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ABSTRACT 

This thesis investigates the complex interplay between self-regulated 
learning, student engagement, and learning analytics in online educational 
environments. Through three related studies, the research examines how 
learning analytics can support self-regulated learning, how students' self-
efficacy beliefs influence their learning behaviors, and how engagement 
patterns evolve alongside self-regulation throughout online courses. 

The research employs a mixed-methods approach that combines 
systematic literature review, sequence analysis, process mining, and multi-
channel clustering techniques. Data were collected from multiple sources 
including learning management system trace data, self-reported surveys, 
and longitudinal self-regulated learning measures across various cohorts of 
business students. 

Key findings reveal that while learning analytics interventions show 
promise in supporting self-regulated learning, only 46% demonstrated 
positive impacts on learning outcomes. The research identified distinct 
patterns in how students with different self-efficacy beliefs approach online 
learning, with high self-efficacy students demonstrating more varied and 
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adaptive learning tactics. Analysis of engagement patterns revealed three 
distinct clusters of students: low-regulating improvers (4.85%), disengaged 
low regulators (44.85%), and high-regulating improvers (50.30%), each 
showing different trajectories in their self-regulation development. 

The thesis makes several theoretical and practical contributions to the 
field of educational technology. It elucidates how self-regulation and 
engagement co-evolve in online learning environments, provides evidence-
based recommendations for designing learning analytics interventions, and 
demonstrates the value of combining multiple analytical approaches to 
understand student learning processes. These findings have important 
implications for the design of online courses and learning support systems, 
particularly their adaptation to support students with varying levels of self-
regulation skills and engagement patterns. 

 
Keywords: Learning analytics, self-regulated learning, student engagement, 
online education, sequence analysis, process mining, self-efficacy 
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1 INTRODUCTION 

The landscape of higher education has undergone significant 
transformation in recent years, particularly in how students engage with and 
regulate their learning in online environments. This transformation has 
been accelerated by the COVID-19 pandemic and technological advances, 
leading to increased adoption of online and blended learning approaches 
(Ali, 2020; Lapitan et al., 2021). In this evolving educational context, three 
critical aspects of learning have risen to particular prominence: self-efficacy 
beliefs (SEB), student engagement, and self-regulated learning (SRL). While 
these constructs have been studied extensively in traditional classroom 
settings, their manifestation and interplay in online environments present 
new challenges and opportunities for research (J. Zheng et al., 2020). 

SRL is particularly critical in online settings where students must exercise 
greater autonomy. Recent research has consistently shown that students in 
online learning environments demonstrate varying levels of self-regulation 
capabilities (Broadbent et al., 2023), and the interplay between student 
engagement and SRL in these contexts is not fully understood (Järvelä et al., 
2019). As educational institutions continue to expand their online offerings, 
the need to better understand these dynamics has become increasingly 
urgent. 

The digitalization of education has not only changed how learning occurs 
but has also created unprecedented opportunities for understanding 
learning processes through the data traces that students leave while 
interacting with online learning platforms (Siemens, 2013). Learning 
analytics (LA), defined as "the measurement, collection, analysis, and 
reporting of data about learners and their contexts, for purposes of 
understanding and optimizing learning" (Siemens & Long, 2011 p. 34), has 
emerged as a powerful approach to interpreting this educational data. 
However, the challenge lies not just in collecting and analyzing this data but 
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in using it to develop meaningful insights that can improve learning 
outcomes (Lodge et al., 2018). 

Despite the growing body of research on both student engagement and 
SRL in online learning, several critical problems remain unaddressed. First, 
while previous research has examined student engagement and self-
regulation as separate constructs, their dynamic interplay throughout a 
course is not fully understood. Second, most studies have relied on either 
trace data or self-reported measures but have rarely combined both to 
provide a more comprehensive view of the learning process (Saqr & López‐
Pernas, 2024). This single-channel approach may miss important aspects of 
how students actually learn and regulate their learning in online 
environments. Third, while many studies have examined the interplay 
between SEBs and learning outcomes, few have investigated how these 
beliefs influence the specific learning tactics students employ in online 
courses. 

Understanding these relationships is crucial for developing effective 
interventions to support student learning. By leveraging LA to examine these 
relationships, we can better understand how students navigate and regulate 
learning in digital spaces, ultimately leading to more effective support 
strategies and improved learning outcomes. 

This research aims to address these gaps by examining the complex 
interplay between student engagement, SRL, and SEBs in online learning 
environments. Through a combination of systematic literature review, 
sequence analysis, and multi-channel analysis, this dissertation provides 
new insights into how students navigate and regulate their learning in digital 
spaces. The findings contribute to both theoretical understanding and 
practical applications in the field of online education, offering guidance for 
designing more effective learning environments and interventions. 

 

1.1 Motivation, Aim, and Research Questions 
This shift to online learning environments has highlighted the critical 
importance of understanding how students regulate their learning in these 
environments, where greater autonomy and self-direction are required. At 
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the intersection of this educational evolution lies the complex interplay 
between SRL, SEBs, and student engagement – three fundamental 
constructs that significantly influence learning outcomes in educational 
settings. 

This research is motivated by several converging developments in 
educational technology and learning science. First, the increasing 
sophistication of learning management systems (LMS) has created rich 
repositories of data about student learning behaviors (Romero & Ventura, 
2020). Second, advances in LA have provided new tools and methods to 
analyze this data meaningfully (Viberg et al., 2020). Third, there is growing 
recognition that successful online learning requires both active student 
engagement and effective self-regulation skills (Järvelä & Hadwin, 2024). 

Research has consistently shown that students often struggle with self-
regulation in online learning environments (Broadbent & Poon, 2015). The 
interplay between student engagement and SRL in online environments is 
not fully understood (Matcha et al., 2019). Despite the growing body of 
research on both student engagement and SRL in online learning, several 
critical problems remain unaddressed. First, while previous research has 
examined student engagement and self-regulation as separate constructs, 
their dynamic interplay throughout a course is poorly understood (Lima et 
al., 2023). Second, most existing studies have relied on either trace data or 
self-reported measures but have rarely combined both to obtain more 
comprehensive insights into the learning process (Saqr & López‐Pernas, 
2024). This narrow approach may miss important aspects of how students 
actually learn and regulate their learning in online environments. Third, 
while many studies have examined the interplay between SEB and learning 
outcomes (Artino & Jones, 2012), few have investigated how these beliefs 
influence the specific learning tactics students employ in online courses. 
Understanding these relationships is crucial for developing effective 
interventions to support student learning. 

In summary, this thesis focuses on several issues in the current state of 
research and addresses gaps in the same. 
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1.1.1 Integration of SRL and SE Research 
While the research has established strong connections between SEBs and 
academic performance (Saqr & López‐Pernas, 2024), the mechanisms 
through which these beliefs influence specific learning behaviors and 
regulatory processes remain incompletely understood. Studies have shown 
that students with higher SE tend to set more challenging goals and persist 
longer in the face of difficulties (Efklides, 2011), but our understanding of 
how SEBs influence the selection and adaptation of specific learning tactics 
remains limited. Similarly, how these beliefs shape students' responses to 
feedback and LA interventions, as well as the temporal dynamics of how 
SEBs interact with regulatory processes throughout a course, requires 
further investigation (Järvelä et al., 2019). 
 
1.1.2 Engagement Patterns and Learning Analytics 
The rise of online learning environments has created new opportunities for 
studying engagement patterns through LA (Saqr, López-Pernas, Helske, et 
al., 2023). Recent research has demonstrated that different patterns of 
engagement can be identified through trace data analysis (Saqr & López‐
Pernas, 2024), and these patterns often correlate with academic 
performance and learning outcomes. Furthermore, engagement patterns 
can change over time and may be influenced by various factors (Matcha, 
Gašević, et al., 2020). However, the causal relationships between 
engagement patterns and self-regulatory processes remain unclear. 
Additionally, our understanding of how different types of engagement relate 
to specific phases of self-regulation, and the role of LA interventions in 
supporting engagement and self-regulation, requires further development 
(Sedrakyan et al., 2020). 
 
1.1.3 Research Gaps in Current Literature 
Despite extensive research on these constructs being conducted 
individually, several important gaps remain in our understanding of their 
dynamic interrelationships. From a methodological perspective, most 
studies rely on cross-sectional designs or focus on single phases of SRL, with 
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limited use of multi-channel data collection approaches. Additionally, few 
studies have combed trace data analysis with self-report measures of SE and 
SRL. Theoretical integration remains incomplete, particularly regarding how 
SEBs influence specific learning tactics and regulatory behaviors in online 
environments, and how engagement patterns evolve throughout a course 
and interact with self-regulatory processes. Better integration of LA insights 
with SRL theory is also needed. 

In terms of practical applications, research on how LA can effectively 
support SRL development while accounting for individual differences 
remains limited. There is a clear need for evidence-based guidelines for 
designing interventions that consider both SEBs and engagement patterns, 
and how to bridge the gap between theoretical understanding and practical 
implementation in online learning environments should be clarified. 
Furthermore, our understanding of how these relationships manifest in 
specific disciplinary contexts, how different learning environments affect 
these relationships, and how cultural and institutional factors influence 
these processes requires further development. 

Based on these identified gaps, this research aims to investigate the 
dynamic relationships between SEBs, engagement patterns, and SRL in 
online learning environments. It seeks to examine how LA can be effectively 
used to support the development of SRL skills, and to develop and validate 
interventions that consider individual differences in SEBs and engagement 
patterns. This research contributes to both theoretical understanding and 
practical applications in the field of educational technology and LA. By 
addressing these gaps, it aims to advance our knowledge of how students 
regulate their learning in online environments and how we can better 
support this process through LA interventions. 

