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ABSTRACT
In the 21st century, technology has revolutionised education, making learning more accessible, interactive, 
and personalised. However, the digital transition has also introduced challenges, such as technostress, which 
negatively impacts student well-being and learning engagement. While technostress is often viewed as 
detrimental, emerging research suggests a positive dimension called techno-eustress, which can enhance 
motivation and adaptability. This study explores the role of IT mindfulness in shaping students’ experiences 
with techno-eustress and its impact on learning engagement in online environments. Using a quantitative 
approach, data were collected from 358 higher education students in Malaysia and analysed using partial 
least square structured equation modelling (PLS-SEM). The findings reveal that IT mindfulness significantly 
predicts techno-eustress, positively influencing behavioural, cognitive, and emotional engagement. The study 
also highlights the mediating role of techno-eustress in linking IT mindfulness to engagement, suggesting 
that students who are mindful of their technology use are more likely to perceive IT demands as challenges 
rather than burdens, thereby enhancing their learning experience. These results offer valuable insights for 
educators and institutions aiming to design effective e-learning strategies that mitigate attrition rates, foster 
engagement, and improve overall learning outcomes.

Keywords:	 Technology-mediated learning, IT-mindfulness, techno-eustress, learning engagement, online 
learning.

INTRODUCTION
In the 21st century, technology has become an integral part of modern education. While the digital modes 
of teaching have transformed the familiar way of teaching, the learning process has become more accessible, 
interactive, and personalised (Marmolejo and Groccia, 2022). Online learning platforms, virtual classrooms, 
and AI-based pedagogical tools are some halls of information dissemination quality development (Durmus, 
2025). With higher education institutions employing various innovations, the shift towards using digital 
tools in learning has become a model of critical thinking with dimensions into the future (Adedoyin and 
Soykan, 2020).
The use of digital tools in learning provides flexibility for students, personalised learning experiences, and 
opportunities for global collaboration (Wang and Li, 2024; Mazzeo et al., 2025). However, they also present 
challenges like keeping students engaged and maintaining well-being (Singh et al., 2024). Extended screen time 
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and information overload can lead to digital fatigue. Technology is not only demotivating but also potentially 
impacting mental health as well. Studies determine numerous students suffer from “technostress” (Zhao et al., 
2022; Li et al., 2024; Schettino et al., 2024), resulting from a constant demand to adapt to new technologies 
and digital learning environments (Ragu-Nathan et al., 2008). The unavailability of such support could impact 
students’ academic performance and increase dropout rates (Wang et al., 2021). Technostress is generally viewed 
negatively in education, with studies linking it to reduced well-being (Xu and Wang, 2023).
While it is necessary to analyse how students are affected by negative aspects of technostress, there remains 
a literature gap about how students can benefit from technostress and achieve outcomes that enhance 
learning engagement. New research explores its positive side, known as techno-eustress, which may boost 
learning engagement (Tarafdar et al., 2017; Califf et al., 2020; Shirish et al., 2021; Nascimento et al., 
2024). Instead of focusing solely on distress, studies now investigate how students can use technostress to 
grow and succeed academically.
Furthermore, with technology’s mounting presence in education, knowing how students adapt to IT-
enabled learning environments is paramount amidst various changes (Shirish et al., 2021). The shift to 
digital learning, especially during the COVID pandemic, highlights the need for student resilience and 
adaptability in navigating digital environments. Yet, the effectiveness of digital learning depends not on 
technologies, per se, but partly on students’ mindset towards technology use and partly toward their ability 
to cope with respective technological demands (Liu et al., 2024). Being an awareness-driven, focused, and 
open willingness to use technologies (Thatcher et al., 2018), IT-mindful students may reduce frustration and 
improve productive engagement through technological affordances in navigating the IT demands in digital 
learning environments. This approach aims to develop resilient learners in tech-driven education.

Problem Statement
The move towards online and hybrid teaching has presented opportunities and challenges, particularly 
regarding student learning engagement. One of the most pressing challenges in online learning is low 
learning engagement, which contributes to increased attrition rates. Although technostress is usually 
conceived as a negative consequence of digital education that contributes to burnout, anxiety, and 
disengagement, recent research suggests that there exists a positive dimension of tech-nostress called 
techno-eustress (Tarafdar et al., 2017). 
Techno-eustress proposes that some stressors related to the use of technology would help stimulate motivation, 
engagement, and adaptability. There is scant research on the factors that make up positive perceptions of 
technostress. Some students may find digital tools too demanding, while others may demolish productivity 
under the same demands. Individual-level traits such as IT mindfulness may determine whether students 
experience stress as a challenge or a burden. Given the potential benefits of techno-eustress in promoting 
engagement and effective learning, the specific factors that render technostress either a positive or negative force 
for students are largely unknown (Shirish et al., 2021). This study seeks to fill in this research gap by exploring 
the interplay between IT mindfulness and techno eustress that shapes students’ experiences in online learning. 
By being aware of these factors, educators and institutions can understand how to design e-learning strategies 
that inhibit attrition rates, enhance engagement, and improve overall learning effectiveness.

Objective of the Study
This study aims to investigate the role of IT mindfulness in shaping students’ experiences with techno-
eustress and its subsequent impact on learning engagement in online learning. The following research 
questions guide this research:

RQ1:	 What are the relationships between IT mindfulness, techno-eustress, and students’ learning 
engagement (behavioural, cognitive, and emotional) in online learning?

