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Abstract

This study investigates the dynamic interplay between student engagement and self-
regulated learning (SRL) in an online project management course. Using learning
management system trace data combined with longitudinal self-reported SRL meas-
ures, we analysed data from 165 first-year business students through multi-channel
sequencing and clustering algorithms. Results revealed three distinct patterns of learn-
ing behaviour with significant implications for intervention design: Low-regulating
improvers (4.85%) who showed potential for growth with targeted support, Disen-
gaged low regulators (44.85%) requiring comprehensive intervention in both engage-
ment and self-regulation skills, and High-regulating improvers (50.30%) who demon-
strated successful adaptation to online learning. Our innovative approach of analysing
student progress individually rather than using fixed time points enabled more

precise identification of support needs in asynchronous learning settings. The findings
demonstrate that both engagement and self-regulation skills can develop over time
with appropriate support, suggesting opportunities for adaptive intervention through-
out the course. This research provides actionable insights for developing targeted
support strategies, including early warning systems for at-risk students and personal-
ized scaffolding approaches based on students’ behavioural patterns. These findings
advance learning analytics by providing a framework for real-time identification of stu-
dent needs and evidence-based intervention design in online education. The results
particularly emphasize the importance of continuous, pattern-based support for devel-
oping self-regulation skills in online environments.

Keywords: Learning analytics, Self-regulated learning, Student engagement, Online
education, Multi-channel clustering, Sequence analysis, Hidden Markov models,
Asynchronous learning

Introduction

In the rapidly evolving landscape of online education, understanding the dynamics
of student engagement and self-regulated learning (SRL) has become increasingly
important (Dent & Koenka, 2016). As online learning environments become more
popular, educators and researchers face the challenge of supporting diverse learn-
ers in settings where traditional face-to-face interactions are limited or absent. This

©The Author(s) 2025. Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which permits
use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the original
author(s) and the source, provide a link to the Creative Commons licence, and indicate if changes were made. The images or other third
party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the mate-
rial. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or
exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this licence, visit http://
creativecommons.org/licenses/by/4.0/.


http://orcid.org/0000-0002-2283-1345
http://orcid.org/0000-0001-5881-3109
http://orcid.org/0000-0002-8890-4068
http://orcid.org/0000-0003-1037-3313
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s41239-025-00523-3&domain=pdf

Heikkinen et al. Int J Educ Technol High Educ (2025) 22:21 Page 2 of 28

study aims to shed light on the interplay between student engagement and self-
regulation in online learning contexts, utilising advanced analytical techniques to
uncover learning trajectories.

Our study integrates several complementary theoretical frameworks to under-
stand online learning dynamics. At its foundation is Zimmerman’s cyclical model of
self-regulated learning, which conceptualizes learning as an active, iterative process
of planning, performance, and self-reflection (Zimmerman & Schunk, 2011). We
view these processes through the lens of complex dynamic systems theory (Schmitz,
2006), which suggests that learning patterns emerge from the interaction of multiple
components over time. This theoretical integration supports our novel multi-chan-
nel analytical approach and helps explain why students may follow different trajecto-
ries in their development of engagement and self-regulation skills.

The shift towards online learning modalities has accelerated in recent years, and
research indicates that educational institutions worldwide have increasingly inte-
grated online courses into their curricula to maintain continuity in education dur-
ing lockdowns (Ali, 2020; Lapitan et al., 2021). This transition has brought to the
forefront the importance of self-regulated learning skills, as students navigate more
autonomous learning environments. Research indicates that self-regulation sig-
nificantly influences learning outcomes, with studies showing that higher levels of
self-regulation correlate with improved academic performance in online settings
(Almoslamani, 2022; Hensley et al., 2022). Simultaneously, maintaining student
engagement in these digital spaces has become a critical concern for educators and
instructional designers (Churchill et al., 2013; Li et al., 2024).

While previous research has examined engagement and self-regulation as separate
or static constructs, there is a growing recognition of the need to understand their
dynamic relationship over time. Understanding the interplay between engagement
and self-regulation at a granular level makes it possible to support learners during
their online studies. When we can identify learners who struggle with either engage-
ment or self-regulation, we can scaffold their learning processes. Learning analytics
(LA) offers powerful tools for capturing and analysing the digital footprints left by
students as they interact with online learning platforms. However, the challenge lies
in integrating these behavioural traces with students’ self-reported experiences of
self-regulation to create a more holistic picture of the learning process.

This study employs a multi-channel clustering approach to analyse longitudi-
nal student engagement and self-regulation data in an online project management
course. By leveraging various R packages and clustering algorithms, we classify stu-
dents based on their engagement patterns and self-regulation abilities over time. The
analysis utilises data from multiple sources, including learning management system
(LMS) logs and repeated survey responses, to uncover hidden states and transitions
in student behaviours.

The following section will introduce the study’s core concepts: SRL, engagement,
LA, sequence analysis, and multi-channel sequence analysis; discuss the field’s
recent development; and finally, explain the study’s motivation.
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Background

Our study integrates several complementary theoretical frameworks to understand
online learning dynamics. At its foundation is Zimmerman’s cyclical model of self-reg-
ulated learning, which conceptualizes learning as an active, iterative process of plan-
ning, performance, and self-reflection (Zimmerman & Schunk, 2011). This interacts
with cognitive load theory (Sweller, 2020), which helps explain how students’ cogni-
tive resources are allocated between managing the learning environment and content
mastery—a particularly crucial consideration in online settings where students must
simultaneously navigate technical interfaces while engaging with course material. Self-
determination theory (Ryan & Deci, 2020) further enriches our framework by explaining
how autonomy, competence, and relatedness drive engagement and sustained self-reg-
ulation in online environments. These theoretical perspectives are complemented by
student engagement theory, which posits three dimensions: behavioural, emotional, and
cognitive (Martin & Borup, 2022). We view these processes through the lens of complex
dynamic systems theory (Schmitz, 2006), which suggests that learning patterns emerge
from the interaction of multiple components over time. This theoretical integration sup-
ports our novel multi-channel analytical approach and helps explain why students may
follow different trajectories in their development of engagement and self-regulation
skills.

Self-regulation

SRL is a complex, multi-faceted process through which learners actively control their
thoughts, behaviours, and emotions to achieve their learning goals (Zimmerman &
Schunk, 2011). It represents the intentional planning, monitoring, and regulation of cog-
nitive, behavioural, and affective processes before, during, and after learning experiences
(Panadero, 2017). This cyclical process involves three main phases: forethought (plan-
ning), performance (execution and monitoring), and self-reflection (evaluation) (Zim-
merman & Schunk, 2011).

In the forethought phase, learners analyse tasks, set goals, and select appropriate strat-
egies. During the performance phase, they implement chosen strategies while continu-
ously monitoring their progress and understanding. In the self-reflection phase, learners
evaluate their performance against their goals and adjust their approaches for future
learning situations (Winne & Hadwin, 2008).

The effectiveness of SRL depends on the interplay between cognitive, metacognitive,
and motivational components (Schunk, 2005). Cognitive components include strategies
for processing and manipulating information; metacognitive components involve plan-
ning, monitoring, and evaluating learning processes, while motivational components
encompass beliefs about one’s capabilities, task value, and learning goals (Schunk &
Greene, 2017).

