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Abstract
E-learning systems are widely deployed in higher education institutions but sustaining
students’ continued use of e-learning systems remains challenging. This study investi‑
gated the relationship between e-learning engagement, flow experience and learning
management system continuance via a mediated moderation interaction model. The
context of the study is a Moodle LMS supporting a blended learning environment.
After controlling age and gender, a PLS analysis of 92 students’ samples with a reflec‑
tive flow construct explained 49% of the variance in the research model. The analysis
shows that flow mediates e-engagement and perceived ease of use with a direct posi‑
tive impact on e-learning system continuance. Flow has an indirect impact through
perceived usefulness on e-learning system continuance. However, the direct impact of
flow on system continuance weakens as e-learning engagement increases. This finding
may help to explain the mixed and inconsistent impact of flow in the e-learning sys‑
tem continuance literature. The dual effect of flow suggests that instructors must care‑
fully balance pedagogical decisions intended to heighten flow experience to generate
positive learning outcomes through e-engagement and its consequence of reduced
impact on continued system use.
Keywords: Flow, Learning management system continuance, e-Learning
engagement

Introduction
Learning management systems (LMS) provide an important delivery channel that
overcomes the constraints of space and time in traditional face-to-face learning (Schophuizen et al., 2018; Zhao et al., 2020). Currently, there are many learning management
systems, for example, WebCT, Moodle, OLAT, and Sakai. Despite their technological and pedagogical affordances, sustaining students’ continuous use of LMS remains
challenging in both the online and blended learning environment (Ashrafi et al., 2020;
Choudhury & Pattnaik, 2020; Rasheed et al., 2020). According to Rasheed et al. (2020)
there is a gap in understanding of the online component of blended learning and the
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issues facing students that prevent the continued use of LMS. Rasheed et al. (2020) and
Ashrafi et al. (2020) in their studies identified technological literacy, competency and
complexity, system navigation and hedonic factors among other factors that are challenging students’ use of LMS in blended learning. These factors directly affect students’
intrinsic and extrinsic motivation and their perceived intention of using the LMS.
Ashrafi et al. (2020) concur in their study and believe it is of immense importance to
understanding the underlying mechanisms that encourage learners to continue use of
learning management systems beyond system adoption and usage. The technology
acceptance model (TAM) which focused on the utilitarian perspective has been widely
applied to investigate learners’ acceptance and continued use of e-learning systems
(Granić & Marangunić, 2019; Scherer & Teo, 2019). Factors such as perceived usefulness, ease of use, and students’ attitudes toward technology have been found to be key
influencing factors. However, recent advancement of e-learning technologies applications such as educational games, virtual reality, interactive classroom responses, group
chat, real-time interactive video and analytics highlighted the rapid development of LMS
pedagogical functionalities. With such a rapid development, there is a need to identify
new factors and moderators that could better explain the dynamic nature of students’
motivation and continued system use. Moreover, as part of the learning management
systems modules these learning applications require students to consistently use and
engage with them to achieve the learning objectives. These new applications within LMS
will generate new forms of interaction and usage dynamics that require understanding
but have currently received limited attention in research (Granić & Marangunić, 2019;
ŠUmak et al., 2011; Sun & Zhang, 2006).
To understand the dynamic nature of students’ motivation and continued system
use, we propose a model that integrates the technology acceptance model and the flow
experience (Csikszentmihalyi, 1975) that is derived from engaging with various learning activities of e-learning systems. Csikszentmihalyi (1975) introduced the theory of
flow in the 1970s. Flow is described as the optimal engaging experience characterised
by intense focus, control, interest and a balance of skill and challenges. Flow experience makes learners feel fully immersed in their learning engagement and influences
their subsequent usage behaviour. It is a cohesive construct useful for designing, evaluating and explaining human-technology interaction and continued usage experience
(Oliveira, 2019). Unlike the utilitarian perspective of TAM, flow experience is associated
with motivational drive and is perceived to be a universal experience that occurs across
all classes, genders, ages, and cultures while engaging with different activities (Mihaly
Csikszentmihalyi & Asakawa, 2016). Moreover, flow experience is linked to individual
intrinsic motivations that could complement the extrinsic motivations of the TAM
model (Cheng, 2013; Nakamura et al., 2019). By integrating flow into the TAM model
and including the interaction of individual factors, the model contains dual motivation
factors that could better explain the dynamic nature of students’ motivation and continued system use.
The rest of the paper is organised as follows. In the next section, we discuss related
research based on e-learning systems that utilise flow theory. Then, we explain the
research model and develop the hypotheses. Next, we discuss the research methodology
which includes the measurement instrument, data collection and data analysis. Lastly, a
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discussion, implications for future research, limitations and a conclusion complete the
paper.