RQ2:	 What is the relationship between techno-eustress and students’ learning engagement?
RQ3:	 Does techno eustress mediate the relationship between students’ IT mindfulness and their 

engagement?
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LITERATURE REVIEW
Engagement in Online Learning
The conceptual framework of engagement theory has been widely used in distance education studies, 
given that technology offers opportunities to engage students in ways traditional classrooms can never 
hope to achieve. Fredricks et al. (2004) propose a multidimensional model of engagement that emphasises 
behavioural, emotional and cognitive engagement. These three types are essential for student success, and 
educators should foster all of them (Skinner and Belmont, 1993). Wang et al. (2019) define behavioural 
engagement as students’ active participation in academic events, including class attendance, assignment 
completion, and discussion. A pillar of good education, cognitive engagement involves students’ deliberate 
attempts to understand and internalise academic materials, which include critical thinking, problem-solving, 
and metacognition (Luan et al., 2023). Emotional engagement, sometimes known as affective engagement, is 
the range of positive and negative responses students have toward teachers, peers, courses, and the university 
itself, establishing a vital link with the academic environment and influencing the willingness to perform 
tasks (Fredricks et al., 2004). While central to student engagement research, this model also helps explain 
factors influencing academic success.
In higher education, student learning engagement is a key quality parameter, often measured through 
student interactions with their instructors, fellow classmates, and course materials (Jung and Lee, 2018). 
In online education, students interact through discussion forums, live chat sessions, instant messaging 
platforms, announcements, recorded classes, and email (Sun et al., 2023). Learning engagement strongly 
influences outcomes like student satisfaction, academic performance, and graduation rates (Brown et al., 
2022). Even before COVID-19 reshaped education, online learning was on the rise, bringing both benefits 
and challenges (Muller and Mildenberger, 2021). The pandemic underscored the importance of active 
participation in digital classrooms. Well-designed online environments can foster cognitive engagement and 
build essential skills like digital literacy and self-directed learning (Chiu, 2022). Conversely, environments 
devoid of emotional connections and substantial resources, where participants’ struggle becomes digital 
competence, could hinder their emotional and cognitive engagement, thus resulting in detrimental learning 
outcomes.

Technostress
Technological advancement has not only improved accessibility and flexibility in education, but it has brought 
with it technostress, a psychological strain individuals experience from technological demands (Bondanini 
et al., 2020). First conceived of by Brod (1984), technostress is nothing more than the negative responses 
that come in forms like techno-anxiety and technophobia and are influenced by environmental aspects, 
emotional responses, and personality characteristics (see Califf and Brooks (2020)). In higher education, 
IT-enabled learning has gained acceptance at a greater height by distracting students towards technostress, 
which negatively influences student well-being, motivation, and academic performance (Upadhyaya and 
Vrinda, 2021). Technostress arising from online learning denies learners interaction with teachers and 
increases the cognitive burden on students due to all these complications (Gabbiadini et al., 2023). Some 
students, especially those with limited ICT skills, struggle to adapt, and this results in diminished student 
learning engagement and completion rates (Zhu et al., 2023).

Techno-eustress
Eustress, identified by Selye (1950), describes a positive stress response that promotes growth and 
achievement (Quick et al., 1997). Lazarus and Folkman (1984) further carried on with the notion through 
the Transactional Model of Stress and Coping, suggesting that individual appraisals and coping mechanisms 
lead to an interpretation of stressors (such as technology) either as challenges or threats. Despite its relevance, 
eustress remains underexplored. Some link it to joy (Harris, 1970), improved performance (Quick et al., 
1997) and the gap between current and desired states (Edwards and Cooper, 1988). Others argue stress is 
context-driven, not inherently good or bad (Bienertova-Vasku et al., 2020).
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In technology-related contexts, techno-eustress involves positive evaluations in reaction to increased IT 
demands (Thatcher et al., 2018). When seen positively as techno eustress, IT demands are regarded by the 
individual as a challenge rather than an obstacle, hence enhancing the individual’s well-being (LePine et al., 
2016). However, whether technostress is rated positively (techno-eustress) or negatively (techno-distress) is 
determined by the appraiser’s individual traits, which in this case are the online students. Research shows 
these personal differences shape task outcomes (Shirish et al., 2021). This study explores how IT mindfulness 
influences students’ appraisals of tech demands, impacting their learning engagement in digital learning.

IT Mindfulness 
Mindfulness towards IT is a metacognitive orientation towards how one uses and experiences digital 
technology. Unlike the general degree of mindfulness that focuses on an awareness of the present, IT 
mindfulness is related directly to the way that people observe differences and remain open to new perspectives, 
consider alternate viewpoints, and remain focused on the present while having interactions with IT systems 
(Thatcher et al., 2018). These four dimensions reflect the level of consciousness in which people adjust 
themselves to and interpret technology in the dynamic environment.
Studies show that IT mindfulness enhances adaptability and decreases negativity towards problems and 
promotes flexible thinking and problem-solving in dealing with digital challenges (Wei et al., 2021). For 
instance, a student high in IT mindfulness could perceive new platform updates as a chance to make the most 
of his or her learning experience, compared to seeing them as an interruption. Furthermore, IT mindfulness 
develops resilience by aiding students in controlling stressed reactions and maintaining positive perceptions 
of technological stressors which are reflected in high engagement levels within digital learning environments 
(Shirish et al., 2021). The significance of IT mindfulness for education is in its ability to mitigate students’ 
reactions to technology-related stressors. Instead of viewing only the negative connotation of these stressful 
events described, IT-mindful individuals are able to feel stress, but experience feelings of motivated techno-
eustress.

Linking IT Mindfulness with Techno-eustress and Engagement
Mindfulness refers to being consciously aware of both the situation and the information at hand (Langer, 
1992). In this study, the focus is on IT mindfulness, an IT-specific cognitive skill reflecting an individual’s 
increased awareness, flexibility, and learning engagement with digital tools. Unlike general mindfulness, 
which emphasizes staying present in the moment, IT mindfulness is more about how people notice, 
interpret, and adjust to technology in dynamic learning environments (Thatcher et al., 2018). It captures a 
user’s capacity to remain focused, distinguish between technical aspects, investigate other uses, and modify 
their IT use depending on situational necessity.
This concept includes four key traits, as a second-order construct, comprises: alertness to distinction, 
awareness of multiple perspectives, openness to novelty, and orientation in the present (Thatcher and Perrewe, 
2002). For instance, some students may notice small but meaningful updates in a platform, while others 
might explore alternative uses for common tools. A willingness to try new approaches and adapt tech use as 
needed can be a real asset in online learning. Mindful individuals are also more likely to reinterpret difficult 
situations in a constructive way, which can lead to a stronger sense of direction and improved emotional 
well-being (Yeh and Barrington, 2023; Garland et al., 2015). This metacognitive state lets people consider 
pertinent underlying knowledge and experience (Sgherza et al., 2022). In online education, this might mean 
appreciating the flexibility of setting your own pace and choosing when and how to learn (Wei et al., 2021). 
Beyond affecting the way that students appraise technology related demands, the practise of IT mindfulness 
may also directly affect the way in which they engage in online learning activities. IT-mindful students are 
more likely to be able to focus attention more on learning tasks and use deeper learning strategies, and are 
more likely to report positive emotions such as interest and enjoyment while interacting with digital learning 
platforms. Prior research in educational psychology suggests that mindfulness increases self-regulation, 
attentional control and intrinsic motivation (Ryan et al., 2021) that play a central role to behavioural, 
cognitive and emotional engagement in learning environments.
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Accordingly, IT mindfulness is expected to be positively related to student learning engagement in all its 
three dimensions. Thus, we proposed the following hypotheses:

H1a:	 IT mindfulness is positively associated with behavioural engagement in online learning.
H1b:	 IT mindfulness is positively associated with cognitive engagement in online learning.
H1c:	 IT mindfulness is positively associated with emotional engagement in online learning.

When students reframe IT demands as opportunities rather than burdens, they experience what’s known 
as techno-eustress, a positive, motivating form of stress. As such, it is believed that such initiatives would 
improve students’ learning engagement in online courses. Thus, the following hypothesis is proposed:

H2:	 In online learning, students with higher level of IT mindfulness are more likely to perceive 
techno-eustress.

Students’ experiences of techno-eustress in online learning are strongly influenced by the coping strategies 
they use. When confronted with the challenges of digital tools, some students adopt problem-focused 
coping, tackling the stressor directly by learning new tech skills, seeking help from peers or instructors, or 
exploring online resources. This proactive mindset not only enhances digital proficiency but also fosters a 
sense of control and achievement, reinforcing techno-eustress as a positive experience (Weinert et al., 2020). 
Understanding these coping strategies helps to establish a good online learning environment that supports 
good stress experiences and sustains student learning engagement. Recent studies have explored how higher 
education students relate techno-eustress and learning engagement in online classes. For example, Van Slyke 
et al. (2023) found that eustress is linked to students’ motivation to stay engaged in distance learning. 
Similarly, Shirish et al. (2023) reported that when students view IT as useful, it fuels techno-eustress, which 
in turn enhances creativity and learning productivity. 
However, Mesurado et al. (2016) implied that eustress has a different function in educational environments. 
It improves the classroom flow experience but does not directly influence student learning engagement. This 
aligns with flow theory, which suggests that tasks matching a student’s skills are more likely to trigger deep 
focus and satisfaction. O’Sullivan (2011) further noted that while eustress can temporarily boost performance, 
it may not directly affect the longer-term, more stable state of engagement. This disparity emphasises the need 
for more research and explanation of techno-eustress dynamics and their function in determining continuous 
student learning engagement in online learning. Hence, the following hypothesis is formed:

H3a:	 Students experiencing higher levels of techno-eustress will show greater behavioural engagement 
in online learning.

H3b:	 Students experiencing higher levels of techno-eustress will show greater cognitive engagement 
in online learning.

H3c:	 Students experiencing higher levels of techno-eustress will show greater emotional engagement 
in online learning.

Mediating Role of Techno Eustress
The Mindfulness-to-Meaning Theory (MMT) posits that mindfulness enhances cognitive control, enabling 
individuals to find meaning in stressful experiences and boost well-being (Garland et al., 2015). Grounded 
in present-moment awareness and non-judgmental acceptance, MMT draws from mindfulness practices, 
cognitive science, and positive psychology.
In educational contexts, empirical evidence supports MMT’s relevance. Shirish et al. (2021) showed that 
IT mindfulness, through the lens of techno-eustress, boosts learning creativity and productivity. Other 
studies have linked mindfulness to emotional resilience (Lee et al., 2022) and to a deeper sense of purpose, 
influenced by traits like curiosity and openness (Tan et al., 2023). These findings underline mindfulness as 
a driver of meaning-making, adaptability, and academic engagement. This mindset enables them to adjust 
their learning approaches, stay motivated, and use technology more effectively across behavioural, cognitive, 
and emotional dimensions. Thus, the following hypotheses are developed:
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H4a:	 Techno-eustress mediates the link between IT mindfulness and behavioural engagement.
H4b:	 Techno-eustress mediates the link between IT mindfulness and cognitive engagement.
H4c:	 Techno-eustress mediates the link between IT mindfulness and emotional engagement.

Figure 1 presents the current study’s conceptual framework, which integrates IT mindfulness (Thatcher et 
al., 2018), techno-eustress (Tarafdar et al., 2017) and student learning engagement (Fredricks et al., 2005).

Figure 1. The conceptual framework

METHODOLOGY
Research Design
This research followed a quantitative, cross-sectional, correlational research design in order to investigate the 
relationships between IT mindfulness, techno-eustress and student learning engagement on online learning 
environments. Data was gathered at one point in time, which meant that associations between the study 
variables could be taken as a “snapshot” (Creswell and Creswell, 2018).
A cross-sectional non-experimental design was suitable because the study sought to investigate naturally-
occurring relationships rather than to manipulate variables and determine causal relationships (Bell et al., 
2022). This approach is a common practise in educational and information systems research, especially when 
it involves investigating psychological constructs in authentic learning situations. The correlational design 
allowed to study direct and indirect relationships with partial least square structural equation modelling 
(PLS-SEM). PLS-SEM provides options for both simultaneous estimation of complex models with multiple 
latent constructs and mediation effects, thus is suitable for theory testing in exploratory and predictive 
research (Hair et al., 2019). Similar designs have been used in previous research to investigate mindfulness, 
stress and activity in technology mediated environments (e.g., Shirish et al., 2021; Van Slyke et al., 2023).
While cross-sectional designs have some limitations in terms of causal inference, which are discussed in the 
limitations section, it is a popular design in the social sciences for theory testing and model development 
when longitudinal or experimental designs are impracticable (Rindfleisch et al., 2008). The combination 
of PLS-SEM, using theoretically motivated directional hypotheses, and temporal precedence assumptions 
that are derived from established theories (i.e., Mindfulness-to-Meaning Theory and Transactional Model 
of Stress and Coping), would seem to provide a reasonable basis for inferring potential causal relationships, 
although these inferences need to be made with due caution.
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Measurement Instruments
Measurement items (see Appendix) were adapted from previous studies. IT mindfulness was modelled as 
a second-order construct with four first-order dimensions: alertness to distinction, awareness of multiple 
perspectives, openness to novelty, and orientation in the present (Thatcher et al., 2018). Second-order 
constructs simplify structural models, improving efficiency (Hair et al., 2022). Following Ringle et al. 
(2012), IT mindfulness was treated as a reflective-formative second-order construct. Techno-eustress was 
measured with 5 items from Nascimento et al. (2024), and engagement (behavioural, cognitive, emotional) 
was assessed with items from Sun and Rueda (2012).

