimension: This dimension adjusts for potential variations in course
content quality and delivery resulting from the rapid transition to online learning models.
Social Interaction Dimension: It accounts for the changed dynamics and challenges
in effective communication between instructors and students, and among peers, due to
pandemic-induced physical distancing.

C-RES aims to precisely quantify 'Student Satisfaction’ as its pivotal outcome, reflecting
the unique challenges of pandemic-era education. By integrating these dimensions and
variables, C-RES equips educational stakeholders with a comprehensive tool for navigat-
ing and improving the e-learning experience during the pandemic. The inclusion of the
pandemic as a control variable is crucial, as it provides insights into the altered dynamics
of e-learning and guides the necessary adjustments in educational strategies during the

tumultuous period.

3.2 Hypotheses Development

3.2.1 Perceived Ease of Use

In the C-RES framework, perceived ease of use is identified as a critical factor influencing
an individual’s acceptance and sustained engagement with e-learning systems. This con-
cept, rooted in the work of Venkatesh, suggests that early perceptions of ease of use are
dynamic and deeply influenced by broader attitudes and beliefs towards technology [204].
In the context of the COVID-19 pandemic, these perceptions might undergo significant
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Figure 3.1: COVID-19 Remote E-learning Systems (C-RES) Framework
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changes due to evolving user experiences and needs. Given the heightened psychologi-
cal stressors during the pandemic, variables such as self-efficacy and technology anxiety
become increasingly relevant. The pandemic’s unique challenges could exacerbate these

factors, potentially impacting how users perceive the ease of use of e-learning platforms.

Self-efficacy

Self-efficacy, as originally formulated by Albert Bandura, is a critical psychological con-
struct in understanding individuals’ perceptions of their capabilities to perform various
tasks [31]. In the context of ICT and e-learning, self-efficacy takes on a important role,
particularly under the unique conditions of the COVID-19 pandemic. This period has

reshaped the educational landscape, altering how users interact with e-learning platforms.

Adapting Bandura’s model, Compeau and others defined computer self-efficacy as an
individual’s belief in their ability to effectively utilize computers for specific objectives
[31, 30, 47]. This adaptation has become a cornerstone in technology adoption studies
and is integrated into the C-RES framework to enhance our understanding of e-learning
systems. Within the C-RES framework, self-efficacy is not an isolated variable but inter-
acts synergistic-ally with other factors such as system quality and social support. The
transition to remote education during the pandemic can significantly influence computer
self-efficacy. A user-friendly and well-structured system may boost self-efficacy, whereas a
poorly designed system could undermine it. Additionally, social factors, reshaped by the
pandemic, play a role in influencing self-efficacy, as students increasingly rely on virtual

networks for support.

In light of these considerations, self-efficacy is pivotal in the C-RES framework, par-

ticularly given the challenges brought about by the pandemic. It affects not only user
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engagement with e-learning platforms but also how students and educators adapt to the
new learning environment, influencing satisfaction and educational outcomes. The pan-
demic context may amplify or mitigate the impact of self-efficacy on e-learning outcomes.
Considering the vital role of self-efficacy in e-learning, particularly during the COVID-19
pandemic, we propose the following hypothesis:

H1: In the context of the COVID-19 pandemic, higher levels of self-efficacy are expected
to positively correlate with increased perceived ease of use of e-learning systems.

This hypothesis aims to explore the interplay between self-efficacy and the adoption of
e-learning platforms, providing insights into how individuals’ confidence in their abilities

influences their engagement with remote learning technologies

Technology Anxiety

In the C-RES framework, technology anxiety emerges as a crucial psychological variable,
defined as the discomfort, apprehension, or fear individuals may experience when engaging
with new or complex technological systems. This form of anxiety has been widely recog-

nized as a significant barrier to the adoption and use of technology [44, 63, 162, 187, 117].

Traditional research, including studies by Sun et al., suggests a negative relationship
between technology anxiety and perceived ease of use, where anxiety acts as a deterrent
to comfortable interaction with technological systems [187]. However, within the C-RES
framework, set against the backdrop of the COVID-19 pandemic, the interplay of tech-
nology anxiety is more distinction, interacting with factors like system quality and user
support. Considering the accelerated transition to e-learning during the pandemic, tech-
nology anxiety may have become more prominent. To explore this in more depth, we
propose the following hypothesis within the C-RES framework:

H2: In the COVID-19 pandemic context, technology anxiety can negatively influence per-
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ceived ease of use when e-learning systems offer effective user support and guidance.

This hypothesis posits that the heightened dependency on e-learning systems could moti-
vate users to overcome their technology anxiety. E-learning platforms that provide robust
user support mechanisms, such as tutorials, FAQs, or real-time chat assistance, might
transform anxiety into a driving force for engagement. Such user support could alleviate
initial anxiety, leading to a more positive perception of ease of use. This perspective on
technology anxiety within the C-RES framework represents a shift from viewing it solely
as a barrier to considering it as a potential catalyst for deeper engagement with support re-
sources. The pandemic context, which has increased reliance on technological competency,
may turn technology anxiety from a passive barrier to an active motivator for seeking

assistance, enhancing users’ comfort and competency in complex e-learning environments.

3.2.2 Perceived Usefulness

Perceived usefulness remains an integral component of the Technology Acceptance Model
(TAM) and is central to its advanced iterations, such as TAM2 [203, 202]. Within the C-
RES framework, perceived usefulness emerges as a critical determinant influencing various
aspects of the student experience in e-learning environments. Traditionally, it is under-
stood as the belief that using a specific technology will enhance one’s ability to achieve
goals in work or educational contexts, affecting factors like engagement, satisfaction, and
academic performance. In the context of the COVID-19 pandemic, the concept of per-
ceived usefulness gains new dimensions. Students who perceive an e-learning platform
as useful are more likely to engage actively, find the experience rewarding, and achieve
better academic outcomes [203]. However, in the pandemic-driven shift to remote learn-

ing, traditional factors influencing perceived usefulness might be complemented or even
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overshadowed by new, pandemic-specific considerations.

Social influences, as outlined in TAM2, play a significant role in shaping users’ percep-
tions of usefulness. The opinions and behaviors of peers and instructors can significantly
impact students’ views of e-learning platforms. Additionally, the relationship between per-
ceived usefulness and other variables, such as system quality and ease of use, becomes more
critical in the context of increased reliance on e-learning systems. For example, a system
that is high in quality and user-friendly can enhance the perception of its usefulness, lead-
ing to greater user satisfaction and a higher likelihood of continued use [203]. The sudden
transition to remote learning due to the pandemic amplifies the importance of these system

attributes and their interaction with perceived usefulness.

The C-RES framework aims to explore how the pandemic has reshaped the construct
of perceived usefulness in e-learning. We intend to investigate the evolving relationship
of perceived usefulness with variables like social influence and interaction, considering the
heightened dependence on technology for educational continuity during the pandemic. By
doing so, we aim to provide educational stakeholders with insights into the dynamic nature
of perceived usefulness, particularly under the challenging conditions of the COVID-19
pandemic. This understanding is crucial as we navigate the lasting impact of the pandemic

on the educational landscape and the critical role of technology within it.

Social Influence

Social influence, a foundational construct within the technology adoption literature, sig-
nificantly impacts individual behavior and decision-making in the context of technology
use [71, 204]. This construct encompasses the complex interplay of societal norms, peer

opinions, and attitudes that collectively shape an individual’s perception of a technology’s
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utility. In the C-RES framework, social influence is seen as a dynamic force that interacts
with other factors driving technology adoption and usage, particularly in e-learning con-
texts. In traditional learning environments, social cues like face-to-face interactions and
non-verbal communication play a significant role in shaping social influence. However, the
shift to remote learning during the COVID-19 pandemic transforms these cues into more
digital forms, necessitating a reevaluation of their impact in online settings. Recognizing
these changes, our research within the C-RES framework posits the following hypotheses:
H3a: In remote learning contexts during the COVID-19 pandemic, social influence posi-
tively influences perceived usefulness.

H3b: Social influence positively influences student satisfaction in remote learning contexts
during the COVID-19 pandemic.

These hypotheses draw upon Bandura’s social cognitive theory, particularly the idea that
self-efficacy can be influenced by social interaction[31], including en-active mastery ex-
periences and vicarious experiences. In remote learning settings, these experiences are
redefined to include digital interactions and achievements, suggesting that online inter-
actions can become new sources of social influence, impacting self-efficacy and perceived
usefulness. The C-RES framework thus diverges from traditional models by emphasizing
the role of social influence in online settings. We propose that in the unique environment
of the COVID-19 pandemic, social influence may manifest in powerful new forms. The
absence of traditional social cues in remote learning may increase the importance of online
cues, influencing not just technology adoption but also sustained engagement and satisfac-
tion among students. This shift in the dynamics of social influence highlights the need for

further study to understand its evolving role in the digital learning landscape.
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Interaction

As the COVID-19 pandemic has revolutionized educational paradigms, online interaction
has become a critical component of the learning experience, moving beyond a supple-
mentary feature to a central element of e-learning [111]. While digital tools and remote
learning platforms have expanded educational accessibility, they have also underscored the
need for meaningful and effective online interactions [81]. In the C-RES framework, the
quality of these interactions plays a significant role and intersects with the construct of
perceived usefulness, a key factor in technology acceptance [203]. We propose that the
perceived usefulness of an e-learning system is notably enhanced by the quality of inter-
actions it facilitates, thereby impacting users’ acceptance and continued engagement with

the technology.

Effective online interactions, characterized by dynamic discussions, timely feedback,
and collaborative opportunities , can significantly improve the perceived usefulness of an
e-learning platform [81]. However, these interactions transcend academic utility, providing
essential social and emotional support in a landscape often marked by isolation. Thus,
the effectiveness of an e-learning platform hinges not only on its educational content but
also on its capacity to replicate the immediacy and personal touch of traditional classroom
interactions. Given these considerations, we posit the following hypotheses within the C-
RES framework:

H4a: In remote learning settings necessitated by the COVID-19 pandemic, effective in-
teraction between students and instructors positively impacts perceived usefulness.

H/b: Effective interaction between students and instructors has a generally positive in-
fluence on student satisfaction, particularly in the context of remote learning during the

COVID-19 pandemic.
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These hypotheses aim to explore how the nature and quality of online interactions shape
both the perceived utility and overall satisfaction with e-learning platforms, acknowledging

the critical role these interactions play in the pandemic-altered educational landscape.

3.2.3 Influence of Perceived Ease of Use on Perceived Usefulness

The relationship between perceived ease of use and perceived usefulness, a key compo-
nent of the Technology Acceptance Model (TAM) [53], becomes particularly relevant in
the evolving landscape of e-learning, accelerated by the COVID-19 pandemic. Theoretical
foundations for this interplay can be understood through cognitive efficiency. In e-learning,
cognitive efficiency is facilitated by the ease of use of the platform, allowing students to
allocate mental resources more effectively towards learning. According to cognitive load
theory , a user-friendly system reduces cognitive load, enabling students to concentrate on
the content rather than struggling with system functionalities [188]. This relationship also
extends into the psychological domain. A system that is easy to use can lower technol-
ogy anxiety, leading to increased engagement and persistence—critical in remote learning
environments marked by isolation. However, it’s essential to recognize that the impact of
perceived ease of use on perceived usefulness is not always linear and can be influenced by
various moderating factors such as coursework type, online material quality, and individual
learning styles. Considering these factors, we propose the following hypothesis within the
C-RES framework:

H5: Perceived ease of use is positively correlated with perceived usefulness, particularly in
remote learning contexts where intuitive and user-friendly interfaces are crucial for student
engagement and satisfaction.

This hypothesis aims to underscore the heightened importance of usability in remote learn-
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ing, where the user interface is the primary medium of educational interaction. It highlights
the critical link between ease of use and usefulness, emphasizing its increased relevance in
the era of remote education. Understanding this relationship is vital for developing e-
learning platforms that are academically robust and cater to users’ needs for simplicity

and accessibility.

3.2.4 Service, System, and Information Quality

The adaptability of the DeLone and McLean Information Systems Success (D&M ISS)
model, initially developed for e-commerce platforms, to various information systems un-
derscores its robustness and relevance for e-learning platforms [56, 214]. This adaptability
is especially pertinent within our C-RES framework, as the model emphasizes three critical
factors —service quality, system quality, and information quality—that are key drivers of
user satisfaction in e-learning contexts. Service quality in e-learning refers to the support
and assistance provided to users within the platform. This includes aspects such as techni-
cal support, user guidance, and responsiveness to user queries, which are vital in facilitating
a smooth learning experience. System quality denotes the technical performance of the e-
learning platform, encompassing user-friendliness, reliability, and overall functionality. An
efficient, reliable, and easy-to-navigate system is crucial for ensuring that technical issues
do not hinder the learning process. Information quality pertains to the educational content
delivered through the platform. It involves the relevance, accuracy, and timeliness of the
learning materials, which are essential for ensuring that the content meets the educational

needs and expectations of learners.

The integration of these three factors in the C-RES framework allows for a compre-

hensive understanding of what constitutes an effective e-learning system. FEach factor
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offers a distinct perspective on the user experience and satisfaction, and their collective
impact is crucial for a holistic evaluation of e-learning effectiveness. While these factors
are established in the context of e-commerce, their application to e-learning necessitates
the consideration of unique educational factors. These include pedagogical effectiveness,
content engagement, and alignment with learning objectives, which may not be as central
in other types of information systems. Understanding these factors and their interplay
is vital for the design and evaluation of e-learning platforms, ensuring they are not only

technically robust but also pedagogically effective and engaging for learners.

Service Quality

Service quality, a key concept in consumer satisfaction, is crucial in the context of e-
learning platforms. As defined by Parasuraman et al.[157], service quality is the consumer’s
assessment of the overall excellence and superiority of a service. Gronroos expands on this
definition by describing service quality as the outcome of a comparison process where

consumers measure their initial expectations against the actual service received [82].

In e-learning environments, service quality encompasses various aspects, such as the
quality of technical support, responsiveness of the platform to user needs, and the ef-
fectiveness of communication channels provided for user assistance. Users typically form
expectations about these services and then assess the actual services they experience on the
platform. This assessment plays a critical role in determining their overall satisfaction with
the e-learning experience. Considering the significance of service quality in shaping user
experiences, this study proposes the following hypothesis within the C-RES framework:
H6: There is a positive relationship between higher service quality and user satisfaction
in e-learning environments.

This hypothesis posits that superior service quality on e-learning platforms, which aligns
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with or exceeds user expectations, is likely to result in higher levels of user satisfaction.
The implication of this hypothesis is significant for e-learning platform developers and ed-
ucators. By understanding and focusing on enhancing service quality, e-learning platforms
can potentially increase user satisfaction, thereby improving the overall effectiveness of the

online learning experience.

System Quality

The DeLone and McLean Information Systems Success (D&M ISS) model highlights sys-
tem quality as a crucial factor for user satisfaction [55]. Research supports this assertion,
identifying ease of learning, usability, and effective communication as key indicators of
user satisfaction [160, 41, 89]. However, the relationship between system quality and user
satisfaction isn’t always linear, as high-quality features may not guarantee increased usage
or satisfaction [176]. In the C-RES framework, we propose the following hypotheses con-
sidering this complex relationship:

H7a: Higher system quality, characterized by usability and functionality, positively in-
fluences student satisfaction. Functionality here includes features that facilitate learning

outcomes, such as multimedia support and interactive assessments.

System quality also affects students’ self-efficacy beliefs, potentially influenced by the
frequency of system updates and the availability of supportive resources. Regular updates
with advanced tools and comprehensive support resources can enhance self-efficacy. There-
fore, we propose:

H'7b: Higher system quality, marked by usability and functionality, positively influences
students’ self-efficacy.

Furthermore, system quality impacts the quality of online interactions among students.
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Features like real-time communication tools, discussion forums, and collaborative work-
spaces play a crucial role in enabling effective peer engagement. Hence, our final hypothesis
in this section is:

H'7c: Higher system quality positively influences the quality of online interactions among
students.

These hypotheses aim to capture the multifaceted impact of system quality on various
aspects of the e-learning experience. Understanding the interplay between system quality
and these educational outcomes is vital for designing e-learning systems that not only meet
technical standards but also align with user needs and preferences, thereby enhancing the

overall effectiveness of remote education.

