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 This paper presents the exploration of the learners’ learning engagement in a self-paced massive 

open online course (MOOC). Research often claims that engagement contributes to learning 
success. However, there is still limited understanding of engagement and its characteristics. This 
research aims to fulfil this gap by exploring how different patterns detected based on the density 
levels of engagement contribute to learning performance. A total number of 159,804 records of 
trace data from 971 learners who enrolled in a self-paced MOOC were used in this study. The 
sequence mining technique was used to formulate the sequence of learning engagement. 
Hierarchical clustering was then used to automate the pattern recognition of the formulated 
sequences. As a result, four groups of learners were detected based on a similar pattern of 
engagement levels. Sequence mining was then used to examine the learning engagement 
pattern. The Kruskal-Wallis test was used to examine the statistically significant differences in 
terms of final scores among the detected groups. The results revealed two successful groups of 
learners with different patterns of engagement and two unsuccessful groups. Successful 
learners are intensively engaged in learning activities in the short and long run, whereas 
unsuccessful groups tend to be less engaged. This paper extends the previous exploration of 
the engagement. That is, the level identified based on the density of interactive engagement as 
recorded in the system can be used to determine the learning patterns, consequently, reflective 
of individual’s learning profiles. It has a significant association with academic performance. 

Keywords: learning analytics, self-regulated learning, educational data mining, sequence 
mining, learners’ profile, MOOCs 

INTRODUCTION 

Massive open online courses (MOOCs) are considered the largest educational platform that are 
administered by many prestigious universities to offer a variety of online courses (Guo & Reinecke, 2014). The 
most frequently used approach to design and conduct the courses in MOOCs is self-paced learning. Self-
paced learning is the general term used to explain the course that gives full control over the schedule of 
learning to the learners. That is, learners interact with the learning courses at their own pace and time (Vilkova, 
2022). This type of MOOC provides much flexibility and benefits for learners. This is because the learning 
materials offered in MOOCs can be freely accessed (Wong et al., 2019), there is less time constraint in learning 
(Vilkova, 2022), learners can review the learning materials and revisit the lecture as many times as they want, 
and many more. Due to the flexibility of attending online courses, a variety of individual learners registered 
for MOOCs. However, not all registered learners complete the courses (Eriksson et al., 2017; Kizilcec et al., 
2016; Reich & Ruipérez-Valiente, 2019). The ability to complete online courses is subject to several factors 
such as the learning goal, self-regulation skills (Maldonado-Mahauad et al., 2018a, 2018b), time management 
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skills (Ahmad Uzir et al., 2019; Kizilcec et al., 2016), prior knowledge, and learning engagement (Ogunyemi et 
al., 2022). 

Learning engagement has been reported to have a significant impact on student achievement, motivation, 
and retention (Froiland & Worrell, 2016; Martin & Bolliger, 2018; Olivier et al., 2019). Engagement refers to the 
extent to which learners pay attention, participate in learning, and interact with the learning contents 
(Schnitzler et al., 2021). The level of engagement is often reported as a strong contribution to the success in 
learning (Gillett-Swan, 2017; Järvelä et al., 2021), yet, to what extent does learning engagement contribute to 
the learning outcome, and how do different levels of engagement contribute to the differences in learning 
achievement remain the challenge in educational research. To address these gaps, the primary reason to 
undertake this research is to examine whether varying density levels of engagement contribute to the success 
of learning in the MOOC.  

Previous research examined the learning engagement by using self-report instruments such as using 
questionnaires. Recent work of Akhuseyinoglu and Brusilovsky (2022) reported that behavioural data 
recorded by the system can be used to understand the learning process. Comparing the use of self-reported 
instruments and behavioural data, they found that a model derived from such behavioural data is much 
better at predicting the learning process such as performance and engagement. These findings are well-
aligned with the previous work of Zhou and Winne (2012) who discovered that trace data collected by the 
system is predictive of goal-oriented learning behaviours. Research also claimed that trace data is a clear 
reflection of actual learning behaviours (Srivastava et al., 2022; Zhou & Winne, 2012). It minimises the 
individual’s discrepancy (Jovanovic et al., 2017) and bias (Järvelä et al., 2021). Given the positive findings 
observed by these researchers, this study aims to investigate if the individual learners’ profiles could be 
extracted from the automated collected trace data given the differences in their learning behaviours. Also, 
this study will examine if the detected learners’ profiles are associated with academic performance.  