Data Collection
This study used a non-probability, purposive method of recruiting participants. Purposive sampling was 
appropriate because the research questions targeted a particular population, which was students of higher 
education who have experience of online learning, and who would be able to give informed answers to 
questions about their technology use and participation in the digital learning environment. Participants were 
required to meet the following inclusion criteria:

•	 Currently enrolled as an undergraduate or postgraduate student in a higher education institution
•	 Have participated in online learning for at least one full semester (minimum 12 weeks)

Data collection was done in seven states in Malaysia, i.e. Penang, Perak, Kuala Lumpur, Selangor, Johor, 
Pahang and Sabah. These states were chosen to reflect differences in geographic location (Peninsular Malaysia 
and East Malaysia) and to reflect differences in urban-rural and institutional types. Participating institutions 
included public universities, private universities, polytechnics and community colleges, with the goal of 
having a variety of students and online learning infrastructures.
Data were collected over a 6-week period using two survey modes i.e. online self-administered questionnaire 
and face-to-face paper-based questionnaire. Both modes used the same survey instruments such as identical 
wording, item order, response scales and instructions to insure measurement equivalence. The online 
survey was conducted through Google Forms and sent out through institutional learning management 
systems and student social media groups. The face-to-face survey consisted of a distribution of printed 
questionnaires to students at selected higher education institutions, where programme coordinators invited 
eligible and participating students to complete the questionnaire on a voluntary basis and collected the 
completed questionnaires in the institutions. All participants provided informed consent before completing 
the questionnaire. To ensure the quality and comparability of the data, both survey modes:

•	 contained the same attention check items, and
•	 used the same 5-point Likert scales, and
•	 used the same inclusion criteria.

Following data screening, responses obtained for both modes were combined for analysis because there were 
no differences in procedure or measurement between the two survey formats. Out of 381 responses, 23 were 
excluded due to straight-lining, leaving 358 valid samples. The required sample size was calculated using 
G*Power (Faul et al., 2009). With one predictor variable and a medium effect size (0.15), a power of 0.95, 
and a 0.05 significance level, a minimum of 89 responses per group was necessary. The final sample exceeded 
this, ensuring adequate power for analysis.

Respondents’ Profiles
The demographic data shows that the sample is mostly female (59.5%), with 50% of respondents aged 
20 or below. Regarding education, Foundation (15.4%) and Postgraduate (9.8%) students make up lesser 
percentages, whereas most respondents were pursuing their Diploma (35.2%) or Bachelor (39.6%) degrees.
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Common Method Bias
As data were obtained from a single source, common method bias (CMB) was evaluated as a possible threat to 
validity of the results (Memon et al., 2023). To prevent CMB, procedural and statistical remedies were both 
put into place. Procedurally, the survey was designed to minimise CMB through the following: (1) provision 
of a clear research information coversheet and detailed instructions; (2) keeping the questionnaire concise 
and avoiding redundant measures; (3) inclusion of reverse coded items and (4) assurance of anonymity to 
respondents and emphasising that there were no right or wrong answers (Jordan & Troth, 2020).
Statistically, CMB was analysed in a two-step process. First, the single factor test of Harman was conducted 
(Podsakoff & Organ, 1986). The exploratory factor analysis showed a suitability of the data for factor 
analysis (KMO = 0.942; Bartlett’s χ² = 9,362.35, p < 0.001) and the first factor accounted for 38.07% of 
the total variance, a percentage which is below the cut in 50%, indicating that CMB is not likely to be a 
serious problem. Second, a correlation matrix analysis and a full collinearity test was conducted with the 
variance inflation factors (VIFs) (Kock, 2015). All constructs were regressed against each other and the VIF 
values were kept within the recommended limit of 3.3 which were between 1.476 and 3.066 indicating 
lack of significant single-source bias (Diamantopoulos & Siguaw, 2006). In addition, all the inter-construct 
correlations were below 0.90, which further evidence the absence of serious common method variance.

Data Analysis
This study employed PLS-SEM to analyze both the measurement and structural models, following established 
procedures (Hair et al., 2019; Hair et al., 2022). PLS-SEM was chosen for its suitability in predictive analysis 
and theoretical development. It offers advantages such as handling non-normally distributed data (Hair et 
al., 2019) and evaluating complex research frameworks (Henseler et al., 2009). Additionally, PLS-SEM 
imposes fewer constraints on construct evaluation and optimizes explained variance in dependent variables 
while maintaining measurement model quality. The study included second-order components and mediators 
in its complex research design.

RESULTS AND FINDINGS
Evaluating the Measurement Model
The measurement model was evaluated in two steps. First, reliability and convergent validity were assessed 
with thresholds set at ≥0.5 for indicator loadings, ≥0.7 for composite reliability (CR), and ≥0.5 for average 
variance extracted (AVE). Table 2 confirms that all indicator loadings, AVE, and CR values met the required 
thresholds, ensuring reliability and convergent validity. Next, discriminant validity was tested using Henseler 
et al.’s (2015) heterotrait-monotrait (HTMT) ratios, with values below 0.85 considered acceptable. Table 
3 shows that discriminant validity was satisfactory. The IT mindfulness construct was then modelled as 
a second-order factor using Becker et al.’s (2023) two-stage approach, transforming the four dimensions 
into four items. As shown in Tables 1 and 2, all factor loadings, AVE, CR, and HTMT values were within 
acceptable limits. 