Information Quality

In the context of e-learning, the DeLone and McLean Information Systems Success (D&M
ISS) model underlines the critical role of information quality in influencing user behavior,
decision-making processes, and overall satisfaction [55, 56]. Empirical studies have consis-
tently demonstrated the correlation between high information quality and increased user
satisfaction [172, 196, 80]. However, the impact of information quality on system usage is
not always direct. Studies like those conducted by Ozlem suggest that while high informa-
tion quality is essential, it does not guarantee increased usage if it does not align with user
needs or is perceived as overly complex [58, 12, 193, 126]. In the C-RES framework, we
propose the following hypotheses to explore the multifaceted impact of information quality:
H8a: High information quality positively impacts user satisfaction and their intention to

continue using the e-learning platform.

Information quality also plays a significant role in shaping self-efficacy, particularly

when it is aligned with the user’s knowledge level and course complexity. Thus, we propose:
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HB8b: High information quality positively impacts students’ self-efficacy.

Finally, the relationship between information quality and perceived usefulness of an
e-learning platform is expected to vary depending on the context and the user’s familiarity
with the subject matter. Therefore, our final hypothesis in this section is:

HS8c: Information quality has a positive impact on perceived usefulness, particularly in
contexts where the subject matter is new to users.

These hypotheses aim to elucidate the complex role of information quality in e-learning
environments. Understanding this role is crucial for designing and curating e-learning
content that is not only high in quality but also tailored to meet the varying needs and
knowledge levels of users, thereby enhancing their learning experience, satisfaction, and

perceived utility of the system.

3.2.5 Quality of Content and Delivery

The quality of content and delivery in e-learning, encompassing course information, in-
structional objectives, layout, and outcomes, is a critical determinant of students’ satisfac-
tion [212, 116, 198, 75]. These elements, recognized as components of information quality
and course design quality, play a pivotal role in shaping the overall e-learning experience.
During the COVID-19 pandemic, the quality of content and delivery has faced unique
challenges, particularly due to the abrupt and unprepared transition to online learning
by institutions and instructors. This situation has necessitated a re-evaluation of content
delivery methods and their impact on service quality and user satisfaction in e-learning
platforms. In light of these considerations, our study proposes the following hypotheses
within the C-RES framework:

HY9a:The quality of content delivery positively impacts service quality in e-learning plat-
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forms.

This hypothesis reflects the belief that well-designed and delivered content enhances the
overall service experience for learners.

H9b: The quality of content delivery positively influences user satisfaction with e-learning
platforms.

We posit that effective and engaging content delivery is key to ensuring user satisfaction, es-
pecially under the constraints and rapid shift to online learning during the pandemic. These
hypotheses aim to explore the integral role of content quality and delivery in e-learning,
emphasizing their importance in service quality and user satisfaction. Understanding these
relationships is crucial for designing and delivering e-learning courses that meet the evolv-

ing needs of students, especially under the constraints imposed by the pandemic.

3.2.6 Satisfaction

Satisfaction within e-learning platforms is a multifaceted construct that extends beyond
mere user contentment, incorporating crucial factors such as retention, loyalty, and over-
all engagement [152, 40]. Although extensively explored in traditional service sectors,
the unique interactive and educational nature of e-learning environments presents distinct
challenges and opportunities for academic investigation [124]. User satisfaction is acknowl-
edged as a critical element for encouraging the continued use of e-learning systems and
functions as a key mediator influencing user activity on online platforms [35]. Empirical
studies, such as those by Han, support the notion that student satisfaction significantly

shapes their future intentions to use the system, thus influencing its long-term success [86].

In an era increasingly focused on the user’s perspective, the concept of e-satisfaction,

or a user’s overall assessment of their online educational experience, is gaining prominence
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[44, 45, 123, 187]. Instructional strategies like collaborative learning have been found to
enhance satisfaction, indicating the importance of social learning aspects in online settings
[189, 187]. To understand the complex dynamics of student satisfaction in e-learning, we
propose the following hypotheses:

H10a: Perceived ease of use of the e-learning platform is hypothesized to positively impact
students’ satisfaction.

H10b:Perceived usefulness, defined as the extent to which students believe the platform
enhances their learning, is also expected to positively influence satisfaction.

These hypotheses aim to dissect the various facets of student satisfaction within e-learning,
providing insights crucial for both academic research and practical application in designing

and managing e-learning platforms.

3.3 Summary

This chapter has thoroughly examined the theoretical underpinnings central to our in-
vestigation into e-learning, a domain significantly impacted by the COVID-19 pandemic.
While the pandemic provides a crucial backdrop, our research goes beyond the immediate
crisis to delve into the fundamental aspects of e-learning, ensuring enduring relevance. We
began with an exploration of the Technology Acceptance Model (TAM), focusing on the
interplay between perceived ease of use and perceived usefulness as key predictors of tech-
nology acceptance in e-learning environments. This model sheds light on user perceptions
of platform functionality and benefits, crucial for technology adoption. Transitioning to
the DeLone and McLean Information Systems Success (D&M ISS) model, we discussed
vital aspects such as service quality, system quality, and information quality, all integral to

shaping user satisfaction in e-learning contexts. Despite existing insights into e-learning,

42



there remains a notable gap in comprehensive studies contextualized within the unique
challenges of the COVID-19 pandemic. Our research seeks to bridge this gap, offering
a broader perspective that encompasses not only standard quality metrics but also the
intricacies of student-instructor dynamics, peer interactions, and quality of content, all
of which have been reshaped by the pandemic. The aim of our multifaceted exploration
is to provide a comprehensive understanding of the determinants of e-learning platform
success. The theoretical constructs and propositions outlined in this chapter will guide our
empirical inquiries, informing our methodological and analytical approaches. Our goal is
to unearth actionable insights that enhance e-learning systems both during and beyond
the pandemic era. By summarizing these theoretical frameworks, we set the stage for the
empirical research that follows, endeavoring to contribute to a deeper understanding of the

dynamic e-learning landscape in these rapidly evolving times.
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Chapter 4

Experimental Design

4.1 Research Design

In order to empirically assess our proposed research framework, a questionnaire-based
approach has been adopted, drawing inspiration from seminal works in the e-learning liter-
ature [35, 45, 56, 123, 155, 187, 201]. An online survey serves as the primary data collection
tool, with its design rooted in established literature to ensure validity and reliability. The
survey questions, validated in prior research within the e-learning domain, are compiled
to comprehensively cover the study’s constructs. The complete survey is provided in Ap-
pendix B. The questionnaire is structured into two phases:

Phase One: This phase collects demographic data, including age, gender, academic level,
field of study, and primary learning management system used. This demographic informa-
tion will aid in understanding any moderating or controlling effects on the study’s main
constructs, allowing for a more in-depth analysis.

Phase Two: Participants respond to questions related to the core constructs of our re-
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search model, such as system quality, information quality, service quality, self-efficacy,
perceived usefulness, and user satisfaction. Some questions are selected or adapted from
existing validated surveys to maintain the integrity of our research approach [35, 45, 56,

123, 155, 187, 201].

This dual-phase approach is designed to achieve a holistic understanding of the theo-
retical constructs and the demographic factors that may influence their interrelationships.
The study aims to distinguish the unique effects of the pandemic from other variables,
providing a focused analysis of e-learning dynamics during this period. This methodology
is crucial for exploring the complex relationships affecting student satisfaction and inten-

tions towards the continued use of LMS in higher education, especially under the pervasive

influence of the COVID-19 pandemic.

4.2 Pre-test and Pilot Test

To ensure the validity and reliability of our study, a dual-tiered testing strategy was im-
plemented, comprising a pre-test and a pilot test prior to the comprehensive roll-out of the
questionnaire. The pre-test, conducted with a small group of participants representing our
target demographic, aimed to identify and rectify any technical or operational issues in
the survey platform, such as loading times, navigation problems, or unclear instructions.
This phase primarily focused on examining the technological aspects of the online survey

platform.

Participants for the pre-test were carefully chosen to represent a diverse cross-section of
our study population, providing relevant and constructive feedback. Addressing concerns at
this stage facilitated a seamless deployment of the primary survey. Following the pre-test, a

pilot test was conducted with 15 participants, selected based on criteria like familiarity with
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e-learning platforms and demographic diversity. Their feedback was rigorously analyzed
to identify any inconsistencies or ambiguities in question phrasing or scaling. Additionally,
statistical analysis of pilot data was carried out to assess reliability coefficients and validate
the construct measures. This process enabled timely adjustments to the survey instrument,

enhancing its overall efficacy.

Both the pre-test and pilot test were instrumental in refining our research method-
ology, playing crucial roles in minimizing potential errors, improving data integrity, and
strengthening the study’s conclusions. Through this rigorous preparatory phase, our study
is well-positioned to provide precise and dependable insights into the factors influencing
student satisfaction and sustained engagement with e-learning platforms, particularly in

the context of the COVID-19 pandemic.

4.3 Sample

The sampling strategy is a crucial element of our empirical research, significantly impacting
the reliability and generalizability of the outcomes. As McDonald suggests, effective sam-
pling is vital for accurately representing a larger population through a smaller group [140]
. This study adopts a non-probability sampling technique, favored for its capacity to yield
consistent and trustworthy results. Contrary to probability sampling, our study utilizes
a non-probability sampling technique, specifically a voluntary sampling approach. Partic-
ipants for the study were selected based on their voluntary participation, with graduate
students across Canada being invited to participate through various social media forums.
This method allows us to reach a broad and diverse group of students, although it’s im-
portant to note that this approach may introduce certain biases, as the sample comprises

individuals who chose to participate and had access to the social media platforms used for
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recruitment.

The sample size of 375 respondents was determined to provide a substantial breadth of
data in Appendix C, while also considering the practical constraints of data collection. Ini-
tially, we have received over 398 responses. However, after removing incomplete responses
and those with missing values, we were left with a final count of 375 responses. These
participants contribute to the richness of the data collected, offering insights from a di-
verse range of academic fields and experiences. While the sample’s diversity, encompassing
students from different academic disciplines, adds depth to the study, the voluntary nature
of participation is particularly significant given our focus on e-learning experiences during
the COVID-19 pandemic. This sampling approach ensures that the study captures a wide

array of perspectives and experiences in the context of e-learning.

This carefully considered sampling strategy, while divergent from probability tech-
niques, is expected to offer valuable insights into the factors influencing student satisfaction
and their intentions to continue using LMS in the context of higher education during the
pandemic. Through this approach, the study aims to establish a methodological foundation
that, while acknowledging its limitations, provides meaningful insights into the dynamics

of e-learning in the current educational landscape.

4.4 Study Participants

This study, focusing on e-learning systems within Canadian higher education institutions,
engaged with established platforms such as Moodle, Blackboard, and Canvas, which are
widely used in this sector. To collect responses, an online survey was made accessible
for one month, inviting voluntary participation from students, with a strong emphasis on

maintaining the confidentiality and anonymity of their responses.
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Participants were selected based on specific inclusion criteria: they had to be master
or Ph.D. students in Canadian higher education institutions and have substantial experi-
ence with e-learning platforms, defined as using the platform for at least one semester for
academic purposes during the COVID-19 pandemic lockdown (2020 to 2022). To enhance
the representatives and diversity of our data, the sample was stratified based on demo-
graphic variables, ensuring proportional representation across various age groups, genders,
and fields of study. This stratification aimed to ensure that the findings could be more

broadly applicable across the diverse student population.

Through these methods, the study sought to recruit a sample reflective of the broader
student demographics in terms of e-learning usage, while also capturing diverse experiences
and satisfaction levels among different student groups. This approach was designed to
provide a comprehensive understanding of the dynamics of e-learning experiences in the

Canadian higher education context during the pandemic.

4.5 Measurement

In this study, quantitative research methods were employed, aligning well with the goal
of establishing relationships among various constructs within the domain of e-learning.
These methods, widely used in social sciences, provide a robust framework for investigat-
ing complex interrelations. The primary data collection tool is an online questionnaire,
featuring a five-point Likert scale. This scale enables respondents to express their level of
agreement with a series of statements, with ratings ranging from 1 (”Strongly Disagree”)
to 5 (" Strongly Agree”). The use of this scale is strategic, offering a standardized method

to capture participants’ attitudes, perceptions, and opinions in a quantifiable manner.

The study focuses on a range of multifaceted constructs, categorized into independent
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and dependent variables. Key constructs include such as system quality, information qual-
ity, service quality, social influence, interaction, and quality of content delivery. Each
construct is measured using multiple items, some of which were adapted from established
scales in existing literature [35, 45, 56, 123, 155, 187, 201]. This adaptation was carried
out with careful consideration to ensure they accurately reflect the context of Canadian

higher education e-learning during the COVID-19 pandemic.

Additionally, the survey instrument underwent extensive pre-testing and pilot testing.
These steps were crucial in validating the measurement items, ensuring they are clear,
relevant, and reliable for our study’s context. By adhering to these well-established quan-
titative methods and measurement techniques, this study aims to provide valid and reliable
insights. It seeks to unravel the complex relationships affecting student satisfaction and

the continued intention to use LMS in higher education settings, especially against the

backdrop of the COVID-19 pandemic.

4.6 Data Collection

Data collection is a crucial phase in any research project, directly influencing the quality
and reliability of the analysis and findings. For this study, a digital approach was adopted
for disseminating and collecting the questionnaire. Utilizing a multi-channel strategy, the
questionnaire was distributed electronically through social media platforms like Facebook
academic groups, LinkedIn academic groups, Twitter, and university mailing lists. To
specifically reach graduate students from various universities, we made efforts to contact
each university’s Facebook, LinkedIn academic groups, or other social platform groups
to obtain permission to join. This involved demonstrating our request for participation

and, in some cases, where groups were separated between undergraduate and graduate
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students, we specifically reached out to graduate groups to disseminate our questionnaire
for their voluntary participation in the study. This approach was specifically designed to
maximize reach and participation among academic and student groups within Canadian

higher education.

A high priority was placed on ensuring the privacy and confidentiality of participants.
Robust security measures, including data encryption during transmission and storage, were
implemented. Participants provided informed consent online, acknowledging their under-
standing and agreement to the study’s terms before accessing the questionnaire. All per-

sonally identifiable information will be anonymized or deleted post data collection.

Ensuring the privacy and confidentiality of our participants is of paramount impor-
tance. As such, we have implemented robust security measures. These measures include
encryption of the data during transmission and storage. Participants provided their in-
formed consent online, acknowledging their understanding and agreement to the terms of
the study before proceeding to the questionnaire. All personally identifiable information

will be anonymized or deleted once the data collection phase is completed.

Addressing potential concerns regarding the sample size for methodologies like Struc-
tural Equation Modeling (SEM), a power analysis was conducted to ensure adequacy in
detecting the expected effects within our framework. The sample size’s suitability was
further validated using chi-square tests and goodness-of-fit indices, confirming its capacity
to yield reliable and valid results in the SEM analysis. Despite the sample size, these

measures assure that the study maintains statistical rigor.
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4.7 Ethics Approval and Consent to Participate

Ethical considerations are paramount in this research, equalling the importance of the
scientific aspects. Upholding the highest ethical standards is essential, both for maintain-
ing the integrity of the study and safeguarding the rights and well-being of participants.
This study has received formal ethics approval from the Human Participants Review Sub-
Committee of York University’s Ethics Review Board, ensuring compliance with ethical
standards for research involving human subjects and highlighting our dedication to ethical

research practices.

All respondents are required to provide informed consent before participating. This
process involves them being fully informed about the research details, potential risks, and
their rights as subjects through a comprehensive consent document. The informed consent
agreement, available in Appendix A, outlines the study’s purpose, procedures, privacy

measures, and emphasizes the voluntary nature of participation.