Related work
Flow Theory has been utilised to address the issues of students’ learning motivation,
engagement, exploration, satisfaction, and performance in various application domains,
notably in e-learning, educational games, virtual worlds and virtual learning environments (Auld, 2014; dos Santos et al., 2018). Despite its popularity, research findings
on the relationship between flow experience and students’ continued usage intention
towards e-learning systems remain limited and dominated by inconsistency. Table 1
provides a spectrum of studies from 2005 to 2020 comprising flow experience as an
independent variable and continued usage intention as a dependent variable. A few
observations can be made.
First, the flow and continued usage intention relationship is inconsistent. For instance,
a study by Davis and Wong (2007) showed that flow experience has a direct impact on
the intention to use an e-learning system and it was a stronger predictor than the perceived usefulness. It demonstrated that the affective flow state is more important in
determining a learner’s intention to use an e-learning system than the learner’s beliefs
about the usefulness of an e-learning system. However, the finding by Rodríguez-Ardura
and Meseguer-Artola (2016) showed that flow experience and perceived usefulness were
mediated by attitude, with flow having a very small indirect influence on continuance
intention compared to perceived usefulness. Yet Guo et al. (2016) showed that flow
experience had no direct impact but an indirect impact on continuance intention to use
online courses. Table 1 also quantifies the impact of flow on continued usage intention,
which varies from no impact to a high direct impact of 0.61 with a median value of 0.17.
All the studies except the one by Khan et al., (2017) did not consider control variables
and moderators. The model fit measured by R
 2 varies from 0.275 to 0.581 with a median
of 0.37. These inconsistent relationships suggest that the flow dynamic is complex and
sensitive to unknown situational and individual factors that were not considered in the
studies (Mahnke et al., 2014; Sun & Zhang, 2006).
Second, the flow construct is inconsistent. Operationalisations of the flow construct
range from a simple first-order construct to a second-order construct. For instance, the
study by Meyer and Jones (2013) adopted a single dimension 7-item scale to ascertain
that concentration and focus, sense of control and a clear goal were correlated with
course satisfaction in online courses. Guo et al. (2016), however, adopted a second order
4-dimension scale to show that telepresence, immersive experience and enjoyment are
related to flow and generate a chain of positive outcomes when applied in an integrated
flow framework model. Zhao et al. (2020), on the other hand, adopted a single dimension 3-item scale to ascertain that telepresence and social presence are predictors of flow
related to the intention to continue using MOOCs.
Lastly, most studies on the relationship between flow and continued system use treat
flow as an “optimal experience” associated with a broad variety of positive outcomes in
terms of positive motivation, well-being and performance (Zimanyi & Schüler, 2021).
There was little discussion on whether the impact of flow would be weakened or inverted
due to factors associated with the intensity and the types of interaction activities within
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Table 1 A survey of flow constructs and its impact measured by path strength and R2 on continued
intention in e-learning
References

Constructs

Dependents

Flow Impact

R2

Cheng (2013)

Perceived useful‑
ness
Perceived ease
of use
Flow

Intention to use
e-learning
systems

0.146

0.917 (GFI) 1 dimension (3
items)
Absorption
Enjoyment
Passage of time

Khan et al., (2017) Flow Experience

Use of learning
management
system

0.184

0.333

1 dimension (4
items)
Fun
Interesting
Exciting
Absorbing
2nd order (3 dimen‑
sions)
Temporal dissocia‑
tion
Focused immersion
Heightened enjoy‑
ment

Flow Construct

Saadé and Bahli
(2005)

Cognitive absorp‑ Intention to use
tion
online learning
Perceived useful‑
ness
Perceived ease
of use

0.17 (competing
model)

0.289

Esteban-Millat
et al., (2018)

Perceived useful‑
ness
Perceived ease
of use
Flow
Attitude

ns

0.901 (GFI) 1 dimension (3
items)
Experienced flow
Frequency of flow
Time on flow

Hong et al., (2019) Prediction-obser‑ Continuance
vation-quizintention to use
explanation
e-learning for
Green energy
green energy
learning
learning
Self-efficacy
Intrinsic cognitive
load
Incremental
belief of intel‑
ligence
Flow

0.525

0.275

Rodríguez‐Ardura Challenge
and Meseguer‐ Control
Artola (2017)
Focused atten‑
tion
Presence
Flow
Positive affect

0.01 (Indirect)

0.928 (GFI) 1 dimension (3
items)
Experienced flow
Frequency of flow
Time on flow

Intention to use
an e-learning
environment

Continuance

1 dimension
(4 items)
Focus
Sense of time
Attention
Engrossment

Lu et al. (2019)

Confirmation
Continuous
Perceived useful‑
intention to use
ness
MOOC
Perceived interest
Flow
Satisfaction

0.142 (Indirect)

0.438

1 dimension (3
items)
Distraction
Frustration
Concentration

Guo et al., (2016)

Perceived
Continuance
hedonic value
intention of
Perceived utilitar‑
online learning
ian value
Satisfaction
Flow

0.524 (Indirect)

0.52

2nd order (4 dimen‑
sions)
Concentration on
the task at hand
Loss of self-con‑
sciousness
Sense of control
Time distortion
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Table 1 (continued)
References

Constructs

Dependents

Flow Impact

R2

Flow Construct

Liu et al., (2009)

Concentration
(flow)
Perceived ease
of use
Perceived useful‑
ness
Attitude

Intentions

0.265 (best
model)

0.581

1 dimension (3
items)
Absorption
Focus
Engrossment

Continuance
intention to use
MOOC system

0.61

0.37

1 dimension (3
items)
Absorption
Curiosity
Arousal

Zhao et al., (2020) Flow
Social presence
Telepresence

a learning management system context. According to Zimanyi and Schüler (2021), when
individuals desire to experience flow over and over again it may generate addictive
behaviour which concurs with Csikszentmihalyi’s (1990, p. 62) flow theory that enjoyable activities that produce flow have a potentially negative aspect. Learning management systems’ integration with gamification and social network activities may be prone
to inducing negative effects. Hence, activities that induce flow experience by stimulating
e-learning engagement may need to be aware of how flow would affect the overall learning and usage dynamic. To our knowledge, no study has investigated the role of flow in a
mediated moderation model and how engagement affects the continued use of learning
management systems in a blended environment.