SRL involves setting goals, monitoring progress, and regulating the learning process
(Jarveld et al., 2019; Pintrich, 2000). Different SRL models focus on different parts
of learning, such as motivation (Boekaerts & Corno, 2005), metacognitive aspects
(Efklides, 2011), effective cognitive strategies (Winne & Hadwin, 1998), and how the
regulation can be shared (Hadwin et al., 2011). Some educational models are also



Heikkinen et al. Int J Educ Technol High Educ (2025) 22:21 Page 4 of 28

regarded as comprehensive, prioritising motivation and metacognition as fundamen-
tal components of learning (Pintrich, 2000; Zimmerman, 2000). There are diverse
methods for assessing this key aspect of learning. One such method for evaluating
SRL is through the use of surveys (Barnard et al., 2009; Bremer & Kaufmann, 1927;
Broadbent et al., 2023; Jansen et al., 2017; Lin et al., 2023), which can vary in the
learning domains they address. These tools can be employed to investigate students’
perceptions of their current learning status.

Self-reported SRL data can be combined with trace data captured from LMS. In pre-
vious studies, students with strong SRL skills demonstrate higher engagement (Cleary
et al,, 2021), achieve better grades, and effectively manage their study environments
(Estévez et al., 2021). A study environment such as an online course designed to help
students enhance their SRL skills can improve their engagement (Wolters et al., 2023)
and grades (Hilpert et al., 2023). The engagement is one of the elements of this cur-
rent study.

Engagement

Engagement is a three-dimensional construct incorporating behaviour, emotion, and
cognition (Martin & Borup, 2022; Redmond et al., 2018). Behavioural engagement
involves, e.g., study efforts such as being present, involvement, and commitment
to learning. Emotional engagement explains a student’s different emotions towards
studying and other learners. Cognitive engagement indicates students’ efforts to start
and proceed with learning assignments (Borup et al., 2020). In the current study, the
behavioural dimension is crucial as it can be measured using data collected from
an LMS. This data includes variables such as completed assignments, frequency of
logins, number and frequency of posts, time spent creating posts, time spent online,
and the number of accessed learning resources (Fincham et al., 2019b; Henrie et al.,
2015). Saqr et al., (2023a, 2023b, 2023c) have given an example of the methodology
that can be used to measure online engagement.

Previous studies about engagement show that prior engagement can predict immi-
nent engagement (Gottfried et al., 2009; Wylie & Hodgen, 2012), but engagement is
not continuously increasing (Wigfield et al., 2007). Research has identified several cat-
egories of variables that influence engagement development. At the individual level,
psychological factors such as locus of control and self-esteem, along with emotional
states, personality characteristics, and prior learning experiences and grade history
shape how students engage with learning. These individual characteristics interact
with social factors, including parental expectations, communication patterns, shared
values across contexts, and socio-economic status (You & Sharkey, 2009). Addition-
ally, the educational context itself plays a crucial role, particularly through extracur-
ricular activities and various learning environment characteristics (Wang & Degol,
2014).

These diverse influencing factors highlight that engagement is a complex phe-
nomenon that cannot be evaluated in isolation. Therefore, there is a need to inspect
engagement changes with more advanced approaches. One option is to investigate it
using data triangulation.
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Learning analytics

LA is defined as "the measurement, collection, analysis, and reporting of data about
learners and their contexts for the purposes of understanding and optimising learning
and the environments in which it occurs" (Siemens, 2013). LA is used to analyse and
report learner performance and to give insights into the learning processes that can be
improved (Lodge et al., 2019; Winne, 2022). Trace data captured from an LMS is input
for calculating, analysing, and tracking learners’ processes. Instructors typically use the
results of the analysis to execute interventions supporting learning activities (Ifenthaler
& Yau, 2020). LA interventions aim to support changes learners can make to achieve
better outcomes.

While early LA methods relied on cross-sectional data and had limited predictive
capabilities, contemporary dynamic models can be applied to more complex learn-
ing contexts. A plethora of studies have analysed learning in the context of SRL and
used LA to support SRL interventions (Heikkinen et al., 2023). However, implement-
ing effective interventions remains challenging and requires careful design to support
learning successfully (Rienties et al., 2017; Sedrakyan et al., 2020; Wise, 2014). A typi-
cally used approach for LA interventions is the learning analytics dashboard (LAD; Jivet
et al,, 2018), that are used to offer actionable insights that empower learners to adjust
their behaviours for improved outcomes (Susnjak et al., 2022). A study by Matcha et al.,
(2020a, 2020b, 2020c) explicitly focused on LAD interventions aimed at supporting
learning. Their systematic review highlighted the potential of LADs in supporting vari-
ous aspects of SRL but also noted challenges in implementation and effectiveness across
different contexts. According to Larrabee Senderlund et al. (2019), most interventions
aim to identify at-risk students, which refers to students who are highly likely not to pass
the course or if passing with poor results (Shafiq et al., 2022). Highly topical AI has also
been used to support SRL by providing personalized feedback and resources with prom-
ising results (Jin et al., 2023).

Some supportive processes have primarily focused on enhancing engagement.
Suraworachet et al. (2023) investigated the combined effects of human and analytics
feedback on student engagement in reflective writing tasks, revealing that such feedback
mechanisms can significantly enhance students’ engagement levels and performance.
This is further supported by the work of Ouyang et al., (2023a, 2023b), which employed
social network analysis to examine engagement dimensions in online learning, dem-
onstrating how analytics can illuminate patterns of student interaction and participa-
tion. Finally, the findings of Zhang et al. (2023) emphasize that self-regulated learning
is crucial for achieving learning goals, suggesting that educational interventions should
enhance students’ self-regulation skills to promote engagement and academic success.

Since SRL is a complex phenomenon including numerous viewpoints, Jarveld and
Hadwin (2024) suggest that multimodal data can be used to analyse SRL. Their frame-
work proposes that disruptive trigger events are markers or catalysts for strategic meta-
cognition or other regulatory approaches. Triggers can be external, such as the elements
of learning design or interventions aiming to invite the learner to adapt their learn-
ing to meet the needs of the learning process. When learners recognise and respond
to these triggers, they may initiate changes in their regulatory processes, leading to
adapted learning strategies and behaviours. The effectiveness of triggers depends on
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learners’ ability to acknowledge them and implement appropriate regulatory responses.
This cyclical process of trigger recognition, response, and regulatory adaptation has
been observed in various learning contexts, such as collaborative learning environments
where multimodal data has been used to inform pedagogical strategies (Xu et al., 2023).
Chatbots are one form of intervention that has gained popularity in recent years. Most
studies exploring the usage of chatbots have put effort into promoting productive SRL
processes (Sdiz-Manzanares et al., 2023). Still, the support for SRL, such as setting learn-
ing goals, planning learning, or reflecting on studies, remains limited (Guan et al., 2024).
Building on Jarveld and Hadwin’s (2024) framework of triggers, our study implements
regular self-evaluation surveys as intentional triggers for SRL processes. By prompting
students to assess their SRL skills at multiple points during the online course, these sur-
veys serve two purposes: they provide researchers with data about skill progression over
time, and more importantly, they act as metacognitive triggers that encourage students
to reflect on and adjust their learning strategies. This structured self-reflection can help
students become more aware of their learning processes and make necessary adjust-
ments, potentially leading to enhanced SRL skills and improved learning outcomes.
Self-reported SRL and engagement have been analysed together by (Wang et al., 2024),
who used self-reporting at the end of the research experiment. Our approach improves
on this setting by applying the multi-channel approach to assess engagement with LA
data accompanied by self-reported SRL data. The granularity is improved with temporal
data that examines the development of engagement and SRL multiple times during the

course.