The agreement assures participants of their right to withdraw from the study at any
time without adverse consequences. Should a participant choose to withdraw, their data
will be excluded, and support will be provided if they have concerns regarding their par-
ticipation. In line with ethical best practices, strict anonymity will be maintained, and no
data that could identify a participant will be included in any reports or publications. All
personally identifiable information will be securely stored and eventually anonymized or
deleted. In a commitment to transparent research practices, participants will be offered
access to the study’s findings, providing them an understanding of how their data con-
tributed and the chance to discuss the outcomes with the researchers. This approach not
only fulfills their right to information but also adds a layer of accountability to the research

process.
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Chapter 5

Data Analysis and Results

To analyze the data gathered in our study, a two-phase analysis strategy, as proposed
by Anderson and Gerbing, was employed [23]. This approach begins with the assessment
of the measurement model, ensuring that the survey items accurately measure the in-
tended constructs. Utilizing the C-RES framework, which stands for COVID-19 Remote
E-learning Systems, Confirmatory Factor Analysis (CFA), was first conducted using SPSS
v.29. This step is crucial for evaluating the reliability and both convergent and discriminant
validities of our constructs. CFA plays a pivotal role by confirming that each survey item
significantly loads on its intended factor, thereby validating the items’ alignment with the
conceptualized constructs. Following the measurement model assessment, the hypotheses
were tested through path analysis using the AMOS v.28 software package. Path analysis,
an advanced form of multiple regression, is instrumental in modeling the direct and in-
direct relationships between variables. This method allows for a thorough verification of
the cause-and-effect linkages posited within our research model. It provides quantitative

means to assess the strength and direction of the proposed causal relationships between
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the variables outlined in our hypotheses, thereby offering a rigorous test of our theoretical
framework. Through these analytical methods, we aim to not only validate the constructs
of our study but also to quantitatively explore the intricate relationships within the C-RES
framework. This process is vital for understanding the dynamics of e-learning systems in
the context of the COVID-19 pandemic, aligning with the overarching objectives of our

research.

5.1 Descriptive Statistics

The demographic profile of respondents, as detailed in Table 5.1, varies across different
categories. The majority of respondents were male in Figure 5.2, accounting for 54.7%
(n=205), followed by females at 45.1% (n=169). A small representation was observed for
those identifying as non-binary or other genders at 0.3% (n=1). It is important to note
that ‘other genders’ refers to respondents who do not categorize themselves strictly as male
or female. This distribution is reflective of a growing recognition and inclusion of diverse

gender identities in academic research.

Regarding age in Figure 5.1, a significant portion of participants (64.8%, n=243) were
aged between 25-34 years, followed by 14.8% (n=56) in the 20-24 age range. The skew
towards younger demographics might influence the results’ applicability to older student
populations, and the lack of representation in age groups below 20 and above 44 could limit
the findings’ comprehensiveness across the graduate student age spectrum. Additionally,

20% (n=T75) were between 35-44 years, with only 0.3% (n=1) aged 45 years and above.

As presented in Table 5.2, respondents were almost evenly split between master’s

(46.7%, n=175) and doctoral (Ph.D.) levels (53.3%, n=200), allowing for comparative
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Name Frequency Percentage

Gender Male 205 54.7%
Female 169 45.1%
Non-Binary/Others 1 0.3%

Age  20-24 56 14.9%
25-34 243 64.8%
35-44 75 20%
45 Above 1 0.3%

Table 5.1: Demographic Background of Respondents

insights between these two academic levels. The field of study distribution showed di-
versity, with humanities and social sciences being the most prevalent at 32.8% (n=123)
and 31.5% (n=118) respectively, followed by STEM at 18.7% (n=70), which we define to
encompass fields such as engineering, technology, and mathematics, thereby providing a
broad overview of these areas. Natural sciences at 13.9% (n=>52), and business at 3.2%
(n=12). This distribution offers a broad overview of different academic areas, though the
lower representation of business students may affect the generalized of our findings to this

particular field.

In Table 5.3 and Figure 5.3, we present the distribution of primary educational tools
used by respondents, selected based on their prevalence in academic settings and their
mention in prior literature. Participants had the option to choose from pre-listed tools or
specify others not listed. Moodle emerges as the most prevalent LMS, used by 25.9% of the
sample (n=97), indicative of its widespread use in online coursework. Canvas follows with
17.9% usage (n=67), and D2L/Brightspace is preferred by 18.4% of respondents (n=69).

Blackboard, Edmodo, and Sakai are also represented, with usage percentages of 10.9%
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Figure 5.1: Percentage Age Distribution

Participant Gender Distribution
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Figure 5.2: Percentage Gender Distribution
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Name Frequency Percentage

Academic Level Master 175 46.7%
Doctoral (Ph.D.) 200 53.3%
Field of Study STEM 70 18.7%
Humanities 123 32.8%
Social Sciences 118 31.5%
Natural Sciences 52 13.9%
Business 12 3.2%

Table 5.2: Academic Background of Respondents

(n=41), 12.3% (n=46), and 7.7% (n=29), respectively. This diversity in LMS usage could

influence the generalized of findings across various platforms.

For communication tools in Figure 5.4, Google Meets is the most adopted, used by
34.4% (n=129), closely followed by Microsoft Teams with 29.9% (n=112). Zoom and
Webex are used by smaller fractions of the sample, 6.9% (n=26) and 8.8% (n=33), respec-
tively, while Blackboard Collaborate and Skype have even lesser usage. A variety of other
tools are used by 9.4% of respondents (n=35), pointing to a fragmented communication
tool landscape. The diverse range of tools used for e-learning reflects varied preferences
and possibly institutional affiliations. This variation highlights the need to understand the
specific features and user experiences of these tools to gain deeper insights into aspects of
e-learning valued by students. The data suggests a trend towards specific tools, like Google
Meets and Microsoft Teams, which could be driven by institutional policies or individual
familiarity, potentially influencing participants’ experiences and responses in the context

of our study.

In Table 5.4, the learning modes adopted by respondents during the COVID-19 pan-
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Name Frequency Percentage
Primary LMS Used Blackboard 41 10.9%
Canvas 67 17.9%
Moodle 97 25.9%
D2L/Brighspace 69 18.4%
Sakai 29 7. 7%
Edmodo 46 12.3%
Schoology 25 6.7%
Others 1 0.3%
Primary Communication Tool Used Zoom 26 6.9%
Microsoft Teams 112 29.9%
Google Meets 129 34.4%
Webex 33 8.8%
Blackboard Collaborate 29 7. 7%
Skype 11 2.9%
Others 35 9.4%

Table 5.3: Primary Tool Used from Respondents

Name

Frequency Percentage

Learning Mode During the Pandemic

Remote

Hybrid

Duration of Study During the Pandemic Fully

Partially

On-Campus

74
188
113
240
135

19.7%
50.1%
30.1%
64%
36%

Table 5.4: Learning Modes and Duration of Study During the COVID-19 Pandemic
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Figure 5.3: Primary LMS Used

58



Primary Communication Tool Used

9.4% 6.9%

2.9%“.

?.?%'

29.9%

8.8% —
34.4%
m7oom m Miscrosoft Teams
Google Meets m Webex

m Blackboard Collaborate m Skype
m Other

Figure 5.4: Communication Tool Used from Respondents
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demic varied significantly. Half of the respondents (50.1%, n=188) engaged exclusively
in remote learning, indicating a fully online attendance and coursework completion. This
mode of learning likely influenced their interaction with LMS platforms, potentially af-
fecting their perceived ease of use and satisfaction with these systems. Another 30.1%
(n=113) of participants experienced a hybrid model of learning. In this context, hybrid
learning entailed a combination of online classes and limited in-person attendance, guided
by public health recommendations. This model may have presented unique challenges and
experiences as students adapted to the fluctuating conditions of the pandemic. On-campus
learning was less common, with only 19.7% (n=74) attending in-person classes. These stu-
dents’ experiences could offer insights contrasting those of remote learners, influencing their

engagement with and perceptions of e-learning tools.

Furthermore, the study duration during the pandemic was diverse: 64% (n=240) of
respondents completed their studies entirely during the pandemic, while the remaining 35%
(n=135) experienced a partial completion, likely involving a transition from traditional
to remote or hybrid models, or conversely, from remote or hybrid back to traditional
models. This variation in study duration may have implications for students’ adaptation
strategies and overall satisfaction with their educational experience. It should be noted
that the total percentages may not sum up to exactly 100% due to rounding errors or
the presence of respondents with unique or non-standard educational trajectories during
the pandemic. This variance is crucial for interpreting the data, reflecting the diverse

educational experiences encountered by students in this extraordinary period.
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5.2 Reliability and Validity Analysis

In our study, the primary goal is to identify key factors contributing to the success and
reduced attrition in e-learning environments. We employed Cronbach’s alpha to evaluate
the internal consistency of ten indicators and one construct within the C-RES framework.
The alpha values, presented in Table 5.5 and Figure 5.6, range from 0.927 to 0.954, well
above the accepted minimum of 0.7. This result, including an overall Cronbach’s alpha of

0.927, indicates strong internal consistency among items within each construct.

To further confirm the reliability of our composite measurements, Composite Reliability
(CR) scores were computed, ranging from 0.928 to 0.954 in Figure 5.5. These values surpass
the recommended threshold of 0.7 [74, 73], affirming the high reliability of our constructs
and their suitability for subsequent analysis. Convergent validity, which assesses agreement
between different measures of the same construct, was also examined. Our indicators
showed significantly positive loading’s on their intended constructs, suggesting accurate

capture of the constructs’ essence [73, 74].

For the measurement scales to be considered reliable, factor loading’s (k) should ideally
not be less than 0.5, ensuring clarity in the factor structure. Additionally, the Average
Variance Extracted (AVE) by each construct should exceed the variance due to measure-
ment error, with an ideal AVE being above 0.5 [73, 74]. Our study’s AVE values ranged
from 0.719 to 0.805, R-squared (R?) values from 0.695 to 0.893, and factor loadings from
0.834 to 0.945. These figures surpass the minimum criteria and indicate a strong convergent

validity of our measurement model, as detailed in Table 5.5.
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Table 5.5: Reliability and Convergent Validity

Factor Variables k R?> CR AVE Cronbach’s a
Self-Efficacy SE1 0.859 0.738 0.727 0.930 0.930
SE2 0.852 0.726
SE3 0.852 0.726
SEA4 0.844 0.713
SEb5 0.855 0.731
IT Anxiety ItA1l 0.853 0.727 0.765 0.942 0.941
[tA2 0.873 0.761
[tA3 0.843 0.711
ItA4 0.855 0.731
ItA5 0.945 0.893
Perceived Ease of Use PEoU1 0.858 0.735 0.752 0.938 0.945
PEoU2 0.860 0.740
PEoU3 0.864 0.746
PEoU4 0.881 0.775
PEoUbH 0.937 0.878
Perceived Usefulness PU1 0.837 0.701 0.719 0.928 0.927
PU2 0.841 0.708
PU3 0.834 0.696
PU4 0.881 0.776
PU5 0.846 0.716
Information Quality Q1 0.889 0.790 0.805 0.954 0.954
1Q2 0.906 0.821
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Factor Variables k R* CR AVE Cronbach’s o
1Q3 0.879 0.773
Q4 0.901 0.811
1Q5 0.910 0.829
System Quality SQ1 0.895 0.801 0.781 0.947 0.947
SQ2 0.884 0.781
SQ3 0.895 0.801
SQ4 0.875 0.766
SQ5 0.870 0.756
Service Quality SvQ1 0.920 0.846 0.800 0.952 0.952
SvQ2 0.889 0.790
SvQ3 0.889 0.790
SvQ4 0.897 0.804
SvQ5 0.877 0.769
Quality of Content Delivery QCD1 0.888 0.789 0.782 0.947 0.947
QCD2 0.864 0.747
QCD3 0.895 0.801
QCD4 0.889 0.790
QCD5 0.886 0.785
Social Influence SI1 0.860 0.739 0.726 0.930 0.930
SI2 0.834 0.695
SI3 0.869 0.755
Sl4 0.842 0.709
SI5 0.855 0.732
Interaction I 0.868 0.754 0.751 0.938 0.937
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Factor Variables k R? CR AVE Cronbach’s o

12 0.862 0.742
I3 0.849 0.720
I4 0.860 0.740
I5 0.892 0.795
Satisfaction SAT1 0.879 0.773 0.783 0.948 0.947
SAT2 0.889 791
SAT3 0.875 765
SAT4 0.853 0.727
SATH 0.928 0.861

In the initial phase of our data analysis, we rigorously assessed the discriminant validity
of the constructs to ensure that each scale uniquely measures a specific concept, distinct
from others in the C-RES framework. This step is vital to verify that the constructs are
not only reliable but also distinctly separate from one another, which is a prerequisite for
accurate hypothesis testing. Following the criteria outlined by Fornell and others [73, 74],
discriminant validity is established when the square root of AVE for a construct exceeds
its correlations with other constructs. This assessment is crucial to confirm that each
construct shares a closer relationship with its own indicators than with those of other
constructs, thereby affirming the distinctiveness necessary for a valid measurement model.
The results of this assessment are presented in Table 5.6 and in Figure 5.7, where the
diagonal elements (the square roots of the AVEs for each construct) are compared against
the off-diagonal elements, representing the inter-construct correlations detailed in Table 5.7
and in Figure 5.8. Our findings reveal that the diagonal elements are consistently larger

than the off-diagonal elements in their respective rows and columns. This observation
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SE ItA I SI PEoU PU  QCD 1Q SQ SvQ  SAT
SE 0.852

ItA 0.237 0.875
I 0.252 0.209 0.866
SI 0.311  0.21 0.285 0.852

PEoU 0.393 0.202 0.325 0.380 0.867

PU 0.276 0.126 0.265 0.436 0.301 0.848

QCD 0271 0369 0.339 0.299 0.223 0.132 0.884

1Q 0.347 0.260 0.321 0.273 0.316 0.288 0.265 0.897

SQ 0.266 0.241 0.420 0.305 0.307 0.309 0.271 0.324 0.884

SvQ 0.230 0.190 0.410 0.313 0.320 0.299 0.320 0.318 0.503 0.895

SAT 0.413 0.399 0.484 0.372 0.416 0.329 0454 0475 0.513 0463 0.885

Table 5.6: Discriminant Validity

indicates that each construct is more closely related to its indicators than to those of other
constructs. Consequently, these results support the presence of discriminant validity in our
measurement model, confirming that our constructs are appropriately distinct and suitable

for the subsequent hypothesis testing.

5.3 Analysis of the Structural Equation Model

In the subsequent phase of our research, after establishing the measurement model’s con-
vergent and discriminant validity, we utilized Structural Equation Modeling (SEM) for
hypothesis testing. SEM is an advanced statistical framework ideal for path analysis,
which uses maximum likelihood estimation to examine the relationships between observed

and latent variables. This method is particularly apt for our study due to its capacity
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Figure 5.7: Discriminant Validity Heat Map
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SE TtA I SI PEoU PU QCD 1IQ SQ SvQ SAT

SE 1

ItA 0.225 1

I 0.234 0.203 1

SI 0.288 0.201 0.267 1

PEoU 0.372 0.192 0.307 0.359 1

PU 0.256 0.117 0.245 0.402 0.284 1

QCD  0.255 0.350 0.320 0.282 0.217 0.125 1

IQ 0.324 0.243 0.301 0.256 0.304 0.272 0.249 1

SQ 0.250 0.236 0.397 0.285 0.286 0.291 0.256 0.304 1

SvQ  0.218 0.180 0.387 0.293 0.306 0.281 0.306 0.299 0.478 1
SAT 0390 0.381 0.462 0.353 0.400 0.316 0.432 0.458 0.491 0450 1

Table 5.7: Correlation Matrix
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to handle intricate models involving multiple interrelated variables. The comprehensive
nature of SEM is a significant asset in testing complex models like ours. It enables the
simultaneous examination of multiple relationships within the model, providing a cohesive
visual representation of these interrelations. This capability marks a significant advance-
ment over traditional multiple regression methods, offering a more in-depth and holistic

view of the data.

To appraise the adequacy of our SEM model, we relied on various fit indices as recom-
mended by Schumacker et al. [171, 170]. These indices are categorized into three types,
as presented in Table 5.8: absolute fit indices, incremental fit indices, and parsimony fit
indices. Each category plays a vital role in evaluating the model from different perspec-
tives, ensuring a comprehensive assessment of its overall soundness and appropriateness.
Absolute fit indices evaluate how well the model fits the observed data, incremental fit in-
dices compare the model to a baseline model, and parsimony fit indices assess the model’s
simplicity and efficiency. Together, these fit indices provide a multi-faceted evaluation of

the SEM model, ensuring its validity and effectiveness in testing our research hypotheses.