Research model and hypotheses
According to Csikszentmihalyi (1975), when an individual experiences flow it is very
enjoyable, and as a result, it will enhance task performance and lead to optimal performance. During the state of flow, one is “so focused that it amounts to absolute absorption in an activity.” In the e-learning context, e-learning engagement allows students to
focus, enjoy, concentrate and control, which induces flow experience, thus leading them
to deep learning (Esteban-Millat et al., 2018) and consequently heightening their motivation to learn and retain the knowledge (Watted & Barak, 2018).
Based on the synthesis of previous studies, we apply a multi-dimensional flow construct as an antecedent to the parsimonious TAM variables to obtain a better empirical solution (Guo et al., 2016; Siekpe, 2005). We include the moderating effect of
e-learning engagement to quantify how flow relates to perceived usefulness, perceived
ease of use and continuance intention to account for situational and individual factors
(Gao et al., 2019; Sun & Zhang, 2006). We apply the control variables of gender and
age to strengthen the model’s robustness (Cheng, 2013; Hsieh et al., 2016). The model
is designed to verify the behaviour of flow experience and provides further insight into
the dynamic of flow, how the impact of e-learning engagement heightens and moderates
flow experience, and how flow experience has an impact on the continuance intention to
use a learning management system. Figure 1 shows the mediated moderation conceptual
model as described by Hayes (2017). In the model, flow experience has a direct impact
on continued use intention and is moderated by e-learning engagement. Flow acts as
a mediator on perceived ease of use. Flow and perceived ease of use have an indirect
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Fig. 1 Mediated moderation research model

impact on continued use intention through perceived usefulness. Gender and age are the
control variables. The flow experience is a reflective second-order construct which consists of the concentration, enjoyment, telepresence, and control dimensions.
Flow and sense of control

Flow refers to a state of optimal performance while engaged in motivating activities
whereby individuals feel a sense of control over their behaviour and the situation without any fear of failure (van den Hout & Davis, 2019). Choe et al. (2015) studied the obstacles to and facilitators of flow experience in e-learning. They used a purposive sampling
method and semi-structured interviews with thematic and directed content analysis.
Their results indicate that a sense of control is a major contributor to inducing flow and
is related to the psychological condition of flow. Having a positive self-image, positive
experiences, vision for the future, independent selection, confidence and team support
promote the sense of control in building flow (van den Hout & Davis, 2019).
Flow and concentration

Concentration refers to an individual being intensely absorbed with deeply focused
attention and engrossed in the activity at hand (Ghani et al., 1991). Concentration is a
significant component of flow. Flow experience is developed when a learner begins to
concentrate on their activities (Koufaris, 2002; van den Hout & Davis, 2019). Liu et al.
(2009) studied content richness and flow concentration in an e-learning environment.
Using a single concentration factor as the flow construct and TAM, they show that
richer media were positively correlated with more concentration-oriented tasks. They
confirm that high flow concentration levels positively influence learners’ intention to
use e-learning technology. Similarly, Lee (2010) and Lu et al. (2019) found that when
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students can concentrate on their learning activities, they tend to develop continuance
intention to use e-learning technology.
Flow and enjoyment

Flow can be measured by the level of intrinsic enjoyment of an activity (Mahnke et al.,
2014). Enjoyment means individuals experience activities as pleasurable, exciting, fun
and interesting (Moon & Kim, 2001). E-learning systems provide many opportunities to
experience flow. Collaborative and learning activities such as chats, messages, discussion
forums, videos and webinars may provide enjoyment to learners. Enjoyment as a dimension of flow affects learners’ continued usage of e-learning (Lee, 2010; Muqtadiroh et al.,
2019).
Flow and telepresence

During e-learning activities, when a student consciously experiences a sense of being
physically present in a mediated world, the student is described as being in the state of
telepresence (Weibel & Wissmath, 2011). Telepresence is used to describe such intense
experiences of being transported into another place, and not noticing the actual physical surroundings. Shin’s (2006) study of online learners’ ‘flow’ experience indicated that
telepresence is part of the multidimensional construct of flow which has an impact on
online learner satisfaction. Besides being a good predictor of online course satisfaction,
students who were immersed in a high flow experience were more satisfied with the
virtual e-learning environment. Zhao et al. (2020), in their study of the continuance of
MOOC, showed that the technological-environmental features affect the experience of
telepresence which subsequently affects flow experience.
In sum, when a learner is experiencing flow they are fully concentrating and enjoying the activities and are completely in control, thus motivating them to achieve better
learning outcomes (Ho & Kuo, 2010). A positive learning outcome is likely to motivate
learners to continue using the e-learning system. Since flow experience appeared to have
a positive relationship with the use of technology, a learner’s flow experience will likely
have a positive impact on the continuance intention to use e-learning systems (Scherer
& Teo, 2019). Hence, we posit that:
H1. Flow experience is positively related to the continuance intention to use the learning management systems.
E‑Learning engagement

E-learning engagement is defined as the student’s active involvement in activities
designed as part of the learning via a learning management system to better acquire focal
knowledge or skills (Hu & Hui, 2012). We aggregate two items, usage intensity and learning activity, to measure e-learning engagement as an indicator for behavioural engagement (Schindler et al., 2017). Usage intensity is defined as the time users committed to
activities within an e-learning system. Frequent use of a system increases familiarity and
develops the skills to navigate the system. Familiarity and skill experience are conducive to developing flow experience. In a study of flow in computer-mediated interaction,
frequency of medium use was positively related to flow experience (Liu et al., 2008).
However, overuse can cause cognitive resistance to future use or attenuate attention
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to future use events, even though flow experience is elevated (Mahnke et al., 2014).
Learning activity is defined as a mix of interaction between the subjects and the tools
involved in the learning process. In the current context, the types of e-learning activities consist of reading PowerPoint slides, playing a game, having a virtual experience,
taking quizzes and surveys, engaging in discussion and chat, and watching videos and
webinars. According to Schindler et al. (2017), these computer-based learning activities
represent a technology factor that affects students’ engagement and directly relates to
their flow experience (Sahid et al., 2016). For instance, goal-oriented processes are more
conducive to developing flow than experiential types (Novak et al., 2003) and e-learning
activities that challenge student abilities to reach new levels are conducive to triggering
flow (Rodríguez-Ardura & Meseguer-Artola, 2019). A learner who engages with more
learning activities is more likely to encounter flow experiences. On the other hand, by
engaging in more learning activities due to blended learning requirements, learners can
get confused, fatigued, stressed or overloaded with activities that affect their intrinsic
motivation and decrease their future use intention even though these learning activities
heightened their flow experience (Zanjani, 2015). Thus, we posit that:
H2a. E-Learning engagement is positively related to flow experience.
H2b. E-Learning engagement negatively moderates the impact of flow experience on
continuance intention to use the learning management system.
Perceived ease of use