LITERATURE REVIEW 

Learning Engagement and Learning Profiles  

Engagement is an important factor that contributes to the success of learning. It is generally perceived as 
the affordance of learners to complete the learning tasks (Salas- Pilco et al., 2022). Engagement is reflective 
of learners’ interest and active participation in learning (Azevedo, 2015). Some research considered 
engagement as an observable indicator of intrinsic motivation (Froiland & Worrell, 2016). That is, driven by 
natural willingness, learners decided to participate and sustain in the learning activities designed by the 
course instructors. Hence, intrinsic motivation is evidenced through the behaviours that align with the tasks 
assigned within learning activities such as reading, collaborating with fellow learners, teamwork, conducting 
independent research, and more. These activities constitute the elements of the learning interaction between 
learners and the learning environment, fostering interest and sustained attention (Bond et al., 2020). As 
presented thus far, engagement can be observed in terms of behavioural, cognitive, and affective 
characteristics (Salas- Pilco et al., 2022). 

Engagement has been reported to strongly support learning achievement (Gillett-Swan, 2017; Järvelä et 
al., 2021). For instance, van Rooij et al. (2017) conducted a study focusing on the transition from secondary 
school to university level by using a set of questionnaires. They found that those who showed low behavioural 
and cognitive engagement during secondary school were the least successful students when attending the 
university level. Those who obtained a high engagement score in secondary school performed better when 
entering the university level. Similarly, Schnitzler et al. (2021) conducted a study among 397 high school 
students in a real classroom setting. They use pre- and post-tests as well as video recordings of learning 
activities during the face-to-face classroom. They identified five groups of learning engagement profiles by 
using latent profile analysis. These five patterns include disengaged, compliant, silent, engaged, and busy. 
They found that those who exhibited moderate to high levels of engagement obtained higher academic self-
concepts as compared to those who showed lower levels of engagement (Schnitzler et al., 2021). Martin and 
Bolliger (2018) studied the students’ perception of engagement strategies. They found that engagement 
between learner and instructor is the most valuable engagement. However, research posited that engaging 
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in online courses is much more challenging than the traditional face-to-face classroom (Gillett-Swan, 2017; 
Hew, 2016). This is due to the nature of online courses which offer to be learned at students’ own flexibility. 
Hence, a lack of teachers’ or instructors’ presence is expected. In some cases, the feedback to motivate 
consistency in engagement is missing.  

Nonetheless, the use of online learning technology enables automated records of learning that would 
enable researchers and academics to examine several dimensions of learning and engagement. This recorded 
data is known as trace data or log data. Trace data is the digital footprints that learners leave behind while 
interacting with online learning content. Trace data contains rich information about learners, interactions, 
actions, and time they spent engaged in learning. Hence, it can be used to examine the behavioural 
engagement. Several contemporary research studies make use of such data to examine learners’ behavioural 
engagement. This behavioural engagement was previously studied in terms of the approaches of interaction 
(Jovanovic et al., 2017), the intensity of activities interaction (Lust et al., 2013), the sequence of actions, the 
event of actions (Ahmad Uziret al., 2019; Fan et al., 2022), and the process of interaction (Saint et al., 2022).  

For example, van den Beemt et al. (2018) analysed the trace data by using a process mining technique to 
observe the insights on the learning behaviours and their relation to learning progress. Their analysis was 
built based on the constructivism theory. They applied the process mining and clustering technique to 
automate the detection of students’ learning patterns. They found that learners behave differently when 
interacting with online courses. That is, learners with steady learning behaviours are more likely to achieve 
the course learning outcome. Saqr et al. (2023) conducted a longitudinal study to explore the students’ 
engagement over four years. They used the trace data recorded by the learning management system (LMS) 
to explore the engagement over the course of undergraduate students. The results showed that longitudinal 
high levels of engagement were associated with higher academic performance. However, engagement should 
not be considered as a single point in time since engagement has variations. Yet, disengagement at any point 
in time was associated with lower achievement. Hence, some interventions or strategies need to be applied 
in order to promote the improvement of learning engagement.  