In our study, absolute fit indices were employed to evaluate how well the SEM model
corresponds with the empirical data [139]. These indices are essential in confirming that
the model accurately reflects the patterns observed in the data. Notably, the Chi-Squared
test (X?) yielded a value of 1973.093. While a lower Chi-Squared value typically indicates
a better fit, it should be noted that this index is sensitive to sample size. The Goodness-
of-Fit Statistic (GFI)) was 0.847, and the Adjusted Goodness-of-Fit Statistic (AGFI) was
0.832. Though slightly below the recommended threshold of 0.9, these values still suggest
an acceptable fit. The Root Mean Square Error of Approximation Root Mean Square
Error of Approximation (RMSEA) at 0.033 and the Root Mean Square Residual (RMSR)
at 0.146 indicate a good fit overall, although the RMSR is marginally above the ideal,
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Fit Index Obtained Value Recommended Value Remarks

Absolute Fit Indices

Chi-Squared (X?) 1973.093 - Good Fit

GFI 0.847 > 0.9 Acceptable Fit
AGFI 0.832 > 0.9 Acceptable Fit
RMSEA 0.033 < 0.08 Good Fit
RMSR 0.146 <0.10 Marginal Fit

Incremental Fit Indices
NFI 0.906 > 0.9 Good Fit
CFI 0.971 > 0.9 Good Fit

Parsimony Fit Indices

X2/df 1.407 <2or <3 Good Fit

Table 5.8: Fit Indices for the Structural Equation Model

pointing to minor areas of mismatch in the model.

Incremental fit indices such as the Normed-Fit Index (NFI) and the Comparative Fit
Index (CFI) were also calculated. Our model achieved an NFI of 0.906 and a CFI of 0.971.
Both values exceed the recommended threshold of 0.9, indicating that our model provides

a significantly better fit than a basic model assuming no correlations among variables.

Incremental fit indices, which compare the model to a basic model assuming no cor-
relations among variables, included the NFI and the CFI. Our model achieved an NFI
of 0.906 and a CFI of 0.971, both above the recommended value of 0.9, signifying that
the model provides a significantly better fit than the baseline model with no relationships

among variables.

Lastly, parsimony fit indices like the Chi-Squared to degrees of freedom ratio (X2/df),
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Figure 5.9: Results of Structural Model Assessment (xp < 0.05, **xp < 0.01, xxxp < 0.001)

which stood at 1.407 in our study, were considered. This ratio indicates a model that is

not overly complex but sufficiently explains the data. A value below 2 or 3 is generally

considered ideal, suggesting that the model does not over-fit the data while capturing the

necessary complexity [139]. Our model’s ratio, being well within this range, suggests that

it is appropriately calibrated, avoiding over-fitting and maintaining robust explanatory

power.

In our research, the Structural Equation Modeling (SEM) methodology was utilized
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to rigorously test the hypotheses within the C-RES framework. The results, as detailed
in Table 5.9, were evaluated using several key statistical measures: Standardized Path
Coefficients (3, v): These coefficients indicate the magnitude and direction of the effect
each independent variable has on the dependent variable. A larger absolute value signifies
a stronger relationship. This measure clarifies the strength and direction of the relation-
ships within our mode. Critical Ratios (t-values): These values estimate the influence
of random variation on the hypothesis outcomes, assessing the statistical significance of
the path coefficients. A t-value exceeding +1.96 indicates significant factor covariance,
following standard criteria for SEM analyses. Significance Levels (p-values): Reflecting
the probability of making a Type I error, a lower p-value indicates a lower risk of incor-
rectly rejecting the null hypothesis. In social science research, a p-value of less than 0.05
is typically considered significant. Variance Explained (R?): This measure denotes the
percentage of variance in the dependent variable explained by the independent variables,

offering insight into the explanatory power of the independent variables.

Figure 5.9 presents the consolidated results of our tested hypotheses. Our analysis
revealed that nine hypotheses were highly significant with p-values less than 0.001, one was
significant at p-values less than 0.01, five were marginally significant at p less than 0.05,
and three did not achieve significance. This detailed examination elucidates the various
factors influencing user satisfaction in e-learning environments. The C-RES framework
accounted for 44.70% of the overall variance in satisfaction, further breaking down into
specific components such as perceived ease of use (16.7%), perceived usefulness (20.8%),
service quality (10.9%), self-efficacy (15.8%), and interaction. These findings are crucial in
highlighting the factors that most significantly contribute to user satisfaction in e-learning
environments, providing valuable insights for future improvements and strategies in online

education.
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Hypotheses Path B,y t-value p-value Support
H1 SE — PEoU  0.367 6.832 < 0.001  Yes
H2 ItA — PEoU 0.112 2.393 0.017 Yes
H3a SI — PU 0.316 5.836 < 0.001  Yes
H3b SI — SAT 0.043 0.883 0.377 No
H4a I - PU 0.085 1.821 0.069 No
H4b I — SAT 0.137 3.156 0.002 Yes
H5 PEoU — PU  0.104 1.982 0.048 Yes
H6 SvQ — SAT  0.09 1.984 0.047 Yes
H7a SQ — SE 0.197 3.371 < 0.001  Yes
H7b SQ — SAT 0.221 4.186 < 0.001  Yes
H7c SQ — 1 0.499 8.196 < 0.001  Yes
H8a IQ — SAT 0.21  4.558 < 0.001  Yes
H8b IQ - PU 0.129 2.502 0.012 Yes
H8c IQ — SE 0.302 5.335 < 0.001  Yes
H9a QCD — SvQ  0.342 6.232 < 0.001  Yes
H9b QCD — SAT  0.207 4.713 < 0.001  Yes
H10a PEoU — SAT 0.135 2.959 0.003 Yes
H10b PU — SAT 0.053 1.056 0.291 No
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5.4 Hypotheses Examination

As shown in Table 5.9, self-efficacy (SE) was found to have a positive impact on perceived
ease of use (PEoU) with a coefficient of 0.367, a t-value of 6.832, and a p-value less than
0.001, supporting hypothesis H1. This result indicates a strong relationship between users’
confidence in their abilities and their perception of the e-learning platform as easy to use.
Additionally, the relationship between technology anxiety (ItA) proficiency and perceived
ease of use (PEoU) was significant with a coefficient of 0.112, t-value of 2.393, and a p-value
of 0.017, confirming hypothesis H2. This highlights the positive impact that managing

technology-related anxiety has on users’ ease of use perception.

Social influence (SI) was shown to have a substantial positive effect on perceived use-
fulness (PU) with a coefficient of 0.316, t-value of 5.836, and a p-value less than 0.001, thus
supporting hypothesis H3a. This suggests that social factors play a significant role in how
users perceive the utility of the e-learning platform. However, SI’s effect on satisfaction
(SAT) was not supported (f = 0.043,¢ = 0.883,p = 0.377), rejecting hypothesis H3b.
This indicates that while social influence affects perceived usefulness, it may not directly

translate into satisfaction with the e-learning platform.

Interaction (I) in hypothesis H4a, which was not significant, refers to the potential
modifying effect that another variable may have on the relationship between perceived
usefulness and satisfaction. The lack of significance here suggests that the interaction
variable considered does not significantly alter the relationship between perceived use-
fulness and satisfaction. However, interaction impact on satisfaction was positive and
significant (5 = 0.137,¢ = 3.156,p = 0.002), confirming hypothesis H4b. This con-
firms the importance of social interaction as a factor contributing to user satisfaction

with e-learning platforms. Perceived enjoyment’s influence on PU was also significant
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(6 = 0.104,t = 1.982,p = 0.048), supporting hypothesis H5. This finding indicates that

users who enjoy the e-learning experience are more likely to find the platform useful.

System quality (SvQ) was found to positively affect SAT with a coefficient of 0.09 and
a t-value of 1.984, with a p-value of 0.047, thus confirming hypothesis H6. This result
emphasizes the role of system quality in contributing to user satisfaction, underscoring the
need for high-quality e-learning systems. Service quality (SQ) significantly influenced SE,
SAT, and I, with respective coefficients of 0.197, 0.221, and 0.499, all with p-values less
than 0.001, thus supporting hypotheses H7a, H7b, and H7c. TThe strong influence of ser-
vice quality suggests it is a critical factor in enhancing users’ self-efficacy, satisfaction, and
interactions with the e-learning system. Information quality (IQ) was observed to have a
significant positive impact on both SAT and PU, with coefficients of 0.21 and 0.129 respec-
tively, confirming hypotheses H8a and H8b. This indicates that high-quality information
positively impacts both user satisfaction and the perceived usefulness of the platform. 1Q’s

effect on SE was also significant (8 = 0.302, p < 0.001), supporting hypothesis H8c.

Quality of content delivery (QCD) was found to significantly improve both Sv(Q) and
SAT with coefficients of 0.342 and 0.207 respectively, and p-values less than 0.001, con-
firming hypotheses H9a and H9b. This highlights the critical role of content delivery
quality in enhancing both system quality and user satisfaction. The relationship be-
tween PEoU and SAT was supported with a coefficient of 0.135, t-value of 2.959, and
a p-value of 0.003 (hypothesis H10a). However, the effect of PU on SAT was not sup-
ported (5 = 0.053,¢t = 1.056,p = 0.291), thus rejecting hypothesis H10b. This suggests
that while the ease of using the system contributes to satisfaction, the perceived usefulness
does not significantly influence satisfaction in this context, a finding that may warrant

further investigation to understand the underlying reasons.
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Chapter 6

Discussion and Conclusion

6.1 Discussion

The findings of our study reveal intricate relationships that shape user satisfaction with e-
learning platforms, particularly learning management systems (LMS), during the COVID-
19 pandemic in Canada. Table 6.1 illustrates the direct, indirect, and combined impacts
among elements within the C-RES framework, uncovering a complex interplay of factors

influencing student perceptions in a technological context amid the pandemic.

Table 6.1: Summary of Direct, Indirect and Total Effects

Path Direct Indirect Total
Self-efficacy — Perceived ease of use 0.367 - 0.367
IT anxiety — Perceived ease of use 0.112 - 0.112
System quality — Perceived ease of use - 0.072 0.072
Information quality — Perceived ease of use - 0.111 0.111
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Path Direct Indirect Total

Self-efficacy — Perceived usefulness - 0.038 0.038
IT anxiety — Perceived usefulness - 0.012 0.012
Social influence — Perceived usefulness 0.316 - 0.316
Interaction — Perceived usefulness 0.085 - 0.085
System quality — Perceived usefulness - 0.042 0.042
Information quality — Perceived usefulness 0.129 - 0.129
Perceived ease of use — Perceived usefulness  0.104 - 0.104
Information quality — Self-efficacy 0.302 - 0.302
System quality — Self-efficacy 0.197 - 0.197
Quality of content delivery — Service quality  0.342 - 0.342
System quality — Interaction 0.499 - 0.499
Self-efficacy — Satisfaction - 0.050 0.050
IT anxiety — Satisfaction - 0.015 0.015
Information quality — Satisfaction 0.210 - 0.210
System quality — Satisfaction 0.221 - 0.221
Quality of content delivery — Satisfaction 0.207 - 0.207
Service quality — Satisfaction 0.09 - 0.09
Social influence — Satisfaction 0.043 - 0.043
Interaction — Satisfaction 0.137 - 0.137
Perceived ease of use — Satisfaction 0.135 - 0.135
Perceived usefulness — Satisfaction 0.053 - 0.053

Key among these findings is the significant role of self-efficacy and IT anxiety, both

exerting direct effects on perceived ease of use. System and information quality also play
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critical roles, influencing perceived ease of use indirectly through intermediary variables,
thus underlining the multifaceted nature of technological interactions in e-learning. This
aligns with our research objective to understand how individual psychological attributes

and system characteristics collectively influence user satisfaction.

Furthermore, self-efficacy indirectly influences perceived usefulness, complemented by
direct impacts of social influence, interaction, and perceived ease of use. These results elu-
cidate the intricate relationship between individual confidence, social dynamics, and sys-
tem usability, addressing our objective to explore these complex interactions in e-learning

systems.

Regarding satisfaction, factors like self-efficacy, I'T anxiety, information quality, system
quality, service quality, social influence, and interaction all contribute directly, reflecting
the multifaceted nature of user satisfaction in e-learning platforms. Notably, system quality
and information quality demonstrate multiple direct and indirect effects, emphasizing their

pivotal role in shaping user experiences.

The direct impact of content delivery quality on service quality and user satisfaction
highlights its critical role in determining how students perceive the overall quality of e-
learning services. The pandemic context likely amplified the importance of these quality

dimensions as users increasingly relied on digital platforms for learning.

In conclusion, our study addresses the research objectives and questions through a thor-
ough analysis of factors influencing user satisfaction in e-learning platforms. The findings
offer valuable insights for designing effective, user-centric LMS, particularly under pan-
demic conditions. They underscore the need to consider a broad spectrum of factors, from
individual psychological aspects to quality dimensions and social influences, to enhance

user satisfaction and technology perceptions. This comprehensive understanding is piv-
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otal for developing technology systems that meet user needs and expectations, particularly
during challenging times like a pandemic, thereby fulfilling the overarching goal of this

research.

6.2 Implication

The outcomes of this study hold significant implications for higher education institutions,
particularly in understanding and enhancing student learning outcomes and satisfaction
with e-learning amidst the COVID-19 pandemic or similar crises. Our analysis indicates
that students value the capabilities of e-learning systems in supporting their learning jour-
ney, especially in overcoming challenges posed by the pandemic. This observation resonates
with findings that a positive correlation exists between students’ intention to use e-learning

systems and their satisfaction with e-learning outcomes [167].

We advocate for higher education decision-makers and policymakers to prioritize en-
hancing student satisfaction with e-learning. This includes not only improving the user
interface of e-learning platforms but also ensuring resilient and reliable I'T infrastructure
capable of handling high traffic and providing consistent access. Strengthening the IT
infrastructure is key to maintaining continuity in education during unexpected shifts to
online learning. Investment in high-quality digital content, encompassing academic mate-
rials, resources for skill development, and virtual laboratories, is essential. This will cater
to various disciplines, particularly those requiring practical engagement, and will enrich

the overall e-learning experience.

Furthermore, we propose that institutions should develop comprehensive long-term
strategies for remote learning. This includes integrating feedback mechanisms for continu-

ous improvement, ensuring equitable access for all students, and preparing comprehensive
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policies for online education. The development of a blended learning system that effectively
integrates digital tools for interactive and engaging learning experiences is crucial. Blended
learning combines the benefits of traditional face-to-face interaction with the flexibility and
accessibility of online resources. Consequently, ongoing teacher training programs focusing
on digital literacy and innovative teaching methods are vital. Educators must be skilled
in using digital tools effectively and engaging students in a virtual environment. Signif-
icant investment in ICT equipment and infrastructure is pivotal. Such initiatives should
aim to improve the quality of e-learning and prepare educational institutions for future
contingencies like pandemics or emergency shutdowns. Institutions must be prepared for
future emergencies or disruptions. Last, not the least, preparing for future contingencies,
this involves having established protocols for transitioning to remote learning and ensuring

students and faculty have the necessary resources and support.

In summary, these findings offer profound insights for developing user-centric and effec-
tive LMS, particularly in pandemic conditions. They highlight the importance of consid-
ering a wide range of factors, from individual psychological aspects to quality dimensions
and social influences, to enhance user satisfaction and perceptions of technology. By fo-
cusing on these areas, higher education institutions can not only navigate the challenges
posed by the pandemic but also build a more inclusive, flexible, and resilient educational

environment for the future.

6.3 Limitations

Like all research projects, this study has its limitations that need to be recognized. Firstly,
the generalizability of our findings needs careful consideration. While our participant

selection and conceptual framework are grounded in contemporary literature and aimed to
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reflect the realities of e-learning during the COVID-19 pandemic in Canada, the sample may
not fully represent the diverse demographics of the entire Canadian student population,
particularly in terms of geographical distribution and academic disciplines. The factors
influencing student satisfaction identified here may primarily pertain to the specific context
of this research. The unique circumstances of the pandemic, such as the sudden shift to
online learning, might have influenced student attitudes and experiences in ways not typical

of more traditional e-learning contexts.

