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ABSTRACT 
Digital learning platforms have become essential academic service systems in higher education, yet e-learning continuance 
research has largely emphasized positive quality attributes while under examining recurring technical disruptions. This study 
investigates how service quality and perceived platform error exposure influence perceived value and behavioral intentions 
among university students in Indonesia and Malaysia. Drawing on the Information Systems Success Model, SERVQUAL, and 
post-adoption continuance theory, an extended structural equation modelling framework was tested using cross-sectional 
survey data from 123 undergraduate students, comprising 62 respondents from Indonesia and 61 from Malaysia. The sample 
included LMS users (69.9%) and MOOC users (30.1%). Data were analyzed using confirmatory factor analysis and SEM in IBM 
AMOS. The measurement model showed good fit: χ²/df = 1.74, CFI = 0.961, TLI = 0.954, RMSEA = 0.048, and SRMR = 0.042. In 
the extended model, service quality positively predicted perceived value (β = 0.593, p < 0.001) and behavioral intentions (β = 
0.481, p < 0.001), while perceived value positively predicted behavioral intentions (β = 0.391, p < 0.001). Perceived platform 
error exposure negatively predicted perceived value (β = −0.314, p < 0.001), and perceived value significantly mediated the 
service quality–behavioral intention relationship (β = 0.232, p < 0.001). The extended model explained 59.8% of the variance in 
perceived value and improved model fit relative to the baseline model. These findings position platform error exposure as a 
distinct negative user-experience construct and highlight the need to improve service quality while reducing recurring technical 
failures. 
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1. INTRODUCTION 

Digital learning platforms have become core 
infrastructure in higher education for content delivery, 
assignment management, assessment, communication, 
and blended or online learning. The expansion of LMS, 
MOOC, and web-based learning environments reflects a 
shift from supplementary instructional tools to integrated 
academic service systems. Blended learning can 
transform how students access content, engage in 
learning activities, and participate in academic 
communities. In contrast, post-pandemic online learning 
has increased the need to distinguish temporary digital 
delivery from well-designed online learning environments 
[1]–[3]. Accordingly, digital learning platforms should be 
understood not only as technological systems, but also as 
multi-dimensional service environments in which 
students evaluate system quality, content quality, service 
support, learner experience, instructor interaction, and 
learning effectiveness [4]–[8]. 

The Information Systems Success Model provides a 
strong theoretical basis for explaining students' 
evaluation of digital learning platforms. The model argues 
that system quality, information quality, and service 
quality influence user satisfaction, intention to use, and 
perceived benefits [9]–[11]. In e-learning research, these 
dimensions have been consistently linked to perceived 
usefulness, satisfaction, learning outcomes, and 
continuance intention [12], [13]. Prior studies also show 
that e-learning success depends not only on the 
availability of digital platforms but also on the extent to 
which they provide reliable access, useful learning 
resources, responsive support, usable interfaces, and 
meaningful learning experiences [14], [15]. 

Service quality is particularly important because 
students interact with digital learning platforms as users 
of educational services. The SERVQUAL tradition 
conceptualizes service quality in terms of reliability, 
responsiveness, assurance, empathy, and tangibility, 
which are relevant to platform stability, support 
responsiveness, user trust, learner-oriented services, and 
interface accessibility [16]–[19]. In digital learning 
contexts, students are more likely to evaluate a platform 
positively when it enables consistent access to materials, 
smooth assignment submission, timely technical support, 
clear navigation, and efficient completion of academic 
tasks. Previous studies have demonstrated that service 
quality, system quality, learner support, instructor quality, 
usability, and information quality affect satisfaction, 
perceived usefulness, and continued use of e-learning 
systems [20]–[22]. 

However, students' behavioral intentions are not 
shaped solely by quality perceptions. In post-adoption 
technology use, perceived value plays a central evaluative 
role because users assess whether the benefits of using a 
platform justify the time, effort, and inconvenience 
involved [23]–[25]. Expectation-confirmation theory 
further explains that users' future intentions are 

influenced by post-use evaluations of usefulness, 
confirmation, and satisfaction [26]–[28]. In e-learning, 
students are more likely to continue using, recommend, or 
prefer a platform when they perceive it as useful, efficient, 
supportive, and worth the effort [29], [30]. Thus, perceived 
value serves as a key mechanism linking platform 
experience to behavioral intentions. 

Despite the extensive literature on service quality, 
perceived usefulness, satisfaction, and continuance 
intention, existing e-learning research remains strongly 
oriented toward positive quality attributes. Less attention 
has been given to recurring technical disruptions as a 
distinct negative user-experience construct. In practice, 
students may perceive a platform as useful, accessible, 
and supportive while still encountering repeated 
problems such as buffering, slow loading, freezing, 
crashes, broken links, delayed access, and failed 
submissions. These disruptions can occur during critical 
learning moments, including assignment submission, 
assessment access, online participation, and material 
retrieval. Treating such problems merely as low service 
quality or low system quality may obscure their specific 
negative impact on perceived value. 

This study, therefore, introduces perceived platform 
error exposure as a distinct negative user-experience 
construct. Perceived platform error exposure refers to 
students' subjective perception of recurring technical 
disruptions encountered during digital learning activities. 
This construct is conceptually related to system quality 
and service quality, but it is not identical to them. System 
quality reflects broader technical performance, usability, 
functionality, and dependability, while service quality 
reflects users' evaluation of support, responsiveness, 
assurance, empathy, and service delivery [9], [31]. By 
contrast, perceived platform error exposure focuses 
specifically on repeated error-related experiences that 
may reduce efficiency, increase frustration, weaken 
satisfaction, and lower perceived value. Research on 
technostress and technology-related strain supports this 
logic by showing that technology problems can increase 
user strain and reduce system-use satisfaction [32]–[35]. 

The issue is particularly relevant in Indonesia and 
Malaysia, where higher education institutions have 
increasingly adopted LMS, MOOC, and blended-learning 
platforms. In these contexts, students use digital 
platforms to access learning materials, communicate with 
lecturers, submit assignments, participate in online 
learning activities, and monitor assessment information. 
However, platform evaluation may depend not only on 
positive service-quality attributes but also on students' 
perceived exposure to recurring technical disruptions. 
Comparative evidence from Indonesia and Malaysia 
remains limited, especially regarding how service quality 
and negative platform-error exposure jointly shape 
perceived value and behavioral intentions. This creates an 
opportunity to extend e-learning continuance research by 
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examining both positive and negative dimensions of 
students' platform experience. 

Specifically, this study aims to examine students' 
evaluations of digital learning platforms by integrating 
positive service-quality perceptions and negative error-
related platform experiences within a structural equation 
modeling framework. The study has three objectives: first, 
to investigate the direct and indirect relationships among 
service quality (SQ), perceived value (PV), and behavioral 
intentions (BI); second, to assess the association between 
perceived platform error exposure (FERR) and perceived 
value; and third, to compare the extended model including 
FERR (M2) with the baseline model excluding FERR (M1) 
in terms of model fit and structural parameter estimates. 

The empirical context comprises undergraduate 
students from universities in Indonesia and Malaysia. 
These countries provide a relevant setting because higher 
education institutions in Southeast Asia have increasingly 
adopted LMS, MOOC, and blended-learning platforms. 
Students rely on these platforms to access materials, 
submit assignments, communicate with lecturers, 
participate in online activities, and monitor academic 
information. Thus, their evaluations are shaped not only 
by service-quality attributes such as reliability, 
responsiveness, and accessibility, but also by recurring 
technical disruptions, including buffering, slow loading, 
crashes, broken links, and failed submissions. 

Three research questions guide this study. RQ1: How 
are service quality and perceived platform error exposure 
associated with perceived value and behavioral intentions? 
RQ2: Does perceived value mediate the relationship 
between service quality and behavioral intentions? RQ3: 
How does the inclusion of perceived platform error 
exposure affect the structural estimates and explanatory 
performance of the SEM model compared with the 
baseline model? 