This dissertation addresses these gaps through three interrelated studies 
guided by the following main research question: 
How do self-efficacy beliefs, student engagement, and self-regulated 
learning interact in online learning environments, and how can 
learning analytics help us understand this interplay? 
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This main question is explored through three studies, each addressing 
specific aspects: 
[I]: How are LA interventions currently being used to support SRL? 

• What LA methods have been applied to identify SRL support 
needs? 

• What methods of communication channels have been applied in 
LA interventions to foster SRL? 

• Which phases of the SRL cycle were targeted by LA interventions? 
• How do studies evaluate the SRL support efficiency and impact, 

and what types of results were achieved?  
[II]: How do learning tactics differ between students with high and low 
SEB? 

• What kind of learning tactics do project management students use 
when studying online, could the different learning tactics be used 
as an indicator towards achieving their goals, and what are the 
differences in learning processes between different learning 
tactics? 

• How do learning tactics differ between low- and high-SEB 
students, and what are the differences in learning processes 
between low- and high-SEB students? 

[III]: How do patterns of engagement and self-regulation evolve and 
interact an online course? 

• How do patterns of engagement and self-regulation evolve 
throughout an online course? 

• What distinct clusters of students emerge when considering both 
engagement and self-regulation trajectories? 

This dissertation builds upon three interconnected studies that 
progressively examine the role of LA in supporting SRL. Paper [I] established 
the foundation by systematically reviewing how LA interventions have been 
used to enhance SRL, revealing critical gaps in current approaches – 
particularly the lack of comprehensive support across all SRL phases. 
Building on these insights, Paper [II] investigated specific learning tactics and 
their dynamic interplay with SEBs in business education, using sequence 
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analysis and process mining to understand how students with different SE 
levels approach learning. Paper [III] expanded this understanding by 
examining the dynamic interplay between student engagement and SRL 
through longitudinal analysis, providing deeper insights into how these 
processes co-evolve during learning. 

 

1.2 Research Process 
This research adopted a systematic and progressive approach to 
understanding the complex dynamic interplay between SRL, SEBs, and 
student engagement in online learning environments. The research process, 
illustrated in Figure 1, comprises three interconnected studies, each building 
upon the findings of its predecessor to elucidate how students navigate and 
regulate their learning in digital spaces. 
 
1.2.1 Study I: Systematic Literature Review 
The research began with a comprehensive systematic literature review [I] in 
accordance with the PRISMA 2020 statement. This foundational study aimed 
to establish the current state of knowledge regarding LA interventions 
supporting SRL. The review initially identified 753 papers through database 
searches, ultimately including 56 studies that met the strict inclusion criteria. 
This study revealed several critical gaps in current research: 

• Only 16% of existing studies addressed all three phases of the SRL 
cycle 

• Less than half (46%) of LA interventions demonstrated positive 
impacts on learning 

• Insights into how LA could support the development of self-
regulation skills over time were limited 

These findings directly informed the design and focus of the subsequent 
empirical studies, highlighting the need for more comprehensive 
approaches to studying SRL in online environments. 
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1.2.2 Study II: Sequence Analysis and Process Mining 
Building on the gaps identified in Study I, the second study [II] employed 
sequence analysis and process mining techniques to examine the dynamic 
interplay between SEBs and learning tactics in an online project 
management course. This study analyzed data from 209 business students, 
focusing on the following: 

• Students' learning tactics through sequence analysis of log data 
• The dynamic interplay between SEBs and learning behaviors 
• Process mining to understand how different learning tactics evolved 

over time 
The study revealed distinct patterns in how students with different levels of 
SEBs approached learning, providing valuable insights into the dynamic 
interplay between students' beliefs about their capabilities and their actual 
learning behaviors. 
 
1.2.3 Study III: Multi-channel Analysis 
The final study [III] expanded the analytical approach by implementing 
multi-channel sequence analysis to investigate the temporal dynamics of 
student engagement and self-regulation. This study examined data from 
165 students, combining the following: 

• Trace data from the learning management system 
• Longitudinal self-reported measures of SRL 
• Hidden Markov models for analyzing state transitions 

This innovative approach allowed for a more nuanced understanding of how 
student engagement and self-regulation co-evolve during an online course, 
revealing distinct patterns and trajectories of student development. 
 
1.2.4 Integration and Progression 
The research process was designed to ensure that each study built upon and 
complemented the others: 

• Study I provided the theoretical and empirical foundation, identifying 
key gaps in current understanding 
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• Study II focused on understanding individual learning behaviors and 
their dynamic interplay with SEBs 

• Study III expanded this understanding by examining the temporal 
dynamics of learning processes 

Throughout the research process, particular attention was paid to 
maintaining methodological rigor while developing increasingly 
sophisticated approaches to analyzing learning behaviors. The progression 
from literature review to sequence analysis to multi-channel analysis reflects 
the growing complexity of understanding how students regulate their 
learning in online environments. 

Figure 1 illustrates this research process, showing the temporal 
progression and relationships between the three studies. The figure 
highlights how the findings from each study informed the design and focus 
of subsequent investigations, creating a coherent research narrative that 
addresses the main research question from multiple complementary 
perspectives. 

 

 

Figure 1. Overview of the research process showing the progression and 
relationships between the three studies 
 
This systematic approach to the research process enabled a comprehensive 
examination of SRL and student engagement in online environments, while 
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ensuring that each study contributed unique insights to the overall 
understanding of these phenomena. 
 

1.3 Structure of The Dissertation 
This dissertation is organized into six main chapters, each building upon the 
previous to comprehensively examine the dynamic interplay between 
student engagement and SRL in online environments. Figure 2 provides a 
visual overview of the dissertation structure. 

Chapter 1 (Introduction) establishes the foundation of the research by 
presenting the motivation, aims, and research questions. It introduces the 
key concepts of SRL, SEBs, and student engagement in the context of online 
learning environments. The chapter also outlines the research process and 
the organization of the dissertation. 

Chapter 2 (Literature Review) presents a comprehensive examination of 
the theoretical foundations and current research in the field. It synthesizes 
existing knowledge about SRL, SEBs, student engagement, and LA. The 
chapter critically analyzes previous research to identify gaps in our current 
understanding and positions this research within the broader academic 
discourse. 

Chapter 3 (Research Design) details the methodological approaches 
employed in each of the three studies. It explains the rationale behind the 
chosen methods, describes the data collection procedures, and outlines the 
analytical techniques used. The chapter emphasizes how each study builds 
upon the findings of the previous ones to create a coherent research 
narrative. 

Chapter 4 (Ethical Considerations) addresses the important ethical 
aspects of conducting research in educational settings. It discusses the 
measures taken to protect participant privacy, ensure informed consent, 
and handle data responsibly. This chapter also examines the broader ethical 
implications of using LA in educational contexts. 

Chapter 5 (Results) systematically presents the findings from all three 
studies [I, II, III]. The chapter begins with insights from the systematic 
literature review [I], followed by the findings on learning tactics and SEBs [II], 
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and concludes with results on the temporal dynamics of student 
engagement and self-regulation [III]. Throughout the chapter, the 
connections between these findings are emphasized to provide 
comprehensive insights into the research problem. 

Chapter 6 (Discussion and Conclusions) synthesizes the findings from all 
three studies to address the main research question. It discusses the 
theoretical and practical implications of the research, acknowledges 
limitations, and suggests directions for future research. The chapter 
concludes with recommendations for practitioners and researchers in the 
field of LA and online education. 

Each chapter is designed to be self-contained while maintaining clear 
connections to the overall research objectives. The structure progresses 
logically from establishing the research context to presenting empirical 
findings and drawing conclusions that contribute to both theory and 
practice in the field of LA and online education. 

Figure 2 illustrates this structure, showing how each chapter builds upon 
the previous ones to create a cohesive picture of student engagement and 
SRL in online environments. 
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Figure 2. Structure of the dissertation showing the organization and flow of 
chapters 
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2 LITERATURE REVIEW 

2.1 Literature Review Introduction 
This chapter examines the theoretical foundations and empirical research 
relevant to understanding the dynamic interplay between SRL, SEB, student 
engagement, and LA in online educational environments. The review begins 
by exploring SRL as a fundamental framework for understanding how 
students manage their learning processes. It then examines SEB as a critical 
component of SRL that influences student behavior and performance. The 
chapter then examines LA as a methodological approach to understanding 
and supporting learning processes, including specific techniques, such as 
sequence analysis and multi-channel analysis. Throughout the review, 
particular attention is paid to how these concepts interact in online learning 
environments and their implications for understanding student learning 
processes. 

This research integrates three major theoretical perspectives to 
understand how students learn in online environments: student 
engagement, SRL, and SEBs theories. These frameworks, when combined 
with LA approaches, provide a comprehensive lens for examining the 
complex dynamics of online learning. 

The engagement construct (Martin & Borup, 2022; Redmond et al., 2018) 
complements these frameworks by providing a multidimensional 
perspective on how students interact with online learning environments. 
This theory identifies three crucial dimensions of engagement: a) behavioral 
engagement (observable participation and effort), b) emotional engagement 
(affective responses and sense of belonging), and c) cognitive engagement 
(investment in learning and self-regulation). 

Within this broader social cognitive framework, SRL theory (P. R. Pintrich, 
2000; B. J. Zimmerman, 2000) offers a more specific model for 
understanding how students actively manage their learning processes. SRL 
theory conceptualizes learning as a cyclical process involving three key 
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phases: forethought (planning), performance (execution), and self-reflection 
(evaluation). This cyclical nature is particularly important in online 
environments where students must often independently manage these 
phases without immediate instructor oversight. 