Additionally, despite our sample size being adequate for comprehensive statistical analy-
sis, a larger and more diverse sample could potentially yield different insights. This includes
diversity in terms of cultural background, learning styles, and access to technology, which
can all influence e-learning experiences. Therefore, while the structural results and find-
ings are indicative of the trends within our sample, they should be cautiously extrapolated
to broader populations. Another limitation arises from the research’s geographical and
cultural context. Conducted within the Canadian educational system, the findings should
be interpreted with an understanding of the cultural and educational nuances specific to
this region. Differences in educational policies, infrastructure, and student demographics

may limit the applicability of our findings to other cultural and educational contexts.

Furthermore, while our study has explored various factors impacting e-learning satis-
faction, it is not exhaustive. The exclusion of certain factors like system usability and
instructor attitudes was primarily due to the focused scope of our study, aiming to concen-
trate on specific aspects within the constraints of our resources and time. Future research

could benefit from incorporating these elements to offer more comprehensive insights.

This research contributes to understanding the multifaceted impacts of COVID-19-
related factors on students’ satisfaction with e-learning. Future studies could apply our

proposed model in other contexts to ascertain its applicability and uncover additional in-
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sights. Additionally, exploring how the rapid adaptation to e-learning during the pandemic
could inform long-term strategies for e-learning in higher education would be a valuable
area of research. Moreover, further research should investigate how educational institutions
might better prepare for future events similar to the current pandemic, enhancing their

resilience and adaptability in the face of such challenges.

6.4 Conclusion and Future Work

In our study, we endeavored to unravel the factors influencing student satisfaction with
e-learning, particularly focusing on Learning Management Systems (LMS) during the
COVID-19 pandemic within the Canadian higher education context. The study’s foun-
dation on the Technology Acceptance Model and the DeLone and McLean Information
Systems Success Model culminated in the development of the C-RES model. This model,
validated through Structural Equation Modeling, illuminated the complex interplay of
self-efficacy, I'T anxiety, system and information quality, and social influences in shaping

students’ perceptions and satisfaction with e-learning platforms.

While our research provides valuable insights into the determinants of e-learning sat-
isfaction during a global health crisis, its primary focus on the Canadian context during
the COVID-19 pandemic presents limitations in terms of generalizability. The findings
offer a specific lens on e-learning experiences influenced by the pandemic’s unique chal-
lenges, which may not directly translate to other educational systems or cultural contexts.
Looking ahead, there is significant potential for applying the C-RES framework in diverse
educational settings worldwide. Expanding this research to various cultural contexts could
validate the model’s applicability and uncover unique e-learning perceptions and chal-

lenges faced in different regions. Incorporating both quantitative and qualitative research

83



methods would enrich this exploration, providing a comprehensive global perspective on

e-learning satisfaction and effectiveness.

Furthermore, future research endeavors should delve deeper into the impact of de-
mographic factors on e-learning satisfaction. Understanding how diverse groups, varying
in age, gender, and educational backgrounds, interact with and benefit from e-learning
systems could yield profound insights into creating more inclusive and effective digital
learning environments. Additionally, examining how educational institutions can refine
their e-learning strategies to better handle future crises remains an essential area of focus.
This might involve exploring advanced techniques for rapid adaptation and strategies to
enhance the resilience of e-learning systems against unforeseen challenges [213, 221, 207,

113, 91, 42, 92, 216, 128, 93).

Moreover, the integration of Al technologies in e-learning opens a myriad of research
possibilities, especially in the context of personalized education. Artificial Intelligence, like
the capabilities seen in ChatGPT!, has demonstrated exponential growth over the past
few years, becoming an integral tool in educational and research settings [112, 99]. The
adaptability and interactivity of Al systems offer a unique opportunity to tailor educational
content to individual learning styles, pace, and preferences, thereby enhancing student

engagement and satisfaction.

In the future, research could delve into how Al-driven analytics can predict learning
outcomes, identify areas where students struggle, and provide targeted interventions. This
could lead to a more understanding of student behavior and learning patterns, enabling
educators to craft more effective and adaptive learning strategies. Furthermore, the po-
tential of Al to facilitate a more interactive and responsive learning environment, through

tools such as intelligent tutoring systems and conversational agents, represents a significant

Thttps://chat.openai.com/
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leap forward in e-learning. These systems could simulate one-on-one tutoring experiences,
providing instant feedback and personalized guidance, thereby bridging gaps in traditional

e-learning models.

Another promising area of research is the exploration of Al in developing dynamic course
content that evolves based on student interactions and feedback. This could revolutionize
the design of e-learning platforms, making them more agile and responsive to the changing
educational needs and preferences of students. Moreover, integrating Al with advanced user
interface design could create more intuitive and engaging e-learning experiences, which are
particularly crucial in maintaining student motivation and participation in online learning
environments. The recent global shift towards digital education, accelerated by challenges
such as the COVID-19 pandemic, has highlighted the need for more resilient and adaptable
e-learning systems. Al’s potential in customizing education paths based on individual needs
and preferences, and its capacity for developing Al recommender systems for personalized
learning, are areas ripe for exploration. Such innovations could lead to a more inclusive and
effective digital learning landscape, catering to a diverse array of learning needs and styles.
The exploration of Al in e-learning not only offers opportunities to enhance the current
educational models but also paves the way for groundbreaking research in personalized and
adaptive learning. The integration of Al technologies in e-learning promises to transform
the educational landscape, making it more responsive, engaging, and effective for learners

worldwide.

As we look towards the future, the promise of Al in revolutionizing e-learning forms an
integral part of our study’s implications. The exploration of AI technologies, particularly
in creating personalized and adaptive learning experiences, aligns with the core findings
of our research. The shift towards Al-enhanced educational tools reflects a natural pro-

gression from our current understanding of factors like self-efficacy, I'T anxiety, system and

85



information quality, and social influences in e-learning. This transition to more technologi-
cally advanced e-learning environments speaks to the evolving nature of educational needs
and preferences. It underscores the importance of continuous research and adaptation in
educational technology, particularly in response to global challenges and changing learning
dynamics. As we integrate these advanced tools, such as Al-driven platforms, into our
educational frameworks, they offer a new lens through which we can view and enhance

student satisfaction and the overall effectiveness of e-learning.

Our study contributes significantly to the understanding of e-learning dynamics during
an unprecedented global crisis and lays the groundwork for further research to expand and
adapt these insights to a broader, more diverse educational landscape. In this journey, we
have identified key factors influencing student satisfaction and the success of e-learning,
with a particular focus on the use of Learning Management Systems (LMS) during the
COVID-19 pandemic in the Canadian higher education context. Our analysis, highlighting
the crucial roles of self-efficacy, IT anxiety, system and information quality, and social
influences, has painted a comprehensive picture of the e-learning platform’s ease of use
and usefulness. As we move forward, the integration of advanced technologies like Al in
e-learning presents an exciting frontier for research and practice. This not only enriches
our current understanding but also opens doors to innovative approaches in enhancing
the educational experience. Thus, our study, while rooted in the challenges of the recent
global crisis, serves as a catalyst for future explorations in a rapidly evolving educational
landscape, steering us towards a future where technology and learning seamlessly converge

for the greater benefit of learners worldwide.

86



Bibliography

1]

Olasile Babatunde Adedoyin and Emrah Soykan. Covid-19 pandemic and on-
line learning: the challenges and opportunities. Interactive learning environments,

31(2):863-875, 2023.

Saida Affouneh, Soheil Salha, and Zuheir N Khlaif. Designing quality e-learning
environments for emergency remote teaching in coronavirus crisis. Interdisciplinary

Journal of Virtual Learning in Medical Sciences, 11(2):135-137, 2020.

Edmond Kwesi Agormedah, Eugene Adu Henaku, Desire Mawuko Komla Ayite, and
Enoch Apori Ansah. Online learning in higher education during covid-19 pandemic:
A case of ghana. Journal of Educational Technology and Online Learning, 3(3):183—
210, 2020.

A Patricia Aguilera-Hermida. College students’ use and acceptance of emergency
online learning due to covid-19. International journal of educational research open,

1:100011, 2020.

Morteza Akbari, Mozhgan Danesh, Azadeh Rezvani, Nazanin Javadi, Seyyed Kazem

Banihashem, and Omid Noroozi. The role of students’ relational identity and au-

87



[10]

[11]

[12]

totelic experience for their innovative and continuous use of e-learning. FEducation

and Information Technologies, 28(2):1911-1934, 2023.

Ahmed Al-Azawei. What drives successful social media in education and e-learning?
a comparative study on facebook and moodle. Journal of Information Technology

FEducation: Research, 18, 2019.

Manaf Al-Okaily, Hamza Alqudah, Ali Matar, Abdalwali Lutfi, and Abdallah Taam-
neh. Dataset on the acceptance of e-learning system among universities students’

under the covid-19 pandemic conditions. Data in brief, 32:106176, 2020.

Ali Mugahed Al-Rahmi, Alina Shamsuddin, Eta Wahab, Waleed Mugahed Al-Rahmi,
Ibrahim Yaussef Alyoussef, and Joseph Crawford. Social media use in higher educa-

tion: Building a structural equation model for student satisfaction and performance.

Frontiers in Public Health, 10:1003007, 2022.

Hosam Al-Samarraie and Noria Saeed. A systematic review of cloud computing
tools for collaborative learning: Opportunities and challenges to the blended-learning

environment. Computers ¢ Education, 124:77-91, 2018.

Hosam Al-Samarraie, Bee Kim Teng, Ahmed Ibrahim Alzahrani, and Nasser Alalwan.
E-learning continuance satisfaction in higher education: a unified perspective from

instructors and students. Studies in higher education, 43(11):2003-2019, 2018.

Talal Alasmari and Ke Zhang. Mobile learning technology acceptance in saudi ara-
bian higher education: an extended framework and a mixed-method study. Education

and Information Technologies, 24(3):2127-2144, 2019.

Adnan Aldholay, Osama Isaac, Zaini Abdullah, Rasheed Abdulsalam, and

Ahmed Hamoud Al-Shibami. An extension of delone and mclean is success model

38



[13]

[14]

[15]

[16]

with self-efficacy: Online learning usage in yemen. The International Journal of

Information and Learning Technology, 35(4):285-304, 2018.

Adnan H Aldholay, Osama Isaac, Zaini Abdullah, and Thurasamy Ramayah. The
role of transformational leadership as a mediating variable in delone and mclean
information system success model: The context of online learning usage in yemen.

Telematics and Informatics, 35(5):1421-1437, 2018.

Lapada Aris Alea, Miguel Frosyl Fabrea, Robledo Dave Arthur Roldan, and
Alam Zeba Farooqi. Teachers’ covid-19 awareness, distance learning education expe-
riences and perceptions towards institutional readiness and challenges. International

Journal of Learning, Teaching and Educational Research, 19(6):127-144, 2020.

Olayemi Aliyu, Chris Chris Arasanmi, and Samuel Ekundayo. Do demographic char-
acteristics moderate the acceptance and use of the moodle learning system among

business students? International Journal of Education and Development Using ICT,

15(1), 2019.

Ali Aljaafreh. Factors affecting students’ continued usage intention for e-learning in
higher education in jordan: extending utaut with covid-19 perceived risk. Interna-

tional Journal of Public Sector Performance Management, 12(1-2):154-170, 2023.

Abdullah Aljaber. E-learning policy in saudi arabia: Challenges and successes. Re-
search in Comparative and International Education, 13(1):176-194, 2018.

Abeer F Alkhwaldi and Amir A Abdulmuhsin. Crisis-centric distance learning model
in jordanian higher education sector: factors influencing the continuous use of dis-
tance learning platforms during covid-19 pandemic. Journal of International Educa-

tion in Business, 15(2):250-272, 2022.

89



[19]

[21]

[24]

[25]

[26]

Mohammed Amin Almaiah, Ahmad Al-Khasawneh, and Ahmad Althunibat. Explor-
ing the critical challenges and factors influencing the e-learning system usage during

covid-19 pandemic. Education and information technologies, 25:5261-5280, 2020.

Norah Almusharraf and Shabir Khahro. Students satisfaction with online learning
experiences during the covid-19 pandemic. International Journal of Emerging Tech-

nologies in Learning (iJET), 15(21):246-267, 2020.

Mubarak Alruwaie, Ramzi El-Haddadeh, and Vishanth Weerakkody. Citizens’ con-
tinuous use of egovernment services: The role of self-efficacy, outcome expectations

and satisfaction. Government Information Quarterly, 37(3):101485, 2020.

Ahmed Younis Alsabawy, Aileen Cater-Steel, and Jeffrey Soar. Determinants of
perceived usefulness of e-learning systems. Computers in Human Behavior, 64:843—

858, 2016.

James C Anderson and David W Gerbing. Structural equation modeling in practice:
A review and recommended two-step approach. Psychological bulletin, 103(3):411,
1988.

Jamal Abdul Nasir Ansari and Nawab Ali Khan. Exploring the role of social media
in collaborative learning the new domain of learning. Smart Learning Environments,

7(1):1-16, 2020.

Katie Ash and Michelle R Davis. E-learning’s potential scrutinized in flu crisis.

Education Week, 28(31):1-12, 2009.

Amir Ashrafi, Ahad Zareravasan, Sogol Rabiee Savoji, and Masoumeh Amani. Ex-

ploring factors influencing students’ continuance intention to use the learning man-

90



[27]

28]

[29]

[34]

agement system (lms): a multi-perspective framework. Interactive Learning Envi-

ronments, 30(8):1475-1497, 2022.

Alev Ateg Cobanoglu. Student teachers’ satisfaction for blended learning via edmodo
learning management system. Behaviour & Information Technology, 37(2):133-144,
2018.

AW Austin. What really matters in college? four critical years revisited, 1992.

David E Bair and Mary A Bair. Paradoxes of online teaching. International Journal

for the Scholarship of Teaching and Learning, 5(2):n2, 2011.

Albert Bandura. Self-efficacy: toward a unifying theory of behavioral change. Psy-
chological review, 84(2):191, 1977.

Albert Bandura and Richard H Walters. Social learning theory, volume 1. Englewood
cliffs Prentice Hall, 1977.

Sadanand Y Bansode and Rajendra Kumbhar. E-learning experience using open
source software: Moodle. DESIDOC Journal of Library € Information Technology,
32(5), 2012.

Giorgi Basilaia and David Kvavadze. Transition to online education in schools during
a sars-cov-2 coronavirus (covid-19) pandemic in georgia. Pedagogical Research, 5(4),

2020.

Adel Bessadok. Analyzing student aspirations factors affecting e-learning system
success using a structural equation model. Education and Information Technologies,

27(7):9205-9230, 2022.

91



[35]

Anol Bhattacherjee and G Premkumar. Understanding changes in belief and attitude
toward information technology usage: A theoretical model and longitudinal test. MIS

quarterly, pages 229-254, 2004.

John Biggs, Catherine Tang, and Gregor Kennedy. FEbook: Teaching for Quality
Learning at University 5e. McGraw-hill education (UK), 2022.

Doris U Bolliger. Key factors for determining student satisfaction in online courses.
In International Journal on E-learning, volume 3, pages 61-67. Association for the

Advancement of Computing in Education (AACE), 2004.

Department of Finance Canada. Support for students and recent graduates impacted

by covid-19, Jun 2020.
Employment Canada and Social Development. Government of canada, Aug 2022.

Frank KY Chan, James YL Thong, Viswanath Venkatesh, Sue A Brown, Paul JH
Hu, and Kar Yan Tam. Modeling citizen satisfaction with mandatory adoption of

an e-government technology. Journal of the association for information systems,

11(10):519-549, 2010.

Su-Chao Chang and Feng-Cheng Tung. An empirical investigation of students’ be-
havioural intentions to use the online learning course websites. British Journal of

Educational Technology, 39(1):71-83, 2008.

Qin Chen, Qinmin Hu, Jimmy Xiangji Huang, Liang He, and Weijie An. Enhanc-
ing recurrent neural networks with positional attention for question answering. In
Proceedings of the 40th International ACM SIGIR Conference on Research and De-
velopment in Information Retrieval, pages 993-996, 2017.

92



[43]

[44]

[49]

[50]

Gaurav Chopra, Pankaj Madan, Piyush Jaisingh, and Preeti Bhaskar. Effectiveness
of e-learning portal from students’ perspective: A structural equation model (sem)

approach. Interactive Technology and Smart Education, 16(2):94-116, 2019.