Table 1. Measurement model

Alertness to distinction Reflective

AD1 0.935 0.954 0.873

AD2 0.950

AD3 0.918

Awareness of multiple 
perspectives Reflective

AP1 0.957 0.962 0.927

AP2 0.968
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Openness to novelty Reflective

ON1 0.932 0.953 0.871

ON2 0.930

ON3 0.938

Orientation in the present Reflective

OP1 0.929 0.957 0.881

OP2 0.944

OP3 0.944

Techno-eustress Reflective

TE1 0.839 0.929 0.723

TE2 0.869

TE3 0.829

TE4 0.844

TE5 0.870

Behavioural Engagement Reflective

BE1 0.875 0.926 0.715

BE2 0.852

BE3 0.839

BE4 0.824

BE5 0.839

Cognitive Engagement Reflective

CE1 0.770 0.934 0.640

CE2 0.810

CE3 0.805

CE4 0.811

CE5 0.810

CE6 0.817

CE7 0.787

CE8 0.787

Emotional Engagement Reflective

EE1 0.817 0.922 0.663

EE2 0.819

EE3 0.818

EE4 0.811

EE5 0.806

EE6 0.814

Note: AD: Alertness to distinction; AP: Awareness of multiple perspectives; ON: Openness to novelty; OP: Orientation in the present; TE: Techno-
eustress; BE: Behavioural engagement; CE: Cognitive engagement; EE: Emotional engagement.
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Table 2. Discriminant validity (HTMT Ratios)

AD AP ON OP TE BE CE EE

AD

AP 0.097

ON 0.062 0.026

OP 0.060 0.029 0.097

TE 0.406 0.415 0.459 0.477

BE 0.316 0.368 0.362 0.386 0.833

CE 0.358 0.294 0.365 0.343 0.766 0.584

EE 0.319 0.386 0.354 0.334 0.767 0.601 0.570

At the first-order construct level, it’s important to determine whether each first-order construct contributes 
to shaping the second-order construct (Hair et al., 2011). To do this, the significance and weights of the 
first-order constructs in relation to the second-order construct were analysed (Table 3). In the case of a 
formative higher-order construct, these weights matter because they highlight the key drivers of the higher-
order construct (Becker et al., 2012).
In all approaches, the first-order constructs have significant weights, which supports their relevance in forming 
the second-order constructs as originally theorised. This also confirms a sufficient level of validity (Hair et 
al., 2011). Additionally, the weights are all above 0.10 and align with the expected theoretical framework 
(Duarte and Amaro, 2018). Using the disjoint two-stage approach, orientation in the present carries the 
highest weight (0.570) on the second-order construct, whereas the lowest is alertness to distinction, with a 
weight of 0.446. The t-statistics in the disjoint two-stage approach strongly suggest a meaningful relationship 
between the constructs. Table 3 shows the bootstrapping method with 10,000 samples.

Table 3. Weights of the first-order constructs on the second-order constructs

Second-order construct First-order construct Weight t p-value

IT Mindfulness 

Alertness to distinction 0.446 12.056 0.000

Awareness of multiple perspectives 0.522 13.228 0.000

Openness to novelty 0.518 13.742 0.000

Orientation in the present 0.548 13.118 0.000

Evaluating the Structural Model
The dataset was assessed for multivariate skewness and kurtosis, revealing non-normality (Mardia’s skewness 
β = 2.214, p < 0.01; kurtosis β = 32.322, p < 0.05). Following Becker et al. (2023), bootstrapping with 
10,000 samples was used to generate path coefficients, standard errors, t-values, and p-values for the 
structural model (Table 4).
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Table 4. Hypothesis test results for the direct relationships

Hypotheses Beta SE t-value f2 Decision

H1a: IT mindfulness  Behavioural engagement 0.162 0.062 2.613** 0.020 Supported

H1b: IT mindfulness  Cognitive engagement 0.195 0.064 3.005** 0.025 Supported

H1c: IT mindfulness  Emotional engagement 0.244 0.064 3.824*** 0.038 Supported

H2: IT mindfulness  Techno-eustress 0.824 0.018 45.623*** 2.116 Supported

H3a: Techno-eustress  Behavioural engagement 0.619 0.058 10.713*** 0.289 Supported

H3b: Techno-eustress  Cognitive engagement 0.539 0.062 8.738*** 0.187 Supported

H3c: Techno-eustress  Emotional engagement 0.491 0.064 7.736*** 0.154 Supported

Note: *** p<0.001; ** p<0.01; Techno-eustress R²=0.679; Behavioural engagement R²=0.575; Cognitive engagement R²=0.502; Emotional 
engagement R²=0.498; bootstrapping at 10,000 samples

Direct Effects
The results show that IT mindfulness has a significant positive impact on all the endogenous constructs. 
Specifically, IT mindfulness is a significant predictor of behavioural engagement (β = 0.162, p < 0.01), 
cognitive engagement (β = 0.195, p < 0.01) and emotional engagement (β = 0.244, p < 0.001) supporting 
H1a, H1b and H1c. IT mindfulness is also found to have a significant positive relation with techno-eustress 
(β = 0.824, p < 0.001), thus providing good evidence for H2. This finding suggests that the mindful awareness 
of digital tools works to change potential stressors to motivating challenges and boost learning engagement.
In turn, techno-eustress is a significant predictor of behavioural engagement (β = 0.619, p < 0.001), cognitive 
engagement (β = 0.539, p < 0.001) and emotional engagement (β = 0.491, p < 0.001), which is supporting 
H3a, H3b and H3c. These substantial path coefficients suggest that when positive challenges are perceived 
instead of threats through technology-related demands, students are more engaged in learning activities, 
have greater cognitive processing of course materials and have more positive emotional connexions to their 
learning experience.

Mediation Analysis – Indirect and Total Effects
Mediation effects were analysed using bootstrapping with Smart PLS, a robust technique recommended 
by Preacher and Hayes (2004, 2008). Bootstrapping enhances the accuracy of indirect effect estimations, 
making it ideal for mediation analysis (Shrout & Bolger, 2002; Zhao et al., 2010) (Table 5).