This study contributes to the literature by positioning 
FERR as an independent negative user-experience 
construct distinct from service-quality evaluation, 
demonstrating its added explanatory value through 
comparison of baseline and extended SEM models, and 
offering practical guidance for universities and platform 
managers to address recurring technical disruptions 
alongside service quality and usability. 
 
 

2. LITERATURE REVIEW 

2.1. Digital Learning Platforms as Information-System 
Service Environments 

Digital learning platforms have become core 
infrastructures in higher education, supporting content 
delivery, assignment management, assessment, 
communication, and blended or online learning. Beyond 
serving as repositories of learning materials, these 
platforms operate as information-system service 
environments in which students evaluate technical 

performance, service quality, and learning value. The 
DeLone and McLean Information Systems Success Model 
explains that system quality, information quality, and 
service quality shape user satisfaction, intention to use, 
and perceived benefits [9], [11], [36]. In e-learning 
research, these dimensions have been consistently 
associated with perceived usefulness, satisfaction, 
learning experience, and continuance intention [20], [21], 
[37], [38]. 

From a service-quality perspective, students assess 
digital learning platforms through reliability, 
responsiveness, assurance, empathy, and tangibility, as 
reflected in the SERVQUAL framework [39]. Prior studies 
show that service quality, system quality, learner support, 
instructor quality, usability, and information quality 
influence satisfaction and continued use of e-learning 
systems [15], [40], [41]. Thus, platform quality should be 
conceptualized not only as technical functionality but 
also as educational service support. 

Existing studies on e-learning platforms generally 
emphasize positive quality attributes, such as system 
quality, service quality, perceived usefulness, satisfaction, 
and continuance intention [42]–[44]. However, limited 
attention has been given to recurring technical 
disruptions, including buffering, slow loading, broken 
links, crashes, freezing, and failed submissions. This gap 
is important because students may still perceive a 
platform as useful while repeatedly encountering errors 
during critical learning activities. Such disruptions can 
trigger frustration, technostress, dissatisfaction, and 
reduced continuance intention [45]–[47]. Therefore, this 
study treats perceived platform error exposure as a 
distinct negative user-experience dimension, separate 
from general service-quality evaluation. 

 
2.2. Service Quality in Digital Learning  

Service quality refers to students' evaluation of a digital 
learning platform's reliability, responsiveness, 
trustworthiness, learner support, and interface quality. In 
this study, service quality is grounded in the Information 
Systems Success Model and operationalized through the 
SERVQUAL dimensions of reliability, responsiveness, 
assurance, empathy, and tangibility [9], [17]. This framing 
is appropriate because digital learning platforms function 
simultaneously as technical systems and educational 
service channels through which students access 
resources, interact with learning activities, and complete 
academic tasks. 

Recent e-learning research suggests that multiple 
quality dimensions, including service reliability, system 
performance, information accuracy, usability, learner 
support, and instructor support, shape students’ 
evaluations of digital learning platforms. These 
dimensions are not only associated with user satisfaction 
but also influence perceived usefulness, learning 
experience, and students’ willingness to continue using e-
learning systems [43], [48], [49]. Thus, platform quality 
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should be understood as a multi-dimensional construct 
that connects technical performance, pedagogical 
support, and students’ post-use behavioral responses. 
These findings indicate that students are more likely to 
continue using digital platforms when they perceive them 
as useful, reliable, accessible, and supportive [50]–[52]. 

Nevertheless, service quality should not be treated 
as a catch-all construct for platform experience. Students 
may rate a platform positively for its interface, resources, 
and support while still experiencing recurring technical 
issues such as slow loading, buffering, crashes, broken 
links, or failed submissions. Treating these disruptions 
merely as low service quality may obscure their distinct 
negative effect on perceived value and continuance-
related evaluations. Therefore, this study distinguishes 
positive service-quality perceptions from negative error-
related platform experiences, particularly because 
technology-related problems can create strain, reduce 
satisfaction, and weaken digital service evaluations [53]. 

 
2.3. Perceived Value in Digital Learning Continuance 

Perceived value is a key factor in students’ continuance 
intention toward digital learning platforms because it 
reflects their assessment of whether the benefits 
outweigh the time, effort, and possible inconvenience 
involved. In digital learning, perceived value emerges 
when students believe that a platform improves learning 
efficiency, provides easy access to materials, supports 
communication, and helps them complete academic tasks 
effectively [23], [24], [54]. 

Recent studies show that perceived value is strongly 
linked to perceived usefulness, satisfaction, confirmation, 
system quality, service quality, learning support, and 
continuance intention. Students are more likely to keep 
using digital learning platforms when they perceive them 
as reliable, easy to use, pedagogically relevant, and 
supported by adequate institutional services. Prior 
research also confirms that e-learning service quality, 
educational support, course quality, and platform 
features influence satisfaction, perceived value, and 
continued use [55]–[59]. 

Expectation-confirmation theory explains that 
continued use is shaped by users’ post-use evaluation, 
particularly confirmation, perceived usefulness, and 
satisfaction [26], [28]. This is relevant in higher education 
because students may initially use digital platforms due 
to institutional requirements. However, their continued 
use depends on whether they perceive them as beneficial 
and worth continuing. Thus, perceived value acts as an 
evaluative bridge between digital learning experience, 
system and service quality, satisfaction, and continuance-
related behavior [60], [61]. 

 
2.4. Behavioral Intentions in Digital Learning  

Behavioral intentions refer to students' willingness to 
continue using, reuse, recommend, or choose a digital 
learning platform for future academic activities. In 

service-quality research, behavioral intentions are 
important post-consumption outcomes because they 
reflect users' likelihood of remaining with a service, 
recommending it, or avoiding alternatives [39]. In digital 
learning, this construct is especially relevant because 
universities invest in learning management systems and 
online platforms with the expectation that students will 
use them consistently and meaningfully, beyond 
minimum course requirements. 

Prior studies show that behavioral intentions in e-
learning are shaped by perceived usefulness, satisfaction, 
service quality, system quality, confirmation, perceived 
value, and learning support [62]–[65]. These findings 
suggest that a single factor does not determine students' 
intention to continue using digital platforms; rather, it is 
the accumulated evaluations of system performance, 
ease of use, academic usefulness, service responsiveness, 
and overall value. Students who perceive a platform as 
reliable, useful, efficient, and supportive are therefore 
more likely to continue using it, recommend it to peers, 
and choose it when available in future learning contexts 
[29], [66], [67]. 

However, behavioral intentions in higher education 
should be interpreted with care, as platform use is often 
semi-mandatory. Students may continue using an LMS 
even when their experience is not fully positive, as 
required by lecturers or institutions. Therefore, behavioral 
intentions should be understood more broadly than mere 
continued use; they should include reuse, 
recommendations, preferences, and a willingness to 
choose the platform when alternatives exist. This broader 
view better captures students' evaluative commitment 
and distinguishes genuine continuance intention from 
compliance-based use [30], [68], [69]. 

 
2.5. Technical Disruptions and Perceived Platform Error 

Exposure 

Although service quality and perceived value are widely 
discussed in e-learning studies, students’ repeated 
exposure to platform errors remains less clearly 
conceptualized as a distinct negative user-experience 
construct. Perceived platform error exposure refers to 
students’ subjective experience of recurring technical 
disruptions, such as crashes, freezing, buffering, slow 
loading, broken links, failed submissions, delayed access, 
and task-completion errors. These disruptions may occur 
during critical learning activities and reduce perceived 
usefulness, efficiency, satisfaction, and overall platform 
value [13], [20], [40]. 

Conceptually, this construct is related to but distinct 
from system quality, service quality, perceived risk, 
technostress, and objective system failure. System quality 
reflects overall technical performance and reliability, 
while service quality concerns support and service 
delivery [9], [70]. Unlike these broader constructs, 
perceived platform error exposure specifically captures 
repeated user encounters with technical errors. It also 
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differs from perceived risk, which concerns anticipated 
negative consequences, and technostress, which reflects 
psychological strain from technology use [71], [72]. 