Wing S Chow and Si Shi. Investigating students’ satisfaction and continuance in-
tention toward e-learning: An extension of the expectation—confirmation model.

Procedia-Social and Behavioral Sciences, 141:1145-1149, 2014.

Wilmar Audye Cidral, Tiago Oliveira, Massimo Di Felice, and Manuela Aparicio.
E-learning success determinants: Brazilian empirical study. Computers & education,

122:273-290, 2018.

Jill Collis and Roger Hussey. Business research: A practical guide for undergraduate

and postgraduate students. 2003.

Deborah R Compeau and Christopher A Higgins. Application of social cognitive
theory to training for computer skills. Information systems research, 6(2):118-143,

1995.

Betul C Czerkawski and Eugene W Lyman. An instructional design framework for
fostering student engagement in online learning environments. TechTrends, 60:532—

539, 2016.

Letizia Dal Santo, Marco Pena-Jimenez, Federica Canzan, Luisa Saiani, and Adal-
gisa Battistelli. The emotional side of the e-learning among nursing students: The
role of the affective correlates on e-learning satisfaction. Nurse Education Today,

110:105268, 2022.

Aisha Aminu Daneji, Ahmad Fauzi Mohd Ayub, and Mas Nida Md Khambari. The

effects of perceived usefulness, confirmation and satisfaction on continuance intention

93



[51]

[52]

[54]

[57]

in using massive open online course (mooc). Knowledge Management € E-Learning,

11(2):201-214, 2019.

N Daud, NA Ali, and AH Jantan. Influential determinants of international students’
satisfaction in higher education. International Journal of Recent Technology and

Engineering, 8(2):589-597, 2019.

Fred D Davis. A technology acceptance model for empirically testing new end-user
information systems: Theory and results. PhD thesis, Massachusetts Institute of

Technology, 1985.

Fred D Davis, Richard P Bagozzi, and Paul R Warshaw. User acceptance of computer
technology: A comparison of two theoretical models. Management science, 35(8):982—

1003, 1989.

Sara Isabella De Freitas, John Morgan, and David Gibson. Will moocs transform
learning and teaching in higher education? engagement and course retention in online

learning provision. British journal of educational technology, 46(3):455-471, 2015.

William H. DelLone and Ephraim R. McLean. Information systems success: The

quest for the dependent variable. Information Systems Research, 3(1):60-95, 1992.

William H DeLone and Ephraim R McLean. The delone and mclean model of in-
formation systems success: a ten-year update. Journal of management information

systems, 19(4):9-30, 2003.

Martin Ebner, Sandra Schon, Clarissa Braun, Markus Ebner, Ypatios Grigoriadis,
Maria Haas, Philipp Leitner, and Behnam Taraghi. Covid-19 epidemic as e-learning
boost? chronological development and effects at an austrian university against the

background of the concept of “e-learning readiness”. Future Internet, 12(6):94, 2020.

94



[58]

[60]

[61]

[63]

[64]

Ozlem Efiloglu Kurt. Examining an e-learning system through the lens of the in-
formation systems success model: Empirical evidence from italy. FEducation and

Information Technologies, 24(2):1173-1184, 2019.

Nabil El-Hilali, Sara Al-Jaber, and Lina Hussein. Students’ satisfaction and achieve-

ment and absorption capacity in higher education. Procedia-Social and Behavioral

Sciences, 177:420-427, 2015.

Kevin M Elliott and Margaret A Healy. Key factors influencing student satisfaction
related to recruitment and retention. Journal of marketing for higher education,

10(4):1-11, 2001.

Robert A Ellis and Peter Goodyear. Models of learning space: Integrating research
on space, place and learning in higher education. Review of Education, 4(2):149-191,
2016.

Sean B Eom, H Joseph Wen, and Nicholas Ashill. The determinants of students’ per-
ceived learning outcomes and satisfaction in university online education: An empir-

ical investigation. Decision Sciences Journal of Innovative Education, 4(2):215-235,

2006.

Rosa Estriegana, José-Amelio Medina-Merodio, and Roberto Barchino. Student ac-
ceptance of virtual laboratory and practical work: An extension of the technology

acceptance model. Computers € Education, 135:1-14, 2019.

Daniel M Eveleth, Lori J Baker-Eveleth, and Robert W Stone. Potential applicants’
expectation-confirmation and intentions. Computers in Human Behavior, 44:183—

190, 2015.

95



[65]

[67]

Fayyaz Ahmad Faize and Muhammad Nawaz. Evaluation and improvement of stu-
dents’ satisfaction in online learning during covid-19. Open prazis, 12(4):495-507,
2020.

Thomas Favale, Francesca Soro, Martino Trevisan, Idilio Drago, and Marco Mel-

lia. Campus traffic and e-learning during covid-19 pandemic. Computer networks,

176:107290, 2020.

Xiaoying Feng, Jingjing Xie, and Yue Liu. Using the community of inquiry framework
to scaffold online tutoring. International Review of Research in Open and Distributed

Learning, 18(2):162-188, 2017.

Bilquis J Ferdousi. A study of factors that affect instructors’ intention to use e-

learning systems in two-year colleges. Nova Southeastern University, 2009.

Duygu Findik-Coskuncay, Nurcan Alkis, and Sevgi Ozkan-Yildirim. A structural
model for students’ adoption of learning management systems: An empirical investi-
gation in the higher education context. Journal of Educational Technology € Society,
21(2):13-27, 2018.

Holly Fiock. Designing a community of inquiry in online courses. The International

Review of Research in Open and Distributed Learning, 21(1):135-153, 2020.

Martin Fishbein and Icek Ajzen. Belief, attitude, intention, and behavior: An intro-

duction to theory and research. 1977.

Julie Fleming, Karen Becker, and Cameron Newton. Factors for successful e-learning:

does age matter? Education+ Training, 59(1):76-89, 2017.

96



73]

78]

[80]

Claes Fornell and David F Larcker. Evaluating structural equation models with unob-
servable variables and measurement error. Journal of marketing research, 18(1):39—

50, 1981.

Claes Fornell and David F Larcker. Structural equation models with unobservable

variables and measurement error: Algebra and statistics, 1981.

Thomas N Garavan, Ronan Carbery, Grace O’'Malley, and David O’Donnell. Under-
standing participation in e-learning in organizations: a large-scale empirical study of

employees. International journal of training and development, 14(3):155-168, 2010.

Adela Garcia-Aracil. European graduates’ level of satisfaction with higher education.

Higher Education, 57(1):1-21, 20009.

D Randy Garrison, Terry Anderson, and Walter Archer. Critical inquiry in a text-
based environment: Computer conferencing in higher education. The internet and

higher education, 2(2-3):87-105, 1999.

D Randy Garrison and Martha Cleveland-Innes. Facilitating cognitive presence in
online learning: Interaction is not enough. The American journal of distance educa-

tion, 19(3):133-148, 2005.

Glenda HE Gay. An assessment of online instructor e-learning readiness before, dur-
ing, and after course delivery. Journal of Computing in Higher Education, 28(2):199—
220, 2016.

Maryam Ghasemaghaei and Khaled Hassanein. Online information quality and con-
sumer satisfaction: The moderating roles of contextual factors—a meta-analysis. In-

formation & Management, 52(8):965-981, 2015.

97



[31]

[36]

Gorkem Giray. An assessment of student satisfaction with e-learning: An empirical
study with computer and software engineering undergraduate students in turkey

under pandemic conditions. FEducation and Information Technologies, 26(6):6651—

6673, 2021.

Christian Gronroos. A service quality model and its marketing implications. Furo-

pean Journal of marketing, 18(4):36-44, 1984.

Maryam Haghshenas. A model for utilizing social softwares in learning management
system of e-learning. Quarterly of Iranian Distance Education Journal, 1(4):25-38,

2019.
Joseph F Hair. Multivariate data analysis. 2009.

Joseph F Hair, Jeffrey J Risher, Marko Sarstedt, and Christian M Ringle. When to
use and how to report the results of pls-sem. FEuropean business review, 31(1):2-24,

2019.

Jee-Hoon Han and Hye Ji Sa. Acceptance of and satisfaction with online educational
classes through the technology acceptance model (tam): The covid-19 situation in

korea. Asia Pacific Education Review, pages 1-13, 2021.

Najmul Hasan and Yukun Bao. Impact of “e-learning crack-up” perception on psy-
chological distress among college students during covid-19 pandemic: A mediating
role of “fear of academic year loss”. Children and youth services review, 118:105355,

2020.

Clyde W Holsapple and Anita Lee-Post. Defining, assessing, and promoting e-
learning success: An information systems perspective. Decision sciences journal

of innovative education, 4(1):67-85, 2006.

98



[89]

[91]

[93]

[94]

[95]

Mohammad Alamgir Hossain. Assessing m-health success in bangladesh: An empir-

ical investigation using is success models. Journal of Enterprise Information Man-

agement, 29(5):774-796, 2016.

Meng H Hsu, Chao M Chiu, and Teresa L Ju. Determinants of continued use of
the www: an integration of two theoretical models. Industrial management & data

systems, 2004.

Chao Huang, Jiahui Chen, Lianghao Xia, Yong Xu, Peng Dai, Yanqing Chen, Liefeng
Bo, Jiashu Zhao, and Jimmy Xiangji Huang. Graph-enhanced multi-task learning of
multi-level transition dynamics for session-based recommendation. In Proceedings of

the AAAI conference on artificial intelligence, volume 35, pages 4123-4130, 2021.

Jimmy Xiangji Huang, Jun Miao, and Ben He. High performance query expansion
using adaptive co-training. Information Processing & Management, 49(2):441-453,
2013.

Xiangji Huang and Aijun An. Discovery of interesting association rules from livelink
web log data. In 2002 IEEE International Conference on Data Mining, 2002. Pro-
ceedings., pages 763-766. IEEE, 2002.

Ramlah Hussein, Norshidah Mohamed, Abd Rahman Ahlan, and Murni Mahmud.
E-government application: an integrated model on g2c¢ adoption of online tax. Trans-

forming Government: People, Process and Policy, 5(3):225-248, 2011.

Yong-Sik Hwang and Yung Kyun Choi. Higher education service quality and stu-
dent satisfaction, institutional image, and behavioral intention. Social Behavior and

Personality: an international journal, 47(2):1-12, 2019.

99



[96]

(98]

[99]

[100]

[101]

Nahla Khamis Ibrahim, Rajaa Al Raddadi, Moroj AlDarmasi, Abdullah Al Ghamdi,
Mahmoud Gaddoury, Hussain M AlBar, and Iman Kamal Ramadan. Medical stu-
dents’ acceptance and perceptions of e-learning during the covid-19 closure time in
king abdulaziz university, jeddah. Journal of infection and public health, 14(1):17-23,
2021.

Fadlelmoula Abd Alla Idris and Yasin Babeker Osman. Challanges facing the imple-
mentation of e-learning at university of gezira according to view of staff members.
In 2015 Fifth International Conference on e-Learning (econf ), pages 336-348. IEEE,
2015.

Osama Isaac, Adnan Aldholay, Zaini Abdullah, and Thurasamy Ramayah. Online
learning usage within yemeni higher education: The role of compatibility and task-
technology fit as mediating variables in the is success model. Computers € Education,

136:113-129, 2019.

Israt Jahan, Md Tahmid Rahman Laskar, Chun Peng, and Jimmy Huang. Evaluation
of chatgpt on biomedical tasks: A zero-shot comparison with fine-tuned generative

transformers. arXiw preprint arXiw:2306.04504, 2023.

Malin Jansson, Stefan Hrastinski, Stefan Stenbom, and Fredrik Enoksson. Online
question and answer sessions: How students support their own and other students’
processes of inquiry in a text-based learning environment. The Internet and Higher

Education, 51:100817, 2021.

Haozhe Jiang, AYM Atiquil Islam, Xiaoqging Gu, and Jonathan Michael Spector.

Online learning satisfaction in higher education during the covid-19 pandemic: A

100



[102]

[103]

[104]

[105]

[106]

107]

108

regional comparison between eastern and western chinese universities. FEducation

and information technologies, pages 1-23, 2021.

Richard D Johnson and George M Marakas. The role of behavioral modeling in
computer skills acquisition: Toward refinement of the model. Information Systems

Research, 11(4):402-417, 2000.

Young Ju Joo, Sunyoung Park, and Eui Kyoung Shin. Students’ expectation, sat-
isfaction, and continuance intention to use digital textbooks. Computers in Human

Behavior, 69:83-90, 2017.

Karen Kaminski, Jamie Switzer, and Gene Gloeckner. Workforce readiness: A study
of university students’ fluency with information technology. Computers & Education,

53(2):228-233, 2009.

Badrul H Khan. The people—process—product continuum in e-learning: the e-

learning p3 model. Educational Technology, 44(5):33-40, 2004.

Kihyun Kim, Silvana Trimi, Hyesung Park, and Shanggeun Rhee. The impact of
cms quality on the outcomes of e-learning systems in higher education: an empirical

study. Decision Sciences Journal of Innovative Education, 10(4):575-587, 2012.

Suzan Koseoglu and Apostolos Koutropoulos. Teaching presence in moocs: Perspec-
tives and learning design strategies. In 10th International Conference on Networked

Learning, 2016.

Pardeep Kumar, Charu Saxena, and Hasnan Baber. Learner-content interaction in
e-learning-the moderating role of perceived harm of covid-19 in assessing the satis-

faction of learners. Smart Learning Environments, 8(1):1-15, 2021.

101



[109]

[110]

[111]

[112]

[113]

114]

[115]

Yu-Chun Kuo, Andrew E Walker, Brian R Belland, and Kerstin EE Schroder. A
predictive study of student satisfaction in online education programs. International

Review of Research in Open and Distributed Learning, 14(1):16-39, 2013.

Theodoros A Kyriazos et al. Applied psychometrics: sample size and sample power

considerations in factor analysis (efa, cfa) and sem in general. Psychology, 9(08):2207,

2018.

Brittany Landrum, Jennifer Bannister, Gilbert Garza, and Susan Rhame. A class of
one: Students’ satisfaction with online learning. Journal of Education for Business,

96(2):82-88, 2021.

Md Tahmid Rahman Laskar, M Saiful Bari, Mizanur Rahman, Md Amran Hossen
Bhuiyan, Shafiq Joty, and Jimmy Xiangji Huang. A systematic study and comprehen-

sive evaluation of chatgpt on benchmark datasets. arXiv preprint arXiw:2505.18486,
2023.

Md Tahmid Rahman Laskar, Xiangji Huang, and Enamul Hoque. Contextualized
embeddings based transformer encoder for sentence similarity modeling in answer
selection task. In Proceedings of the Twelfth Language Resources and Evaluation

Conference, pages 5505-5514, 2020.

Khawaja Fawad Latif, Imran Latif, Umar Farooq Sahibzada, and Mohsin Ullah. In
search of quality: measuring higher education service quality (hieduqual). Total

Quality Management €& Business Fzcellence, 30(7-8):768-791, 2019.

Antonio KW Lau, Esther Tang, and Richard CM Yam. Effects of supplier and

customer integration on product innovation and performance: Empirical evidence in

102



[116]

[117]

[118]

[119]

[120]

[121]

[122]

hong kong manufacturers. Journal of product innovation management, 27(5):761-

777, 2010.

Byoung-Chan Lee, Jeong-Ok Yoon, and In Lee. Learners’ acceptance of e-learning in

south korea: Theories and results. Computers € education, 53(4):1320-1329, 2009.

Ming-Chi Lee. Explaining and predicting users’ continuance intention toward e-
learning: An extension of the expectation—confirmation model. Computers & educa-

tion, 54(2):506-516, 2010.

Yu-Ping Lee, Hsin-Yeh Tsai, and Athapol Ruangkanjanases. The determinants for
food safety push notifications on continuance intention in an e-appointment system
for public health medical services: The perspectives of utaut and information sys-
tem quality. International Journal of Environmental Research and Public Health,

17(21):8287, 2020.

G Lei. Peking university spring semester begins with online teaching. Peking Uni-

versity News, 2020.

Sook-Ling Lew, Siong-Hoe Lau, Meng-Chew Leow, et al. Usability factors predicting

continuance of intention to use cloud e-learning application. Heliyon, 5(6), 2019.