Social cognitive theory (Bandura, 1986) provides the foundational 
framework for understanding how students' beliefs, behaviors, and 
environments interact in the learning process. This theory emphasizes the 
reciprocal dynamic interplay between personal factors (including SEB), 
behavioral patterns, and environmental influences. In online learning 
environments, this triadic reciprocal causation becomes particularly 
relevant as students navigate digital spaces and manage their learning with 
greater autonomy. 

Integrating these theoretical perspectives creates a comprehensive 
framework for understanding online learning processes. Social cognitive 
theory explains the broader context of learning and the role of SE. SRL 
theory provides specific mechanisms for understanding how students 
regulate their learning. The engagement construct offers concrete 
dimensions for observing and measuring student participation. LA provides 
the methodological tools for examining these processes at scale. 

 

2.2 Theoretical Framework for Current Research 
The current research adopts Winne and Hadwin's (1998) model of SRL as its 
primary theoretical foundation, supplemented by insights from engagement 
research (Henrie et al., 2015) and self-efficacy (SE) theory (Bandura, 1986). 
This integrated framework views SRL as occurring through four loosely 
sequenced and recursive phases: 1. Task Definition: where learners develop 
perceptions about the task and its context, 2. Goal Setting and Planning: 
where they establish objectives and select strategies, 3 Enactment: where 
selected strategies are implemented, and 4. Adaptation: where learners 
evaluate and modify their approaches based on feedback 

Within this framework, SEBs are conceptualized as key motivational 
factors that influence all phases of self-regulation, particularly the 
interpretation of task requirements, setting of learning goals, selection and 
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implementation of learning strategies, persistence in the face of challenges, 
and interpretation of feedback and subsequent adaptations. 

Student engagement is viewed as both an outcome of effective self-
regulation and a facilitator of regulatory processes. This dual role is 
particularly evident in online learning environments, where engagement 
patterns can be tracked through LA and used to understand the 
effectiveness of self-regulatory processes. 

Figure 3 illustrates the theoretical framework guiding this research, 
depicting the dynamic relationships between SRL, SEBs, and student 
engagement. The framework is represented as three interconnected 
constructs, where the overlapping areas signify their mutual influences and 
interactions. The intersection between SRL and SEBs represents how SE 
influences goal setting and strategy choice in the learning process, aligning 
with Winne and Hadwin's (1998) model of SRL. The overlap between SRL and 
student engagement demonstrates the behavioral and cognitive aspects of 
engagement that manifest through regulatory processes. The interaction 
between SEBs and student engagement is characterized by their mutual 
influence on persistence and motivation, as highlighted in Bandura's (1986) 
work. The central area where all three constructs converge represents 
learning outcomes, emphasizing how these interrelated processes 
collectively contribute to student achievement. This integrated view builds 
upon existing theoretical models while highlighting the complex interplay 
between these constructs in online learning environments, providing a 
foundation for understanding how LA can be used to support student 
success. 



40 
 

 

Figure 3. Relationships between SRL, SEB, and Student Engagement 
 

2.3 Student Engagement 
Student engagement is a multi-faceted construct that is crucial for 
understanding learning processes and outcomes in online environments. 
This section examines the theoretical conceptualization of engagement, 
including its behavioral, emotional, and cognitive dimensions. It explores 
how student engagement manifests in online learning environments and its 
dynamic interplay with SRL and SEB. Particular attention is paid to how 
engagement can be measured and analyzed in online learning and how this 
understanding can inform interventions to support student learning. The 
framework and its relations to the context of LA are illustrated in Figure 4. 



41 
 

 

Figure 4. Student engagement framework in the context of LA 
 
Engagement is a three-dimensional construct incorporating behavior, 
emotion, and cognition (Martin & Borup, 2022; Redmond et al., 2018). 
Behavioral engagement involves study efforts, such as being present, 
involvement, and commitment to learning. Emotional engagement explains 
a student's different emotions toward 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 
behavioral 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, Whitelock-Wainwright, et al., 2019; Henrie et al., 2015). Saqr, 
López-Pernas, Helske, et al. (2023) have given an example of the 
methodology that can be used to measure online engagement, by 
transforming the data to represent states, transitions, and trajectories of 
different data sources, which can be analyzed by separate or combined 
states. 
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Cognitive engagement in online learning has been a focal point of 
research, particularly in the context of evolving educational technologies 
and the challenges posed by the COVID-19 pandemic. Cognitive engagement 
is defined as the psychological commitment students exhibit toward 
learning tasks, which encompasses deep processing, application of 
knowledge, and self-regulatory strategies for understanding and problem-
solving (Yundayani et al., 2021). The usability of e-learning systems has also 
been identified as a critical factor influencing cognitive engagement. 
Research has indicated that students who perceive their online learning 
platforms as user-friendly exhibit higher levels of cognitive, emotional, and 
behavioral engagement (Dahleez et al., 2021). This relationship is 
particularly pronounced in the context of remote learning, which was 
necessitated by the COVID-19 pandemic, where the quality of the online 
learning experience directly correlates with student engagement levels. 

Previous studies on engagement have shown that prior engagement can 
predict imminent engagement (Gottfried et al., 2009; Wylie & Hodgen, 2012), 
but the increase in engagement is not continuous (Wigfield et al., 2007). 
Numerous variables, including locus of control, self‐esteem, parental 
expectation, communication, and the student’s socioeconomic status and 
grade history (You & Sharkey, 2009) influence the development of student 
engagement. Furthermore, Wang & Degol (2014) found that emotions, 
personality characteristics, prior learning experiences, shared values across 
contexts, and extracurricular activities also affect student engagement. 
These findings highlight that student engagement is a complex 
phenomenon that cannot be evaluated in isolation. Therefore, student 
engagement development should be explored using more advanced 
approaches. One option is to investigate it using data triangulation along 
with survey data capturing the essence of SRL in parallel with student 
engagement measured with LMS-based indicators. 

Recent advancements in the field of student engagement have been 
significantly influenced by the integration of technology, innovative 
pedagogical strategies, and a deeper understanding of the factors that 
foster engagement in educational settings. This synthesis aims to explore 
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these advancements, drawing on a variety of scholarly sources that highlight 
the multifaceted nature of student engagement and its implications for 
educational practice. 

One of the most notable advancements in student engagement is the 
increasing recognition of the role that technology plays in enhancing 
learning experiences. The shift from traditional classroom settings to online 
and hybrid models has necessitated a re-evaluation of engagement 
strategies. Research indicates that technology can facilitate deeper levels of 
engagement by providing diverse content delivery methods that cater to the 
different needs of various learners. For instance, the use of interactive 
platforms such as Padlet has been shown to foster greater participation and 
collaboration among students, thereby enhancing their overall educational 
experience (Amer et al., 2024). Furthermore, the implementation of LA 
dashboards has been found to increase student engagement levels by 
providing real-time feedback and insights into learning behaviors 
(Ramaswami et al., 2023). 

Student engagement is a dynamic, evolving process (Reschly & 
Christenson, 2022; Salmela-Aro et al., 2016). Longitudinal engagement can 
be described as the process through which positive perceptions of school 
environments, a sense of belonging, and academic success motivate 
students to learn and enhance the behavioral, cognitive, and emotional 
dimensions of engagement (Tinto, 2022). Previous longitudinal studies have 
identified distinct patterns of engagement. For instance, Zhen et al. (2020) 
mapped students' trajectories of academic engagement and identified four 
types: descending, climbing, persistent, and struggling. Similarly, Li & Lerner 
(2011) identified four distinct patterns for both behavioral and emotional 
engagement. In online education, longitudinal studies have been conducted 
over a full study program to evaluate the development of engagement (Saqr 
& López-Pernas, 2021), and the interaction between engagement and 
achievement (Saqr, López-Pernas, Helske, et al., 2023). 

The COVID-19 pandemic has also catalyzed advancements in student 
engagement practices. The abrupt transition to remote learning highlighted 
the importance of maintaining student engagement in a virtual 
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environment. Research conducted during this period revealed that active 
interactions and engagement strategies were crucial for student success in 
online learning contexts (Diamanti & Nikolaou, 2023; Salas-Pilco et al., 2022). 
The pandemic underscored the need for institutions to adopt flexible and 
adaptive approaches to teaching that prioritize student engagement, even 
in challenging circumstances. This has led to a renewed focus on creating 
supportive learning environments that encourage student participation and 
investment in their education. 

Another significant advancement in student engagement is the 
exploration of artificial intelligence (AI) tools, such as ChatGPT, in 
educational settings. These tools have the potential to revolutionize how 
students interact with learning materials and engage with their peers and 
instructors (Glahn, 2024; Halaweh, 2023). Institutions are encouraged to 
develop guidelines and frameworks that promote the constructive use of AI 
while addressing potential challenges associated with its integration into 
educational practices. In LA AI has various potential approaches which can 
be used as a part of the LA cycle (Saqr & López-Pernas, 2025), including 
supporting the analysis of multi-modal data while enabling the idiographic 
analysis of learning (López-Pernas et al., 2025). 

The transition into higher education has also been identified as a critical 
period for fostering student engagement. Research has indicated that 
successful transition experiences can significantly influence long-term 
engagement and academic success (Vardal-Ocakli & Ok, 2024). Institutions 
are increasingly recognizing the importance of providing targeted support 
and resources during this transitional phase to help students develop the 
skills and habits necessary for sustained engagement throughout their 
academic careers. 

In conclusion, the landscape of student engagement in higher education 
is rapidly evolving, driven by technological advancements, innovative 
pedagogical approaches, and a deeper understanding of the factors that 
influence engagement. As institutions continue to adapt to the changing 
educational environment, prioritizing student engagement as a 
fundamental component of effective teaching and learning becomes 
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essential. By leveraging technology, fostering collaborative partnerships, 
and embracing inclusive practices, educators can create dynamic and 
engaging learning experiences that empower students to take an active role 
in their education requires SRL skills. 
 