The distinction between service quality and 
perceived platform error exposure is theoretically 
important because positive and negative platform 
experiences can co-occur. Students may view a platform 
as useful, organized, and academically supportive, yet 
still encounter slow loading, failed submissions, crashes, 

or unstable access during learning tasks. Treating these 
disruptions merely as low service or system quality may 
obscure their specific negative effect on perceived value. 
Therefore, this study conceptualizes perceived platform 
error exposure as an independent negative user-
experience construct to explain better students’ 
evaluations of digital learning platforms beyond 
conventional quality-based assessments [9], [11], [32].

 
Table 1. Research Gap and Positioning of the Study 

Research area Established knowledge Literature gap Positioning of this study Sources 

The IS Success 
Model in e-
learning 

E-learning success is shaped by 
system quality, information 
quality, ser�ce quality, 
satisfaction, perceived 
usefulness, and continuance 
intention.  

Prior studies o�en treat 
technical problems as part of 
broad system or ser�ce quality 
constructs. 

This study separates 
positive ser�ce-quality 
evaluation from perceived 
platform error exposure. 

Al-Fraihat et al., 
[20]; DeLone & 
McLean, [9]; Sabeh 
et al., [73]. 

Ser�ce quality Ser�ce quality influences 
satisfaction, perceived 
usefulness, learning outcomes, 
and continued use in digital 
learning platforms. 

Ser�ce quality is o�en treated 
as a catch-all construct, 
focusing on negative technical 
experiences. 

This study conceptualizes 
ser�ce quality as a positive 
multi-dimensional 
construct distinct from 
error exposure. 

Cidral et al., [13]; 
Parasuraman et al., 
[17]; Udo et al., 
[74]. 

Perceived value 
& continuance 

Perceived value, usefulness, 
confirmation, and satisfaction 
explain post-adoption 
continuance in e-learning 
systems.  

Perceived value is o�en 
secondary to satisfaction or 
continuance intention, even 
though it plays a role in 
evaluating whether platform 
use is worthwhile. 

This study positions 
perceived value as the 
evaluative mechanism 
linking platform 
experience to beha�oral 
responses. 

Bhattacherjee, [28]; 
Chiu et al., [29]; 
Lee, [75]. 

Technical 
disruption & 
negative user 
experience 

Technology-related problems 
can strain resources, reduce 
satisfaction, and weaken system 
use outcomes.  

Students' recurring exposure 
to platform errors is rarely 
modeled as a distinct 
construct in digital learning 
research. 

This study introduces 
perceived platform error 
exposure as a separate 
negative user-experience 
construct. 

Ayyagari et al., [32]; 
Ragu-Nathan et al., 
[76]; Tarafdar et al., 
[53]. 

Contextual 
e�dence 

Digital learning platforms are 
widely used across higher 
education, including LMS, 
MOOC, and blended-learning 
en�ronments.  

E�dence from Indonesia and 
Malaysia remains limited, 
especially on how ser�ce 
quality and technical errors 
jointly shape perceived value 
and beha�oral intentions. 

This study pro�des 
e�dence from students in 
Indonesia and Malaysia to 
explain digital learning 
platform evaluation. 

Al-Fraihat et al., 
[20]; Cidral et al., 
[13]. 

 

2.6. Conceptual Framework 

This study develops an extended service quality–
perceived value–behavioral intention framework to 
explain students' evaluations of digital learning platforms. 
The framework integrates the Information Systems 
Success Model, the SERVQUAL tradition, and post-
adoption continuance theory. 

Service quality is conceptualized as a multi-
dimensional construct reflecting students' evaluation of 
platform reliability, responsiveness, assurance, empathy, 
and tangibility. At the same time, perceived value 
represents students' judgment that the platform provides 
learning benefits that justify the time and effort required 
for use [9], [17]. Behavioral intentions capture students' 
willingness to continue using, reusing, recommending, or 
choosing the platform in future learning activities [28], 
[39]. 
 

 

Figure 1. Proposed Conceptual Framework 

 
The framework extends the conventional service quality–
continuance logic by incorporating perceived platform 
error exposure as a distinct negative user-experience 
construct. Perceived platform error exposure refers to 
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students' perceived exposure to recurring technical 
disruptions, such as slow loading, buffering, system 
crashes, broken links, and failed submissions. This 
construct is distinct from service quality because positive 
service evaluations and negative technical-error 
experiences may coexist within the same platform-use 
context. Thus, the proposed model assumes that students' 
behavioral responses are shaped not only by positive 
service-quality perceptions but also by the extent to which 
technical disruptions weaken perceived platform value. 
 
2.7. Hypotheses Development 

2.7.1. Service Quality and Perceived Value 

Service quality is expected to enhance students’ perceived 
value of digital learning platforms because users’ 
evaluations of system benefits are shaped by perceptions 
of usefulness, dependability, and support adequacy [9], 
[11], [77]. In digital learning environments, platforms that 
provide stable access, timely technical support, 
trustworthy functions, learner-oriented features, and 
accessible interfaces can reduce learning-related friction 
and strengthen students’ perceptions of usefulness and 
value. Recent studies further show that service quality, 
system quality, information quality, and support-related 
factors are associated with perceived usefulness, 
satisfaction, perceived value, and continuance-related 
outcomes in online learning and virtual classroom 
contexts [57], [78]–[81]. Therefore, students who perceive 
higher service quality are more likely to judge digital 
learning platforms as valuable for supporting their 
academic activities. 
 
H1. Service quality is positively associated with perceived 
value in digital learning platforms. 
 
2.7.2. Perceived Value and Behavioral Intentions 

Perceived value is expected to positively influence 
students' behavioral intentions. Post-adoption technology 
research suggests that users' future intentions are shaped 
by their evaluation of whether continued use provides 
sufficient benefits relative to the effort, time, and 
inconvenience involved [28], [54], [82]. In digital learning, 
students are more likely to continue using, recommend, or 
choose a platform when they perceive that it improves 
learning efficiency, facilitates access to resources, 
supports communication, and helps complete academic 
tasks. Prior studies on e-learning continuance similarly 
show that perceived usefulness, satisfaction, perceived 
value, and confirmation are key predictors of continued 
use intention [29], [30], [69], [83]. Thus, perceived value 
is expected to strengthen students' behavioral intentions 
toward digital learning platforms. 
 
H2. Perceived value is positively associated with 
behavioral intentions in digital learning platforms. 
 
 

2.7.3. Service Quality and Behavioral Intentions 

Service quality may also be directly associated with 
behavioral intentions. In service research, behavioral 
intentions reflect users' willingness to continue using a 
service, recommend it to others, and maintain a favorable 
relationship with the provider [39]. In digital learning 
platforms, high service quality can strengthen students' 
confidence in the platform and increase their willingness 
to use it again in future academic activities. Previous e-
learning studies indicate that system quality, service 
quality, instructor support, information quality, and 
usability contribute to students' satisfaction and 
continuance intention [13], [20], [84]. Therefore, students 
who perceive the platform as reliable, responsive, 
accessible, and supportive are more likely to express 
favorable behavioral intentions. 
 
H3. Service quality is positively associated with behavioral 
intentions in digital learning platforms. 
 
2.7.4. Perceived Platform Error Exposure and Perceived 
Value 

Perceived platform error exposure is expected to reduce 
perceived value. Although a platform may offer useful 
learning resources and supportive services, recurring 
technical disruptions can increase students' effort, 
disrupt learning activities, and reduce confidence in 
completing tasks. Technical problems such as buffering, 
crashes, slow loading, broken links, and failed 
submissions may be especially consequential when they 
occur during assignment submission, assessment access, 
or time-sensitive learning tasks. Studies on technostress 
and information-system use show that technology-related 
problems can increase strain, reduce satisfaction, and 
weaken users' evaluations of digital systems [32], [53], 
[76]. Accordingly, students who experience higher 
platform error exposure are likely to perceive lower 
platform value. 
 
H4. Perceived platform error exposure is negatively 
associated with perceived value in digital learning 
platforms. 
 