Chunming Li, Limin He, and IpKin Anthony Wong. Determinants predicting un-
dergraduates’ intention to adopt e-learning for studying english in chinese higher
education context: A structural equation modelling approach. Education and Infor-

mation Technologies, 26:4221-4239, 2021.

Chechen Liao, Jain-Liang Chen, and David C Yen. Theory of planning behavior
(tpb) and customer satisfaction in the continued use of e-service: An integrated

model. Computers in human behavior, 23(6):2804-2822, 2007.

103



[123]

[124]

[125]

[126]

127]

[128]

[129]

Shu-Sheng Liaw and Hsiu-Mei Huang. Perceived satisfaction, perceived usefulness
and interactive learning environments as predictors to self-regulation in e-learning

environments. Computers & Education, 60(1):14-24, 2013.

Grace TR Lin and Chia-Chi Sun. Factors influencing satisfaction and loyalty in
online shopping: an integrated model. Online information review, 33(3):458-475,

2009.

Hsiu-Fen Lin. Determinants of successful virtual communities: Contributions from
system characteristics and social factors. Information & Management, 45(8):522-527,

2008.

Tung-Cheng Lin and Ching-Jen Chen. Validating the satisfaction and continuance
intention of e-learning systems: Combining tam and is success models. International

Journal of Distance Education Technologies (IJDET), 10(1):44-54, 2012.

Wen-Shan Lin and Chun-Hsien Wang. Antecedences to continued intentions of adopt-
ing e-learning system in blended learning instruction: A contingency framework
based on models of information system success and task-technology fit. Comput-

ers €& Education, 58(1):88-99, 2012.

Yang Liu, Xiaohui Yu, Aijun An, and Xiangji Huang. Riding the tide of sentiment
change: sentiment analysis with evolving online reviews. World Wide Web, 16:477—

496, 2013.

Yunfan Lu, Bin Wang, and Yaobin Lu. Understanding key drivers of mooc satis-
faction and continuance intention to use. Journal of Electronic Commerce Research,

20(2), 2019.

104



[130]

[131]

[132]

[133]

[134]

[135]

[136]

[137]

K Mahalakshmi and R Radha. Covid 19: A massive exposure towards web based
learning. Journal of Xidian University, 14(4):2405-2411, 2020.

Mohammad Mahyoob. Challenges of e-learning during the covid-19 pandemic expe-
rienced by efl learners. Arab World English Journal (AWEJ), 11(4), 2020.

Li-Wei Mai. A comparative study between uk and us: The student satisfaction
in higher education and its influential factors. Journal of marketing management,

21(7-8):859-878, 2005.

Mahmoud Magableh and Mohammad Alia. Evaluation online learning of undergrad-
uate students under lockdown amidst covid-19 pandemic: The online learning expe-
rience and students’ satisfaction. Children and Youth Services Review, 128:106160,
2021.

George M Marakas, Mun Y Yi, and Richard D Johnson. The multilevel and multi-
faceted character of computer self-efficacy: Toward clarification of the construct and
an integrative framework for research. Information systems research, 9(2):126-163,

1998.

Florence Martin and Doris U Bolliger. Engagement matters: Student perceptions on
the importance of engagement strategies in the online learning environment. Online

learning, 22(1):205-222, 2018.

Oscar Martin-Rodriguez, Juan Carlos Fernandez-Molina, Miguel Angel Montero-
Alonso, and Francisco Gonzalez-Gémez. The main components of satisfaction with

e-learning. Technology, Pedagogy and Education, 24(2):267-277, 2015.

Juan-Francisco Martinez-Cerdd, Joan Torrent-Sellens, and Inés Gonzalez-Gonzalez.

Socio-technical e-learning innovation and ways of learning in the ict-space-time con-

105



138

[139]

[140]

[141]

142]

[143]

144]

tinuum to improve the employability skills of adults. Computers in Human Behavior,

107:105753, 2020.

Uwe Matzat and EM Vrieling. Self-regulated learning and social media—a ‘natural
alliance’? evidence on students’ self-regulation of learning, social media use, and
student—teacher relationship. In Social Media and Education, pages 73-99. Routledge,
2019.

Roderick P McDonald and Moon-Ho Ringo Ho. Principles and practice in reporting
structural equation analyses. Psychological methods, 7(1):64, 2002.

Seonaidh McDonald, Bee Ching Gan, Simon S Fraser, Adekunle Oke, and Alistair R
Anderson. A review of research methods in entrepreneurship 1985-2013. International

Journal of Entrepreneurial Behavior € Research, 21(3):291-315, 2015.

Vicki McKinney, Kanghyun Yoon, and Fatemeh “Mariam” Zahedi. The measure-
ment of web-customer satisfaction: An expectation and disconfirmation approach.

Information systems research, 13(3):296-315, 2002.

Lokanath Mishra, Tushar Gupta, and Abha Shree. Online teaching-learning in higher
education during lockdown period of covid-19 pandemic. International journal of

educational research open, 1:100012, 2020.

Tsvetelina Mladenova, Yordan Kalmukov, and Irena Valova. Covid 19—-a major cause

of digital transformation in education or just an evaluation test. TEM journal,

9(3):1163, 2020.

Ruba Abdelmatloub Moawad et al. Online learning during the covid-19 pandemic
and academic stress in university students. Revista Romaneasca pentru Educatie

Multidimensionala, 12(1 Sup2):100-107, 2020.

106



[145]

[146]

[147]

[148]

149

[150]

[151]

[152]

Hossein Mohammadi. Investigating users’ perspectives on e-learning: An integration

of tam and is success model. Computers in human behavior, 45:359-374, 2015.

José-Antonio Moreira, Angélica Reis-Monteiro, and Ana Machado. Higher education
distance learning and e-learning in prisons in portugal. Comunicar: Revista Cientifica

de Comunicacion y Educacion, 25(51):39-49, 2017.

Samar Mouakket. Factors influencing continuance intention to use social network

sites: The facebook case. Computers in Human Behavior, 53:102-110, 2015.

Joel S Mtebe and Christina Raphael. Key factors in learners’ satisfaction with the
e-learning system at the university of dar es salaam, tanzania. Australasian Journal

of Educational Technology, 34(4), 2018.

Rosa Navarrete, Sergio Lujan-Mora, and Myriam Penafiel. Use of open educational
resources in e-learning for higher education. In 2016 Third International Conference

on eDemocracy & eGovernment (ICEDEG), pages 164-170. IEEE, 2016.

Stavros A Nikou. Web-based videoconferencing for teaching online: Continuance

intention to use in the post-covid-19 period. Interaction Design and Architecture,

47(Winter):123-143, 2021.

Anne-Mette Nortvig, Anne Kristine Petersen, and Seren Hattesen Balle. A literature
review of the factors influencing e-learning and blended learning in relation to learning
outcome, student satisfaction and engagement. FElectronic Journal of E-learning,

16(1):pp46-55, 2018.

Richard L Oliver. A cognitive model of the antecedents and consequences of satis-

faction decisions. Journal of marketing research, 17(4):460-469, 1980.

107



[153]

[154]

[155]

[156]

[157]

[158]

[159]

Ronald Olum, Linda Atulinda, Edwin Kigozi, Dianah Rhoda Nassozi, Alzan
Mulekwa, Felix Bongomin, and Sarah Kiguli. Medical education and e-learning
during covid-19 pandemic: awareness, attitudes, preferences, and barriers among

undergraduate medicine and nursing students at makerere university, uganda. Jour-

nal of Medical Education and Curricular Development, 7:2382120520973212, 2020.

Andrzej Ozadowicz. Modified blended learning in engineering higher education dur-
ing the covid-19 lockdown—building automation courses case study. Education Sci-

ences, 10(10):292, 2020.

Sevgi Ozkan and Refika Koseler. Multi-dimensional students’ evaluation of e-learning
systems in the higher education context: An empirical investigation. Computers €

Education, 53(4):1285-1296, 2009.

Debajyoti Pal and Vajirasak Vanijja. Perceived usability evaluation of microsoft
teams as an online learning platform during covid-19 using system usability scale
and technology acceptance model in india. Children and youth services review,

119:105535, 2020.

A Parasuraman, Valarie A Zeithaml, and L Berry. Servqual: A multiple-item scale

for measuring consumer perceptions of service quality. 1988, 64(1):12-40, 1988.

Eunil Park. User acceptance of smart wearable devices: An expectation-confirmation

model approach. Telematics and Informatics, 47:101318, 2020.

David L Penn, Patrick W Corrigan, Richard P Bentall, J Racenstein, and Leonard
Newman. Social cognition in schizophrenia. Psychological bulletin, 121(1):114, 1997.

108



[160]

[161]

[162]

[163]

[164]

165

[166]

[167]

Stacie Petter and Ephraim R McLean. A meta-analytic assessment of the delone
and mclean is success model: An examination of is success at the individual level.

Information € Management, 46(3):159-166, 20009.

Claudia Pinho, Mario Franco, and Luis Mendes. Application of innovation diffusion
theory to the e-learning process: higher education context. Education and Informa-

tion Technologies, 26:421-440, 2021.

Keenan A Pituch and Yao-kuei Lee. The influence of system characteristics on e-

learning use. Computers € Education, 47(2):222-244, 2006.

Maila DH Rahiem. Remaining motivated despite the limitations: University stu-
dents’ learning propensity during the covid-19 pandemic. Children and youth services

review, 120:105802, 2021.

Md H Asibur Rahman, Mohammad Shahab Uddin, and Anamika Dey. Investigating
the mediating role of online learning motivation in the covid-19 pandemic situation

in bangladesh. Journal of computer assisted learning, 37(6):1513-1527, 2021.

Paul Ramsden. Studying learning: Improving teaching. Improving learning: New

perspectives, pages 13-31, 1988.

Bhupesh Rawat and Sanjay K Dwivedi. Discovering learners’ characteristics through
cluster analysis for recommendation of courses in e-learning environment. Interna-
tional Journal of Information and Communication Technology Education (IJICTE),
15(1):42-66, 2019.

Syed A Raza, Wasim Qazi, Komal Akram Khan, and Javeria Salam. Social isolation

and acceptance of the learning management system (lms) in the time of covid-19

109



168

[169)]

[170]

[171]

[172]

[173]

[174]

pandemic: an expansion of the utaut model. Journal of Educational Computing

Research, 59(2):183-208, 2021.

Tanzila Saba. Implications of e-learning systems and self-efficiency on students out-

comes: a model approach. Human-Centric Computing and Information Sciences,

2:1-11, 2012.

Walid A Sawaftah and Abdulmajeed A Aljeraiwi. The quality of blended learning
based on the use of blackboard in teaching physics at king saud university: Students’

perceptions. Journal of Educational & Psychological Sciences, 19(02):616-646, 2018.

James B Schreiber, Amaury Nora, Frances K Stage, Elizabeth A Barlow, and Jamie
King. Reporting structural equation modeling and confirmatory factor analysis re-

sults: A review. The Journal of educational research, 99(6):323-338, 2006.

Randall E Schumacker and Richard G Lomax. A beginner’s guide to structural equa-

tion modeling. psychology press, 2004.

Peter B Seddon. A respecification and extension of the delone and mclean model of

is success. Information systems research, 8(3):240-253, 1997.

Albert H Segars. Assessing the unidimensionality of measurement: A paradigm and

illustration within the context of information systems research. Omega, 25(1):107—

121, 1997.

Mahiswaran Selvanathan, Nur Atikah Mohamed Hussin, and Noor Alyani Nor Azazi.
Students learning experiences during covid-19: Work from home period in malaysian

higher learning institutions. Teaching Public Administration, 41(1):13-22, 2023.

110



175

[176]

[177]

[178]

[179]

[180]

181]

Tina Shahsavar and Frantisek Sudzina. Student satisfaction and loyalty in denmark:

Application of epsi methodology. PloS one, 12(12):e0189576, 2017.

Arfan Shahzad, Rohail Hassan, Adejare Yusuff Aremu, Arsalan Hussain, and
Rab Nawaz Lodhi. Effects of covid-19 in e-learning on higher education institu-
tion students: the group comparison between male and female. Quality & quantity,

55:805-826, 2021.

K Sharma, G Deo, S Timalsina, A Joshi, N Shrestha, and HC Neupane. Online
learning in the face of covid-19 pandemic: Assessment of students’ satisfaction at

chitwan medical college of nepal. Kathmandu University Medical Journal, 18(2):40—
47, 2020.

Sujeet Kumar Sharma, Avinash Gaur, Venkataramanaiah Saddikuti, and Ashish
Rastogi. Structural equation model (sem)-neural network (nn) model for predicting
quality determinants of e-learning management systems. Behaviour € information

technology, 36(10):1053-1066, 2017.

Long She, Saeed Pahlevan Sharif, and Hamid Sharif Nia. Psychometric evaluation
of the chinese version of the modified online compulsive buying scale among chinese

young consumers. Journal of Asia-Pacific Business, 22(2):121-133, 2021.

Susana Silva, Joana Fernandes, Paula Peres, Vanda Lima, and Candida Silva. Teach-
ers’ perceptions of remote learning during the pandemic: a case study. FEducation

Sciences, 12(10):698, 2022.

Irfan Simsek, Sevda Kucuk, Sezer Kose Biber, and Tuncer Can. Online learning
satisfaction in higher education amidst the covid-19 pandemic. Asian Journal of

Distance Education, 16(1):247-261, 2021.

111



[182]

[183)]

[184]

[185]

[186]

[187]

188

[189)]

Bogdan Sojkin, Pawel Bartkowiak, and Agnieszka Skuza. Determinants of higher
education choices and student satisfaction: the case of poland. Higher education,

63:565-581, 2012.

Dystein Sgrebg and Tom Roar Eikebrokk. Explaining is continuance in environments

where usage is mandatory. Computers in Human Behavior, 24(5):2357-2371, 2008.

Oystein Sgrebp, Hallgeir Halvari, Vebjgrn Flaata Gulli, and Roar Kristiansen. The
role of self-determination theory in explaining teachers’ motivation to continue to

use e-learning technology. Computers €& Education, 53(4):1177-1187, 2009.

Chien-Yuan Su and Yuqing Guo. Factors impacting university students’ online learn-
ing experiences during the covid-19 epidemic. Journal of computer assisted learning,

37(6):1578-1590, 2021.

Tamanna Sultana and Rezwanul Huque Khan. Investigating university students’ sat-
isfaction on online class: Bangladesh perspective. Bangladesh Educational Journal,

18(2):23-32, 2019.

Pei-Chen Sun, Ray J Tsai, Glenn Finger, Yueh-Yang Chen, and Dowming Yeh.
What drives a successful e-learning? an empirical investigation of the critical factors

influencing learner satisfaction. Computers & education, 50(4):1183-1202, 2008.

John Sweller. Cognitive load during problem solving: Effects on learning. Cognitive

science, 12(2):257-285, 1988.

David M Szymanski and Richard T Hise. E-satisfaction: an initial examination.

Journal of retailing, 76(3):309-322, 2000.

112



[190]

[191]

[192]

193]

[194]

195

[196]

Carlos Tam and Tiago Oliveira. Understanding the impact of m-banking on indi-
vidual performance: Delone & mclean and ttf perspective. Computers in Human

Behavior, 61:233-244, 2016.

Carlos Tam, Diogo Santos, and Tiago Oliveira. Exploring the influential factors of
continuance intention to use mobile apps: Extending the expectation confirmation

model. Information Systems Frontiers, 22:243-257, 2020.

James YL Thong, Se-Joon Hong, and Kar Yan Tam. The effects of post-adoption be-
liefs on the expectation-confirmation model for information technology continuance.

International Journal of human-computer studies, 64(9):799-810, 2006.

Nattaporn Thongsri, Liang Shen, and Yukun Bao. Investigating factors affecting
learner’s perception toward online learning: evidence from classstart application in

thailand. Behaviour & Information Technology, 38(12):1243-1258, 2019.

Lorna Uden, Ince Trisnawaty Wangsa, and Ernesto Damiani. The future of e-learning;:
E-learning ecosystem. In 2007 inaugural IEEE-IES digital ecosystems and technolo-
gies conference, pages 113-117. IEEE, 2007.

Dogancan Ulker and Yiicel Yilmaz. Learning management systems and comparison
of open source learning management systems and proprietary learning management

systems. Journal of Systems Integration (1804-2724), 7(2), 2016.