As presented thus far, trace data contained insightful information that could be used to understand 
learning and its process. Given the insight derived from trace data, several research questions that were 
previously hard to explore can be answered. However, according to Paulsen and McCormick (2020), research 
exploring online learning engagement is still scarce. There is a vague understanding of engagement 
characteristics and how to improve engagement in online learning (Salas- Pilco et al., 2022). Previous research 
examined the online learning engagement by examining it in term of different types of interactive activities 
(Jovanovic et al., 2017; Saqr et al. 2023; van den Beemt et al., 2018), therefore, there were a novel of research 
suggested that types of interactive activities contribute to the learning achievement. However, there is a 
deficiency reporting the impact of engagement density, irrespective of activity type, on learning outcomes. 
Besides that, the changes of learners as individual entities often open new challenges for educators and 
researchers. For instance, the use of the self-paced learning design of MOOCs enables learners to flexibly 
interact with the learning content. Hence, they do not need to follow the course structure. Learners can skip 
the already-knew part of the learning content. This creates new challenges for educators. One of the questions 
that require an answer is how to design a course that is suitable for different groups of learners. To answer 
this question, understanding the learners’ differences and profiling them into clusters would be the beginning 
(Akhuseyinoglu & Brusilovsky, 2022).  

Massive Open Online Courses (MOOCs) 

MOOCs are free, publicly accessible online courses that are structured in a way that learners can direct 
their own learning. The courses usually contain a series of video lectures, multiple types of quizzes, and a set 
of discussion forums. Due to its online nature, and less visibility of instructors and learning guidelines, the 
learners who study in an online course are often expected to obtain a particular set of skills necessary to 
regulate and direct their own learning. For example, Kizilcec et al. (2016) highlighted that to be successful in 
MOOC, learners need to acquire self-regulated learning (SRL) skills.  

Unlike the traditional face-to-face classroom, most MOOCs offer courses fully online. Learners can, 
therefore, adjust their pace of learning to their preferences. They do not need to follow the structure of the 
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course, even though following the course structure is advised. Given these differences, it is, therefore, 
necessary to investigate how individuals behave when learning online.  

Maldonado-Mahauad et al. (2018b) used a set of questionnaires to collect the self-regulated learning skills 
of Spanish MOOC learners. They detected three clusters of learners’ profiles based on the questionnaire. 
Based on the initial finding, they examined how each group of learners behaved when interacting with the 
online materials by using process mining to analyse the trace data. As a result, they found that: 

• Sampling learners were those who trail the course, underperformed, and were not goal-oriented 
learners. 

• Comprehensive learners were those who learn by following the course structure. 

• Targeting learners were those who strategically select specific course content to engage with to pass 
the assessment. 

Even though this research presented an interesting profile of learners, they utilised the questionnaire to 
detect the learners’ profile. The questionnaire, which is one type of self-reporting instrument, is considered a 
reflection of an individual’s perception, not the actual behaviours. Hence, recent research uses the actual 
learning action and examines if such profiles could be detected from the recorded trace data.  

For instance, Jovanovic et al. (2017) examined the learning strategies used by students who participated 
in a flipped classroom. They applied sequence mining and clustering techniques to automate pattern 
recognition based on the learners’ online actions. As a result, they found five behavioural engagement 
patterns that were aligned with Biggs’ (1987) approaches to learning including:  

• Deep learners: Jovanovic et al. (2017) detected two groups of students (i.e., intensive and strategic 
groups) who were highly active students and utilised several learning activities that were reflective of 
the deep learning approach. 

• Surface learners: They detected two groups of students (namely, selective students, and highly 
selective students). They were characterised by emphasising on the compulsory tasks, i.e., the learning 
tasks that were graded. They put in a minimum effort to pass the course. 

• Strategic learners: They detected a group of students (i.e., highly strategic group) represented by the 
behaviour of strategically selected learning strategies to use in a particular learning time. 