2.7.5. Mediating Role of Perceived Value 

Perceived value is proposed as a mediating mechanism 
between service quality and behavioral intentions. Service 
quality may not directly translate into continued use or 
recommendation; rather, students first evaluate whether 
the platform's reliability, responsiveness, accessibility, 
and support provide sufficient academic value. This logic 
is consistent with expectation-confirmation and 
continuance theory, which suggests that post-use 
evaluations shape users' future behavioral responses [28], 
[85]. Prior e-learning studies also indicate that perceived 
value, satisfaction, and perceived usefulness function as 
evaluative mechanisms linking platform quality to 
continuance intention [29], [86]. Therefore, perceived 
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value is expected to explain part of the association 
between service quality and behavioral intentions. 
 
H5. Perceived value mediates the association between 
service quality and behavioral intentions in digital 
learning platforms. 
 
 

3. MATERIALS AND METHODS 

3.1. Study Design  

This study used an explanatory cross-sectional survey to 
examine associations among service quality, perceived 
value, behavioral intentions, and perceived platform error 
exposure in students' use of digital learning platforms. 
Grounded in a post-positivist correlational approach, the 
study tested theory-based relationships among latent 
constructs without claiming causality. The unit of analysis 
was the individual university student, and all constructs 
were measured using self-reported questionnaire items. 
Methodological reporting followed transparency 
principles for observational studies and SEM by specifying 
eligibility criteria, data screening, construct 
operationalization, measurement, structural model 
testing, mediation analysis, and model comparison [87], 
[88]. 

SEM was appropriate because it simultaneously 
estimates latent constructs, indicators, and structural 
paths while accounting for measurement error. It also 
enabled testing perceived value as a mediator between 
service quality and behavioral intentions, and comparing 
the baseline SQ–PV–BI model with an extended model 
that includes perceived platform error exposure as a 
distinct negative user-experience construct [89], [90]. 
Because the study was cross-sectional and non-
experimental, all path coefficients were interpreted as 
statistical associations rather than causal effects. 

 
3.2. Research Context  

This study was carried out in higher education settings in 
Indonesia and Malaysia. Both countries have increasingly 
adopted learning management systems, blended learning, 
MOOC platforms, and other forms of post-pandemic 
digital learning. In these environments, students use 
digital platforms to access course materials, 
communicate with lecturers and peers, submit 
assignments, join online activities, and check assessment 
information. This makes the context appropriate for 
studying both students' positive evaluations of platform 
services and their negative experiences with technical 
problems. 

The study viewed digital learning platforms as 
service systems rather than merely technical tools. 
Therefore, the analysis focused on students' perceived 
experiences rather than objective server performance. 
Perceived platform error exposure was measured from 
students' reports of recurring issues such as buffering, 

slow loading, system crashes, broken links, and 
submission errors, rather than from platform log data. 

 
3.3. Population, Eligibility Criteria, and Participants 

The target population was university students in 
Indonesia and Malaysia who had used a digital learning 
platform during the current or previous academic term. 
The study used purposive sampling because participants 
needed direct experience with LMS or MOOC platforms to 
assess service quality, perceived value, behavioral 
intentions, and technical disruptions. 

Participants were eligible if they were currently 
enrolled university students, had recently used an LMS or 
MOOC platform, and had enough experience to evaluate 
both platform services and technical problems. 
Responses were excluded when participants failed to 
meet these criteria, submitted unusable incomplete data, 
failed attention checks, or were detected as multivariate 
outliers. 

After data screening, the final respondents were 
from Indonesia and Malaysia. The sample represented 
LMS and MOOC users, STEM and non-STEM students, and 
students from public, private, and technical universities. 
Because the total number of survey invitations was not 
recorded, the response rate could not be calculated. 

 
3.4. Sample Size 

The sample size was assessed by considering whether it 
was sufficient for the scope and complexity of the 
proposed SEM model. The final analysis used data from 
123 respondents. Although this number is relatively 
modest for a covariance-based SEM, it was considered 
acceptable for an exploratory theory-testing study 
because the model was not overly complex. It consisted of 
four key latent constructs, one mediation pathway, and a 
second-order service quality construct. 

Several considerations supported the adequacy of 
the sample. These included the parsimonious structure of 
the model, the quality of the measurement model, the 
successful convergence of both the CFA and SEM 
analyses, acceptable overall model fit, and the 
consistency of standardized estimates and confidence 
intervals. This evaluation follows common SEM reporting 
guidance, which recommends assessing sample size 
alongside model complexity, factor loading strength, 
estimation approach, and overall model performance, 
rather than relying only on a fixed minimum sample-size 
rule [91], [92]. 

 
3.5. Instrument Development and Content Validation 

The questionnaire was developed by adapting established 
scales and applying a systems-engineering-informed 
item-development process. Constructs were drawn from 
information systems, service quality, continuance, and 
behavioral intention literature. Service Quality was based 
on the DeLone and McLean IS success model and 
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measured through SERVQUAL dimensions—reliability, 
responsiveness, assurance, empathy, and tangibility [9], 
[17]. Its second-order specification is consistent with 
recent studies on e-learning and MOOC service quality 
[73], [93]. Perceived Value was adapted from expectation-
confirmation and IS continuance research [94], while 
Behavioral Intentions followed service-quality behavioral 
intention literature [39]. 

The FERR construct was developed to measure 
students' perceived exposure to recurring platform errors, 
following scale development principles involving 
construct definition, domain specification, stakeholder 
input, expert review, and pilot testing [95], [96]. Input 
from 20 stakeholders—12 learners, 5 teachers, and 3 IT 
administrators—yielded 42 user needs, including 
buffering, slow loading, failed submissions, delayed grade 
display, broken links, crashes, and poor responsiveness to 
support requests. These needs were translated into formal 
requirements and perception-based survey items. At the 

same time, technical indicators such as page-load time, 
submission success rate, broken-link frequency, and 
crash frequency served only as design references, not 
objective log data. Expert review and a pilot test with 25 
students resulted in minor wording revisions, with no 
items deleted and reliability above 0.87 for all constructs. 
 

3.6. Operationalization and Measurement 

All constructs were measured with seven-point Likert 
scales ranging from 1 = strongly disagree to 7 = strongly 
agree. Higher scores for SQ, PV, and BI reflected more 
positive evaluations of service quality, perceived value, 
and behavioral intentions. In comparison, higher FERR 
scores indicated greater perceived exposure to recurring 
technical problems. Composite scores were used only for 
descriptive purposes; the CFA and SEM analyses treated 
each construct as a latent variable, estimated from its 
indicators.

 
Table 2. Operational definitions, dimensional structure, number of items, and measurement sources for the latent constructs. 

Construct Dimensions Operational  Source or Development Basis 

Service Quality 
(SQ) 

Second-order 
construct; 16 items 
across REL, RES, ASS, 
EMP, TAN 

Students' overall evaluation of reliability, 
responsiveness, assurance, empathy, and 
tangibility in the digital learning platform. 

Adapted from the IS success model and 
SERVQUAL tradition [9], [17]; supported 
by e-learning service-quality research 
[73], [93]. 

Perceived Value 
(PV) 

5 items Students' evaluations of the platform's benefits, 
usefulness, efficiency, and learning support 
justify the effort required to use it. 

Adapted from expectation-confirmation 
and IS continuance research [94]. 

Behavioral 
Intentions (BI) 

4 items Students' intention to continue using, reuse, 
recommend, or choose the platform when 
available. 

Adapted from behavioral consequences 
of service quality research [39]. 

Perceived 
Platform Error 
Exposure (FERR) 

3 items Students' perceived exposure to recurring 
technical disruptions, including freezing, 
buffering, slow loading, submission errors, 
broken links, and task-completion problems. 

Developed through stakeholder 
elicitation, traceability, expert review, 
and pilot testing following scale-
development guidance [95], [96]. 

 
Service Quality was modeled as a reflective second-order 
construct comprising reliability, responsiveness, 
assurance, empathy, and tangibility, reflecting a broad 
evaluation of related service attributes. While a correlated 
first-order model may be tested for sensitivity, the second-
order specification was retained for parsimony and 
consistency with the study framework. Perceived Value 
captured students' judgments of usefulness, efficiency, 
and learning value, while Behavioral Intentions reflected 
their likelihood of continued use, recommendation, and 
future platform choice. 