Perceived ease of use is defined as “the degree to which a person believes that using a
particular system would be free of physical and mental effort” (Davis, 1989, p. 320). TAM
posits that perceived ease of use is a direct determinant of perceived usefulness and has
a direct influence on behavioural intention (Eraslan Yalcin & Kutlu, 2019). In e-learning
systems, a difficult-to-use system can affect the perception of that system’s usefulness
and hinder the achievement of a flow state. According to Hsu and Lu (2004), if a user
cannot overcome system difficulty, then the user may not appreciate the system’s usefulness and may be unable to enjoy the flow experience. If a system is perceived as easy
to handle, users will be more easily induced into higher immersion and concentration,
which leads to the experience of flow (Matute-Vallejo & Melero-Polo, 2019). Hence, we
posit that:
H3. Perceived ease of use is positively related to flow experience.
H4. Perceived ease of use is positively related to continuance intention to use the
learning management system.
H5. Perceived ease of use is positively related to perceived usefulness.
Perceived usefulness

The technology acceptance model (TAM) identifies that perceived usefulness and perceived ease of use are parsimonious determinants that affect users’ behavioural intention.
Perceived usefulness is “the degree to which a person believes that using a particular system would enhance his or her job performance” (Davis, 1989, p. 320). In e-learning systems, perceived usefulness is a significant determinant of continuance intention (Rahmi
et al., 2018). In HCI-based research, flow is shown to be positively related to perceived
usefulness and perceived ease of use of a learning management system (Sanchez-Franco,
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2010). To assess whether a system can be useful, a learner needs to experience the system without distraction. When a learner is in a flow state, the immersed and focused
attention generates a stronger motivation to appreciate the usefulness of the e-learning
system (Buil et al., 2019). Hence, we posit that:
H6. Flow experience is positively related to perceived usefulness.
H7. Perceived usefulness is positively related to continuance intention to use the learning management system.
Gender and age as control variables

Gender and age affect flow experience and its consequences. Past studies have shown
that these two factors produce significant differences in the overall learning outcome
model. For instance, Hsieh et al. (2016) investigated the consequences of flow experience
with elementary school students, all of whom had online gaming experience. The participants were asked to play a resource allocation game and upon completion filled out
a flow experience questionnaire. They found that there are considerable gender differences as the performance scores and flow experiences were higher for female students.
Earlier, Novak and Hoffman (1997) identified that younger participants are associated
with increased internet skill, and higher skill is conducive to triggering flow experience.
However, Stavropoulos et al. (2013) reported in internet overuse older adolescents experienced more telepresence. Since age and gender are not the focal variables of the study
and have been shown to affect the continued use intention of e-learning systems, the two
variables are treated as control variables to accurately support the validity of inferences
and to ensure the relationships between the predictors are not distorted (Bernerth &
Aguinis, 2016).

Research methodology
Measures

Past research has demonstrated that concentration, enjoyment, telepresence, and sense
of control are reflective indicators of the flow construct. For instance, Siekpe (2005)
reported that in a computer-mediated environment the flow construct is multidimensional and a reflective flow model fits better than a formative flow model. Similarly,
Kwak et al. (2014) reported a second-order reflective flow model provided a good fit to
investigate SNS flow experiences. Using a two-stage approach in PLS, their confirmatory factor analysis (CFA) results validated the second-order reflective flow construct. In
addition, Wang et al. (2007) conducted a study on the sociability of retail websites using
a second-order reflective flow construct to examine its effect on pleasure and utilitarian
value, which confirmed the validity of the second-order reflective flow construct. Based
on these studies, we adopt a reflective second-order factor to model the flow experience
construct which consists of the concentration, enjoyment, telepresence, and control
dimensions because according to Auld (2014), these dimensions were most frequently
adopted and have been shown to produce good effect size in the reviewed studies of flow
and continued intention to use e-learning. Measurement items in this research were
adapted from previous studies as shown in the Appendix. We measured all items on a
five-point agreement scale (1 = strongly disagree, 5 = strongly agree). E-learning engagement consists of usage intensity, which measures the weekly hours spent on using the
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e-learning system, and learning activities which captures the different types of interaction experienced by a learner.
Common method bias

We took four preventative measures to minimise common method bias (RodríguezArdura & Meseguer-Artola, 2020). Firstly, the survey was checked by a bilingual teacher
to ensure the standard and style of the English language is at the appropriate level to
avoid any misinterpretation. Secondly, the surveys did not collect names, in order to
further ensure anonymity for the survey’s respondents. Thirdly, we let the respondents
know that human ethics approval had been given and data gathered would be securely
protected and aggregated. Lastly, we collected the data in multiple time frames from
multiple classes.
We further performed Harman’s one-factor test (Podsakoff et al., 2003) to evaluate whether any of the factors individually explained the majority of the variance. We
obtained a single factor variance of 24.1%. Moreover, the correlations among constructs
were significantly less than 0.90 and the VIFs resulting from a full collinearity test were
lower than 3.3 (Kock, 2015). Therefore, we are confident that common method bias is
not significant enough in this study to affect the analysis.
Data collection

The survey instrument consists of three parts. Part A consists of demographic information, capturing gender, age, years at university, major and degree, usage intensity and
experience with the types of learning activities. The e-learning system is a Moodle based
learning management system supporting a blended learning environment. The learning
activities include webinars, PowerPoint slides, online chat, online quizzes, online polling, blogs, video conferencing, videos, discussion forums, podcasts, wikis and games.
Part B consists of the flow construct capturing concentration, enjoyment, telepresence
and sense of control. Part C measures the perceived usefulness, perceived ease of use
and continuance intention constructs. The participants of this study comprised university students who use the Moodle learning management system for blended learning.
The survey was distributed in a paper format to different classes in the university. We
checked all the returned questionnaires to ensure they were properly completed. We
obtained 120 returned surveys of which 92 were usable. Those unusable surveys were
either non-responses, partially completed or non-differentiated in responses. The sample comprised 72.8% female participants and 27.2% male participants, which gives a
female to male ratio of 2.6:1. The students were mainly in their second year (88%) and
21–25 years of age. They represent 6 different business degrees and reported 35 different
courses they had experienced recently with an e-learning system. Students on average
spent 2.6 h per week (S.D. = 1.5 h) and engaged with 2.3 activities (S.D. = 1.6) on the
learning management system. Table 2 shows the demographic profile of the participants.