Besides learning strategies, the level of engagement is often reported as a strong contribution to the 
success of learning (Fincham et al., 2018; Jovanovic et al., 2017). Kizilcec et al. (2013) used trace data to 
calculate the weekly engagement trajectories. They identified four groups of learner profiles, including: 

• Completing referred to those who were able to complete a majority of the assessment activities. 

• Auditing was those who simply watched the video and discarded the assessment activities. 

• Disengaging was those who initially focused on assessments but constantly disengaged after the 1-3 
learning topics. 

• Sampling was those who simply watched a few video lectures and withdrew from the course. 

As presented thus far, trace data recorded learning interaction can be used to identify the learning profiles. 
They discovered interesting insights from trace data by exploring the engagement relevant to the type of 
learning activities. However, previous research studies examined the engagement together with the type of 
learning activities they interacted with. Not much research investigated if the level of density and the 
distribution of learning engagement such as the work of Schnitzler et al. (2021) which was conducted in a face-
to-face setting, could be used to detect the profile of learners who participated in MOOCs. Exploring this 
different angle could expand the understanding of the extent the engagement levels impact the learning 
process and learning performance. Therefore, two research questions were formulated to guide this study, 
including: 

RQ1: Can we detect the distinct groups of learners based on the different density levels of learning 
engagement of those who enrolled in a self-paced MOOC? 

RQ2: Were there any statistically significant differences between different groups of self-paced learners 
and the course performance? 
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METHOD 

Learning Context  

The data used for this study were collected from a MOOC course offered by a university in the Thai 
language. The course started to offer self-paced learning started from 2018. However, the data used in this 
study were collected for 2019. This short course was offered for self-paced learning which allowed learners 
to manage their own time to interact with the learning contents. The course focused on the fundamental of 
photographs, which are divided into five learning topics. In each learning topic, learners were provided with 
short video lectures hosted on the university’s YouTube channel, reading materials, quizzes, pre-test, and 
post-test questionnaires, exam, and a discussion forum. They also were provided with a dashboard to monitor 
their progress. Learners were expected to spend about 2-3 hours per week. They need to pass 80% of 
assessment activities to pass the course. The LMS was used to record the learners’ footprints when interacted 
with online content. In this study, a series of events including ID, timestamp, types of events, and types of 
contexts were used. The ID was anonymised to ensure the protection of learners’ identity. Trace data collected 
from 971 learners were used in this study.  

Data Analysis Method 

Data analysis involves a preparation and analytic process as presented in Figure 1. During preparation, 
the data were explored by using descriptive statistics. To extract the period of time that learners begin to 
interact with the course, the lubridate R library was used. The timestamp collected by LMS allows us to extract 
the started date and also the lubridate R package allows us to translate the dates into the International 
Organization for Standardization (ISO) standard week. Knowing the starting week for each learner, the 
accumulated number of actions that learners spend interacting with the learning content in each week can 
be investigated. To our knowledge, there is no benchmark on the density of learning engagement. Hence, this 
research takes the initiative step to explore the extent to which the level of learning engagement contributes 
to learning performance by considering the number of actions. The number of actions per week was coded 
to identify the state of learning engagement based on the overall frequency of recorded actions. That is, by 
calculating the descriptive statistic using mean, median, and quartiles, the density levels of engagement are 
as follows: 

• no_engage refers to the total zero learning actions recorded by the system. 

• mild_engage refers to a minimal number of actions observed during that particular week, i.e., between 
1 to 41 recorded learning actions (i.e., the first quartile based on frequency of recorded actions). 

• mean_engage refers to the mean number of actions observed during that particular week, i.e., 
between 42 to 164 recorded learning actions. 

• high_engage refers to a much higher number of actions observed during that particular week, i.e., 
between 165 to 249 recorded learning actions. 

 
Figure 1. Data analysis process (Source: Authors) 
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• intense_engage refers to an intensive afford as reflected by a high number of actions observed during 
that particular week, i.e., above 250 recorded learning actions. 