Perceived Platform Error Exposure measured 
recurring technical issues such as crashes, buffering, slow 
loading, submission errors, broken links, and task-
completion problems, and was treated as a distinct 
negative user-experience construct rather than a reverse 
indicator of service quality. 

 

3.7. Survey Administration and Response Quality 

Data were collected via an online LimeSurvey 
questionnaire over four weeks, from February to March 
2026. Before participation, respondents received an 
electronic information sheet and provided informed 
consent. The survey required responses to displayed items 
to reduce missingness, although partial completion and 
early termination resulted in a final item-level missing-
data rate of 0.8%. Two attention-check items were 
included, and respondents who failed them were excluded 
before analysis. One participant was randomly selected to 
receive a USD 20 voucher, administered independently 
from response data. 

Procedural safeguards were implemented to reduce 
social desirability bias and common-method bias. 
Respondents were informed that participation was 
voluntary, responses were anonymous, no names or IP 
addresses were collected, and there were no right or 
wrong answers. These steps were intended to encourage 
honest responses and improve data credibility. 
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3.8. Data Management, Cleaning and Screening 

Before CFA and SEM, the dataset was screened for 
eligibility, completion, attention-check performance, 
missing data, invalid response patterns, multivariate 
outliers, distributional properties, multicollinearity, and 
common method variance. Missing data were handled 
using Expectation Maximization, while multivariate 
outliers were identified using Mahalanobis distance at p < 
0.001 and removed. 

Descriptive statistics, including means, standard 
deviations, skewness, kurtosis, minimums, and 
maximums, were examined for the main constructs. 
Multicollinearity was assessed using VIF values; values 
below 5.0 were considered acceptable. Given the cross-
sectional self-report design, common method variance 
was assessed using Harman's single-factor test, while 
acknowledging that common method bias cannot be fully 
ruled out in self-report survey research [97]. 

 
3.9. Data Analysis and Measurement Model  

CFA and SEM were conducted using IBM SPSS AMOS. 
Because the questionnaire used a seven-point response 
scale and showed acceptable distributional properties, 
the indicators were treated as approximately continuous, 
which is appropriate for ordinal items with five or more 
categories when the focus is on latent-variable 
relationships rather than on categorical threshold 
interpretation [98]. Maximum likelihood estimation was 
applied, and model fit was assessed using χ²/df, CFI, TLI, 
RMSEA, and SRMR. These indices were interpreted 
alongside theoretical relevance and parameter estimates 
rather than as fixed cutoffs [88], [99]. 

The measurement model was evaluated before 
testing structural relationships and included 28 indicators 
and four main latent constructs. Service Quality was 
specified as a reflective second-order construct formed by 
reliability, responsiveness, assurance, empathy, and 
tangibility. At the same time, Perceived Value, Behavioral 
Intentions, and Perceived Platform Error Exposure were 
modeled as first-order reflective constructs. Convergent 
validity was assessed using standardized factor loadings, 
composite reliability, AVE, and Cronbach's alpha, with 
thresholds of ≥0.70 for loadings and reliability, and ≥0.50 
for AVE [100]. Discriminant validity was tested using 
HTMT, with values below 0.85 indicating adequate 
distinction [101]. Mediation effects were examined 
through bootstrapping with 5,000 resamples, 
standardized estimates, standard errors, p-values, and 95% 
confidence intervals. 

 
3.10. Structural Model and Hypothesis Testing 

The baseline model (M1) represented the traditional 
service quality-perceived value-behavioral intentions 
framework. It specified paths from service quality to 
perceived value, from perceived value to behavioral 

intentions, and from service quality to behavioral 
intentions. The extended model (M2) retained these paths 
and added perceived platform error exposure as a 
negative predictor of perceived value. SQ and FERR were 
allowed to covary because both were exogenous latent 
constructs in the extended specification. 

The indirect association between service quality and 
behavioral intentions through perceived value was 
computed as the product of the SQ–PV and PV–BI paths. 
The total association between SQ and BI was computed as 
the sum of the direct SQ-BI path and the indirect SQ–PV–
BI path. Structural results should be reported using 
unstandardized estimates, standardized coefficients, 
robust standard errors, p values, 95% confidence 
intervals, R-squared values for endogenous constructs, 
and effect-size estimates where appropriate. Effect size f2 
and interpreted cautiously using small, medium, and large 
conventions as descriptive benchmarks [102]. 

 
3.11. Model Comparison Strategy 

Model comparison was conducted to assess whether 
FERR should be specified as an independent negative 
user-experience construct. The main test used a nested-
model procedure with the same observed indicators: the 
restricted model retained the full measurement structure 
but fixed the FERR toward the Perceived Value path to 
zero. In contrast, the extended model freely estimated this 
path. Because the models differed only by this structural 
constraint, a formal scaled chi-square difference test 
under robust estimation was appropriate [103]. 

A descriptive comparison was also made between 
the conventional SQ–PV–BI model and the extended 
model, including FERR and its indicators. Since these 
models differed in measurement specification, they were 
not treated as strictly nested; therefore, CFI, TLI, RMSEA, 
SRMR, AIC, and BIC were used to compare approximate 
and information-based fit. Lower AIC/BIC, higher CFI/TLI, 
and lower RMSEA/SRMR indicated better relative 
performance. For measurement-invariance and group 
comparisons, changes in CFI and RMSEA were used 
alongside chi-square results to determine whether added 
constraints meaningfully worsened model fit [104], [105]. 

 
 

4. RESULTS 

4.1. Data Screening and Sample Characteristics 

The final analytic sample consisted of 123 university 
students from Indonesia (n = 62) and Malaysia (n = 61), 
representing an almost balanced country distribution. 
Most respondents were LMS users, with the remainder 
using MOOC platforms, and the sample included both 
STEM and non-STEM students, providing a relevant basis 
for examining digital learning platform experiences 
across academic backgrounds. 
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Table 3. Demographic and academic characteristics of the final analytic sample. 

Category Items Frequency (N=123) Percentage 

Country Indonesia 62 50.40% 

 Malaysia 61 49.60% 

Gender Female 66 53.70% 

 Male 57 46.30% 

Age 18-22 years 78 63.40% 

 Other age groups 45 36.60% 

Platform type LMS 86 69.90% 

 MOOC 37 30.10% 

Discipline STEM 74 60.20% 

 Non-STEM 49 39.80% 

 
Preliminary diagnostics indicated that the retained 
dataset was suitable for further CFA and SEM analysis. 
Multicollinearity was not a serious concern because the 
variance inflation factor values ranged from 1.12 to 2.84, 
which were below the conservative threshold of 5.0. 
Because the study used cross-sectional self-reported 
questionnaire data, common method variance was 
examined using Harman's single-factor test. The first 
unrotated factor accounted for 38.4% of the total 
variance, below the commonly used 50% threshold. This 
result indicates that common method variance was 
unlikely to dominate the observed relationships, although 
it cannot be fully ruled out in self-report survey research. 
 
4.2. Descriptive Statistics 

Descriptive statistics were calculated for the four main 
constructs: Service Quality (SQ), Perceived Value (PV), 
Behavioral Intentions (BI), and Perceived Platform Error 
Exposure (FERR). Mean scores for SQ, PV, and BI were 
above the scale midpoint, indicating generally favorable 
evaluations of digital learning platforms among 
respondents. The mean score for Ferr was lower than the 
midpoint, suggesting that perceived technical disruptions 
were present but not dominant in the overall sample. 

 

Table 4. Descriptive Statistics of Study (N = 123) 

Construct Mean SD Skew. Kurt. Min Max 

SQ 4.82 1.14 −0.38 −0.27 1.63 7.00 

PV 4.67 1.21 −0.44 −0.19 1.40 7.00 

BI 4.91 1.18 −0.51 0.12 1.50 7.00 

FERR 3.24 1.47 0.62 −0.41 1.00 6.67 

 
The skewness and kurtosis values were within acceptable 
descriptive ranges, supporting the use of SEM with robust 
maximum likelihood estimation. FERR showed positive 
skewness, indicating that a smaller subset of respondents 
reported higher perceived error exposure. 
 