Sequence analysis

Sequence analysis was developed to address the need for pattern mining (Abbott, 1983).
Although it has been used in various disciplines since its initial development in edu-
cation, it has been adopted somewhat recently (e.g., Saqr et al., 2023a, 2023b, 2023c).
Typically, sequence mining is used to identify patterns or sub-sequences (Fournier-Viger
et al,, 2017). Sequential mining is beneficial in the context of learning because of the
processual nature of learning. This process unfolds in time, as states, in a transformative
way (Schmitz, 2006). With sequence mining, repeating patterns and sequences can be
identified. This is useful when we want to identify similarities between learners. Taking
sequence mining to the next level allows the examination of trajectories of events, which
helps to assess the sequences in a broader context (Saqr et al., 2023a, 2023b, 2023c).

In recent years, sequence analysis has been used more often in LA. It is typical to use
the trace data captured from LMS as a data source for sequence mining study (Jovanovi¢
et al., 2017; Matcha et al., 2020a; Saqr et al., 2023c). Trace data forms sessions, the basic
unit of analysis in sequence analysis. Most often, sessions are determined based on the
uninterrupted sequence of the learner’s actions (Jovanovi¢ et al., 2017; Matcha et al,,
2020a). While most studies focus on intra-course sequences, some studies expand the
timespan over the entire study program (Saqr & Lépez-Pernas, 2021b, 2022; Saqr et al.,
2023a, 2023b, 2023c).

When sequences are identified, the next step is typically to cluster similar sequences.
Different methods are used for this purpose, but Agglomerative Hierarchical Cluster-
ing (AHC) has been the most used method (Saqr et al., 2024). Clustering requires the
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determination of distance measures to find dissimilarities between clusters. For this pur-
pose, there are different distance measures used, such as Euclidean (Matcha et al., 2020a;
Saqr et al,, 2023a, 2023b, 2023c), Longest Common Subsequence (Lopez-Pernas et al.,
2023), Longest Common Prefix (Saqr & Lépez-Pernas, 2022), and Optimal Matching
(Jovanovi¢ et al., 2017) used in the previous studies. Along with these dissimilarity meas-
ures, recent studies have started to use methods developed to identify more detailed
nuances. Markovian Models is this type of approach gaining more popularity (Matcha
et al., 2020a; Saqr & Lopez-Pernas, 2022). Other approaches are used to extract mean-
ingful metrics and indicators for distinguishing the nature of learners’ sequential pat-
terns (LOopez-Pernas & Saqr, 2024; Poquet et al., 2023; Saqr et al., 2023a, 2023b, 2023c;
Tan & Samavedham, 2022).

Recent sequence mining studies have used different categorical data types as data
sources. These types of data include behavioural states (Raab & Struffolino, 2023), learn-
ing activities (Matcha et al., 2020b), moves in educational games (Lépez-Pernas et al.,
2023), or different roles taken during collaborative learning (Saqr & Lépez-Pernas,
2022). One common approach is to define learning actions based on interactions with
LMS (Lépez-Pernas et al., 2021; Matcha et al., 2019; Saqr et al., 2023a, 2023b, 2023c;
Villalobos, 2022). Another option is to map interactions to higher-level meta-cognitive
actions (e.g., SRL strategies) to connect the practical actions to existing theoretical con-
cepts (Dever et al.,, 2023; Poquet et al., 2023). It is also possible to continue the analysis
by sequencing the sequences and thus to analyse the learning, e.g., at the course level
(Fincham et al., 2019a, 2019b; Saqr et al., 2023a, 2023b, 2023c; Villalobos, 2022).

The data logs can be used to generate indicators representing students’ engagement,
such as activity level or study regularity. These indicators can have varying levels of tem-
poral granularity, ranging from daily or weekly data analysis to actions performed during
specific learning sessions at particular times (Jovanovic¢ et al., 2021). Indicators have also
been computed for the COPES model (Winne & Hadwin, 1998) focusing on task defini-
tion, goal-setting, enactment, and adaptation (Cristea et al., 2024). This approach aims
to leverage the indicators at a theoretical level to trace SRL-related constructs.

Another approach to indicators is the metrics proposed by Ritschard (2023) who
divide metrics into three categories measuring sequences: (a) basic indicators (counts of
states), (b) diversity (the heterogeneity of visited states), and (c) complexity (unpredict-
ability of state arrangement). Basic indicators are like metrics proposed by (Jovanovi¢
et al., 2021) because these measurements are based on counting the number of interac-
tions. Diversity metrics focus on the distribution of states in the sequence, e.g., course
strategies students use during a higher education program (Saqr et al.,, 2023a, 2023b,
2023c). Complexity metrics refer to the instability or unpredictability of state arrange-
ment in the sequence, e.g., students’ procrastination behaviour in an online course (Tan
& Samavedham, 2022).

The goals of the recent sequence mining studies have varied. Sequence analysis is used
to evaluate the relationship between identified patterns of sequences and students’ per-
formance (Kinnebrew & Biswas, 2012; Matcha et al., 2020b; Saqr et al., 2023a, 2023b,
2023c), to compare the patterns of course delivery (Matcha et al., 2020a), and examine
how sequences are associated with dropout (Saqr & Lépez-Pernas, 2021b) or self-effi-
cacy beliefs (Heikkinen et al., 2024). Lopez-Pernas and Saqr (2024) have used clustering
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techniques to detect students’ engagement patterns and found three clusters of behav-
iour: ‘Active; ‘Average’ and ‘Disengaged’ They used the concept of integrative potential
to group students based on this classification. This metric assesses achieving a positive
state, such as ’Active’ engagement. Tan and Samavedham (2022) used the precarity index
to analyse students’ procrastination in an online course. They grouped students based
on the time spent watching videos and used the index and other metrics in a regres-
sion model. They found that students’ behaviour complexity explained about 14% of the
variation in their performance. Saqr et al., (2023a, 2023b, 2023c) performed a longitu-
dinal study to analyse students’ learning strategies variation across a learning program.
Researchers found common context-specific actions across courses and examined stu-
dent behaviour at different levels.

The integration of multiple theoretical perspectives necessitates a methodologi-
cal approach that can capture both the temporal nature of learning and the interaction
between different learning processes. Cognitive load theory (Sweller, 2020) suggests
that students in online environments must balance their cognitive resources between
managing the learning platform and engaging with content, while self-determination
theory (Ryan & Deci, 2020) emphasizes how autonomy and competence influence sus-
tained engagement and self-regulation. These theoretical perspectives help explain why
students might show different patterns of engagement and regulation over time. When
combined with SRL’s cyclical model and complex dynamic systems theory, these frame-
works suggest that learning analytics should consider multiple simultaneous processes.
Multi-channel sequence analysis provides a powerful tool for operationalizing these
theoretical constructs, allowing us to examine how engagement and self-regulation co-
evolve while maintaining the theoretical integrity of each construct. This approach aligns
with recent theoretical developments in learning analytics that emphasize the need to
consider multiple data streams when studying complex learning phenomena (Jarveld &
Hadwin, 2024; Wise, 2014).