Sequence mining was then used to visualise the sequence of actions based on the density of actions. 
TraMineR R library is a well-developed and frequently used R package used to create the sequence 
(Gabadinho et al., 2008, 2011). Sequence mining arranges the state (engagement density) and also calculates 
the transition between these states (Gabadinho et al., 2011). TraMineR R library also provides a function to 
identify the sub-sequences that are significantly distinct in each cluster by using the chi-square test. After that, 
the optimal matching distance matrix was calculated based on the transition rate. This matrix was then used 
as an input to the clustering algorithm. The Agglomerative Hierarchical clustering based on Ward method was 
applied to automate the grouping of learners. That is, based on the density of actions each learner performed 
in each learning week, the hierarchical clustering enables us to detect similar patterns of these behaviours. 

The Kruskal-Wallis test was then used to examine if there were any significant differences in terms of 
learning performance identified by using scores in the final exam among the detected clusters. To ensure the 
suitability of Kruskal-Wallis test, following assumption were examined,  

i) there were more than two independent groups,  

ii) sample size in each independent group were more than five, and  

iii) the data were non-normal distribution.  

The effect size was calculated based on the Kruskal-Wallis H-statistic to examine the magnitude of the 
differences. Since the Kruskal-Wallis test has a limitation in detecting which groups are different from each 
other. It only enables to detect if at least one group is different and it does not take into account the magnitude 
of the difference, hence another statistical is needed. Since the data is non normal distributed, the pairwise 
Wilcoxon’s test by using the Bonferroni p-adjustment method was computed the investigate the significant 
differences between each pair of clusters in terms of the learners’ course performance (i.e., exam score). 
Bonferroni p-adjustment method is used to minimise the likelihood of obtaining false-positive results (type I 
errors) when multiple pairwise tests are performed on a single set of data. 

RESULT  

RQ1: Detection of Self-Paced Learners 

 The trace data collected from 971 learners who first enrolled in this MOOC in 2019 consisted of 159,804 
records. As presented in Figure 2, the course received much attention from learners during the 24th week 
based on the ISO calendar, which was from June 10, 2019, onward. This timeline is aligned with the start of 
the academic year in Thailand’s educational system. Since this course was designed based on self-paced 
learning, hence, learners are allowed to enrol in the course at any point in time. The management of the 

 
Figure 2. Overall time spent in each week in 2019 based on the international standard week (Source: Authors) 
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learning schedule was flexible. That is, learners can spend time as much as they want to interact with the 
course. Based on this notion, the timeline was recalculated by considering the first-time enrolment of 
individual learners as week 1 for the learning schedule. 

As a result of this recalculation, the shortest time spent interacting with the learning materials was one 
week and the longest one was 28 weeks. The number of interactions recorded in the system showed that the 
maximum number of interactions per week per learner was 903 learning actions, and the lowest was 10 
actions. Based on the active learning time, i.e., the time learners visited the course, the system recorded about 
165 learning actions per learner (median (Q1, Q3) = 93 (41, 249)).  

Hierarchical clustering was then used to automate the pattern detection based on learners’ time spent 
interacting with the learning course, i.e., the actual number of recorded actions. The dendrogram (Figure 3) 
computed from learning actions for the hierarchical clustering suggests four groups of learners. Figure 4 
presents the number of active learners who visited the course in each cluster with respect to the week.  

 
Figure 3. The dendrogram computed from the learning engagement levels of each learner (Source: Authors) 

 
Figure 4. Number of active learners in each cluster in each week after the first enrolment to the course 
(Source: Authors) 
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Figure 5 shows the overall patterns of each detected cluster. To gain a better understanding of each 
cluster’s behaviours sequence mining was used by using the corresponding amount of engagement explained 
earlier.  

Group 1 – Distributed engaged learners 

143 learners were grouped in this cluster. As presented in Figure 6, learners in this group put high to 
afford to accomplish the course. That is, the rating total numbers of actions ranged from mean, high, and 
intensive engagement at the beginning of the course (week 1 and week 2). Even though the number of active 
learners and actions dropped after the second week of enrolment, yet the continuation of learning can be 
seen. In terms of discriminating sub-sequence (refer to Figure 6, right-hand side), the transition between 
intensively or highly engaged in learning to no engagement at all in the following week (intense_engage–
no_engage and high_engage–no_engage) was significantly distinct action as compared to other types of 
engagement transition. 