Analysis and results
We used Partial Least Squares (PLS) to analyse the data. Partial Least Squares (PLS)
path modelling can handle complex causal relationships (Henseler et al., 2009), and fit
both formative and reflective measurement models (Lohmoller, 1989). When the data
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Table 2 Demographic profile of the participants
Sample characteristics
Gender
Age

Years at university

Usage per week*

Learning activities

Degree

(N = 92)

Percentage %

Male

25

27.2

Female

67

72.8

16–20

9

9.8

21–25

80

87.0

26–30

1

1.1

36–40

2

2.2

2

81

88.0

3

5

5.4

4

5

5.4

5

1

1.1

Less than 2 h

71

78.0

2–4 h

15

16.5

5–6 h

2

2.2

7–9 h

3

3.3

1

37

40.2

2

29

31.5

3

7

7.6

4

13

14.1

5

3

3.3

6

1

1.1

9

1

1.1

10

1

1.1

BACCY

49

53.3

BBA

30

32.6

BECS

8

8.7

BFIN

2

2.2

MBA

2

2.2

BPS

1

1.1

*Missing data

population is unknown, PLS is a recommended option (Sarstedt et al., 2016). Sosik et al.
(2009) and Monecke and Leisch (2012) consider PLS-SEM as a type of modelling technique which has minimum demands on measurement scales, sample sizes and residual
distributions. PLS is suggested when research is constrained by a low level of information. The PLS method was adopted in this study because firstly it fits our small data
size, secondly, some of the data did not exhibit normal distributions and lastly, it fits the
research criteria to explore and identify potential relationships as is recommended (Hair
Jr et al., 2014). With three main effect predictors, an effect size of 0.15, an α of 0.05 and a
power of 0.8, the estimated sample size is 71 (Soper, 2019). Our sample size of 92 exceeds
the minimum requirement and is thus adequate for PLS analysis. We adopted a two-step
procedure to confirm data reliability and validity. The first step was to examine the data
in the measurement model. The second step was to determine the path coefficients in
the structural model. In the measurement model, we evaluated the convergent validity
and discriminant validity of the constructs. In the PLS evaluation, we controlled for the
effects of gender and age. We used a repeated indicators approach for the second-order
construct. We adopted the bootstrapping re-sampling procedure in SmartPLS (Ringle,
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2010) to verify the structural model and to determine the significance of the path coefficients as recommended by Hair Jr et al. (2014).
Measurement validity

To validate the first-order constructs, Hair Jr et al. (2014) suggest using composite scale
reliability, Cronbach’s alpha and average variance extracted (AVE) to assess internal
consistency and reliability. Composite reliability is a stable measure which considers
whether the outer loadings are less sensitive to the number of items in the scale. Table 3
depicts the composite reliability values which are well above 0.75; a value greater than
0.6 is desirable. The AVE values in Table 4 are all above 0.50, demonstrating that the
constructs adequately explain the variance in the model. AVE for the second-order construct is calculated by averaging the squared multiple correlations for the first-order
indicators (MacKenzie et al., 2011).
We examined the standardised outer loadings of the constructs to check whether the
associated indicators in the measurement model have much in common. As depicted
in Table 3, the standardised loadings for the first-order constructs ranged from 0.69 to
0.93 and all were significant; convergence validity of the measures is thus confirmed.

Table 3 Construct validity measured by items loading and reliability measured by composite
reliability
Constructs
FLOW (Second order)

Flow-concentration (CON)

Flow-enjoy (ENJ)

Flow-telepresence (TEL)
Flow-control (CTR)

Perceived usefulness (PU)

Perceived ease of use (PEOU)
Continuance intention (CI)
E-learning engagement (LE)

Items

Loadings

Standard Error

T Statistics

CR
0.88

CON

0.675

0.055

12.24

CTR

0.692

0.035

19.41

ENJ

0.851

0.026

32.33

TEL

0.520

0.056

9.20

CON1

0.730

0.051

14.08

CON2

0.856

0.029

29.34

CON3

0.812

0.033

24.00

CON4

0.759

0.034

22.25

ENJ1

0.893

0.014

62.27

ENJ2

0.928

0.011

81.70

ENJ3

0.914

0.013

66.12

ENJ4

0.872

0.021

41.53

TEL2

0.926

0.01

92.44

TEL3

0.898

0.025

35.53

CTR1

0.750

0.040

18.49

CTR2

0.851

0.024

34.63

CTR3

0.848

0.015

54.63

PU1

0.819

0.029

27.75

PU2

0.834

0.026

31.16

PU3

0.689

0.035

19.65

PEOU1

0.851

0.033

25.27

PEOU2

0.887

0.021

42.36

CI1

0.896

0.015

56.34

CI2

0.868

0.026

33.20

LE1

0.783

0.134

5.87

LE2

0.767

0.162

4.74

All loadings were significant at p < 0.001. CR composite reliability

0.87

0.95

0.91
0.86

0.83

0.86
0.88
0.75
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Table 4 Inter-construct correlations, squared root of AVEs and descriptive statistics
Constructs