Multi-channel sequence analysis

Multi-channel analysis is gaining ground in LA. Multi-channel sequence analysis
requires at least two temporal datasets, which can be analysed in parallel. Previous
studies have used multi-channel data to create the channels necessary for multi-chan-
nel analysis. Along with clickstream or log data (Saqr & Lépez-Pernas, 2021a), schol-
ars have used assessment data (Bacci & Bertaccini, 2022; Lopez-Pernas & Saqr, 2021;
Saqr et al., 2023a, 2023b, 2023c), video data (Términen et al., 2022, 2023), and electro-
dermal activity (Torménen et al., 2022, 2023). The data used in multi-channel sequence
analysis is typically mutated into states to simplify the interpretation of the results.
The states used in previous studies have explained the relationship between emotional
valence with arousal (Térménen et al., 2022), tactics used while studying online with
automated assessments (Lopez-Pernas & Saqr, 2021), and engagement with achievement
(Saqr et al., 2023a, 2023b, 2023c). The highest number of channels, totalling five, was
used by Ouyang et al. (2023a, 2023b), who used five channels: social interactions, cog-
nitive dimension, collaboration regulation, students’ online behaviours, and the socio-
emotional dimension. It is uncommon to use many channels as the number of clusters
will increase multiplied by the number of states in each state. This will make it harder
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to interpret the results meaningfully and create practical implications based on these
findings.

Clustering is the standard step that the studies mentioned above have performed. Hid-
den Markov models (HMM) are used to identify hidden states in the data. In HMM,
there are two types of states: observed and hidden. Hidden states are also known as
latent states (Lopez-Pernas & Saqr, 2021). Sequence data are observed states, which can
be understood as probabilistic functions of hidden latent states (Lopez-Pernas & Saqr,
2021). Hidden states cannot be observed directly, but it becomes possible to observe
them through the sequence of observed states (Helske & Helske, 2019). In previous stud-
ies, HMM has been used to analyse unified strategies and the transition probabilities
of students moving from a cluster to another cluster during studies (Lopez-Pernas &
Saqr, 2021). Lopez-Pernas and Saqr (2021) found three hidden states of learning strate-
gies combining the use of the LMS and an automated assessment tool. When the hidden
states are analysed timewise, distinct trajectories can be found. In recent studies, this
approach has been used to assess the fluctuation of socio-emotional interaction episodes
and regulation of learning (Térméinen et al., 2023) and collaborative group patterns
(Ouyang et al., 2023a, 2023b).

Motivation of the study

SRL is proven to be an essential element of learning, leading to better learning outcomes.
However, there remains a significant gap in our understanding of how SRL interacts with
student engagement over time in online courses. While previous studies have examined
these constructs separately or as static measures, the dynamic interplay between engage-
ment and SRL throughout a course has not been thoroughly investigated.

Our multi-channel approach represents a theoretical advancement in how we under-
stand the relationship between engagement and self-regulation. While previous research
has typically treated these constructs as separate or examined them through single data
streams, our approach acknowledges their inherent interconnectedness as suggested
by social cognitive theory (Bandura, 1986) and reinforced by recent theoretical devel-
opments (Panadero et al., 2019). By simultaneously tracking behavioural engagement
through trace data and self-regulation through repeated self-reports, we can observe
how improvements in one area might catalyse changes in the other, a dynamic high-
lighted in recent studies of creative and collaborative learning contexts (Greene et al.,
2019; Malmberg et al., 2017). This bi-directional relationship is significant in online
learning environments, where students must actively manage both their engagement
with course materials and their regulatory processes. Our theoretical framework sug-
gests that these processes are not merely parallel but interacting, with changes in engage-
ment potentially triggering adjustments in self-regulation strategies and vice versa. This
dynamic interaction helps explain why some students show improvement patterns while
others remain consistently disengaged.

This study uses a multi-channel sequence analysis approach to address this knowledge
gap, combining LMS log data with longitudinal self-reported SRL measures. This inno-
vative method allows us to examine the co-evolution of engagement and SRL through-
out an online course. We aim to identify distinct patterns and trajectories of student
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behaviour, considering both engagement and SRL in parallel. This information provides
a more nuanced understanding of how learners navigate online courses over time.

By uncovering these patterns, we can inform the development of more targeted and
effective support strategies for online learners. This research builds upon previous work
in learning analytics and SRL, extending it by (a) using a longitudinal approach to cap-
ture the dynamic nature of engagement and SRL, (b) combining behavioural trace data
with self-reported measures for a more comprehensive view of the learning process, and
(c) employing advanced analytical techniques to identify complex patterns and transi-
tions in student behaviour.

The research questions of this study are:

RQ1: How do patterns of engagement and self-regulation co-evolve throughout an
online project management course, and what temporal relationships exist between these
constructs?

RQ2: What distinct clusters of student groupings emerge when analysing their
engagement and self-regulation trajectories together, and what characteristics define
these clusters?

These questions address critical gaps in our understanding of online learning. RQ1
moves beyond static measurements to capture the dynamic nature of learning processes,
essential for developing responsive support systems in online education. RQ2 aims to
identify distinct patterns of learning behaviour that can inform the design of targeted
interventions, addressing the growing need for personalized support in online envi-
ronments. Together, these questions contribute to our understanding of how students
develop and maintain effective learning strategies in digital spaces, a crucial concern as
higher education increasingly embraces online and hybrid modalities.

Methods

Context

The context of the study was an online project management course. The course was
organised in a Finnish higher education institution (HEI), and the participants were
first-year business students. The course logistics can be described asynchronous as a stu-
dent could study the course at their own pace between preset start and end dates. All
materials and assignments were available on the course platform once the course plat-
form opened for students. The course was organised following the principles of forma-
tive evaluation. Therefore, students set personal learning goals at the beginning of the
course. The numerical goal (scale: 0-5) determines the number of assignments students
submit during the course; for the lowest passing grade (1), a student had to complete
three assignments, whereas, for the highest grade (5), the required number of assign-
ments was ten. For each assignment, predetermined requirements were set and available
for students throughout the course to enable self-assessment. Once the requirements
of the submitted assignments are met, the student achieves the grade they have set for
themselves. Due to these evaluation principles, there is a natural variance in students’
activity: some students aim for lower grades; therefore, they must do less in the course
platform than those who aim for higher grades. This variance has to be considered when
computing engagement indicators. The HEI has given a research permit for this study,
and each student (n=165) gave informed consent for their participation. The research
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permit did not allow the researchers to collect contextual data on the students. There-
fore, it is not reported in this study.

Data collection and preparation

The data for this study were gathered from two sources: (a) trace data captured from
a course organised in Moodle LMS and (b) survey data from the same course. These
parallel datasets represent two perspectives on learning. LMS data (ID, timestamp, and
the context of every student’s action) illustrates the actions students take while studying
online, while survey data shows the students’ perceptions of their learning process. The
survey data was captured at the beginning of the course when students set their goals for
the course and every time a student submitted an assignment. As a result, a student aim-
ing for grade 1 answered the survey 4 times (once in the beginning and three times when
submitting the three assignments required for grade 1), and the student aiming for grade
5 answered the survey 11 times (once in the beginning and ten times when submitting
the assignments. We used assignment submission timestamps as natural segmentation
points for the LMS data analysis, as these represent significant transition points in stu-
dents’ learning processes. Research has shown that assignment submissions represent
natural regulatory episodes in learning cycles, where students transition between differ-
ent phases of self-regulated learning Jarveld & Hadwin, 2013; Winne & Hadwin, 2008).
This segmentation approach aligns with the cyclical nature of SRL, where each segment
represents a complete cycle: planning phase for the assignment, performance phase
during task completion, and reflection phase upon submission. The same approach has
been used in our previous study (Heikkinen et al., 2025). This progressive data collec-
tion approach resulted in a total of 1,164 survey responses across all 165 participants,
with the number of responses per student varying based on their grade target and course
completion level. Each survey response included ratings for all ten SRL variables on an
11-point Likert scale (1=strongly disagree to 11 =strongly agree). We used the times-
tamps of the submissions as a cutting point to segment the trace data into corresponding
parts of the course. This helps us to analyse the data granularly. The segments are this
way represent the cyclical SRL process: each segment starts with the planning phase of
the assignment, unfolds with the performing phase, and finally ends with the submission
and reflecting phase, which should be used as a feed-forward for the next assignment
and SRL cycle.