4.3. Reliability and Convergent Validity 

Reliability and convergent validity were assessed using 
standardized factor loadings, Composite Reliability (C.R.), 
Average Variance Extracted (AVE), and Cronbach's alpha. 
All standardized loadings exceeded 0.70, with the lowest 
being EMP3 (λ = 0.747). C.R values ranged from 0.861 to 
0.932, exceeding the recommended 0.70 threshold. AVE 
values ranged from 0.609 to 0.774, exceeding the 0.50 
criterion. Cronbach's alpha values ranged from 0.857 to 
0.930, indicating satisfactory internal consistency.

 

Table 5. Reliability and convergent validity indicators for the first-order and main latent constructs. 

Construct Loading Range CR AVE Cronbach's α 

Reliability (REL) 0.804 – 0.841 0.893 0.677 0.891 

Responsiveness (RES) 0.789 – 0.856 0.907 0.662 0.904 

Assurance (ASS) 0.818 – 0.868 0.906 0.708 0.903 

Empathy (EMP) 0.747 – 0.804 0.861 0.609 0.857 

Tangibility (TAN) 0.775 – 0.812 0.871 0.631 0.868 

Perceived Value (PV) 0.819 – 0.862 0.924 0.710 0.921 

Behavioral Intentions (BI) 0.868 – 0.894 0.932 0.774 0.930 

Perceived Platform Error Exposure (FERR) 0.862 – 0.891 0.908 0.766 0.905 

Note. Full item Factor Loadings, Composite Reliability, AVE, and Cronbach's Alpha are reported in Supplementary Table S2. 
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The second-order loadings for SQ were also acceptable, 
with reliability (λ = 0.874), responsiveness (λ = 0.891), 
assurance (λ = 0.847), empathy (λ = 0.813), and tangibility 
(λ = 0.786) all loading substantially on the higher-order 
SQ construct. These results support the specification of 
SQ as a multi-dimensional second-order construct. 

 
4.4. Discriminant Validity 

Discriminant validity was examined using the Heterotrait–
Monotrait ratio (HTMT). All HTMT values were below the 
conservative 0.85 threshold, indicating that the 
constructs were empirically distinguishable. The highest 
HTMT value was observed between PV and BI (0.741), as 
expected given the close relationship between perceived 
value and behavioral intention. Importantly, HTMT values 
between FERR and the five service quality dimensions 
ranged from 0.329 to 0.438, supporting the distinction 
between perceived exposure to technical errors and 
positive service-quality evaluations. 
 

 

Figure 2. HTMT matrix showing discriminant validity. 

 
4.5. Measurement Model Assessment 

Confirmatory factor analysis was conducted to assess the 
adequacy of the measurement model. The model included 
28 observed indicators and four main latent constructs: 
SQ, PV, BI, and Ferr. SQ was specified as a second-order 
construct reflected by five first-order dimensions: 
reliability, responsiveness, assurance, empathy, and 
tangibility. 

The measurement model showed acceptable-to-
good fit across the reported indices. The χ²/df value was 
below 3.00, CFI and TLI exceeded 0.95, RMSEA was below 
0.06, and SRMR was below 0.08. These results indicate 
that the proposed measurement structure was consistent 
with the observed data. 

 
Table 6. Confirmatory factor analysis fit indices for the 

measurement model. 

Fit Index Criterion Obtained Value Assessment 

χ²/df < 3.00 1.74 Acceptable 

Fit Index Criterion Obtained Value Assessment 

CFI ≥ 0.95 0.961 Good 

TLI ≥ 0.95 0.954 Good 

RMSEA ≤ 0.06 0.048 Good 

SRMR ≤ 0.08 0.042 Good 

 
4.6. Structural Model Baseline Model M1 and Extended 

Model M2 

Two structural models were estimated to examine the 
hypothesized relationships. The baseline model (M1) 
tested the conventional service quality–perceived value–
behavioral intentions framework, whereas the extended 
model (M2) incorporated perceived platform error 
exposure as an additional negative predictor of perceived 
value.  

Figure 3 presents the baseline model. The model 
specifies service quality as a second-order construct 
reflected by reliability, responsiveness, assurance, 
empathy, and tangibility. As shown in Table 7, all 
hypothesized paths in M1 were statistically significant. 
Service quality was strongly associated with perceived 
value (β = 0.714, p < 0.001) and behavioral intentions (β = 
0.587, p < 0.001), while perceived value was positively 
associated with behavioral intentions (β = 0.423, p < 
0.001). The indirect association between service quality 
and behavioral intentions through perceived value was 
also significant (β = 0.302, p < 0.001). 

These results indicate that students’ favorable 
evaluations of platform service quality increase perceived 
value and future use intentions, partly through perceived 
value's mediating role. M1 explained 51.0% of the 
variance in perceived value and 62.4% of the variance in 
behavioral intentions. 

Figure 4 presents the extended model. By adding 
perceived platform error exposure, M2 captures the 
negative experiential dimension of digital platform use. As 
reported in Table 8, service quality remained positively 
associated with perceived value (β = 0.593, p < 0.001, 95% 
BCa CI [0.472, 0.701]) and behavioral intentions (β = 
0.481, p < 0.001, 95% BCa CI [0.328, 0.634]). Perceived 
value also remained a significant predictor of behavioral 
intentions (β = 0.391, p < 0.001, 95% BCa CI [0.255, 
0.527]). Importantly, perceived platform error exposure 
showed a significant negative association with perceived 
value (β = −0.314, p < 0.001, 95% BCa CI [−0.453, −0.175]), 
indicating that recurring technical disruptions reduce 
students’ evaluation of platform value. The indirect effect 
of service quality on behavioral intentions through 
perceived value also remained significant (β = 0.232, p < 
0.001, 95% BCa CI [0.127, 0.352]). M2 explained 59.8% of 
the variance in perceived value, suggesting improved 
explanatory power after incorporating platform error 
exposure. 
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Figure 3. Baseline structural model (M1) excluding perceived platform error exposure. 

 
Table 7. Standardized structural path estimates, significance levels, and explained variance for the baseline model. 

Hypothesis Path Standardized β p-value Interpretation 

H1 – M1  SQ → PV 0.714 <0.001 Positive association 

H2 – M1  PV → BI 0.423 <0.001 Positive association 

H3 – M1  SQ → BI 0.587 <0.001 Positive association 

H4 – M1  SQ → PV → BI 0.302 <0.001 Significant indirect association 

Note. R² values: PV = 0.510; BI = 0.624.  

 

 

Figure 4. Extended structural model (M2) including perceived platform error exposure as a negative predictor of perceived value. 

 
Table 8. Standardized path estimates, bias-corrected confidence intervals, and effect sizes for the extended SEM model. 

Hypothesis  Path Standardized β p-value 95% BCa CI f² Interpretation 

H1 – M2 SQ → PV 0.593 <0.001 [0.472, 0.701] 0.38 Positive association 

H2 – M2 PV → BI 0.391 <0.001 [0.255, 0.527] 0.18 Positive association 

H3 – M2 SQ → BI 0.481 <0.001 [0.328, 0.634] 0.22 Positive association 

H4 – M2 FERR → PV −0.314 <0.001 [−0.453, −0.175] 0.12 Negative association 

H5 – M2 SQ → PV → BI 0.232 <0.001 [0.127, 0.352] — Significant indirect association 

Note. R² value: PV = 0.598. BCa = bias-corrected and accelerated bootstrap confidence interval. 

 

To further assess the contribution of perceived platform 
error exposure, the baseline model (M1) and the extended 
model (M2) were compared on global model fit, 

information criteria, and changes in structural estimates. 
Because M2 includes an additional construct and 
indicators, the comparison is interpreted as a descriptive 
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evaluation of alternative model specifications rather than 
as a strict nested-model test. Table 9 compares model fit 
indices between M1 and M2. In contrast, Table 10 
presents changes in the standardized direct, indirect, and 

total associations between service quality and behavioral 
intentions after perceived platform error exposure was 
incorporated into the model. 