AVE

Mean

SD

CI

FLOW

CON

CTR

ENJ

TEL

PEOU

PU

CI

0.78

4.05

0.63

0.88

FLOW

0.51

3.28

0.54

0.44

0.71

CON

0.63

3.40

0.63

0.24

0.68

0.79

CTR

0.67

3.17

0.73

0.45

0.68

0.26

0.82

ENJ

0.81

3.38

0.77

0.30

0.86

0.49

0.34

0.90

TEL

0.83

2.68

0.98

0.23

0.52

0.02

0.40

0.34

0.91

PEOU

0.76

3.86

0.65

0.41

0.20

0.50

0.37

0.31

0.09

PU

0.61

3.89

0.54

0.63

0.48

0.25

0.60

0.24

0.34

0.40

0.78

LE

0.60

1.58

0.73

0.04

0.20

0.17

0.05

0.20

0.13

− 0.05

0.16

LE

0.87
0.77

All correlations were significant at p < 0.001. Diagonal elements are square roots of average variance extracted; off-diagonal
elements are correlations

Table 5 Path coefficients and the results of the hypotheses tests
R2

Path

Std. Error

T Statistics

Hypotheses

0.05

0.03

1.45*

0.10

0.04

2.32**

− 0.03

0.05

0.78*

ns

0.13

0.04

2.27**

H1: supported

PEOU—> CI

0.10

0.05

1.75*

H4: not supported

PU—> CI

0.45

0.04

9.35***

H7: supported

LE— > FLOW

0.23

0.05

4.61***

H2a: supported

− 0.22

0.05

4.20***

H2b: supported

0.23

0.05

4.54***

H5: supported

0.38

0.04

7.69***

H6: supported
H3: supported

Age—> CI

0.49

Gender—> CI
LE—> CI
FLOW—> CI

FLOW * LE—> CI
PEOU—> PU

0.27

FLOW—> PU
PEOU—> FLOW

0.27

0.48

0.06

7.49***

FLOW—> CON

0.46

0.68

0.05

12.39***

FLOW—> CTR

0.48

0.69

0.03

17.87***

FLOW—> ENJ

0.73

0.86

0.02

37.50***

FLOW—> TEL

0.27

0.52

0.05

9.28***

ns

Path Coefficient * = not significant; **significant at p < 0.05; ***significant at p < 0.001

Items TEL1 and TEL4 were removed from the construct due to low loading. We show
in Table 4 the sample mean, standard deviation, and inter-correlation coefficients
among the variables; the diagonal terms represent the square roots of the average variance extracted. The inter-correlation values were mostly moderate, ranging from 0.00 to
0.63 and lower than the reliability coefficients, showing good discriminant validity. VIFs
obtained by the inverse latent matrix technique for all the latent variables in the model
were all less than 3. Table 4 shows the correlations between main constructs were less
than 0.7, thus according to Hair (2010) the risk of multicollinearity is low. Furthermore,
Table 4 shows the shared variances were all smaller than the square roots of the average
variance extracted, hence discriminant validity is confirmed (Fornell & Larcker, 1981).
Results

Table 5 shows the results of the PLS analysis for the overall structural model. The results
show that all the hypotheses except H4 were supported. The structural model was found
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to have 49, 27 and 27% explanatory power for continuance intention (CI), perceived usefulness (PU) and flow experience (FLOW) respectively. The total effects (direct and indirect) on continuance intention (CI) were 0.29, 0.25 and 0.45 for flow, perceived ease of
use and perceived usefulness respectively. Perceived usefulness is a strong factor affecting the continuance intention to use the learning management system while flow and
perceived ease of use have significant direct and indirect impact on continuance intention. Gender as a control variable influences the continuance intention to use an e-learning system but age has no significant effect. Female students have a higher continued
intention to use the learning management system than male students. The SRMR is a
measure of the estimated model fit. It is the average of standardised residuals between
the observed and the hypothesised covariance matrices. The current study model’s
SRMR was 0.049 which is considered a good fit (Hu & Bentler, 1998).
An important aspect of the current study is examining whether flow experience could
be heightened by increasing e-learning engagement as stated in hypothesis H2a. Analysis using PLS confirms the direct effect of e-learning engagement on the flow experience
(β = 0.23, p < 0.001). Hence, H2a is supported.
Next, the study investigated the moderation effect of e-learning engagement on flow
to ascertain the dual effect of flow experience upon continuance intention to use the
learning management system. We operationalised the moderation effect by including
the interaction terms in the PLS model. Table 5 depicts the outcome of the analysis. The
interaction term (Flow × LE) is significant (β = − 0.22, p < 0.001) and the path coefficient
of the interaction term is negative. Hence, increased e-learning engagement weakens the
impact of flow experience on continuance intention to use the e-learning system, thus
supporting hypothesis H2b. To ascertain the effect of the model containing the moderator, we used the hierarchical process by establishing a base model without a moderator
and computed the change in R
 2 after the moderator was included (Limayem & Cheung,
2
2008). ΔR was found to be significant with F (1,89) = 8.8, p < 0.05 and a low moderate
effect size of f2 = 0.1. Hence, we confirm that the moderator model possessed significantly higher explanatory power. The formulas for calculating effect size and Pseudo F
were obtained from Chin et al. (2003) and Carte and Russell (2003).