We use the LMS log data (62,070 log entries) to represent the student’s engage-
ment during the course and survey data to represent the SRL channel. LMS logs pro-
vided detailed interaction data capturing student engagement with the online learning
environment. Each log entry contained four key elements: a precise timestamp of the
interaction, an anonymised student identifier to maintain privacy while enabling indi-
vidual-level analysis, the context of the interaction (such as course materials), and the
specific event or action taken by the student (such as viewing content). See Appendix 1
for more details. The complete data set is available in OSF [OSF reference]. We used
LMS log data to compute indicators representing engagement (Jovanovi¢ et al.,, 2021).
The indicators included ActiveDays (the count of days a student had enrolled on LMS),
Assignment (the count of student’s interactions with assignment-related activities in
LMS), AvgSessionLen (mean time of the length of student’s LMS sessions), Material (the
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count of a student’s interactions with the learning resources), SessionCnt (the count of
sessions a student had taken in LMS), and Survey (the count of student’s interactions
with the SRL survey related activities: e.g., answering or revisiting; in LMS).

For our survey design, we opted for single-item measures rather than traditional multi-
item constructs. While lengthy surveys provide benefits for development and validity
evaluation (Barnard et al., 2009; Broadbent et al., 2023), they create significant response
burden during repeated measures in a course (Fisher et al., 2016). For longitudinal stud-
ies tracking competency development, short surveys are crucial (Beymer et al., 2022).
Single-item surveys offer a feasible solution (Allen et al., 2022) for real-time reporting,
as people struggle to accurately report development retrospectively (Solhan et al., 2009).
However, it is important to note that this approach has potential validity limitations.

Our survey included 11 statements on SRL-related factors selected from validated
instruments (Barnard et al., 2009; Broadbent et al., 2023; Jansen et al., 2017) to match the
course context. This approach, previously used by Saqr and Lépez-Pernas (2024), allows
for capturing numerous observations even with small sample sizes. While this raises
validity questions, research suggests single-item construct questionnaires can be as reli-
able as multi-item versions (Allen et al., 2022). Small sample sizes can be adequate when
focusing on within-person variance (Maas & Hox, 2005; Martin et al., 2015; Raudenbush
& Bryk, 2002).

The statements, their source per statement and the variables derived from them are
displayed in Table 1. The statement variables were AskHelp, Criteria, Deadlines, Pre-
think, Schedule, SelfAssess, Standards, Strategies, Summary, Time, and Location. We
performed a correlation test to check if there were correlations between survey vari-
ables. Time and Location variables had a very high correlation. Thus, we combined
these variables by calculating a mean for these two variables and named the newly
created variable Undistracted. This new variable was then used to replace variables

Table 1 The variables, original statements used to derive the variables, and the source of original

statements

Variable Statement Source

Askhelp “l am persistent in getting help from the instructor through e-mail” OSLQ (Barnard et al., 2009)

Criteria “| think about how | might improve my work by evaluating it SRL-O (Broadbent et al., 2023)
against the marking criteria provided by the teacher”

Deadlines “| set realistic deadlines for learning!” SRL-O (Broadbent et al., 2023)

Prethink “| think about what | really need to learn before | begin a task in SOL-Q (Jansen et al., 2017)
this online course.”

Schedule “| plan out my schedule each week, so I have the appropriate SRL-O (Broadbent et al., 2023)
amount of time available for online study.”

SelfAssess “| usually self-assess my performance once | finish!" SRL-O (Broadbent et al.,, 2023)

Standards “| set standards for my assignments in online courses!” OSLQ (Barnard et al., 2009)

Strategies ‘| am aware of what strategies | use when | study for this online SOL-Q (Jansen et al,, 2017)
course!

Summary "I summarise my learning in online courses to examine my under-  OSLQ (Barnard et al., 2009)

standing of what | have learned”

Undistracted ‘I choose a time with few distractions for studying for my online OSLQ (Barnard et al., 2009)
courses”and OSLQ (Barnard et al., 2009)
‘| choose the location where | study to avoid too much distraction.”
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Time and Location in the survey data set. These ten variables represent the student’s
perception of learning regulation.

RQ1:The engagement and learning regulation states

To answer the first RQ, we first normalised both data sets to ensure comparability
across different scales and course iterations using the BBmisc package (Bischl et al.,
2022). This will set the mean value for each variable to zero, making comparing dif-
ferent variables using different scales easier. We then used the normalised data sets
to detect states for both data sets. Figure 1, illustrates the process. The LMS data was
used to detect an engagement state, and the survey data was used to detect the learn-
ing regulation state.

To identify distinct patterns in both engagement and self-regulation data, we
employed Gaussian Parsimonious Clustering Models using the MoEClust package
(Murphy & Murphy, 2020). This approach was chosen because it can effectively cap-
ture complex multivariate patterns in continuous data while accounting for different
cluster shapes, orientations, and variance structures. For both engagement and self-
regulation data, we compared multiple models with varying covariance structures
(EII through VVV) using the Bayesian Information Criterion (BIC) to determine
the optimal number of clusters and model complexity. This method provides robust
model selection criteria and allows for thorough evaluation of cluster quality through
measures such as entropy and posterior probabilities.

For the engagement indicators, the VVV model with three clusters was selected
as optimal based on BIC, showing high entropy (0.879) and strong average posterior
probabilities (>0.90) indicating good cluster separation. Similarly, for the self-regu-
lation measures, a VVV model with two clusters provided the best fit according to
BIC, also demonstrating high entropy (0.908) and reliable classification probabilities.
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Fig. 1 The research process. On the left are the engagement and learning regulation states and an example
of the sequence formation. In the middle are every student’s index plots for engagement, regulation and
combined sequences. On the right, similar sequences are clustered
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These models effectively captured the underlying structure of both data channels
while maintaining interpretability and statistical robustness.

From here on, the two sets of clusters are referred to as states. The LMS clusters are
referred to as course engagement states with levels of Active, Average, and Disengaged
(the same states are used in Lopez-Pernas & Saqr, 2024), while survey clusters are
referred to as learning regulation states, with levels of LowReg representing low regula-
tion of learning and HighReg representing high regulation of learning.

After the states were determined, we created sequences to represent the evolution
of learning during the course. This was done by dividing the course into 11 segments
(Fig. 1, left centre). The segmentation was done with the help of survey submissions.
We wanted to combine the two states to represent the parallel learning development on
survey data and LMS. Thus, we used the timestamps of the survey submissions to cut
the LMS data into segments, representing the learning development within the course.
We used an interval between two survey submissions for each student from their trace
data to calculate the LMS variables for each student for each segment individually. This
approach enables the longitudinal division of the LMS course data following the indi-
vidual progression of each student, still making it possible to make the between-student
comparison. Sequences of engagement and self-regulation states were defined and visu-
alised using the TraMineR package (Gabadinho et al., 2008). For quality assessment of
the clustering solutions, we used the WeightedCluster package (Studer, 2013) to evaluate
cluster stability and separation.