Group 2 – Moderate engaged learners 

This is considered the second largest group of learners (N = 232 learners). Most of the learners interacted 
with the course during the first week of learning. A small number of interactions in the following weeks can 
be seen. The discriminating sub-sequence as presented in Figure 7 on the right-hand side of the graph 
showed that the transition between intensively or highly engaged in learning to no engagement at all in the 
following week (mean_engage–no_engage and high_engage–no_engage) were significantly positive discriminating 
action as compared to other types of engagement transition. Meanwhile, all sub-sequences relevant to 
intense_engage were negatively significant actions. That is, there was no intense_engage observed in this group.  

 
Figure 5. Average number of actions per weekly active learners in each cluster (Source: Authors) 

 
Figure 6. Transition of learning afford of Group 1 (Source: Authors) 



 
 Online Journal of Communication and Media Technologies, 2024 

Online Journal of Communication and Media Technologies, 14(4), e202446 9 / 15 
 

Group 3 – Trial learners 

This is the largest group of learners (N = 478 learners). Most of the learners in this group put a minimal 
effort (mild_engage) to participate in the learning course. Also, many of them discontinue the course after the 
first week. Based on their level of engagement in Figure 8 (mild_engage, mild_engage–no_engage), it can be 
assumed that they would drop out after exploring the course for a short while.  

Group 4 – Fast track learners 

118 learners were categorised as fast track learners. As shown in Figure 9, learners put an intensive effort 
into completing the course. Most of the learners completed the course during the first week of learning. Only 
a few revisited the course in the following weeks. The discriminating sub-sequence as presented on the right-
hand side of Figure 9 showed that the significant positive transition was intense_engage; intense_engage–
intense_engage–no_engage; and intense_engage–no_engage. Meanwhile, the negatively significant sub-sequence 
was mild_engage–no_engage indicating that learners in this group intensively engaged in learning activities but 
only for one or two weeks. 

 
Figure 7. Transition of learning afford of Group 2 (Source: Authors) 

 
Figure 8. Transition of learning afford of Group 3 (Source: Authors) 

 
Figure 9. Transition of learning afford of Group 4 (Source: Authors) 
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RQ2: Association with Performance 

Table 1 presents data on exam performance among four distinct groups of learners, characterised by 
their engagement levels as presented earlier. Group 1 – distributed engaged learners, achieved a median 
exam score of 16, with the interquartile range (Q1, Q3) spanning from 0 to 18. Group 2 – moderate engaged 
learners, all recorded a median score of 0, with no variation in the interquartile range. Similarly, Group 3 – 
trial learners, comprises 478 members, who also had a median exam score of 0, with an identical interquartile 
range of 0 to 0. In contrast, Group 4 – fast track learners, attained a notably higher median score of 17, with 
an interquartile range from 15 to 19. These findings highlight significant differences in exam performance 
across the groups, correlating with their levels of engagement. 

Based on the different behaviors of learners in each group, the Kruskal-Wallis test was used to examine 
the significant differences with respect to the course final exam among all four groups. Kruskal-Wallis 
reported a significant difference among the four groups of learners (𝜒𝜒2(3) = 543.28, p-value < 0.0001, effect 
size = 0.559).  

The pairwise Wilcoxon’s test was applied to further observe the differences between group levels by using 
the Bonferroni adjustment method. The statistics as presented in Figure 10 and Table 2. showed significant 
differences between all groups of learners with respect to the final exam. The comparison between Group 1 
– distributed engaged learners and Group 2 – moderate engaged learners revealed a significant difference with a 
p-value of 0.000 and a moderate effect size of 0.447. When comparing Group 1 – distributed engaged learners 
to Group 3 – trial learners, the p-value remains 0.000, and the effect size increases to 0.784, indicating a large 
effect. Comparing Group 1 – distributed engaged learners with Group 4 – fast track learners also results in a 
significant p-value of 0.000, but the effect size is smaller at 0.211. 