Discussion
This study investigated the nature of flow experience in driving learners’ continuance
intention to use a learning management system in a blended learning environment with
e-learning engagement as a moderator. The model is validated with all the path coefficients being significant (except H4) and demonstrated that flow positively affects continuance intention (H1). The direct impact of flow on CI (β = 0.13, p < 0.05) is in line with
previous findings (Davis & Wong, 2007; Hong et al., 2019). By adopting a second-order
flow construct, this study gives stronger psychometric strength and validity to the flow
relationship (Sarstedt & Wilczynski, 2009). Overall, the positive impact of flow on the
continuance relationship fits well with the self-reinforcement theory which posits that
the stimuli produced by the system-user engagement actuate the motivation for sustaining the activity (Bandura, 1976; Novak & Hoffman, 1997). As students interact with the
learning management system, the flow experiences of enjoyment, telepresence, sense
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of control and concentration derived from e-learning activities reinforce their intrinsic
motivation in driving e-learning system continuance.
In the literature, the reported findings on the relationship between flow experience
and continuance intention to use e-learning systems are mixed (Auld, 2014). The inconsistency is partly attributed to the presence of unexamined moderators (Sun & Zhang,
2006). The presence of moderators can weaken or even reverse the direction of a relation
(Andersson et al., 2014). In this study, e-learning engagement’s action as a moderator
has been identified. The finding showed that increased e-learning engagement heightens
overall flow experience. As learners engage intensively with different learning activities
they are more likely to encounter challenging and enjoyable tasks that are conducive to
heightening their flow state (Esteban-Millat et al., 2018; Rodríguez‐Ardura & Meseguer‐Artola, 2017). The finding further showed that increased e-learning engagement
weakens the impact of flow on continuance intention to use the learning management
system. The negative interaction of the finding supports the proposition that the mixed
relationship between flow and continued intention in past studies is caused by unexamined moderators, as negative interaction can significantly attenuate the relationship if
the samples collected were biased towards a highly engaging group (Hong et al., 2019;
Rodríguez-Ardura & Meseguer-Artola, 2019). Since there is a non-significant relationship between e-learning engagement and continuance intention as depicted in Table 5,
the weakening effect of flow on continuance intention is not caused by the moderator
decreasing the level of continuance intention. Hence, we conclude that flow exhibits a
dual effect in the e-learning system continuance model.
The negative interaction effect implies that as e-learning engagement increases, students
decrease their emphasis on channelling the flow experience into intrinsic motivation to
influence their decision on continuous use intention, though they still attain heightened flow
experiences. According to the dynamic motivation and changes theory, learners emphasise different motivations during different stages of learning (Brown & Charlier, 2013; Song
& Keller, 2001). Cole et al. (2004) proposed that the composition of learning motivation is
dynamic, i.e., it changes over time and that individuals progress through various motivational
states. According to the stage-based model of learning motivation, students have different
awareness of intrinsic motivators (such as flow experience) and extrinsic motivators (such
as usefulness) at different learning states. These learning motivations will influence their
decision-making processes on their effort applied to a learning activity (Cole et al., 2004). As
learning motivation progresses, they engage in more learning activities and their motivation
move to the action state which tends to align with more extrinsic factors such as achieving a
better performance outcome, score or achieving learning goals (Cole et al., 2004; Lin & Chen,
2017). The changes in motivation dynamic is also explained by the over-justification effect
where an external incentive decreases a person’s intrinsic motivation to perform a behaviour
(Deci, 1971). In a blended learning environment, it is common practice to have tasks and
activities that are mandatory and weighted in the course assessments which will heighten
extrinsic motivation (Ortega-Arranz et al., 2019). Subsequently, students in this study place
less emphasis on the influence of intrinsic motivators on their continued use intention decision. The strength of these motivators is influenced by individual characteristics, learning
styles and interactive experiences with the type of e-learning activities (Hartnett, 2016). The
motivation factors are re-emphasised dynamically and complement one another to support
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the decision on continued use intention (Hartnett et al., 2011). For instance, the studies by
Mahnken et al. (2011) and Goh and Clapham (2014) revealed that a more extensive use of
e-learning is triggered by extrinsic motivation rather than intrinsic motivation. In sum, this
discussion provides a possible explanation of the negative interaction of e-learning engagement on the impact of flow experience on continued use intention which is not well reported
in previous studies (Auld, 2014). For researchers, future studies should critically examine the
link between flow experience and the dynamic exchange between different forms of motivators over times and learning modes.