RQ2: Clustering similar trajectories
To answer the second RQ, we performed clustering, to identify patterns with similari-
ties. Dissimilarities between sequences were computed using the Longest Common
Subsequence (LCS) method through TraMineR (Gabadinho et al.,, 2008), to find pat-
terns with longest identical sequences. Hierarchical clustering with Ward’s method was
then applied to these dissimilarities. We visualised sequences for both states indepen-
dently (Fig. 1, top and bottom middle) and then combined the states (Fig. 1, centre) from
both channels to be analysed. When combined, each state included information on both
regulation and engagement. Thus, there were six states: Active/HighReg, Active/LowReg,
Average/HighReg, Average/LowReg, Disengaged/LowReg, and Disengaged/HighReg. To
illustrate the sequences, we used sequence index plots and sequence distribution plots.
We continued the analysis by clustering the multi-channel data (Fig. 1, right). Gaussian
Parsimonious Clustering were fitted using the MoE_clust function from the MoEClust
package (Murphy & Murphy, 2020). The optimal number of clusters was determined
using the BIC. The optimal number of multi-channel clusters was found to be three.
Hidden states within the multi-channel data were identified using the segHMM pack-
age (Helske & Helske, 2019). This approach allowed for modelling latent states and their
transitions over time. MoEClust (Murphy & Murphy, 2020) is powerful here, as it helps
to choose a better model start by being more sensitive to where pattern starts. We built
mixture hidden Markov models (MHMM) with two hidden states for each cluster. We
fitted the model a hundred times to find the globally optimal solution. To check the reli-
ability of the clustering, we checked that we reached the same solution with different
starting values. Furthermore, we checked that the results were interpretable.
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Finally, a transition network analysis was performed to visualise the transitions
between different states in the sequences, using the ggraph package (Epskamp et al.,
2012) for visualisation. This comprehensive methodological approach allowed for a
nuanced examination of students’ engagement and self-regulation patterns over time in

the online learning environment.

Results

RQ1: Engagement, learning regulation, and combined states

The clustering analysis revealed distinct profiles of student engagement and self-regula-
tion. According to BIC, the optimal model for LMS engagement indicators was a 3-com-
ponent VVV model. The three clusters were labelled as Average (56.3%), Disengaged
(23.4%), and Active (20.4%). The model showed high entropy (0.879) and average poste-
rior probabilities (0.949, 0.905, 0.974 for the three clusters, respectively), indicating good
cluster separation. The Average state represents learners whose engagement indica-
tors (ActiveDays, Assignment, AvgSessionLen, Material, SessionCnt, and Survey) were
clustered around the normalized mean values of these LMS trace data variables. These
normalized values were calculated by standardizing each engagement indicator across
all students, setting the mean to zero and standard deviation to one. The disengaged
state had below-average values on the number of active days, interactions with assign-
ment-related activities, learning resources, and surveys. Students in this state showed a
distinctive pattern in their LMS usage: they logged in infrequently (low number of ses-
sions) but when they did, they stayed logged in for extended periods (high mean session
length), suggesting inefficient or irregular study patterns. In contrast, the active state
represents learners who demonstrated consistent engagement through above-average
values in active days, interactions with assignment-related activities, learning resources,
and survey activities. These students exhibited a more systematic study pattern: they
accessed the LMS frequently but had shorter, more focused sessions (below-mean ses-
sion length). This pattern suggests they engaged in regular, purposeful learning activities
rather than sporadic, lengthy sessions.

There are two states for learning regulation. For survey responses, a 2-component
VVV model was optimal. The two clusters were labelled as LowReg (48.2%) and HighReg
(51.8%). This model also showed high entropy (0.908) and average posterior probabilities
(0.978, 0.972), suggesting a clear cluster distinction. LowReg represents learners whose
survey responses were below the normalised mean across all ten SRL variables (AskHelp,
Criteria, Deadlines, Prethink, Schedule, SelfAssess, Standards, Strategies, Summary, and
Undistracted). Each variable was measured on a Likert scale, with responses collected
at the beginning of the course and before each assignment submission. Similarly, High-
Reg represents learners whose survey responses were consistently above the normalised
mean on all these SRL variables.

When the two channels are combined, we get the third state, which is the combined
state. For the combined state the labels are Active/HighReg, Active/LowReg, Average/
HighReg, Average/LowReg, Disengaged/LowReg, and Disengaged/HighReg. The sequence
analysis provided insights into the transitions between different states. In Fig. 2, we
can see the sequences of learners. Each slice in the sequence plot shows an idiographic
sequence (Ito et al., 2024) from the same individual across time to devise person-specific
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A) Course engagement states B) Learning regulation states C) Course combined states
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Fig. 2 Sequence index plot (top) and sequence distribution plot (bottom) for A course engagement states, B
learning regulation states, and C course combined states

precise information about the very individual. The coloured blocks represent the state:
in (A) the engagement state and in (B) the learning regulation state. When these states
are combined, (C) represents the course combined state. The numbers at the bottom of
the Fig. 2 represent the course segment. Thus, in the sequence index plot (upper plot),
the continuum from left to right represents the sequence of the states for each student
during the course. In the sequence distribution plot (lower plot), the y-axis represents
the proportion of students in a particular state during the course segment.

The sequence analysis revealed distinct patterns of engagement and self-regulation
over time. The state distribution plots show that while some students maintained con-
sistent engagement and self-regulation levels, others exhibited more variable patterns.

RQ2: Clusters of similar trajectories

Next, we performed clustering to identify similar patterns in learners’ sequences. Hier-
archical clustering of the multi-channel sequences suggested a 3-cluster solution based
on the quality measures. The resulting clusters showed distinct patterns of engagement
and self-regulation. The hidden Markov models further elucidated the underlying pat-
terns in the data.

Within the low-regulating improvers cluster (Fig. 3, n=8, 4.85%), the students per-
ceive themselves as low-learning regulators (middle left). At the beginning of the course,
they are disengaged and become active later on (upper left). For some learners, this
happens already at the second segment of the course, while some of them change state
to active at the midpoint of the course. For hidden states (lower left), state 1 suggests
the learner is disengaged, and vice versa; state 2 represents Average or engaged learn-
ers. From the transition plot on the figure’s right side, we can see that the initial state is
state 1 with a probability of 100% (below the pie chart), whereas 0% starts at state 2. The
transition probabilities between states (the edges between states on the right) are much
higher from state 1 to state 2 (33%) than from state 1 to state 2 (2.9%).

Disengaged low regulators (Fig. 4, n=74, 44.85%) belong to a cluster where almost
every student perceives themselves as having low skills in learning regulation. At
the beginning of the course, the engagement channel is mostly disengaged or aver-
age. These represent state 2 for this cluster. Some students transit to state 1, which

improves engagement from disengaged to average or active engagement. Initial
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Low regulating improvers(n=8)
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Fig. 3 Characteristics of Low regulating improvers. On the top left is an index plot of the engagement states;
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probabilities are 81%/19%, and the transition is more likely (44%) from state 1 to state
2 than from state 2 to state 1 (2.3%).