2.4 Self-Regulated Learning 
SRL has emerged as a crucial framework for understanding how students 
actively manage their learning processes, particularly in online 
environments where learners must exercise greater autonomy (Broadbent 
& Poon, 2015; Lee et al., 2019; Winne, 2022). This section first examines the 
theoretical foundations of SRL, including its key components and phases (P. 
R. Pintrich, 2000; Winne & Hadwin, 1998; B. J. Zimmerman, 2000). It then 
explores how different SRL models conceptualize the learning process, with 
focus on their applications in online learning contexts (Hadwin et al., 2011; 
Lodge et al., 2018). The section concludes by examining current research on 
SRL interventions and their effectiveness in supporting student learning 
(Sedrakyan et al., 2020). 

SRL is a complex process that encompasses several key components and 
phases. Broadly defined, SRL involves the setting of goals, monitoring of 
progress, and regulation of learning (Järvelä et al., 2019; P. R. Pintrich, 2000).  
Different frameworks are used to explain SRL. A comprehensive review by 
Panadero (2017) of six prominent SRL models revealed that despite 
variations in focus and terminology, these models generally agree on a 
three-phase structure of SRL (Figure 5): 

1. Planning: This initial phase involves goal setting, task analysis, 
and strategic planning. 

2. Performance: During this phase, learners implement their 
strategies, monitor their progress, and adjust as necessary. 

3. Reflection: The final phase includes self-evaluation, causal 
attribution, and adaptation for future learning tasks. 
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Figure 5. Cyclical nature of the SRL process 
 
While different models emphasize various aspects of SRL, such as 
motivation (Boekaerts & Corno, 2005), metacognition (Efklides, 2011), or 
information processing (Winne & Hadwin, 1998), they all acknowledge the 
cyclical and adaptive nature of SRL. Hadwin et al.’s (2011) model not only 
considers individual regulation but also how the regulation of learning can 
be shared between group members. Finally, the models of Pintrich (2000) 
and Zimmerman (2000) can be described as general models of regulated 
learning, as they consider motivation and metacognition to be central to SRL. 

While SRL models share a common three-phase structure, they differ in 
their specific subprocesses and areas of focus. In the planning phase, 
Boekaerts & Corno (2005) included identification, interpretation, primary 
and secondary appraisal, and goal setting. Efklides (2011) focused on task 
presentation, whereas Hadwin et al. (2011) emphasized planning. Pintrich 
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(2000) described this phase as forethought, planning, and activation. Winne 
& Hadwin (1998) allocated task definition, goal setting, and planning to this 
phase, and Zimmerman (2000) referred to it as forethought, encompassing 
task analysis and self-motivation. 

The performance phase varies across models as well. Boekaerts & Corno 
(2005) described it as goal-striving, whereas Efklides (2011) focused on 
cognitive processing and performance. Hadwin et al. (2011) and Pintrich 
(2000) highlighted monitoring and control. Winne & Hadwin (1998) 
emphasized applying tactics and strategies, and Zimmerman (2000) 
described it as performance with self-control and self-observation. 

In the reflection phase, Boekaerts & Corno (2005) focused on 
performance feedback. Hadwin et al. (2011), Pintrich (2000), and Winne & 
Hadwin (1998) all included regulating as a key subprocess. Pintrich (2000) 
also mentioned reaction and reflection, while Winne & Hadwin (1998) 
emphasized adapting metacognition. Zimmerman (2000) described this 
phase as self-reflection, including self-judgment and self-reaction. Notably, 
the model of Efklides (2011) does not explicitly include subprocesses in the 
reflection phase. 

While varying in terminology and focus across models, these 
subprocesses collectively represent the actions learners take throughout 
the SRL cycle. They involve estimating how to accomplish a learning task, 
implementing planned actions, and reflecting on the learning process to 
inform future learning experiences. Various SRL models share common 
elements, but they differ in their emphasis and conceptualization of the self-
regulation process. Zimmerman's (2000) model, with its cyclical phases of 
forethought, performance, and self-reflection, provides a clear framework 
for understanding the temporal aspects of SRL. However, it may oversimplify 
the complex, often non-linear nature of learning processes. In contrast, 
Winne and Hadwin's (1998) model, with its emphasis on cognitive and 
metacognitive processes, offers a more detailed account of the internal 
mechanisms of SRL but may understate the role of motivation and affect. 

Pintrich's (2000) model attempts to bridge this gap by incorporating 
motivational and contextual factors alongside cognitive processes. While 
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comprehensive, its complexity can make it challenging to operationalize in 
empirical studies. Efklides' (2011) model addresses this by focusing on the 
interactions between metacognition, motivation, and affect, providing a 
more nuanced understanding of how these factors influence each other 
during learning. However, it may not fully capture the social aspects of 
learning that are increasingly important in online environments. 

Hadwin et al.'s (2011) model stands out for its consideration of socially 
shared regulation, which is particularly relevant in collaborative online 
learning contexts. However, it may overemphasize social aspects at the 
expense of individual cognitive processes. Each of these models offers 
valuable insights but also has limitations in fully capturing the complexity of 
SRL, particularly in diverse online learning environments. 

Empirical studies have continuously demonstrated that students do not 
use efficient self-regulating strategies when learning in virtual environments 
(Akyildiz & Kaya, 2021; Azevedo et al., 2019; Broadbent & Poon, 
2015). Therefore, learners may not achieve the expected learning outcome 
(Lee et al., 2019; van Alten et al., 2020). This situation has motivated teachers 
and researchers to design methods to support learners. Recent research on 
SRL has been focusing on numerous themes. Metacognition, motivation, 
online learning, higher education, learning strategies, and SE have been the 
key themes that are present in the majority of the studies during the past 
few decades (Gambo & Shakir, 2021; Sulistiawati et al., 2023). Analyses of 
the links between different themes, have revealed that self-regulation is 
most often connected to LA, SE, motivation, and higher education (Tao et al., 
2023).  

Many studies have suggested that interventions could enhance SRL 
(Ceron et al., 2021; Lee et al., 2019; Wong et al., 2019). Interventions can 
assist at-risk learners in improving their learning performance (Espinoza & 
Genna, 2021) or can help reduce undesirable learning behavior (Lodge et al., 
2018). Furthermore, interventions can be used to increase students’ mastery 
goals (J. Zheng et al., 2020), SE (Samuel & Warner, 2021), and the perceived 
value of a course (Alamri et al., 2020). This highlights the complex nature of 
SRL and emphasizes the need for holistic approaches to support online 



49 
 

learners. Although the development of LA interventions has improved 
learning in the performance phase of the SRL cycle, interventions that would 
benefit different learning designs still need to be developed (Kleimola et al., 
2024). This research contributes to the field of SRL by investigating how SRL 
is promoted through interventions and exploring how SRL can be measured 
during online courses. Central to this discussion is the concept of SE. 

While various components influence SRL, SEB has emerged as a 
particularly crucial factor in determining how students approach and persist 
in their learning tasks. These beliefs about one's capability to organize and 
execute actions necessary for learning not only influence goal setting and 
strategy use but also shape how students regulate their learning processes. 
Understanding the dynamic interplay between SRL and SEB is particularly 
important in online learning environments, where students must exercise 
greater autonomy in managing their learning. 

The integration of technology has significantly influenced recent 
advancements in the field of SRL, the understanding of gender differences, 
and the exploration of various pedagogical strategies. These advancements 
are crucial in enhancing educational outcomes and fostering independent 
learning among students across different educational contexts. 

One of the notable advancements in SRL is the increasing recognition of 
the role of technology in facilitating SRL processes. Bembenutty (2023) 
highlighted that computer-based learning environments have expanded the 
frontiers of SRL research, allowing for more personalized learning 
experiences. The integration of LA, as discussed by Ye & Pennisi (2022), 
provides educators with valuable insights into students' learning behaviors, 
enabling them to tailor interventions that enhance self-regulation. 
Furthermore, the use of digital tools has been shown to support students in 
setting goals, monitoring their progress, and reflecting on their learning 
experiences, which are essential components of self-regulation (Jaramillo et 
al., 2022). 

Moreover, the impact of perceived teacher support on SRL has emerged 
as an important area of research. Yin & Luo (2024) demonstrated that 
students who perceive higher levels of support from their teachers are more 
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likely to engage in self-regulation strategies, leading to increased learning 
engagement. This relationship underscores the importance of creating 
supportive educational environments that empower students to take charge 
of their learning processes. 

The relationship between SRL and academic performance has also been 
a focal point in recent studies. For instance, Jaramillo et al. (2022) found that 
SRL skills are predictive of academic success, particularly in virtual learning 
contexts during the pandemic. This aligns with the findings of Cahyawati et 
al. (2023), which indicate that self-regulation can mitigate the negative 
effects of anxiety on academic achievement. Such evidence highlights the 
critical role of self-regulation in promoting resilience and adaptability among 
learners, particularly in challenging educational settings. 

The incorporation of gamification and interactive learning strategies has 
also gained traction as a means to enhance SRL. Pausch (2023) discussed 
how gamification can motivate learners by leveraging their intrinsic 
motivation, thereby encouraging them to engage more deeply with the 
learning material. This approach aligns with the findings of Abdul Talib et al. 
(2023), who identified various SRL strategies, such as goal setting and self-
monitoring, that can be effectively integrated into gamified learning 
environments. 

In the context of online learning, the COVID-19 pandemic has accelerated 
the need for effective SRL strategies. Dai et al. (2022) explored how SRL 
profiles can influence engagement in online mathematics learning, revealing 
that students with higher self-regulation are more likely to succeed in virtual 
environments. This is particularly relevant as educational institutions 
continue to adapt to hybrid and online learning models. 