Table 5. Mediation results

Hypothesis Indirect effect Total effects Variance 
Accouted For Decision

H4a IT mindfulness  Techno-eustress  Behavioural 
engagement 0.510*** 0.672*** 75.9% Supported

H4b IT mindfulness  Techno-eustress  Cognitive 
engagement 

0.444*** 0.640*** 69.4% Supported

H4c IT mindfulness  Techno-eustress  Emotional 
engagement 0.405*** 0.649*** 62.4% Supported

Note: *** p<0.001; bootstrapping at 10,000 samples
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The results show that IT mindfulness has exerted significant indirect effects on all three dimensions of 
learning engagement via techno-eustress, i.e. behavioural engagement (β = 0.510, p < 0.001), cognitive 
engagement (β = 0.444, p < 0.001) and emotional engagement (β = 0.405, p < 0.001). These results support 
the existence of mediation for all three dimensions of engagement, thus H4a, H4b and H4c are accepted. To 
identify the strength and form of mediation the Variance Accounted For (VAF) was calculated as the ratio of 
the indirect effect to the total effect.
For behavioural engagement, the total effect of IT mindfulness is β = 0.672 (75.9% of which is accounted 
for by the indirect pathway via techno-eustress). For cognitive engagement the sum effect is β = 0.640 and 
69.4% is mediated by techno-eustress. Similarly, for emotional engagement the total effect is β = 0.649, of 
which 62.4% is indirect effect.
According to established guidelines (Hair et al., 2019), values ranging from 20% to 80% indicate that 
mediation is partial while values above 80% suggest full mediation. In this study, all VAF values are within 
the partial mediation range which indicates that techno-eustress partially mediates the relationships between 
IT mindfulness and all three dimensions of student engagement. Moreover, since both the direct effect and 
indirect effect are positive significant, therefore the mediation can be considered as a complementary partial 
mediation (Zhao et al., 2010). This implies that techno-eustress augments rather than supplants the effect of 
IT mindfulness on student engagement. 
Overall, the results of the mediation analysis show that although IT mindfulness has a direct contribution to 
behavioural, cognitive and emotional engagement, a sizeable portion of its effect, from about 62% to 76%, 
is indirect, mediated by techno-eustress. These findings point to techno-eustress as an important explanation 
of the nature of the relationship between mindful technology use and student learning engagement in online 
learning environments.

Explanatory Power of the Model and Effect Sizes
The coefficient of determination (R2) was used to access the explanatory power of the structural model. 
The model accounted for 67.9% of variance of techno-eustress (R2 = 0.679), which represents a substantial 
amount of explanatory power. For student learning engagement, the model explained 57.5% variance of 
behavioural engagement (R2 = 0.575), 50.2% variance of cognitive engagement (R2 = 0.502) and 49.8% 
variance of emotional engagement (R2 = 0.498). According to established guidelines (Hair et al., 2019), 
these R2 values are moderate to substantial levels of variance explained and indicate that the model captures 
key determinants of student learning engagement in online learning in a satisfactory manner.
Effect sizes (f2) were analysed to examine the relative contribution of each of the exogenous constructs to the 
endogenous variables. IT mindfulness showed an extremely large effect on techno-eustress (f2 = 2.116), and 
thus, IT mindfulness is a dominant predictor of positive appraisals of technology-related stress in students. 
Techno-eustress had a medium to large effect sizes on the three dimensions of engagement, with behavioural 
engagement having the strongest effect, then cognitive and emotional engagement. This pattern suggests that 
techno-eustress is at the centre of the explanation of student engagement, especially energising observable 
learning behaviours.
While the analsyis revealed statistically significant relationships of IT mindfulness on behavioural, cognitive 
and emotional engagement, the effect size suggests only a minimal proportion of variance explained, with 
minimum practical relevance. The small effect sizes (f2) for direct paths are as expected in partial mediation 
models in which the mediator (techno-eustress) explains most of the variance. The significant path 
coefficients confirm the presence of direct effects, and that they are of theoretical significance for explaining 
the phenomenon, although they do not add much unique variance to the model, above and beyond the 
dominant indirect pathway. This pattern validates our mediation model and shows that techno-eustress is 
actually the core mechanism that IT mindfulness has on engagement.
Taken together, the result of these findings indicates that although IT mindfulness has a direct effect on 
student engagement, its explanatory power is indirect because it happens through techno-eustress, which 
is a key mechanism through which mindful technology utilisation relates to behavioural, cognitive and 
emotional engagement in online learning situations.
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Predictive Power of the Model
All indicators exhibit positive Q²predict values, ranging from 0.223 to 0.541, indicating that the model 
demonstrates out-of-sample predictive relevance for all endogenous constructs. According to Hair et al. 
(2022), Q²predict values greater than zero suggest that the model predicts data points better than a naïve 
benchmark, thereby confirming predictive validity.

DISCUSSION
This study investigated the relationship between IT mindfulness, techno-eustress, and their impact on 
learning engagement in online learning. Using PLS-SEM, the results highlight the key role of IT mindfulness 
in fostering techno-eustress, which in turn drives learning engagement.

IT Mindfulness and Student Learning Engagement
The results indicate that IT mindfulness has significant direct effects on behavioural engagement 
(β = 0.162,), cognitive engagement (β = 0.195) and emotional engagement (β = 0.244), which supports 
H1a, H1b and H1c. Although these effect sizes are small (f2 = 0.020 – 0.038), they are meaningful 
contributions to the engagement beyond the pathway via techno-eustress. These direct effects can represent 
a number of mechanisms. IT mindfulness may improve engagement by improving cognitive efficiency 
when navigating learning platforms, by strengthening metacognitive awareness of learning processes, by 
reducing distraction through present moment focus, or by being able to make more strategic choices of 
technology. These competency-based mechanisms run alongside the stress appraisal pathway, implying the 
mindful use of technology is beneficial for students in a variety of ways.