Lan Umek, Damijana Kerzi¢, Aleksander Aristovnik, and Nina Tomazevic. Analy-
sis of selected aspects of students’ performance and satisfaction in a moodle-based
e-learning system environment. Furasia Journal of Mathematics, Science and Tech-

nology Education, 11(6):1495-1505, 2015.

113



197]

[198]

[199]

200]

[201]

[202]

203]

204]

205

UNESCO. Covid-19 education response, November 2021.

Muhammad Amaad Uppal, Samnan Ali, and Stephen R Gulliver. Factors determin-
ing e-learning service quality. British Journal of Educational Technology, 49(3):412—
426, 2018.

Patricia Vasconcelos, Elizabeth Sucupira Furtado, Placido Pinheiro, and Lara Fur-
tado. Multidisciplinary criteria for the quality of e-learning services design. Comput-

ers in Human Behavior, 107:105979, 2020.

Poonsri Vate-U-Lan. Psychological impact of e-learning on social network sites:
Online students’ attitudes and their satisfaction with life. Journal of Computing in

Higher Education, 32(1):27-40, 2020.

Viswanath Venkatesh and Hillol Bala. Technology acceptance model 3 and a research

agenda on interventions. Decision sciences, 39(2):273-315, 2008.

Viswanath Venkatesh and Fred D Davis. A model of the antecedents of perceived
ease of use: Development and test. Decision sciences, 27(3):451-481, 1996.

Viswanath Venkatesh and Fred D Davis. A theoretical extension of the technology
acceptance model: Four longitudinal field studies. Management science, 46(2):186—

204, 2000.

Viswanath Venkatesh, Michael G Morris, Gordon B Davis, and Fred D Davis. User
acceptance of information technology: Toward a unified view. MIS quarterly, pages

425-478, 2003.

Elena R Vershitskaya, Anna V Mikhaylova, Suriya I Gilmanshina, Evgeniy M

Dorozhkin, and Vladimir V Epaneshnikov. Present-day management of universi-

114



206]

207]

208]

209]

[210]

[211]

212]

ties in russia: Prospects and challenges of e-learning. FEducation and Information

Technologies, 25:611-621, 2020.

Maria Grazia Violante and Enrico Vezzetti. Virtual interactive e-learning application:
An evaluation of the student satisfaction. Computer Applications in Engineering

Education, 23(1):72-91, 2015.

Pengfei Wang, Yu Fan, Long Xia, Wayne Xin Zhao, ShaoZhang Niu, and Jimmy
Huang. Kerl: A knowledge-guided reinforcement learning model for sequential rec-
ommendation. In Proceedings of the 43rd International ACM SIGIR conference on

research and development in Information Retrieval, pages 209-218, 2020.

Yi-Shun Wang, Hsiu-Yuan Wang, and Daniel Y Shee. Measuring e-learning systems
success in an organizational context: Scale development and validation. Computers

in Human Behavior, 23(4):1792-1808, 2007.

Jane Webster and Peter Hackley. Teaching effectiveness in technology-mediated dis-
tance learning. Academy of management journal, 40(6):1282-1309, 1997.

IM Salinda Weerasinghe and R Lalitha Fernando. Students’ satisfaction in higher

education. American journal of educational research, 5(5):533-539, 2017.

Stephen Wilkins and Melodena Stephens Balakrishnan. Assessing student satisfac-
tion in transnational higher education. International Journal of Educational Man-

agement, 27(2):143-156, 2013.

Clayton R Wright. Criteria for evaluating the quality of online courses. Alberta
Distance Education and Training Association, 16(2):185-200, 2003.

115



[213]

214]

[215]

[216]

[217)

[218]

Lianghao Xia, Chao Huang, Yong Xu, Jiashu Zhao, Dawei Yin, and Jimmy Huang.
Hypergraph contrastive collaborative filtering. In Proceedings of the 45th Interna-
tional ACM SIGIR conference on research and development in information retrieval,

pages 70-79, 2022.

Nasir Yakubu and Salihu Dasuki. Assessing elearning systems success in nigeria: An
application of the delone and mclean information systems success model. Journal of

Information Technology Education: Research, 17:183-203, 2018.

Fang-Ying Yang, Meng-Jung Tsai, Guo-Li Chiou, Silvia Wen-Yu Lee, Cheng-Chieh
Chang, and Li-Ling Chen. Instructional suggestions supporting science learning in
digital environments based on a review of eye tracking studies. Journal of Educational

Technology € Society, 21(2):28-45, 2018.

Zheng Ye, Jimmy Xiangji Huang, and Hongfei Lin. Finding a good query-related
topic for boosting pseudo-relevance feedback. Journal of the American Society for

Information Science and Technology, 62(4):748-760, 2011.

Abdelrahim M Zabadi, Amr Hussein Al-Alawi, et al. University students’ attitudes
towards e-learning: University of business & technology (ubt)-saudi arabia-jeddah:

A case study. International Journal of Business and Management, 11(6):286-295,
2016.

Yixiang Zhang, Yulin Fang, Kwok-Kee Wei, and Zhaohua Wang. Promoting the
intention of students to continue their participation in e-learning systems: The role

of the communication environment. Information Technology € People, 2012.

116



[219]

[220]

[221]

Huahui Zhao and Kirk PH Sullivan. Teaching presence in computer conferencing
learning environments: Effects on interaction, cognition and learning uptake. British

Journal of Educational Technology, 48(2):538-551, 2017.

Junjie Zhou. Exploring the factors affecting learners’ continuance intention of moocs

for online collaborative learning: An extended ecm perspective. Australasian Journal

of Educational Technology, 33(5), 2017.

Lixin Zou, Long Xia, Yulong Gu, Xiangyu Zhao, Weidong Liu, Jimmy Xiangji Huang,
and Dawei Yin. Neural interactive collaborative filtering. In Proceedings of the 43rd
International ACM SIGIR Conference on Research and Development in Information

Retrieval, pages 749-758, 2020.

117



APPENDICES

118



Appendix A

Informed Consent Form

Study Name: Unveiling the Complexities of Student Satisfaction in E-Learning: An In-
tegrated Framework Controlled for the Context of COVID-19

Researchers: Rui Lin, Master’s Student in School of Information Science and Tech-
nology at York University, ruilin@yorku.ca; supervised by Dr. Jimmy Huang, School of

Information Science and Technology at York University.

Purpose of the Research: This study aims to explore the factors affecting student sat-
isfaction of e-learning, with a specific emphasis on Learning Management System (LMS)
during the COVID-19 pandemic. The research outcomes will be presented in various for-
mats, including a comprehensive written report. Measure will be taken ensure participant

confidentiality in both presentations and written output.
What You Will Be Asked to Do in the Researchh: Participants will complete a
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survey covering details learning behaviours, instructor interactions, and other factors re-
lated to their remote learning experience. The estimated time for completing this survey

is approximately 20 minutes.

Risks and Discomforts: We do not foresee any risks or discomfort from your par-

ticipation in the research.

Benefits of the Research and Benefits to You: The research is designed to benefit the
fields of information technology and education by gaining new insights and preparing for
unforeseen situations. You may not benefit personally from participating in this research

study.

Voluntary Participation: Your participation in the study is completely voluntary and
you may choose to stop participating at any time. Your decision not to volunteer will not

influence the nature of your relationship with York University either now, or in the future.

Withdrawal from the Study: You can stop participating in the study at any time,
for any reason, if you so decide. Your decision to stop participating, or to refuse to answer
questions, will not affect your relationship with the researchers, York University, or any
other group associated with this project. In the event you withdraw from the study, all

associated data collected will be immediately destroyed wherever possible.
Confidentiality: All information you provide during the research will be treated with

utmost confidentiality unless you specifically grant permission, your name will not appear

in any report or publication steaming for this research. Your data will be collected through
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Google Forms, and we recognize that online survey platforms may automatically gather
additional data like IP addresses. While such information may be accessible to us, we
commit not to use or store it without your explicitly consent. It’s essential to note that
because this project employs web-based data collection techniques, data transmission over
the internet can potentially be accessed by third parties due to security legislation in many
countries. As such, we cannot guarantee the confidentiality and privacy of your data dur-
ing its online transmission. Upon collection, your data will be stored securely on a local
laptop dedicated to this research. It will be housed in a locked facility to which only the
research staff have access. This data will be retained for the duration of the thesis project
and will be destroyed by December 2023. We are committed to ensuring your privacy and

will protect your confidentiality to the fullest extent permitted by law.

Questions About the Research?: If you have questions about the research in general or
about your role in the study, please feel free to contact Rui Lin by e-mail ruilin@yorku.ca,
Graduate Program: The Master of Arts in Information System and Technology (MAIST);
Contact School of Information Technology Graduate Program by email lapsitec@Qyorku.ca
. Graduate supervisor: Dr. Jimmy Huang by email jhuang@yorku.ca. This research has
been reviewed and approved by the Human Participants Review Sub-Committee, York Uni-
versity’s Ethics Review Board and conforms to the standards of the Canadian Tri-Council
Research Ethics guidelines. If you have any questions about this process, or about your
rights as a participant in the study, please contact the Director, Research Ethics in the
Office of Research Ethics, 3rd Floor, Kaneff Tower, York University e-mail ore@yorku.ca.

Legal Rights and Consent Agreement: I consent to participant in studying ”Un-

veiling the Complexities of Student Satisfaction in E-Learning: An Integrated Framework
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Controlled for the Context of COVID-19” conducted by Rui Lin. I have understood the
nature of this study and which to participate. I am not waiving any of my legal right by

signing this form.

[J I agree to participate in the research
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Appendix B

Questionnaire Survey

The survey instrument has been prepared and is accessible via Google Form. The access

link to the survey is provided below: https://forms.gle/dDvgD99tUjNnCrES7.

Note: Please take a few moments to complete this questionnaire about your experiences
with e-learning during and after the COVID-19 pandemic. For the purposes of this study,
the term ”e-learning” specifically refers to educational experiences facilitated by learn-
ing management systems such as Blackboard, Canvas, Moodle, as well as communication
tools like Zoom and Microsoft Teams used for academic purposes. Your responses will be

recorded on a scale of 1 to 5, from ”Strongly Disagree” to ” Strongly Agree”
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Constructs

Items

Contents

Self-efficacy

IT Anxiety

SE1

SE2

SE3

SE4

SE5

[tA1

[tA2

ItA3

During the pandemic, I felt confident in my
ability to use learning management systems
effectively for my studies (e.g., Moodle, Can-
vas, Blackboard, etc.)

Despite the challenges of remote learning, 1
felt I could complete my assignments on the
LMS on time.

Using the LMS to adopt to new remote learn-
ing methods was within my capabilities.

I believe I could handle the demands of re-
mote learning on this LMS.

The pandemic influenced my confidence and
self-belief in effectively using the LMS for my
studies.

During the pandemic, using LMS and com-
munication tools for academic purposes (e.g.,
Moodle, Canvas, Blackboard, Zoom, Mi-
crosoft Teams) made me anxious.

The transition to remote classes using the
LMS made me anxious.

The shift to remote learning through the LMS
during the COVID-19 increased my techno-

logical anxieties.
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Constructs

Items

Contents

Perceived Ease of Use

Perceived Usefulness

[tA4

[tA5

PEoU1

PEoU2

PEoU3

PEoU4

PEoUS

PU1

The extensive functionalities of the LMS felt
overwhelming at times.

I hesitated to explore unfamiliar features on
the LMS and communication tools during the
pandemic.

Navigating the LMS for my remote classes
during the COVID-19 was straightforward.
Adapting to the remote mode of education
through LMS and communication tools (e.g.,
Moodle, Canvas, Blackboard, Zoom, Mi-
crosoft Teams) was seamless for me.

The user interface pf the LMS felt intuitive
during my remote learning experience.
Overall, the LMS facilitated a smooth transi-
tion to remote learning during the COVID-19
pandemic.

The support (e.g., technical help, instruc-
tional guidance, institutional policies) pro-
vided during the pandemic influenced my ease
of using the LMS and communication tools.
Given the challenges of the COVID-19 pan-
demic, to what extend did the LMS enhance

your effectiveness in academic tasks?
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Constructs

Items

Contents

Information Quality

PU2

PU3

PU4

PU5

ImQ1

ImQ2

ImQ3

ImQ4

ImQ5

The LMS provided valuable features that
helped me cope with challenges brought
about by the pandemic.

The LMS played a critical role in ensuring
that I could continue my academic progress
without significant disruption during the pan-
demic.

Despite the pandemic, I found that the LMS
enabled me to achieve my learning objectives.
I believe that the LMS was indispensable in
facilitating successful remote learning during
the pandemic.

The content available on the LMS was always
up-to-date during the pandemic.

The LMS provided relevant content that met
my education needs.

The information on the LMS was presented
in a clear and understandable manner.

I found the information on the LMS during
the COVID-19 to be accurate and reliable.
The quality of information on the LMS as-
sisted me in navigating my course during the

pandemic.
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Constructs Items

Contents

System Quality SQ1

SQ2

SQ3

SQ4

SQ5

Service Quality SvQ1

SvQ2

SvQ3

SvQ4

The LMS was consistently available and rela-
bel during the pandemic.

I experienced minimal technical glitches or
down times on the LMS during the remote
learning.

Feature and tools on the LMS were responsive
and didn’t lag.

The LMS supported various format (videos,
documents, etc.) efficiently during remote
classes.

The design of the LMS was aesthetically
pleasing and facilitated easy navigation.

The LMS provided clear instructions or tu-
torials with remote learning during the pan-
demic.

There are sufficient resources available on the
LMS to aid in my remote learning experience.
I felt that the LMS was proactive in address-
ing the updating any system-related con-
cerns.

When I faced the issues on the LMS, there

are timely technical support available.
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Constructs

Items

Contents

Quality of Content Delivery

Social Influence

SvQ5

QCD1

QCD2

QCD3

QCD4

QCD5

SI1

SI2

The service quality or support provided by
the LMS aided in my remote learning experi-
ence during the pandemic.

The arrangement of course content on the
LMS was logical and sequential, aiding my
learning progression during the COVID-19.
Course materials were delivered in formats
that were easy to access and comprehend.
Multimedia components (like videos, anima-
tions, and simulations) on the LMS enhanced
my understanding of the content.

The LMS allowed for dynamic interaction
with course content (e.g. quizzes, discussion
forum) during the pandemic.

Course modules on the LMS were organized
in digestible chunks, making it easier to man-
age my learning.

During the COVID-19 pandemic, how signif-
icant was the LMS in ensuring the continua-
tion of your education?

The endorsement and emphasis by the insti-
tution on the LMS influenced my trust and

reliance on it during the pandemic.
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Constructs

Items

Contents

Interaction

SI3

SI4

SI5

Il

12

I3

I4

I5

Most of my peers considered the LMS as an
essential tool for our learning continuity. How
strongly do you agree with this statement?
The LMS’s reputation and widespread adop-
tion during the pandemic influenced my will-
ingness to actively use it for my studies.
During the pandemic, I felt that the LMS was
an indispensable platform for academic suc-
cess.

The LMS facilitated effective communication
between instructors and students.

The LMS successful replaced the face-to-face
interactions I missed during the pandemic
with effective virtual communication.

The LMS forums and chat rooms become
more active and vital during the pandemic.
How strongly do you agree?

I found that the feedback and communication
from instructors through the LMS were more
frequent due to the pandemic.

I felt that the LMS’s tool, like discussion
boards and chat functions, helped maintain a
sense of academic connection during the pan-

demic’s isolation.
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Constructs

Items

Contents

Satisfaction

S1

52

53

54

SH

Considering the constrains of the COVID-19
pandemic, how satisfied were you with your
overall LMS experience?

Considering the challenges of remote learning
during the pandemic, the LMS met most of
my education needs.

The LMS provided a stable and reliable
platform for learning during the disruptions
caused by the pandemic.

Even in the context of the pandemic, the LMS
facilitated a seamless learning experience.

I would recommend the LMS as an effective
learning platform, especially in the pandemic-

like situation.

Table B.1: Questionnaire Survey
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Appendix C

Raw Statistical Data

In this appendix, we present the raw statistical data as a data source for future research.
For access to this data, interested parties are encouraged to reach out to Rui Lin and her

supervisor, Dr. Jimmy Huang, with requests.
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