One of the foundational theories underpinning SRL is the self-
determination theory, which posits that fulfilling psychological needs for 
autonomy and competence is crucial for promoting effective learning 
behaviors. Zheng (2023) emphasized the importance of SE and informal 
digital learning as mediators in the relationship between SRL and course 
satisfaction, suggesting that learners who feel competent and autonomous 
are more likely to engage in self-regulated behaviors in online environments 
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(Y. Zheng & Xiao, 2023). This aligns with Schunk and Zimmerman's 
comprehensive overview of self-regulation, which underscores the 
significance of motivation and SE in enhancing learners' performance and 
persistence in online learning settings (Schunk & Zimmerman, 2023). 

The readiness of learners to engage in e-learning also plays a critical role 
in their self-regulation capabilities. Ucar & Ugurhan’s (2023) investigation 
into e-learning readiness indicated that learners who spend more time on 
digital platforms exhibit higher levels of SRL skills, suggesting that familiarity 
and comfort with online environments can enhance learners' ability to 
manage their learning processes effectively (Ucar & Ugurhan, 2023). This is 
further supported by Wu et al., who found that interaction in online learning 
environments positively influences satisfaction through the mediating roles 
of academic emotions and SRL (Wu et al., 2023). The interplay between 
learner readiness and engagement highlights the importance of creating 
supportive online environments that foster self-regulation. 

The role of artificial intelligence in supporting SRL is another emerging 
area of interest. Jin et al. discuss how AI applications can assist students in 
managing their learning by providing personalized feedback and resources, 
thereby enhancing their self-regulatory skills (S.-H. Jin et al., 2023). This 
technological integration represents a significant advancement in the field, 
as it offers scalable solutions to support diverse learners in online 
environments. Furthermore, Prasetya & Raya's (2023) research highlighted 
the interplay between SRL behavioral factors and students' performance in 
online language learning, emphasizing the importance of tailored strategies 
to enhance self-regulation in specific contexts (Prasetya & Raya, 2023). 

The impact of learner support on SRL was further illustrated by Rui & Liu 
(2023), who found that perceived teacher support positively affects learners' 
self-regulation, mediated by SEBs. This highlights the importance of 
instructor involvement and support in online learning environments, as 
practical guidance can empower learners to take control of their learning 
processes. Additionally, the findings of Zhou et al. (2022) reinforce this 
notion by demonstrating that teacher support is crucial for enhancing 
learners' SRL capabilities in online settings. 
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The transition from traditional to online learning has necessitated 
reevaluating students' learning strategies. Park's study comparing learning 
strategy use between online and offline classes found no significant 
differences, suggesting that effective learning strategies can be adapted 
across different modalities (E. H. Park, 2024). This adaptability is essential for 
promoting SRL, as learners must be equipped with a versatile toolkit of 
strategies to navigate various learning environments successfully. 

Moreover, the COVID-19 pandemic has catalyzed research into SRL, as 
many educational institutions were forced to shift to online formats. Guo et 
al. (2022) conducted a multi-institutional survey during this period, revealing 
that self-regulation is a core concept for understanding the metacognitive, 
motivational, and emotional aspects of learning in online contexts. This 
research provides valuable insights into the challenges faced by different 
learner subgroups, emphasizing the need for targeted interventions to 
support self-regulation during times of transition. 

Recent work by T. S. Cristea et al. (2025) provided important insights into 
how students' learning strategies evolve throughout a course. Their study 
revealed that students modify their learning behaviors as courses progress, 
sometimes adopting less effective strategies over time. Their finding that 
students increasingly relied on formative assessment strategies, though 
these did not contribute significantly to academic success, was particularly 
noteworthy. Their research emphasizes the importance of metacognitive 
engagement and the ability to balance surface and deep learning strategies, 
with students who effectively transition between different strategies 
showing better academic performance. 

Recent research has explored how emerging technologies affect SRL and 
engagement. The dynamic interplay between self-regulated learning and 
engagement has been influenced by generative AI, leading to improved self-
regulated strategies and engagement (M. Pan et al., 2025). However, while 
AI can help meta-cognitive processes, studies indicate it does not necessarily 
improve self-efficacy (Deng et al., 2025). 

In conclusion, the advancements in SRL within online education are 
characterized by a growing body of research that highlights the interplay 
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between engagement, SE, and technological integration. As educational 
institutions continue to navigate the complexities of online learning, it is 
imperative to prioritize the development of SRL strategies that empower 
learners to take control of their educational journeys. 

SRL serves as a foundational theoretical framework throughout this 
research, offering a comprehensive lens for understanding how students 
regulate their learning processes in online environments. The research 
specifically employs the three-phase model of SRL (planning, performance, 
and reflection) to examine both cognitive and behavioral aspects of student 
learning. This theoretical foundation is strategically integrated with LA to 
enable deeper insights into student learning behaviors and to provide 
structured ways of evaluating student engagement and learning strategies. 
The innovative aspect of this research lies in its systematic integration of SRL 
theory with LA, enabling more nuanced insights into student learning 
processes, informing the design of effective interventions, supporting 
personalized learning approaches, and elucidating the relationship between 
self-regulation and academic success in online learning environments. 

 

2.5 Self-Efficacy Beliefs 
SEB represent a critical psychological construct that influences how students 
approach, persist with, and ultimately perform their learning tasks. This 
section examines the theoretical foundations of SEB and their relationship 
to SRL. It explores how these beliefs develop, their impact on student 
behavior and performance, and their particular relevance in online learning 
environments. Special attention is given to the relationship between SEB 
and online learning, as understanding this connection is crucial for 
developing effective interventions to support student learning. Recent 
studies have revealed a relationship between SE and SRL. Students with high 
self-regulation have better SE than students with low self-regulation (Arianto 
& Hanif, 2024). 

SE is a core concept in social cognitive theory, which refers to individuals' 
beliefs about their capability to organize and execute actions necessary to 
achieve specific performance outcomes (Bandura, 1986). SEB are the 
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specific thoughts and judgments people hold about their ability to perform 
particular tasks or achieve certain outcomes (Pajares, 1996). The main 
difference between the two is that SE is the broader construct, whereas SEB 
are the specific cognitive manifestation of this construct. In academic 
settings, SEB can be interpreted as students' confidence in their ability to 
complete academic tasks or reach specific educational objectives 
successfully (Schunk, 1991). 

SEB are crucial in students' motivation, academic performance, and SRL 
(Pajares, 1996). These beliefs influence various aspects of learning. Students 
with high SE are more likely to embrace challenges, whereas those with low 
SE tend to avoid difficult tasks or give up easily (Demirören et al., 2016). 
Students with higher SE tend to use more effective learning strategies and 
are better at planning and monitoring their learning (Fadillah et al., 2021). In 
online learning environments, SE has been identified as an enabling factor, 
with higher SE being associated with improved problem-solving abilities 
(Hwang & Oh, 2021). Students with higher SE use more suitable methods at 
the right time than students with lower SE (Liu et al., 2023). SE is linked to 
diverse elements of learning, such as interacting with classmates or 
instructors (Shen et al., 2013). Finally, high efficacy helps students to 
complete their academic tasks (C. L. Tsai et al., 2020). 

Recent studies have focused on exploring the relationship between SE 
and SRL. Shin (2024) demonstrated that SE can forecast self-regulation and 
course outcomes, suggesting that students' beliefs in their abilities play a 
pivotal role in their capacity to manage their learning effectively. Moreover, 
the practical application of metacognitive strategies has been linked to 
increased SE, pointing to a potential bidirectional relationship between SRL 
skills and SEB (Khosravi et al., 2023). Evidence that SE intermediates the 
dynamic interplay between SRL strategies and student engagement also 
exists (Goslen et al., 2024; Xu et al., 2024). These results align with the 
previous findings about SE as a factor in improving student engagement (X. 
Pan, 2022). Furthermore, students who use more SRL strategies report 
higher SE (Bai & Guo, 2018), and those who have high SRL skills show the 
highest SE (J. Chen et al., 2022). Figure 6 simplifies this complex relationship. 
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Figure 6. Relations between self-efficacy beliefs, learning behavior, and 
academic achievement 
 
As education increasingly moves online, researchers have begun to explore 
how these concepts apply in digital learning environments. Hsu et al. (2023) 
examined how students allocate their time during exam preparation, 
revealing that consistency in study time throughout the preparation period 
led to improved performance. This underscores the importance of time 
management skills, an element of SRL, within the broader context of SRL. 
Another perspective is on goal-setting, which is also connected to SE (Su et 
al., 2019). Implementation of adaptive learning strategies incorporating 
diverse didactic techniques has been shown to enhance learning outcomes 
and promote both disciplinary and transversal competencies (Rincon-Flores 
et al., 2024). 

SEB are crucial in online learning environments, where students often 
need to be more autonomous and self-directed. Artino & Jones (2012) found 
that SE was positively related to task value and elaboration strategies in 
online courses, suggesting its importance in motivating students to engage 
deeply with course material. Moreover, Kuo et al. (2014) demonstrated that 
internet SE was a significant predictor of student satisfaction in online 
learning, highlighting the technology-specific aspects of SE in digital 
environments. 
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The relationship between SE and actual performance in online settings is 
complex. While generally positive, some studies have found discrepancies. 
For example, Broadbent (2016) observed that while high SE was associated 
with better academic performance in online courses, some students 
overestimated their abilities, leading to reduced effort and potentially lower 
achievement. This highlights the importance of accurate self-assessment in 
online learning contexts. 

However, measuring SE in online contexts presents unique challenges. 
Traditional self-report measures may not capture the nuanced ways in 
which SE operates in digital environments. Some researchers, like Shen et 
al. (2013), developed online learning-specific SE scales, which include SE for 
completing online courses and interacting with instructors and peers online. 