Table 1. Summary statistics for exam score for each group of learners 
Groups N Exam (median (Q1, Q3)) 
Group 1–Distributed engaged learners 143 16 (0, 18) 
Group 2–Moderate engaged learners 232 0 (0, 0) 
Group 3–Trial learners 478 0 (0, 0) 
Group 4–Fast track learners 118 17 (15, 19) 

 

 
Figure 10. Kruskal-Wallis test and pairwise Wilcoxon test results (Source: Authors) 

Table 2. Comparing each pair of engagement profiles in terms of exam score by using pairwise Wilcoxon test 
Learning profiles N1 N2 p-value Effect size (r) 
Group 1–Distributed engaged learners Group 2–Moderate engaged learners 143 232 0.000* 0.447 Moderate 
Group 1–Distributed engaged learners Group 3–Trial learners 143 478 0.000* 0.784 Large 
Group 1–Distributed engaged learners Group 4–Fast track learners 143 118 0.000* 0.211 Small 
Group 2–Moderate engaged learners Group 3–Trial learners 232 478 0.000* 0.380 Moderate 
Group 2–Moderate engaged learners Group 4–Fast track learners 232 118 0.000* 0.620 Large 
Group 3–Trial learners Group 4–Fast track learners 478 118 0.000* 0.930 Large 
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In the comparison between Group 2 – moderate engaged learners and Group 3 – trial learners, a significant 
p-value of 0.000 is observed, with a moderate effect size of 0.380. When Group 2 – moderate engaged learners 
is compared to Group 4 – fast track learners, the p-value remains significant at 0.000, and the effect size is large 
at 0.620. Finally, comparing Group 3 – trial learners and Group 4 – fast track learners yields a p-value of 0.000 
and a very large effect size of 0.930. These results indicate significant differences in exam scores across all 
pairs of engagement profiles. Almost all effect sizes of each compared group range were moderate to large 
effect size, except, between Group 1 – distributed engaged learners and Group 4 – fast track learners. A small 
difference was observed between these two groups when comparing how well they performed in the exam. 

DISCUSSION 

Self-paced learning design allows learners to control their own learning. There is no doubt that such a 
method is suitable and beneficial to the current situation, especially, when online learning has become a part 
of our lives. However, understanding the nature of self-paced learning has a limit. Realizing this limitation, 
this research work examines the profile of self-paced learning by using one of the MOOCs as a case study. 
Four groups of learners were identified including, Group 1 – distributed engaged learners, Group 2 – moderate 
engaged learners, Group 3 – trial learners, and Group 4 – fast track learners. Each group shows a different level 
of engagement. For instance, Group 1 – distributed engaged learners and Group 4 – fast track learners showed a 
high or intensive level of engagement, whereas Group 2 – moderate engaged learners and Group 3 – trial learners 
exhibited a lower level of engagement.  

Based on the level of engagement exhibited by each group, it is no surprise that those groups who 
exhibited a lower level of engagement did not manage to complete the course or else obtain a lower score. 
Putting an effort into learning is necessary to accomplish the course (Diseth & Martinsen, 2003). However, 
these two groups (i.e., Group 2 – moderate engaged learners, and Group 3 – trial learners) showed a low level of 
engagement. Group 3 – trial learners showed the lowest level of engagement, they exhibited the behaviours 
of browsing through the content rather than looking deep into the content. This profile was previously 
detected by Kizilcec et al. (2013) and Maldonado-Mahauad et al. (2018b). They found a group of learners, i.e., 
sampling learners. Kizilcec et al. (2013) stated that this group of learners browsed around and watched a few 
videos and left or disengaged from the course. These behaviours might be explained by intrinsic motivation. 
After browsing through the learning content, learners might find that this course is not of their interest, hence, 
decided to discontinue the course. This is aligned with Maldonado-Mahauad et al. (2018b) who detected the 
learners’ profiles based on the self-report instruments. They posited that students from the sampling learners’ 
group were not driven by goal-oriented which is considered as an intrinsic motivation. Motivation is the factor 
that affects the learners’ judgment (Ikeda, 2022), especially, in the self-paced learning course where learners 
register for the course of their own free will. Hence, one might have a different goal rather than completing 
the course. Further research into the decision to join MOOC courses might shed some light on this 
assumption.  