 
Table 9. Descriptive comparison of baseline and extended model fit based on global fit indices and information criteria. 

Fit Index M1 Baseline Model M2 Extended Model Difference 

χ² scaled 612.38 574.61 −37.77 

df 352 349 −3.00 

χ²/df 1.74 1.65 −0.09 

CFI 0.952 0.964 +0.012 

TLI 0.946 0.958 +0.012 

RMSEA 0.053 0.046 −0.007 

SRMR 0.051 0.039 −0.012 

AIC 8347.12 8289.45 −57.67 

BIC 8521.83 8472.94 −48.89 

 
Table 10. Differences in SQ–BI estimates across M1 and M2 

Parameter M1 Estimate M2 Estimate Difference Relative to M2 

SQ → BI direct  0.587 0.481 22.04% 

SQ → PV → BI indirect  0.302 0.232 30.17% 

Total SQ → BI  0.889 0.713 24.68% 

 

A model comparison was conducted to evaluate whether 
including perceived platform error exposure improved the 
structural specification. As summarized in Table 9, the 
extended model (M2) consistently provided a better fit 
than the baseline model (M1). M2 produced a lower χ²/df 
value (1.65 vs. 1.74), higher incremental fit indices, 
including CFI (0.964 vs. 0.952) and TLI (0.958 vs. 0.946), 
and lower residual-based indices, including RMSEA 
(0.046 vs. 0.053) and SRMR (0.039 vs. 0.051). The 
information criteria also favored M2, as indicated by lower 
AIC and BIC values. Although the two models are best 
interpreted as alternative specifications rather than 
strictly nested models due to the additional FERR 
construct and indicators in M2, the overall pattern 
suggests that the extended model provides a better 
representation of the observed data. 

Table 10 further indicates that the estimated 
association between service quality and behavioral 
intentions became smaller after perceived platform error 
exposure was incorporated. The direct SQ–BI  coefficient 
decreased from β = 0.587 in M1 to β = 0.481 in M2, while 
the indirect SQ–PV–BI coefficient declined from β = 0.302 
to β = 0.232. Consequently, the total SQ–BI association 
decreased from β = 0.889 to β = 0.713. This reduction 
suggests that the magnitude of the service quality effect 
is sensitive to model specification. Specifically, when 
recurring platform errors are omitted, the baseline model 
may attribute a larger share of students’ behavioral 
intentions to service quality. The extended model, 
therefore, offers a more nuanced explanation by 

distinguishing positive service-quality perceptions from 
negative error-related platform experiences. 

 
 

5. DISCUSSION 

This study provides an empirically grounded explanation 
of students’ continuance intention toward digital learning 
platforms by demonstrating that platform evaluation is 
shaped by both enabling and disruptive experiences. The 
baseline model confirmed the conventional pathway in 
which service quality strengthens perceived value and 
behavioral intentions, while perceived value further 
enhances behavioral intentions. The extended model, 
however, offers a more refined explanation by showing 
that perceived platform error exposure significantly 
weakens perceived value and reduces the magnitude of 
the service quality effect. This finding indicates that 
students’ judgments of digital learning platforms do not 
emerge solely from positive assessments of service 
quality, reliability, responsiveness, or institutional 
support, but also from repeated encounters with technical 
disruption, such as slow loading, system crashes, failed 
submissions, buffering, broken links, and delayed access. 
Thus, the findings support a dual-valence interpretation 
of digital learning continuance: positive service 
experiences enhance perceived value, whereas recurring 
platform errors diminish it. 

The positive effect of service quality on perceived 
value is consistent with the Information Systems Success 
Model, which positions system quality, information 
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quality, and service quality as core determinants of 
information-system evaluation, user satisfaction, 
perceived benefits, and continued use [9], [11]. It also 
aligns with SERVQUAL theory, which conceptualizes 
service quality as reliability, responsiveness, assurance, 
empathy, and tangible service features [17]. In digital 
learning environments, these dimensions are reflected in 
platform stability, accessible learning materials, intuitive 
navigation, timely feedback, responsive technical support, 
and institutional readiness to assist users. Recent studies 
similarly show that e-learning continuance is 
strengthened when platforms are perceived as useful, 
easy to use, task-compatible, well supported, and aligned 
with students’ academic needs [22], [58], [106]. This 
means that students do not evaluate digital learning 
platforms merely as technical systems, but as integrated 
academic service environments that mediate access to 
learning, interaction, assessment, and institutional 
communication. 

The significant role of perceived value indicates that 
students’ behavioral intentions depend on whether the 
platform is perceived as academically useful, efficient, 
and worth the time and effort required to use it. This 
finding is consistent with expectation-confirmation 
theory, which explains that post-adoption intention is 
shaped by users’ evaluation of usefulness, confirmation, 
and satisfaction after actual system experience [28]. It 
also supports the perceived value perspective, which 
defines value as users’ overall assessment of benefits 
relative to costs, effort, risk, and inconvenience [17], [23]. 
In the context of higher education, perceived value 
operates as an evaluative mechanism that translates 
students’ experience of service quality into future 
behavioral responses. When students believe that a 
platform helps them access academic resources, submit 
assignments, communicate with lecturers, participate in 
online learning, and complete coursework efficiently, 
they are more likely to continue using it, recommend it, or 
choose it in the future. Recent empirical work on e-
learning confirms that satisfaction, perceived usefulness, 
perceived ease of use, task–technology fit, educational 
support, emotional support, and perceived value are 
central mechanisms underlying students’ continuance 
intention [58], [61], [106]. 

The negative effect of perceived platform error 
exposure on perceived value is the most theoretically 
important finding of the extended model. Prior e-learning 
studies often treat technical problems as part of system 
quality or service quality. The present study shows that 
recurring technical disruptions should be conceptualized 
as a distinct negative user-experience construct rather 
than merely as the absence of service quality. This 
distinction is important because a platform may be 
perceived as useful, institutionally supported, and 
academically necessary, yet still generate frustration due 
to repeated technical failures. The discriminant validity 
results support this interpretation by showing that 

perceived platform error exposure is empirically 
distinguishable from service quality. Therefore, positive 
and negative platform experiences can coexist within the 
same digital learning environment and should be modeled 
separately. 

This result is consistent with the technostress 
literature, which shows that technology-related strain can 
reduce perceived usefulness, satisfaction, learning 
quality, and continuance intention [32], [46], [53], [107]. 
In digital learning contexts, technical disruptions are not 
minor operational inconveniences. They often occur 
during high-stakes academic moments, including 
examinations, assignment submission, attendance 
verification, access to grades, synchronous learning 
sessions, and retrieval of learning materials. When such 
disruptions occur repeatedly, students may perceive the 
platform as unreliable, inefficient, and academically risky. 
This explains why perceived platform error exposure 
weakens perceived value even when service quality 
remains positively associated with behavioral intentions. 
The finding, therefore, advances digital learning 
continuance research by demonstrating that negative 
technical experiences can directly undermine students’ 
value-based evaluation of platform use. 

The comparison between the baseline and extended 
models further strengthens the contribution of this study. 
By incorporating perceived platform error exposure, the 
extended model provides a more balanced explanation of 
students’ platform evaluation. The improvement in model 
fit and the higher explained variance in perceived value 
indicate that digital learning continuance cannot be 
adequately explained by positive quality attributes alone. 
More importantly, the reduction in the direct, indirect, and 
total effects of service quality after adding perceived 
platform error exposure suggests that models excluding 
recurring technical disruptions may overestimate the 
explanatory power of service quality. In other words, when 
platform errors are not explicitly modeled, their negative 
influence may be hidden within broader evaluations of 
service or system quality. The extended model, therefore, 
contributes to the information systems and educational 
technology literature by integrating positive service 
evaluations and negative disruption exposure within a 
single continuance framework. 