With interventions, SE can be improved (Teng & Zhang, 2020). The 
interventions can have different consequences on SE. Students with higher 
SE perceive dashboards as helpful for study planning, whereas students with 
lower SE estimate dashboards as helpful for study monitoring (Silvola et al., 
2023). However, interventions that provide feedback in the form of 
comparative information can be risky for students with low SEB when 
interpreting this type of feedback (Kaveri et al., 2023) and comparative 
information can be harmful, especially to SEB. 

These findings suggest that understanding SEB and how they relate to 
other factors is essential in online education. By understanding online 
learning at a granular level, we can intervene early during online courses and 
help learners apply more SRL strategies, improve their time management, 
and set goals, which help them achieve better outcomes. 

Goal-setting is closely intertwined with both SRL and SE. An effective 
learning goal should be specific, measurable, challenging, and attainable 
(Schunk, 2011). For instance, instead of a vague goal, such as “do well in the 
course,” a student may set a specific goal, such as “complete all weekly 
assignments on time and achieve a grade of 80% or higher on the final 
project.” This goal is specific, measurable, challenging yet attainable, and 
provides clear criteria for success. Goal-setting is particularly beneficial 
when implemented at the beginning of a course, as it helps students in the 
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planning phase of the SRL cycle. Two critical factors that influence students' 
ability to achieve their goals are SEB and expectancy value. 

Complementing the concept of SE, the expectancy-value theory provides 
another framework for understanding student motivation and achievement. 
The expectancy-value theory provides a framework for understanding 
individuals' attitudes and behaviors based on their beliefs and evaluations 
of potential outcomes. This theory posits that people's attitudes are shaped 
by two main factors: expectancy and value (Wigfield & Eccles, 2000). 
Expectancy refers to a student's subjective belief about the probability of a 
particular outcome occurring as a result of their learning activities. Value 
pertains to the subjective importance or desirability that a student assigns 
to a specific outcome or goal. When students believe in their ability to 
succeed and perceive value in the learning task, they are more likely to 
persist in their efforts, leading to improved learning outcomes. To illustrate, 
consider two students in a challenging mathematics course. Student A 
believes they can master the material with effort (high expectancy) and sees 
the course as crucial for their future career (high value). Student B doubts 
their ability to succeed (low expectancy) and doesn't see the relevance of the 
course to their goals (low value). According to the expectancy-value theory, 
Student A is more likely to engage deeply with the course material and 
persist in the face of difficulties. Given the complex interplay of these factors, 
researchers have sought innovative methods to understand and support 
student learning. One such promising approach is sequence analysis. 

The interplay between SRL, SEB, and goal-setting is complex but crucial 
for understanding student performance in online learning environments. As 
online learning continues to grow in importance, further research in these 
areas will be vital for developing strategies to support all learners, 
particularly those with low SEB. When learning takes place in online 
environments, the methods especially designed for these environments, 
such as LA, can be helpful for understanding learning processes in more 
depth. This research contributes to this field by applying by investigating the 
development of SRL during online courses. 
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While SEB provide insight into students' confidence in their abilities, 
student engagement represents the actual manifestation of these beliefs in 
learning behaviors and interactions. The relationship between SEB and 
student engagement is particularly significant in online learning 
environments, where maintaining active participation and meaningful 
interaction can be challenging. Understanding how students' beliefs about 
their capabilities influence their engagement patterns is crucial for 
developing effective support strategies. 
 

2.6 Learning Analytics 
LA has emerged as a powerful approach for understanding and optimizing 
learning processes through collecting, analyzing, and interpreting 
educational data (Siemens, 2013; Viberg et al., 2018). This section begins by 
examining LA's theoretical foundations and key concepts, including its 
definition, purposes, and methodological approaches (Romero & Ventura, 
2020). It then explores specific analytical techniques relevant to this 
research, including sequence analysis and multi-channel analysis (López-
Pernas & Saqr, 2021; Saqr, López-Pernas, Helske, et al., 2024). The section 
concludes by examining how LA can be applied to understand and support 
SRL and student engagement in online environments (Lodge et al., 2018; 
Matcha, Gašević, et al., 2020). 
 
2.6.1 Foundations and Key Concepts 
LA is defined as "the measurement, collection, analysis, and reporting of 
data about learners and their contexts for the purposes of understanding 
and optimizing learning and the environments in which it occurs" (Siemens, 
2013, p. 1382). LA can be used to analyze and report learner performance 
and to highlight the parts of learning where SRL processes could be 
improved (Lodge et al., 2019; Winne, 2022). LA for SRL has two elements, 
calculation and recommendation (Winne, 2017). These two elements are 
built within the LA model's four stages: data generation, tracking, analysis, 
and action (Romero & Ventura, 2020). First, data is generated when learners 
perform activities in online learning environments. This trace data serves as 
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input for calculating, analyzing, and tracking learners' processes. Next is the 
action stage, where instructors execute interventions to support learning 
activities based on the analytics (Ifenthaler & Yau, 2020). LA interventions 
aim to support the changes that learners can make to achieve better 
outcomes. This cycle is presented in Figure 7. 

 

Figure 7. LA cycle uses collected learning data to support learning processes 
through interventions 
 
While early LA methods relied on fixed factors and had limited predictive 
capabilities, contemporary dynamic models can be applied to more complex 
learning contexts. However, implementing effective interventions remains 
challenging and requires careful design to successfully support learning 
(Rienties et al., 2017; Sedrakyan et al., 2020; Wise, 2014). A typically used 
channel for LA interventions is the learning analytics dashboard (LAD; Bodily 
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et al., 2018). Matcha, Uzir, et al. (2020) focused on LAD interventions to 
support SRL. Their systematic review highlighted the potential of LADs in 
supporting various aspects of SRL but also noted challenges in 
implementation and effectiveness across different contexts. According to 
Larrabee Sønderlund et al. (2019), most interventions aim to identify at-risk 
students, namely to students who are highly likely not to pass the course or 
to pass with poor results (Shafiq et al., 2022).  

Viberg et al. (2020) revealed that most studies have concentrated on SRL's 
forethought and performance phases, with less attention given to the 
reflection phase. Importantly, they found limited evidence of LA being used 
to directly support SRL or improve learning outcomes. Instead, LA research 
focused on measuring SRL, suggesting a need for more interventional 
studies in this field. Pérez-Álvarez et al. (2018) explored tools supporting SRL 
in online environments. They found that visualization was the most common 
means of supporting SRL, and the most used indicators were either action-
related or content-related. This is not the only study that has tried to 
investigate the relationship between LA and SRL. Several studies have 
investigated SRL with LA, and numerous reviews have summarized the 
findings of these studies. Still, new measuring methods (Prasse et al., 2024) 
that could help to elucidate online learning and promote the SEB and SRL of 
learners are required. 

Effective interventions require a broad selection of stakeholders to make 
the interventions successful. Bayer et al. (2024) emphasized the importance 
of stakeholder involvement in the design and development of LA tools. By 
engaging with a wide range of educational professionals, including lecturers, 
EDI (equity, diversity, and inclusion) leads, and student support teams, they 
ensured that the dashboard met the specific needs of its intended users. 
This approach aligns with the growing recognition in the field that the 
effectiveness of LADs is closely tied to their alignment with user needs and 
the context in which they are deployed (Ahn et al., 2019; Pozdniakov et al., 
2022). 

Recent research has demonstrated the potential of LAD to support SRL 
and feedback, particularly for procedural skills training, though systematic 
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reviews indicate mixed results in their overall effectiveness (Kaliisa et al., 
2023). Villagran et al. (2024) conducted a design-based research study to 
develop and evaluated an LAD. Their two-phase approach, which included 
cognitive walkthroughs, surveys, and interviews, revealed that students 
highly valued features such as performance visualization, peer comparison, 
and planning resources. Importantly, the study found that higher levels of 
self-reported SRL strategies predicted higher levels of sensemaking of LAD 
indicators, suggesting a positive relationship between students' self-
regulatory capabilities and their ability to leverage LAD data. The authors 
also noted that while students found the LAD useful for supporting feedback 
uptake and strategic planning, there were challenges in motivating the use 
of self-evaluation features. This aligns with previous findings on the 
complexities of promoting student engagement with feedback (Carless & 
Boud, 2018). Villagran et al. (2024) highlighted the potential of LADs to 
enhance feedback processes in higher education while underscoring the 
need for careful design considerations to fully support all aspects of SRL. 
These design considerations are particularly crucial given that recent 
systematic reviews have found that LADs often have a limited impact on 
students' motivation and attitudes toward learning (Kaliisa et al., 2023). 

Another often neglected viewpoint on interventions is feedback literacy, 
with a need for the same being identified (F. Jin et al., 2024). S.-H. Jin et al. 
(2023) found that students perceived feedback tools as potentially helpful in 
enhancing their feedback literacy skills. Specifically, such tools can support 
students in processing feedback, eliciting feedback, acting on feedback, 
appreciating and committing to feedback, and managing emotions related 
to feedback. These findings suggest that carefully designed feedback 
analytics tools can scaffold various aspects of student feedback literacy 
within peer assessment activities. 
 
2.6.2 Analytical Methods and Techniques 
LA employs a rich collection of data and methods to analyze online learning 
processes. Data sources can include clicks, assessments, quizzes, and log 
traces from learning management systems (LMS). Analysis approaches 
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include measuring and predicting student performance (Elmoazen et al., 
2023; Namoun & Alshanqiti, 2020), predicting dropout (de Oliveira et al., 
2021), evaluating networking elements (Malmberg et al., 2022; Saqr & 
Alamro, 2019), and identifying learning patterns (Juhaňák et al., 2019). 