IT Mindfulness and Techno-eustress
The results indicate that IT mindfulness is strongly associated with techno-eustress (β = 0.824), in favour of 
H2. This large relationship and very large effect size (f2 = 2.116) shows that mindful awareness of approach 
to technology is significantly associated with students being more likely to experience technology-related 
demands as stimulating challenges as opposed to overwhelming threats. 
This finding is consistent with the Transactional Model of Stress and Coping (Lazarus & Folkman, 1984), 
which argues that stress reactions are due to people’s cognitive appraisals of the demands, not the demands 
themselves. IT-mindful students have cognitive resources capable of adaptive stress appraisals (i.e., thinking 
about technological challenges as opportunities to develop competence instead of frustrating barriers), they 
are more likely to think critically about technology use. The very large effect size suggests that IT mindfulness 
is a dominant factor in the shaping of techno-eustress extending previous research of Shirish et. al. (2021) 
and Wei et. al. (2021). 
From the theoretical perspective, these results are consistent with the Mindfulness-to-Meaning Theory 
(Garland et al., 2015), which suggests that mindfulness leads to positive reappraisal of stressful experiences. 
In the case of online learning, IT mindfulness is an example of performing this reappraisal function, and 
its job is to help students understand technological demands in a mode of opportunity rather than threat.

Techno-eustress and Student Learning Engagement
The results show that there is a significant relationship between techno-eustress and behavioural engagement 
(β = 0.619), cognitive engagement (β = 0.539), and emotional engagement (β = 0.491), which supports 
H3a, H3b, and H3c. The medium effect sizes (f2 = 0.154 – 0.289) highlight the significant role played by 
positive stress appraisals in mobilizing learning engagement in a variety of dimensions.
These findings add to new literature that questions a traditional understanding of technology-related stress 
as being uniformly detrimental. While there has been a great deal of research on the negative consequences 
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of technostress (Wang et al., 2021; Zhao et al., 2022), our results show that techno-eustress is a motivational 
force. Students with techno-eustress are better engaged in online activities, at a higher level of cognitive 
processing, and have more positive emotional relationships with learning.
These results are similar to those by Shirish et al. (2023), Zhao et al. (2023) and Kocak and Pawlowski (2024) 
who emphasized on the productive potential of eustress in digital learning. However, this research extends this 
work as it concurrently investigates three different learning engagement dimensions. Consistency observed 
across behavioural, cognitive and emotional dimensions suggested that positive stress appraisals have holistic 
effects on the learning experience. From a theoretical perspective, these findings are consistent with the 
Challenge-Hindrance Stressor Framework (LePine et al., 2016) in which techno-eustress serves as a challenge 
stressor that can activate the motivational systems of students and encourage them to be actively engaged.

The Mediating Role of Techno-eustress
The mediation analysis shows that techno-eustress is a partial mediator in relationships between IT 
mindfulness and all three engagement dimensions, which supports H4a, H4b, and H4c. The indirect 
effects through techno-eustress are large (β = 0.405 – 0.510) representing about 62% – 76% of total effects. 
The existence of significant direct effects (H1a-c: β = 0.162 – 0.244) shows that IT mindfulness affects 
engagement via two pathways: majorly by techno-eustress (the major pathway) and secondarily through 
direct mechanisms (minor pathway).
This partial mediation pattern has important theoretical implications. It proposes that IT mindfulness works 
on many levels with techno-eustress as the dominant pathway. This is in line with the Mindfulness-to-
Meaning Theory (Garland et al., 2015), which suggests that mindfulness acts to improve outcomes by way 
of cognitive reappraisal - which is represented by our indirect pathway. However, the presence of direct effects 
suggests the existence of additional competency-based processes that operate in excess of stress appraisal.
The finding that techno-eustress accounts for the majority of effects (62% - 76%) confirm the centrality of this 
construct in theory, while recognising the complexity of the impact of mindfulness in technology-mediated 
learning. The relative strength is different for learning engagement dimensions with techno-eustress explains 
75.9% effects on behavioural engagement, 69.4% effects on cognitive engagement, and 62.4% effects on 
emotional engagement. This pattern indicates that stress appraisal may be especially important for behavioural 
outcomes (active participation) and moderately important for cognitive and emotional outcomes, in which 
case there are also direct beneficial effects of mindful technology use playing meaningful roles.
These findings build on previous research on IT mindfulness and techno-eustress. Shirish et al. (2021), 
showed relationships between these constructs, but they did not formally test mediation pathways or direct 
effects. Our study is more complete in that we show both the indirect pathway (mediated) and the direct 
pathway, where the indirect pathway was dominant. The partial mediation pattern also gives contributed 
to the Transactional Model of Stress and Coping (Lazarus & Folkman, 1984), suggesting that although the 
appraisal processes play a central role in the coping process, mindfulness interventions generate benefits 
through various routes.
The model shows strong explicatory power with IT mindfulness accounting for 67.9% of variance of techno-
eustress and the combined model 57.5%, 50.2%, and 49.8% of variance of behavioural, cognitive, and 
emotional engagement respectively. These R2 values are significantly larger than traditional values (Cohen, 
1988), suggesting that the model reflects important mechanisms that relate IT mindfulness and learning 
engagement in online learing context.

Theoretical Contribution
This study contributes to the research on learning engagement, techno-eustress and IT mindfulness by 
showing that IT mindfulness promotes engagement via indirect (techno-eustress) and direct routes. Techno-
eustress is found to be the most dominant mechanism (62% – 76%) while direct effects are found to offer 
supplementary benefits (24% – 38%) with the development of a dual pathway process, involving cognitive 
reappraisal and competency building.
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Consistent with previous research on the dual nature of technology-related stress (Tarafdar et al., 2017; 
Califf et al., 2020; Zhao et al., 2020), the results support the evidence that techno-eustress can lead to 
increased engagement in online learning (Awang Kader et al., 2022; Abd Aziz et al., 2023). Unlike research 
that has been done on the assumption that focus solely on negative stress, this research indicates that IT 
mindfulness not only turns IT difficulties into motivating experiences but also creates digital competencies 
that stand on their own basis for engagement.
The research is a further extension of the Mindfulness-to-Meaning Theory (Garland et al., 2015) showing 
that it applies to technology-mediated learning, where meaning-making by reappraisal (techno-eustress) is the 
main but not only mechanism. It is also a part of the Transactional Model of Stress and Coping (Lazarus and 
Folkman, 1984) in which the relative influence of appraisal-based and competency-based pathways is quantified. 
By determining the overwhelming presence of techno-eustress with the awareness of substantial direct impacts, 
this research offers a more nuanced account of the workings of mindfulness in digital learning contexts.