Those who put a high or intensive amount of effort to engage in the course showed a significantly higher 
performance as demonstrated by Group 1 – distributed engaged learners and Group 4 – fast track learners. This 
finding corroborated with the previous works (Fincham et al., 2018; Jovanovic et al., 2017; Kizilcec et al., 2016). 
Previous research studies reported that the intensive amount of effort put in during the learning session has 
a significant association with academic performance. Research also highlighted that those who had intensive 
engagement in assessment and practical activities were more likely to obtain higher scores than those who 
focused less on the practical activities (Fincham et al., 2018; Matcha et al., 2019). Yet, the opportunity to 
interact with the practical activities depends on the design of the course.  

In a self-paced learning course, the learning pace is expected to be unlimited. Those who are capable can 
complete the course as fast as they can. For instance, Group 4 – fast track learners were fast learners who 
aimed to complete the course as fast as possible. Hence, they spent the highest amount of time engaged in 
the learning content in the first week and completed it. Whereas Group 1 – distributed engaged learners spent 
a slightly lower level of engagement but a longer period of time to finish the course. In fact, this group of 
learners was representative of using the distributed learning practice. Based on Dunlosky, (2013), distributed 
practice refers to implementing a schedule of practice that spreads out study activities over time. It is 
considered one of the effective learning strategies (Dunlosky et al., 2013). Hence, they can achieve high scores 



 
Natthaphatwirata & Matcha 

12 / 15 Online Journal of Communication and Media Technologies, 14(4), e202446 
 

on the exam. However, Group 4 – fast track learners showed a slightly higher score as compared to Group 1 – 
distributed engaged learners. Group 1 – distributed engaged learners consisted of a mixed score ranging from 0 
to 20. Hence, future research is needed to examine the characteristics of these groups. 

CONCLUSION, IMPLICATION AND LIMITATION 

This research presents a study into self-paced learning MOOC learners’ behaviours. Given the authority of 
their own learning, learners have different choices to learn. This study detected two groups of successful 
learners and 2 groups of unsuccessful learners. Successful learners put in a certain amount of afford to stay 
engaged in the course. They can either distribute their learning across a few weeks (such as Group 1 – 
distributed engaged learners) or complete it at one time (such as Group 4 – fast track learners). However, a 
certain level of effort to engage in learning must be put into practice. The unsuccess learners showed the 
opposite behaviour. One group showed mild engagement (Group 3 – trial learners). They were representative 
of those who were exploring and deciding whether to continue with the course or not. Group 2 – moderate 
engaged learners was different. They seemed to put some effort into interacting with the course but decided 
to discontinue at the end.  

The findings in this research strengthen the notion that has been emphasised by many researchers that 
the level of engagement is an important factor in the success of learning. However, not much research 
explores to what extent the learning engagement contributes to the learning performance. This research uses 
the learning frequency as the benchmarking to determine the level of engagement. This enables to detect the 
distinct groups of learners who use different patterns of learning engagement. The Kruskal-Wallis test 
confirmed its significant association. Despite the fact observed from the statistical test, we argue that 
engagement solely does not explain learning success. Learning strategies used during the learning are also 
an important factor as discussed by the behaviours of Group 4 – fast track learners and Group 1 – distributed 
engaged learners. Also, unsuccess in MOOC does not necessarily identify as a failure. Many MOOC learners 
participated in a course with different learning goals. They might exhibit the behaviours of Group 3 – trial 
learners. Hence, designing the course by asking the learners to identify the learning goal might be a good 
practice. This practice might shed some light on the future design of MOOCs.  

Even though the findings of this research suggest an interesting point of view. However, further 
exploration such as across different types or domains of MOOCs is needed in order to generalise the findings. 
Moreover, an exploration into each group of learners’ behaviours would shed some light on the 
understanding, especially, in terms of their learning actions, learning strategies used, and learning process. 
This research suggests further research into the self-paced learning design in order to categorise and 
generalise the guidelines that would enhance the design of the MOOC. 
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