While LA has shown promise in providing insights into learning processes, 
there is a growing recognition of the need to implement these approaches 
in more ecological settings to increase their generalizability and impact 
(Cukurova et al., 2020). Modern LA approaches incorporate data from 
various sources such as speech, text, eye movements, gestures, and facial 
expressions (Blikstein & Worsley, 2016). Triangulated data from multiple 
sources offers a more comprehensive understanding of learning processes 
by integrating and examining data from multiple dimensions. However, 
implementing multi-source data collection and analysis in real-world 
settings presents several challenges, including data privacy concerns, and 
ethical considerations, as well as ensuring validity, setting up complex data 
collection pipelines, performing data fusion, and conducting analysis 
(Schneider et al., 2024). 

Recent work has focused on addressing these challenges and moving 
toward more ecological implementations. For example, Schneider et al. 
(2024) described a project instrumenting a maker space with cameras to 
capture pose and gaze data, highlighting the importance of working with 
stakeholders to address privacy concerns and create useful platforms. 
Martinez-Maldonado et al. (2024) discussed the development of an analytics 
platform designed to provide actionable feedback on team interactions in 
healthcare simulations, emphasizing the value of human-centred design 
approaches. Bernacki et al. (2025) investigated the use of multiple data 
sources to validate digital traces of SRL and predict student performance in 
undergraduate courses. This research addresses a key challenge in SRL 
research: inferring SRL processes from digital events and validating these 
inferences. 

These ecological implementations of multi-source learning analytics are 
providing new insights into learning processes and opening up possibilities 
for data-driven interventions. However, they also underscore the need to 
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carefully consider ethical concerns, stakeholder involvement, and the 
development of flexible and scalable technical infrastructures. As the field 
progresses, there is a growing emphasis on creating LA tools that not only 
inform but also empower users, ensuring that insights can be translated into 
practical strategies for enhancing teaching effectiveness and student 
learning outcomes (Worsley et al., 2021). 
 
2.6.3 Supporting SRL and Engagement 
Recent advancements have expanded our understanding of student 
engagement and learning processes in online environments. For example, 
Nakamura et al. (2024) employed change point detection algorithms to 
analyze classroom engagement, demonstrating the potential for identifying 
significant shifts in student behavior and enabling more timely 
interventions. However, Villalobos, Perez-Sanagustin, et al. (2024) caution 
that while LA interventions can improve online student engagement, they 
do not necessarily lead to improved learning outcomes. This highlights the 
need for a more nuanced approach focused on enhancing learning 
effectiveness rather than simply increasing student engagement. 

Recent research has emphasized that engagement cannot be measured 
through LMS clicks alone (Fincham, Whitelock-Wainwright, et al., 2019; Johar 
et al., 2023). There is a growing recognition of the need to develop methods 
that capture all dimensions of engagement (Johar et al., 2023). Bergdahl et 
al. (2024) found that while log data is used to capture engagement in 21.4% 
of studies, it is often accompanied by survey data (33.3% of studies) to 
elucidate student engagement. This multi-modal approach helps overcome 
the limitations of uni-dimensional log data analysis (Tempelaar et al., 2020). 

Self-reported SRL and student engagement were  analyzed together (W. 
Wang et al., 2024). Self-reporting took place at the end of the research 
experiment. Our approach improves on this setting by applying 
a longitudinal approach to assess student engagement with LA data 
accompanied by self-reported SRL data. The granularity is improved with 
temporal data that examines the development of student engagement and 
SRL multiple times during the course. 
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In previous studies, the longitudinal approach has been used to analyze 
student engagement in relation to academic achievement (Saqr, López-
Pernas, Helske, et al., 2023). However, the longitudinal relationship between 
student engagement and SRL remains unstudied. Thus, this study examines 
how the dynamic interplay between student engagement and self-
regulation evolves during a single course. We combine the self-reported 
survey data with the trace data captured from LMS to show a more holistic 
view of the learning process. In this context, Tepgec et al. (2024) argued for 
the importance of developing students' feedback literacy skills to translate 
increased student engagement into improved learning outcomes. 

LA uses process mining, sequence analysis, and temporal network 
analysis to analyze the temporal aspect of learning. These methods are 
increasingly being utilized to enhance the understanding of learning 
processes and improve educational outcomes. These methodologies 
provide a framework for analyzing complex data generated during learning 
activities, enabling researchers and educators to derive actionable insights 
from learner interactions and behaviors. Process mining is a technique that 
focuses on extracting knowledge from event logs generated by information 
systems. In the context of LA, it allows researchers to analyze the sequences 
of actions taken by learners, thereby uncovering patterns and inefficiencies 
in learning processes. For instance, Koschmider et al. (2022) highlighted that 
process mining can facilitate the automatic analysis of educational 
processes by discovering process models and conducting conformance 
checks between expected and actual learning behaviors. 

Moreover, the integration of process mining with LA can greatly elucidate 
how learners engage with educational content. Monroy et al. (2015) 
demonstrated the application of process mining methods to characterize 
inquiry-based pedagogical processes, illustrating how these techniques can 
reveal insights into curriculum use and learner engagement. By 
systematically analyzing event data, educators can optimize learning 
environments and tailor instructional strategies to better meet the needs of 
students (Polat & Eroğlu, 2021).  
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Sequence analysis complements process mining by focusing on the order 
and timing of events in learning activities. This method allows researchers 
to examine how learners progress through educational tasks over time, 
providing insights into their learning trajectories. Saqr & Nouri (2020) 
emphasized the importance of understanding the temporal dimensions of 
collaborative learning through sequence analysis, which can reveal how 
interactions among learners evolve and impact learning outcomes. This 
temporal perspective is vital for identifying critical moments in the learning 
process that may influence student success. E. Park et al. (2023) discussed 
how sequence analysis can uncover learners' SRL strategies by examining 
interaction patterns within adaptive learning environments. Similarly, B. 
Chen & Poquet (2022) noted that sequence analysis provides a robust 
framework for characterizing learning and learner behaviors, which can be 
pivotal in tailoring educational interventions. 

Temporal network analysis further elucidates learning dynamics by 
examining the relationships and interactions among learners over time. 
Saqr & Peeters (2022) illustrated how temporal networks can be employed 
to analyze collaborative learning environments, revealing the centrality and 
influence of different learners within a network. This approach not only 
uncovers the relational aspects of learning but also highlights how the 
timing of interactions can affect collaborative outcomes. Ifenthaler et al. 
(2019) emphasized the potential of network graph analysis to inform 
learning design by analyzing navigation patterns and interactions among 
learners. Sometimes, the navigation process can be complex. 

Complexity in LA refers to the instability or unpredictability of state 
arrangements in sequential data (Ritschard, 2023). It encompasses multiple 
aspects, including transitions between states, the number of visited states, 
and the unpredictability of time spent in each state. This concept has been 
applied in educational research to understand learning behaviors, with 
studies showing that the complexity of students' behavior can account for 
significant variations in academic performance (Tan & Samavedham, 2022). 
The analysis of complexity in learning requires considering both variable- 
and person-centered approaches to capture the full complexity of learning 



66 
 

environments (Tempelaar et al., 2023). Person-centered approaches are 
particularly valuable as they enable the identification of subpopulations 
within the data, acknowledging the diversity and complexity of learner 
behaviors and interactions (Howard & Hoffman, 2018). This complementary 
approach helps researchers better understand the dynamic nature of 
learning processes and provides a more comprehensive view of how 
students engage with learning materials over time. Villalobos (2024) applied 
the person-centered approach to capture the complexity of learning at the 
subgroup level. 

Learning, as a complex dynamic system (Saqr, Dever, et al., 2024), exhibits 
dynamic behaviors that emerge from the interactions between system 
components. These dynamics refer to the changes exhibited by the system 
over time due to the evolution of component interactions and the influence 
of external conditions in the environment (Favela & Amon, 2023). The 
dynamics of a system can demonstrate different patterns: cycles of repeated 
behaviors, chaotic behaviors that appear random, or emergent patterns that 
suddenly or gradually arise from local interactions. However, these 
dynamics are highly sensitive to initial conditions, where small variations in 
the starting point can have multiplicative effects on system behaviors later 
on – a phenomenon known as the "butterfly effect" (Lorenz, 2000). This 
sensitivity to initial conditions makes it nearly impossible to employ 
predictive modeling for complex systems in the long term, though short-
term behavior may be relatively predictable. A key concept in understanding 
system dynamics is that of attractor states, which serve as stable 
configurations of relationships and behaviors that a complex system tends 
to evolve toward (Han & Amon, 2021). These attractors can reflect positive 
stability, where the system maintains a desirable equilibrium or negative 
stability, where the system becomes "stuck" in potentially maladaptive 
patterns (López-Pernas & Saqr, 2024). 

Saqr et al. (2025) proposed Transition Network Analysis (TNA) as a novel 
methodological approach that captures both temporal and relational 
aspects of learning processes by combining process mining and network 
analysis. This helps to tackle both the complexity and dynamics perspective 
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of the LA data. TNA models transition probabilities between learning events 
as a weighted directed network, allowing researchers to analyze the 
structure, timing, and relationships holistically (Saqr, López-Pernas, 
Törmänen, et al., 2024). The method extends beyond traditional process 
mining by incorporating network measures at the node, edge, and graph 
levels, enabling the identification of important events (through centrality 
measures), critical transitions (via edge centralities), and process 
connectivity (through graph density) (J. Helske et al., 2024). TNA also offers 
unique analytical capabilities including community detection, pattern 
mining, and statistical validation through bootstrapping and permutation 
testing. This comprehensive approach allows researchers to identify 
significant patterns in learning behaviors, validate their findings, and draw 
meaningful insights about the temporal dynamics of learning processes, 
making it particularly valuable for understanding complex educational data 
(Newman, 2018; Saqr, López-Pernas, Törmänen, et al., 2024). 