Theoretically, this study extends the Information 
Systems Success Model by positioning perceived platform 
error exposure as a distinct negative construct that 
directly weakens perceived value. This refinement is 
important because digital learning success is often 
explained through system quality, information quality, 
service quality, perceived usefulness, satisfaction, and 
intention to use. The present findings suggest that this 
explanation remains incomplete unless recurring 
technical disruptions are also included as a separate 
source of value erosion. The study also contributes to 
expectation-confirmation and perceived value literature 
by showing that post-adoption evaluation in digital 
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learning is not only driven by perceived usefulness and 
confirmation, but also by the extent to which the platform 
avoids repeated technical failures. Empirically, the study 
extends the evidence base in Southeast Asian higher 
education by examining students in Indonesia and 
Malaysia, contexts where LMS, MOOCs, blended learning, 
and hybrid academic services have become increasingly 
embedded in university practice. 

Practically, the findings suggest that universities 
and platform providers should adopt a dual improvement 
strategy. First, they must continue strengthening service 
quality through reliable access, clear navigation, 
responsive helpdesk services, stable delivery of learning 
materials, instructor support, and timely institutional 
communication. Second, they must treat recurring 
platform errors as strategic educational risks rather than 
routine technical problems. Failed submissions, crashes, 
slow loading, buffering, broken links, and access errors 
can directly reduce students perceived value and weaken 
their willingness to continue using the platform. 
Universities should therefore implement proactive error 
monitoring, routine platform audits, real-time incident 
reporting, backup submission channels, server-capacity 
planning during peak academic periods, and transparent 
communication when disruptions occur. These 
interventions are especially important during 
examinations, assignment deadlines, synchronous 
sessions, registration periods, and grade-access windows, 
where technical failures can cause academic anxiety and 
erode trust in the digital learning system. 

This survey has several boundaries. First, its cross-
sectional design limits causal interpretation; thus, the 
SEM results should be viewed as statistical associations. 
Future studies should use longitudinal, experimental, or 
mixed-method approaches to examine changes in service 
quality, platform error exposure, perceived value, 
satisfaction, and behavioral intentions over time. Second, 
reliance on self-reported data may not fully capture actual 
platform performance; therefore, future research should 
combine survey data with objective platform logs, such as 
downtime, page-load speed, failed submissions, crash 
reports, helpdesk tickets, and learning analytics. Third, 
broader multi-country and multi-platform studies are 
needed to test the model across institutional types, 
disciplines, digital competence levels, and platform 
categories. Future research may also include satisfaction, 
trust, instructor presence, institutional support, digital 
competence, self-efficacy, perceived usefulness, and 
technostress to explain more comprehensively how 
platform quality and errors shape perceived value and 
continuance intention. 

 
 

6. CONCLUSION 

This study concludes that service quality and perceived 
platform error exposure influence students’ continuance 
intentions toward digital learning platforms. Service 

quality enhances perceived value and behavioral 
intentions through reliable access, responsive support, 
clear navigation, and effective academic services. In 
contrast, recurring technical problems such as slow 
loading, crashes, broken links, and failed submissions 
reduce perceived value. 

The findings confirm that perceived value mediates 
the relationship between service quality and behavioral 
intentions. Thus, students’ intention to continue using 
digital learning platforms depends not only on service 
quality itself, but also on whether they perceive the 
platform as useful, efficient, supportive, and worth using 
for academic purposes. 

The extended SEM model shows that perceived 
platform error exposure improves explanatory 
performance, highlighting the need to examine both 
positive service attributes and negative technical 
experiences. Theoretically, this study positions platform 
error exposure as a distinct negative user-experience 
construct. Practically, universities and platform providers 
should improve service quality, reduce recurring technical 
errors, and use proactive monitoring, routine audits, 
backup systems, and transparent communication to 
support sustainable platform adoption. 
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SUPPLEMENTARY 
 

Table S1.  Complete measurement items, construct dimensions, item codes, and adaptation sources used in the survey instrument. 

Construct Dimension Code Measurement Item Adaptation Source 

Service Quality Reliability REL1 The platform performs reliably during 
learning activities. 

Adapted from DeLone and McLean 
(2003) [9] and the SERVQUAL tradition 
Parasuraman et al., (1988) [17].   REL2 The platform provides consistent access 

to learning materials. 

  REL3 The platform functions properly when I 
need to complete learning tasks. 

 

 Responsiveness RES1 The platform responds quickly when I 
access learning materials. 

Adapted from DeLone and McLean 
(2003) [9] and the SERVQUAL tradition 
Parasuraman et al., (1988) [17].   RES2 Technical support promptly responds to 

platform-related issues. 

  RES3 The platform provides timely responses 
to student learning needs. 

 

  RES4 Problems related to platform use are 
addressed without unnecessary delay. 

 

 Assurance ASS1 I feel confident using the platform for 
learning activities. 

Adapted from DeLone and McLean 
(2003) [9] and the SERVQUAL tradition 
Parasuraman et al., (1988) [17].   ASS2 The platform provides a trustworthy 

digital learning environment. 

  ASS3 The platform gives me confidence that I 
can complete my learning tasks 
properly. 

 

 Empathy EMP1 The platform supports students' 
learning needs. 

Adapted from DeLone and McLean 
(2003) [9] and the SERVQUAL tradition 
Parasuraman et al., (1988) [17].   EMP2 The platform offers features suitable for 

students' academic needs. 

  EMP3 The platform helps students complete 
learning activities conveniently. 

 

 Tangibility TAN1 The platform interface is clear and well-
organized. 

Adapted from DeLone and McLean 
(2003) [9] and the SERVQUAL tradition 
Parasuraman et al., (1988) [17]. 

  TAN2 The platform design makes learning 
materials easy to access. 

 

  TAN3 The platform provides a visually 
accessible and user-friendly learning 
environment. 

 

Perceived Value  PV1 Using the platform is valuable for my 
learning. 

Adapted from Bhattacherjee (2001) [28]. 

  PV2 The platform provides useful support for 
my academic activities. 

  PV3 The benefits of using the platform are 
greater than the effort required to use 
it. 

 

  PV4 The platform helps me complete 
learning tasks efficiently. 

 

  PV5 Overall, the platform provides good 
value for my learning experience. 
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Construct Dimension Code Measurement Item Adaptation Source 

Behavioral Intentions  BI1 I intend to continue using this platform 
for learning activities. 

Adapted from Zeithaml et al. (1996) 
[39]. 

  BI2 I would recommend this platform to 
other students. 

  BI3 I am likely to use this platform again in 
future learning activities. 

 

  BI4 I would choose to use this platform 
when it is available for my courses. 

 

Perceived Platform Error 
Exposure 

 FE1 The platform crashes or freezes during 
use. 

Developed in this study through 
systems-engineering-informed item 
development, expert review (Boateng et 
al., 2018 [95]; DeVellis, 2017 [96]). 

 FE2 Video content or learning pages buffer 
or load slowly on the platform. 

  FE3 Errors occur when I submit 
assignments, access links, or complete 
learning tasks on the platform. 

 
 
Table S2.  Item-level standardized factor loadings and construct-level reliability and convergent validity statistics. 

Construct Item Standardized Loading C.R AVE Cronbach's α 

Reliability (REL) REL1 0.841 0.893 0.677 0.891 

 REL2 0.823    

 REL3 0.804    

Responsiveness (RES) RES1 0.856 0.907 0.662 0.904 

 RES2 0.812    

 RES3 0.789    

 RES4 0.797    

Assurance (ASS) ASS1 0.868 0.906 0.708 0.903 

 ASS2 0.837    

 ASS3 0.818    

Empathy (EMP) EMP1 0.791 0.861 0.609 0.857 

 EMP2 0.804    

 EMP3 0.747    

Tangibility (TAN) TAN1 0.812 0.871 0.631 0.868 

 TAN2 0.795    

 TAN3 0.775    

Perceived Value (PV) PV1 0.862 0.924 0.710 0.921 

 PV2 0.847    

 PV3 0.831    

 PV4 0.819    

 PV5 0.853    

Behavioral Intentions (BI) BI1 0.887 0.932 0.774 0.930 

 BI2 0.869    

 BI3 0.894    

 BI4 0.868    

Perceived Platform Error Exposure (FERR) FE1 0.891 0.908 0.766 0.905 

 FE2 0.874    

 FE3 0.862    

 