The last cluster (Fig. 5, n=283, 50.30%) represents learners with high learning regu-
lation skills. At the beginning of the course, the first channel shows that they are dis-
engaged, but their engagement status changes from disengaged to average and then
towards the end of the course to active. The learning regulation channel shows a simi-
lar improvement from low regulation to high regulation during the course. State 1
represents students who are disengaged with low regulation and then move to State
2, which can be described as students with average or active engagement and high
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High regulating improvers (n=83)
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learning regulation. All students in this cluster start with state 2 (initial probability is
100%), and the transitions occur only from state 2 to state 1 (28%).

Discussion

This study employed a multi-channel clustering approach to analyse longitudinal stu-
dent engagement and self-regulation data in an online project management course. By
combining trace data from an LMS with self-reported survey data on SRL, we were able
to identify distinct patterns of student behaviour and their evolution over time. Our
findings provide valuable insights into the complex interplay between engagement, self-
regulation, and learning outcomes in online educational environments.

Low-regulating improvers (4.85%, n=8) demonstrated an interesting pattern of behav-
ioural adaptation despite consistently low self-reported regulation skills. These students
began in a disengaged state but showed remarkable improvement in their engagement
levels over time, as evidenced by their transition probabilities (33% probability of mov-
ing from state 1 to state 2). Their improvement appears to be driven by behavioural
adaptations rather than enhanced regulatory skills—they learned to engage more effec-
tively with the course platform even while continuing to report low confidence in their
self-regulation abilities. This suggests that these students may have developed practical
strategies for course engagement (such as regular login patterns and consistent interac-
tion with course materials) without necessarily developing the metacognitive awareness
of their learning strategies. This pattern indicates that practical engagement behaviours
can improve even when students don’t perceive themselves as strong self-regulators. The
importance of emphasizing the regularity of course activity would be beneficial for the
students in order to help them improve their engagement within course.

Disengaged low regulators (44.85%, n=74), the second largest cluster, showed the
most concerning pattern. These students exhibited both low engagement and low self-
regulation throughout the course, with a high probability (81%) of remaining in their
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initial disengaged state. Their sequence patterns reveal brief periods of average engage-
ment interspersed with disengagement, suggesting unsuccessful attempts to establish
consistent study routines. The transition probability from state 2 to state 1 was very low
(2.3%), indicating that once these students became disengaged, they struggled to re-
engage with the course. This pattern suggests that early intervention is crucial for this
group—once they fall into disengaged patterns, they are unlikely to recover without
external support.

High-regulating improvers (50.30%, n=83), the largest cluster, showed the most posi-
tive trajectory. While these students initially appeared disengaged, they demonstrated
a consistent pattern of improvement in both engagement and self-regulation. Their
sequence patterns reveal a gradual progression from disengaged to average and finally
to active engagement states, accompanied by increasing self-regulation scores. Interest-
ingly, all students in this cluster started in state 2 (100% initial probability), suggesting
they had the foundational skills necessary for improvement. The 28% transition prob-
ability from state 2 to state 1 indicates that even these successful students experienced
temporary setbacks, but they were able to recover and maintain their overall positive
trajectory. This resilience in the face of temporary setbacks appears to be a key distin-
guishing feature of this group. To help all students, the interventions should focus on
prompts helping students to acknowledge their current state of SRL and identify their
needs on these skills. Once the metacognitive needs are identified, the interventions can
be aimed to help students in the skills they lack sufficient toolkit to help their SRL.

The transition patterns across clusters reveal important insights about learning tra-
jectories in online environments. The high-regulating improvers’ ability to maintain
positive trajectories despite occasional setbacks suggests that strong self-regulation
skills serve as a buffer against disengagement. In contrast, the disengaged low regulators’
difficulty in transitioning out of disengaged states highlights how initial struggles with
self-regulation can create self-reinforcing cycles of disengagement. The low-regulating
improvers demonstrate that behavioural engagement can improve even without strong
self-reported regulation skills, suggesting multiple potential pathways for student suc-
cess in online learning environments.

Our findings align seamlessly with previous research, reinforcing the importance of
self-regulation in online learning environments (Broadbent et al.,, 2023; Jarvela et al.,
2019). Our results both support and extend previous findings on student engagement.
While we observed that prior engagement can indeed predict future engagement, align-
ing with studies by Gottfried et al. (2009) and Wylie and Hodgen (2012), our analysis
revealed a more nuanced picture. We found that engagement is not a continuously
increasing phenomenon, confirming Wigfield et al. (2007) observations. Our study goes
further by identifying distinct patterns of engagement evolution, including "improv-
ers" who show increasing engagement over time and "disengaged low regulators" who
fluctuate between disengaged and average states. This highlights the dynamic nature
of engagement and the potential for positive change even among initially disengaged
students.

While previous longitudinal studies, such as Saqr et al., (2023a, 2023b, 2023c), have
examined engagement with academic achievement; our study broadens this perspective
by simultaneously considering engagement and self-regulation. This dual focus allows us
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to uncover complex interactions between these factors that may not be apparent when
studying engagement alone. For instance, we found that students with similar engage-
ment levels may differ significantly in their self-regulation skills, leading to divergent
learning outcomes. This multifaceted approach provides educators with a more com-
prehensive understanding of student learning processes and potential areas for targeted
support. The observed improvement in engagement and self-regulation for some stu-
dents over the course duration supports the notion that these skills can be developed
over time (Wolters et al., 2023). This aligns with the conceptual framework proposed by
Jarvelda and Hadwin (2024), suggesting that certain events or experiences during a course
can trigger changes in regulatory processes.

Our study expands the field of sequence mining in education in several ways. While
previous studies have used sequence analysis to examine relationships between learning
patterns and performance (Kinnebrew & Biswas, 2012; Matcha et al., 2020b; Saqr et al.,
2023a, 2023b, 2023c), compare course delivery patterns (Matcha et al., 2020a), or inves-
tigate associations with dropout (Saqr & Lépez-Pernas, 2021b), our study integrates
engagement and self-regulation sequences to provide a more holistic view of the learn-
ing process. Building on the work of Lépez-Pernas and Saqr (2024), who identified three
clusters of engagement behaviour; our study reveals how these engagement patterns
interact with self-regulation strategies over time. This combined analysis of engagement
and self-regulation sequences offers a more nuanced understanding of student learning
trajectories and potential intervention points.

Our results contribute to the growing literature on LA and multi-channel sequence
analysis in educational research (Saqr et al., 2023a, 2023b, 2023c). Combining LMS trace
data with self-reported SRL data provides a more holistic view of the learning process
than studies relying solely on self-reported measures or behavioural data alone. Our
study significantly improves upon previous approaches to analysing SRL and engage-
ment. Unlike studies such as Wang et al. (2024) that relied on self-reported data collected
at the end of the research experiment, our approach combines LA data for engagement
assessment with self-reported SRL data collected multiple times throughout the course.
This multi-channel, temporal approach provides a more granular and dynamic view of
how engagement and SRL co-evolve during learning. By capturing these constructs at
multiple time points, we can track individual trajectories and identify critical periods
where interventions might be most effective.