Implications and limitations
The present study provides several implications for practice and future research in
manipulating flow and encouraging learners to continue to use the learning management system in a blended learning environment.
From a theoretical perspective, this study presented a dual motivation model based
on two key factors: flow represents the intrinsic motivation and perceived usefulness represents the extrinsic motivation (Deci & Ryan, 1985). The results further support a mediated moderation model with a more complex interaction dynamic between
e-engagement and flow as revealed by the dual effect of flow. The current model could
further improve to include how engagement with LMS affects learning performance to
achieve a more complete blended LMS learning model (Avcı & Ergün, 2019). The findings highlight the importance of perceived usefulness and flow in predicting students’
continuance intention toward LMS. Researchers should continue to investigate the types
of learning technology and activities that increase perceived usefulness and match the
specific dimensions of flow experience against learning activities. In this way, we will
gain the ability to control flow dimensions and thereby increase students’ continuance
intention toward LMS. Similarly, researchers should investigate the pedagogical factors
and activities that contribute to e-engagement in a blended learning environment (Henrie et al., 2015). Specifically, researchers should investigate the circumstances in which
e-engagement and flow interact positively and how to overcome negative interaction.
There are practical implications for instructors. First, as an extrinsic motivator perceived
usefulness has a strong effect on students’ continued intention to use the learning management system. Instructors should therefore organise and clearly communicate their blended
learning activities in LMS in a way that explicitly relates to the expectation of the course learning objectives. In this study as shown in “Appendix” Fig. 2, students indicated PowerPoint
slides as the most frequent activities in the blended LMS learning environment. As a minimum practice, instructors should continue to upload PowerPoint slides to enhance the learning content understanding and heighten students’ behavioural engagement in preparation for
the lecture and for interactive lecture activities (Heilporn et al., 2021). Second, perceived ease
of use in this study has no direct impact on continuance intention. One plausible explanation
is that the current samples were mostly second year students and they are familiar with the
activities in the LMS. However, instructors should be aware that activities that are organised
for senior students may not necessarily achieve the same usability experience for the first-year
students. Perceived ease of use plays a pivotal role in the interaction dynamic as it facilitates
the experience of flow and the realisation of learning usefulness which all have an impact on
students’ intention to use the learning management system. Instructors must therefore ensure
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adequate training and support for students who are not technology savvy when introducing
unfamiliar learning activities. Lastly, different learning activities affect students’ flow state and
their engagement experience (Wang et al., 2020). In this study, the top three learning activities
are viewing PowerPoint slides, taking a quiz and participating in a discussion forum. Instructors should be aware that though these activities may be responsible for inducing flow and
generating student engagement, their impact can be different. For example, with respect to
the concentration dimension of flow, taking a quiz would require shorter concentration than
viewing PowerPoint slides where longer concentration may be required. Similarly, participating in a discussion forum may require more emotional engagement than taking a quiz where
cognitive engagement is more involved (Zainuddin et al., 2020). Therefore, in term of designing learning activities, instructors should follow best practice to use a design tool to determine
the desired dimensions to be activated in flow experience and students’ engagement in order
to achieve the desired learning outcomes (Gao et al., 2019; Zanjani, 2015).
While several new findings were presented, this study has some limitations. First, the current findings are limited to a cross-sectional study in a blended learning environment using
a Moodle LMS covering multiple business courses and do not reflect a longitudinal trend
nor can they be generalised to a fully online learning environment in other disciplines. Fully
online and blended learning have different interaction dynamics that will differ in students’
motivation and engagement (Blaine, 2019). Second, the e-engagement measure in this
study is a quantitative measure of activities and usage. The qualitative aspects of engagement and other forms of engagement such as cognitive, cultural, and emotional engagement were not included (Henrie et al., 2015; Schindler et al., 2017). Third, in this study the
participants were full-time and young students from a university; working adults and senior
learners from different cultural backgrounds are sensitive to time, skills, work-life balance,
and organisation goals which require further study (Granić & Marangunić, 2019; Heo et al.,
2010; Kothgassner et al., 2018). Fourth, this study controlled for gender and age but did
not consider many other individual factors such as learning styles, academic performance,
stress and fatigue level (Rodríguez-Ardura & Meseguer-Artola, 2019). Different individual
factors contribute to the dynamic of flow relationships and should be accounted for in
future models. Fifth, the sample size in this study is not large which might affect some of the
findings. Future study should use a larger sample size to improve the effect size of the study.
Lastly, self-report questionnaires, which can be subjective, were used to measure the flow
constructs. Alternatively, objective methods that capture affective states such as experience
sampling using wearable sensors can be adopted (Giannakos et al., 2020).

Conclusions
This study leads us to understand the dynamic of e-engagement and flow experience on the
continuance with a learning management system in a blended learning environment. First,
flow experience operationalised by a second-order construct and integrated with the technology acceptance model containing dual motivation factors provides a good exploratory
research model to understand e-learning continuance intention. Instructors can now better understand the effect of engagement with the learning activities within the LMS on flow
experience and could enhance these activities with more certainty in a blended learning environment (Granić & Marangunić, 2019). Second, engagement affects flow experience, which
is a significant antecedent to perceived usefulness, thereby establishing interplay between an
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intrinsic motivator and an extrinsic motivator where instructors will need to strike a balance
in adopting blended learning LMS delivery. Third, as flow experience mediates between perceived ease of use and continued use intention, instructors must ensure adequate training and
illustrations are available to students to perform the required activities in the LMS. This will
improve system ease of use and increase continued use intention through flow experience
(Oliveira, 2019; Zhao et al., 2020). Lastly, instructors should be aware of the possibility that
activities in LMS that increase engagement might improve flow experience but at the same
time weaken the influence on e-learning system continuance intention if the engagement is
not intrinsically motivated.

Appendix A
See Table 6 and Fig. 2.
Table 6 Construct measurements
Constructs
Continuance Intention (CI)

Source
I am willing to participate in other courses using the
e-learning system. (CI1)

Guo et al., (2016)

I will continue to use the e-learning system in my study. (CI2)
Perceived usefulness (PU)

Using the e-learning system improves my performance in my Davis (1989)
studies. (PU1)
Using the e-learning system in my studies increases my
productivity. (PU2)
I find the e-learning system to be useful in my studies. (PU3)

Perceived ease of use (PEOU) My interaction with the e-learning system is clear and under‑ Davis (1989)
standable. (PEOU1)
I find the e-learning system to be easy to use. (PEOU2)
Interacting with the e-learning system does not require a lot
of my mental effort. (PEOU3*)
Concentration (CON)

I was intensely absorbed during my e-learning activities.
(CON1)

Ghani et al., (1991)

My attention was very focused during my e-learning activi‑
ties. (CON2)
I concentrated fully during my e-learning activities. (CON3)
I was deeply engrossed during my e-learning activities.
(CON4)
Enjoyment (ENJ)

I found my e-learning activities interesting. (ENJ1)

Ghani et al., (1991)

I found my e-learning activities enjoyable. (ENJ2)
I found my e-learning activities exciting. (ENJ3)
I found my e-learning activities fun. (ENJ4)
Tele-presence (TEL)

During e-learning activities, I often forgot where I was. (TEL1)

Novak et al., (2000)

During e-learning activities, I felt I was in a virtual classroom
created by the e-learning system. (TEL2)
After the e-learning activities, I felt like I had come back from
a ‘virtual classroom’ after a journey. (TEL3)
During the e-learning activities, I felt that the virtual class‑
room was more real for me than the “real classroom”. (TEL4)
Control (CTR)

During e-learning activities, I felt total comprehension of
what I was learning. (CTR1)
During e-learning activities, I felt like I could control my learn‑
ing. (CTR2)
During e-learning activities, I felt in total control of my mind. I
had a feeling of total control. (CTR3)

*Item removed

Guo and Ro (2008)
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