Practical Contribution
The findings have significant implications for legislators and educational institutions. Universities and 
colleges should incorporate IT mindfulness training into their curricula to help students manage their digital 
interactions, as IT mindfulness plays a crucial role in techno-eustress. Offering digital well-being courses that 
address screen time and strategies for managing technology use can promote mindful practices. Additionally, 
courses should encourage balanced technology use, emphasize targeted assignments, and provide tools for 
time management, tech-free zones, and self-reflection, which can mitigate negative stress and harness the 
positive effects of techno-eustress for learning engagement.
Educational institutions should also implement digital stress management strategies, as techno-eustress 
significantly influences behavioural, cognitive, and emotional engagement. This includes adaptive learning 
tools, well-being initiatives, and course design adjustments that prevent student overload while fostering 
engagement. Creating a supportive environment for managing digital stress will optimize the benefits of 
technology-enhanced learning.
Finally, the mediating role of techno-eustress suggests that a positive view of technology can enhance student 
learning engagement. Institutions should rethink their teaching approaches by integrating collaborative IT 
tools and methods that encourage IT mindfulness, making technology-driven learning more enjoyable and 
improving overall student outcomes.

Limitation and Future Research
While this study contributes valuable insights, it has several limitations. First, the reliance on self-reported 
survey data may introduce common method bias. Future research should incorporate objective measures, 
such as physiological stress markers or learning analytics, to provide a more comprehensive understanding 
of learning engagement. Additionally, the use of a cross-sectional research design limits the ability to 
make strong causal inferences between IT mindfulness, techno-eustress and student learning engagement. 
Although the proposed relationships are theoretically based and supported by previous research, the data 
were obtained at a single point in time, which does not provide an opportunity to investigate how the 
proposed relationships might change as students gain experience with online learning technologies. Future 
studies could be longitudinal to capture changes in IT mindfulness, stress appraisals and engagement over 
time to provide better evidence of causal ordering and temporal dynamics.
Second, the study’s focus on a specific educational environment limits its generalizability. Future studies 
should explore other contexts, such as digital transformation efforts in the professional workforce or across 
different cultural settings, to validate and expand these findings.
Third, this study focuses on how IT mindfulness impacts students’ online learning engagement but highlights 
the potential value of other individual traits, such as personality, growth mindset, and coping flexibility, as 
coping resources. Future research should explore how these traits influence students’ academic performance, 
mental health, and overall learning outcomes, particularly in relation to IT use and task characteristics.
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CONCLUSION
This paper emphasises IT mindfulness’s important role in determining how engaged students are better 
off in their learning via techno-eustress. The results show that although stress connected to technology is 
unavoidable, it promotes better behaviour, cognitive, and emotional engagement when properly appreciated 
and controlled. These real-world findings underscore the importance of conscious digital interactions and 
stress-management techniques in IT-enabled learning environments, therefore supporting both theoretical 
knowledge and practical interventions. Future studies should investigate more particular characteristics and 
teaching strategies that improve the favourable results of technology-mediated learning.
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APPENDIX 
Items of key variables which adapted to online learning setting

IT mindfulness (Thatcher et al., 2018)
Alertness to Distinction

1.	 I find it easy to create new and effective ways of using technology in online learning.

2.	 I am not creative when using technology in online learning. (R)

3.	 I make many novel contributions to my academic-related tasks through the use of technology in online learning.

Awareness of Multiple Perspectives

1.	 I am often open to learning new ways of using technology in online learning.

2.	 I do not have an open mind about new ways of using technology in online learning. (R)

3.	 I use new technology in many different ways to support my studies in online learning. *

Openness to Novelty

1.	 I like to investigate different ways of using technologies in online learning.

2.	 I am not curious about different ways of using technologies in online learning. (R)

3.	 I like to figure out different ways of using technologies in online learning.

Orientation in the Present

1.	 I often notice how other people are using new technologies in online learning.

2.	 I attend to the ‘big picture’ of a project when using technology in online learning.

3.	 I ‘get involved’ when using technology in online learning.

Techno-eustress (Nascimento et al., 2024) 
1.	 academic-related problems?

2.	 In general, how often do you feel motivated by your stress that stems from technology?

3.	 When faced with technology-related stress, how often do you find that the pressure makes you more productive 
in online learning?

4.	 How often do you feel that you perform better on a task involving technology when under academic pressure?

5.	 How often do you feel that stress in online learning that stems from technology has a positive effect on your 
performance?

Behavioural Engagement (Sun and Reuda, 2012)
1.	 I follow the rules of the online class.

2.	 I have trouble using the online class. (R)

3.	 When I am in the online class, I just ‘act’ as if I am learning. (R)

4.	 I am able to consistently pay attention when I am taking the online class.

5.	 I complete my homework on time.
Emotional Engagement (Sun and Reuda, 2012)

1.	 I like taking the online class.

2.	 I feel excited by my work at the online class.

3.	 The online classroom is a fun place to be.

4.	 I am interested in the work at the online class.

5.	 I feel happy when taking online class.

6.	 I feel bored by the online class. (R)

Cognitive Engagement (Sun and Reuda, 2012)
1.	 I check my schoolwork for mistakes.

2.	 I do not study at home when I do not have a test. (R)

3.	 I try to look for some course-related information on other resources such as television, journal papers, magazines, etc.

4.	 When I read the course materials, I ask myself questions to make sure I understand what it is about.

5.	 I read extra materials to learn more about things we do in the online class.

6.	 If I do not know about a concept when I am learning in the online class, I do something to figure it out.

7.	 If I do not understand what I learn online, I go back to watch the recorded session and learn again.

8.	 I do not talk with people outside of school about what I am learning in the online class. (R)

Notes: * deleted during data analysis due to poor factor loading at the measurement model stage; (R) Reverse coded items
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