Our analysis revealed several unexpected findings that challenge common assump-
tions about online learning. First, the existence of a small but distinct group of
‘Low-regulating improvers’ (4.85%) demonstrates that students can enhance their
engagement patterns without corresponding improvements in self-reported regu-
lation skills. This challenges traditional models that posit a strong interdependence
between engagement and self-regulation (Panadero, 2017; Winne & Hadwin, 2008).
This suggests that behavioural adaptation can occur independently of metacognitive
development, aligning with recent work on the dissociation between behavioural and
cognitive aspects of learning (Térménen et al., 2023). Second, even the most success-
ful students in the "High-regulating improvers’ cluster began in a disengaged state and
showed significant probability (28%) of transitioning back to lower engagement states,
supporting Wigfield et al’s (2007) observation that engagement is not continuously
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increasing. This challenges the assumption that high self-regulation skills guaran-
tee consistent engagement (Zimmerman & Schunk, 2011). Finally, the stark bimodal
distribution of students between 'Disengaged low regulators’ (44.85%) and 'High-
regulating improvers’ (50.30%) suggests a potential Matthew effect in online learning
(Stanovich, 2009), where students tend to either succeed or struggle with few mid-
dle-ground cases. This polarization effect has been observed in recent online learn-
ing studies (Lopez-Pernas & Saqr, 2024) but not at such a pronounced level. These
findings highlight the complexity of online learning trajectories and suggest that tra-
ditional assumptions about the relationship between engagement and self-regulation
may need to be reconsidered (Jarveld & Hadwin, 2024).

A notable methodological contribution of our study is the data segmentation based
on the number of assignments completed by each student. This approach allows for a
more equitable comparison of students with different achievement levels and course
progression rates. From the sequence plots, we can see that some students have
achieved lower grades (shorter sequences) but still had high engagement or SRL. If
this analysis had been done on a course level, these students would have got lower
indicators than those who continuously put effort into their learning. By anchoring
our analysis to individual student progress rather than arbitrary time points, we can
more accurately capture the relationship between engagement, self-regulation, and
learning outcomes across diverse student populations. This method is particularly
valuable in asynchronous online courses where students may progress at different
rates, providing a more nuanced understanding of learning trajectories than tradi-
tional time-based analyses.

Identifying distinct student clusters has several implications for educational prac-
tice and instructional design. First, knowing which cluster a student belongs to can
help educators provide more personalised support. For instance, disengaged low
regulators might benefit from early interventions focused on developing self-regu-
lation skills and increasing engagement. In order to achieve this, systematic analy-
sis of log data in parallel with surveys should be performed to assess the level of
engagement and SRL. This requires the analysis of students engagement analys-
ing LMS data (e.g., when a student has logged in most recently) and assessing their
learning skills (e.g., with a survey in the beginning of the course). When either one
is absent, interventions should be performed as early as possible to offer timely sup-
port. Second, the results can be used to adapt course design. The observed transi-
tions between states suggest that course design could be adapted to better support
students at different stages. For example, additional scaffolding could be provided
early in the course when many students show low engagement and self-regulation.
Engagement information can be computed automatically with the log data. When
low engagement is identified, support should be performed either automatically or
by the instructor contacting a student with low engagement. Third, constant sup-
port for self-regulation. The improvement seen in the improver clusters under-
scores the importance of explicitly supporting the development of self-regulation
skills throughout the course. One intervention is not necessarily enough. Instead,
the intervention strategy should be systematic and constant throughout the course.

Finally, the granular information can enable the creation of early warning systems.
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The clustering approach used in this study could be incorporated into early warning
systems to identify at-risk students based on their engagement and self-regulation
patterns. In order to execute these practical implications, policy makers should allo-
cate the necessary resources to LA in order to these functions to be able to provide
timely insights helping to identify students in need.

Limitations and future research

While this study provides valuable insights, several limitations should be acknowl-
edged. First, the study was conducted in one institution’s online project management
course. Future research should explore the generalizability of these findings across
different subjects, institutions, and cultural contexts. The learning patterns might be
different in different contexts. The comparison of the different contexts might help
us to understand if the identified patterns are typical only for business students in
Finnish cultural context. Second, while combining self-reported data with trace data
strengthens our approach, self-reported measures may be subject to biases. Future
studies could incorporate additional data sources, such as think-aloud protocols
or eye-tracking data, to further validate SRL measurements. Third, the causal rela-
tionships should be considered. While we identified patterns and associations, our
study design does not allow for causal inferences. Experimental studies could help
establish causal relationships between interventions, self-regulation, engagement,
and learning outcomes. Fourth, the single item measures used in this study are not
a validated approach and needs further research to assess the validity of single-item
measures against the longer surveys. Fifth, this data did not collect contextual data
of the students. To assess the relevancy of the results in different contexts, this kind
of information would be important. This limits the generalisability of the findings
of the current research. In future studies, this should be acknowledged to set the
results of the study in right context and help to identify the relation of context with
the identified patterns. Finally, the focus should be put on long-term outcomes. Our
study focused on patterns within a single course. Longitudinal studies spanning mul-
tiple courses or entire degree programs could provide insights into the long-term
development of engagement and self-regulation skills.

Future research could also explore the following areas. As Jarveld and Hadwin
(2024) have suggested that the triggers are important factors in SRL. The specific
triggers that lead to transitions between states, particularly for students who show
improvement over time, should be studied to find the optimal triggers leading to a
desired response. This should be done by examining the effectiveness of targeted
interventions for identified clusters. This would help to overcome the challenge of
offering one-size-fits-all interventions for every student, even though we already
know the students are heterogenic. This study used two data channels. Yet, other
factors, such as motivation, prior knowledge, or social interactions, shape engage-
ment and self-regulation patterns that should be examined with multi-channel stud-
ies. Relating the current findings with students’ self-efficacy beliefs would also be
essential. This will help estimate if we aim to support students who perceive they

would need it to meet their goals.
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Conclusion

This study has provided valuable insights into the complex dynamics of student
engagement and self-regulated learning in online educational environments. By
employing a multi-channel clustering approach to analyse longitudinal data, we have
uncovered distinct patterns and trajectories that offer a nuanced understanding of
how students study in online courses over time.

Our findings reveal three primary clusters of students based on their engagement
and self-regulation patterns: Low-regulating improvers, Disengaged low regulators,
and High-regulating improvers. These clusters highlight the diversity of learning tra-
jectories and underscore the need for targeted support strategies in online education.
Identifying these patterns allows for a more sophisticated approach to student sup-
port, moving beyond one-size-fits-all interventions to more personalised and timely
assistance.

In conclusion, this research marks a significant advancement in our understand-
ing of online learning dynamics through its innovative application of multi-channel
sequence analysis. By uncovering the complex interplay between engagement and
self-regulation, we have revealed how different student groups navigate online learn-
ing environments in distinctly different ways, challenging traditional one-size-fits-all
approaches to online education. The identification of three distinct student clusters—
Low-regulating improvers, Disengaged low regulators, and High-regulating improv-
ers—provides concrete evidence that online learning trajectories are both diverse
and malleable, suggesting opportunities for targeted intervention and support. These
findings have immediate practical implications for the design of online learning envi-
ronments, the development of early warning systems, and the implementation of
personalized support strategies. As higher education continues its digital transforma-
tion, with online and blended learning becoming increasingly prevalent, our meth-
odological framework and empirical findings provide a robust foundation for creating
more adaptive, responsive, and inclusive learning environments. This work not only
advances our theoretical understanding of how students learn online but also offers
practical pathways for institutions to better support the diverse needs of their student
populations, ultimately contributing to more equitable and effective online education
practices.
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