In conclusion, the application of process mining, sequence analysis, and 
temporal network analysis in LA research offers a robust methodology for 
analyzing educational data. These techniques enable researchers to uncover 
patterns in learner behavior, optimize educational processes, and enhance 
the overall learning experience. In the current thesis, sequence analysis and 
process mining are used to gain a deeper understanding of students’ 
learning processes. This helps to elucidate, at a granular level, what happens 
during online learning. Furthermore, understanding the differences in 
learning processes helps to identify the students who need support during 
learning to achieve their learning goals. 
 
2.6.4 Sequence Analysis 
One promising approach in LA is sequence analysis, which can identify 
learning tactics students use while studying online (Hadwin et al., 2007). This 
method constructs sequences of student actions from trace data, and is 
used, for example, to interpret differences in LMS usage as distinct learning 
tactics (Jovanović et al., 2020). A well-established connection exists between 
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the use of learning tactics and strategies and learning outcomes (Jovanović 
et al., 2017; Siadaty et al., 2016). 

Sequence analysis is a methodology used to execute pattern 
mining (Abbott, 1983). It has been used in various disciplines, but its use in 
education, has been brief (e.g., Saqr, López-Pernas, Jovanović, et al., 2023). 
Sequential mining is useful for examining learning from a processual 
perspective. The process unfolds in time transformative, and it can be 
described as states (Schmitz, 2006). Sequence mining aims to identify 
repeating patterns or sequences, which helps us identify learners with 
similar patterns. 

In recent years, LA has begun to use sequence analysis. Typically, 
researchers use the trace data captured from LMS to perform a sequence 
mining study (Jovanović et al., 2017; Matcha, Gašević, et al., 2020). A 
sequence analysis study generally involves six steps: 1) coding the elements 
of the sequence to form the alphabet, 2) determining the timespan used in 
the analysis, 3) defining the actor for a sequence object, 4) visualizing the 
descriptive analysis, 5) grouping the similar sequences into clusters, and 6) 
analyzing the clusters (Saqr, López-Pernas, Helske, et al., 2024).  

The alphabet refers to the states of the sequences (Raab & Struffolino, 
2023). Recoding takes place in this step of the process because the raw data 
(e.g., Moodle log data) is often too complicated to be interpreted 
meaningfully. Therefore, the raw data must be re-coded carefully to simplify 
the data structure (Liao et al., 2022). 

Trace data forms sessions, which are the basic unit of analysis in 
sequence analysis. The unit of analysis used in sequence analysis is typically 
called a session (Jovanović et al., 2017; Matcha, Gašević, et al., 2020) referring 
to an uninterrupted sequence of activity in online learning. Most often, 
sessions are determined based on the uninterrupted sequence of the 
learner’s actions (Jovanović et al., 2017; Matcha, Gašević, et al., 2020). While 
most studies focus on intra-course sequences, some studies expand the 
timespan over the entire study program (Saqr, López-Pernas, Jovanović, et 
al., 2023; Saqr & López-Pernas, 2021, 2022). 
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Figure 8 illustrates how learning activities can be coded into sequence 
states. The figure shows eight different sequences (vertical axis) over three 
time periods (horizontal axis), with activities color-coded into five distinct 
states: Forum (green), Resources (orange), Assignment (purple), Feedback 
(navy), and Quiz (light blue). Each state represents a different type of 
learning activity that students engage in during their online learning process. 
For example, in some sequences, students begin with forum activities before 
transitioning to assignments, whereas others start with resource 
consultation. The temporal progression across the three time periods 
demonstrates how students' engagement with different learning activities 
evolves during their learning journey. This visualization helps identify 
patterns in how students transition between different learning states and 
reveals the varying pathways students take through the course material. 
Such sequence state representations are fundamental to sequence analysis, 
enabling researchers to identify common patterns and distinguish different 
learning strategies among students. 

 

 

Figure 8. Simplified representation of sequences representing typical 
sequences and alphabet used in LA studies 

 
The actor in LA studies is typically the learner (López-Pernas & Saqr, 2021). 
Other approaches have analyzed the group of collaborating students (Saqr 
& López-Pernas, 2022); in this case, the whole group is the actor. To our 



70 
 

knowledge, no studies have used the teacher as an actor. As LA is focusing 
on learning, not teaching, this is an understandable approach. 
Different libraries are used in the sequence-building step. TraMineR 
(Gabadinho et al., 2011) is one of the most used libraries, and it can be used 
to visualize the results of sequence building. Visualization helps to identify 
the dissimilarities between sequences, and here, different plots are used to 
get a holistic view of the sequences. 

When visualization is performed, and the most suitable distance 
measurements are selected, the next step is typically to cluster the 
sequences to identify similar patterns (Studer, 2013). This step aims to find 
groups of patterns where sequences within a cluster are as similar as 
possible and as different from other patterns in other clusters as possible. 
Different clustering techniques have been used, but Agglomerative 
Hierarchical Clustering (AHC) has been the most popular (Saqr, López-
Pernas, Helske, et al., 2024). Clustering uses distance measures to find 
dissimilarities between clusters. Depending on the data used and the aims 
of the study researchers have used different measures, such as 
Euclidean (Matcha, Gašević, et al., 2020; Saqr, López-Pernas, Jovanović, et al., 
2023), Longest Common Subsequence (López-Pernas et al., 2023), Longest 
Common Prefix (Saqr & López-Pernas, 2022), and Optimal 
Matching (Jovanović et al., 2017). As these approaches have been unable to 
fulfill the need for analyses, other approaches have been developed. 
Markovian Models is an example of a method that is gaining more ground 
(Matcha, Gašević, et al., 2020; Saqr & López-Pernas, 2022). New approaches 
are used to identify and apply metrics and indicators for understanding 
learners’ sequential patterns in more detail (López-Pernas & Saqr, 2024; 
Poquet et al., 2023; Saqr, López-Pernas, Jovanović, et al., 2023; Tan & 
Samavedham, 2022). 

States used in sequence mining studies require the data to be presented 
as categorical. This is typically done by aggregating the raw data into 
categories. These categories include behavioral states (Raab & Struffolino, 
2023), learning activities (Matcha, Gašević, Jovanović, et al., 2020), moves in 
educational games (López-Pernas et al., 2023), or different roles adopted 
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during collaborative learning (Saqr & López-Pernas, 2022). A common 
approach is to define learning actions based on interactions with LMS 
(López-Pernas et al., 2021; Matcha et al., 2019; Saqr, López-Pernas, 
Jovanović, et al., 2023; Villalobos et al., 2022). Instead of plain activity 
descriptions, the interactions can be transformed into meta-cognitive 
actions (e.g., SRL strategies) to analyze the activity using existing theoretical 
concepts (Dever et al., 2023; Poquet et al., 2023). In sequence analysis, the 
concepts of learning tactics and learning strategies are typically used. A 
learning tactic is defined as a short sequence of a learner’s cognitive 
operations, and a learning strategy is a chronologically ordered learner’s 
sequence of decisions regarding which tactics to use (Winne & Marzouk, 
2019). Fincham, Gašević, et al. (2019) created a simplified definition that 
strategies are sequences of tactics applied by students. It is also possible to 
continue the analysis by sequencing the sequences and thus analyzing 
learning, for example at the course level (Fincham, Gasevic, et al., 2019; Saqr, 
López-Pernas, Jovanović, et al., 2023; Villalobos, 2022). 

For example, Matcha, Gašević, Ahmad Uzir, et al. (2020) analyzed how 
tactics and strategies vary with course design and modality. They identified 
unique learning actions tailored to each course and found that students' 
learning tactics reflected the course design. In contrast, learning strategies 
were more influenced by the course format than the instructional design. 

The importance of analyzing strategic transitions in learning has been 
further highlighted in recent research. T. S. Cristea et al. (2025) employed 
clustering techniques and Markov modeling to examine how students 
transition between different learning tactics and strategies throughout their 
courses. Their methodology for analyzing unobtrusive LMS data 
complements our approach in [II]. Their work particularly reinforces our 
findings about the importance of understanding how students adapt their 
learning strategies throughout a course, though they focus more on the 
effectiveness of different strategic transitions. 

Sequence analysis can be used to track student engagement, including 
activity level or study regularity. Student engagement indicators can have 
varying levels of temporal granularity, ranging from daily or weekly data 
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analysis to actions performed during specific learning sessions at particular 
times (Jovanović et al., 2021). Other studies have used the COPES model 
(Winne & Hadwin, 1998) to compute indicators for task definition, goal-
setting, enactment, and adaptation (T. Cristea et al., 2024). This approach 
helps to connect the indicators with a theoretical level to trace SRL-related 
constructs. 

Ritschard (2023) used a different approach to divide metrics into three 
categories of measuring sequences: a) basic indicators (counts of states), b) 
diversity (the heterogeneity of visited states), and c) complexity 
(unpredictability of state arrangement). The basic indicators are similar to 
the metrics proposed by Jovanović et al. (2021); the indicators are based on 
the count of interactions. Diversity metrics focus on the state distribution in 
the sequence, including the course strategies students use during an 
education program (Saqr, López-Pernas, Jovanović, et al., 2023). Complexity 
metrics refer to the instability or unpredictability of state arrangement in the 
sequence, such as students’ procrastination behaviors in an online course 
(Tan & Samavedham, 2022). 

Sequence analysis has been used for varied purposes. The sequential 
relationship was analyzed using students’ performance (Kinnebrew & 
Biswas, 2012; Matcha, Gašević, et al., 2020; Saqr, López-Pernas, Jovanović, et 
al., 2023), the patterns of course delivery (Matcha, Gašević, Ahmad Uzir, et 
al., 2020), or dropout (Saqr & López-Pernas, 2021). For example, López-
Pernas & Saqr (2024) explored student engagement patterns and observed 
three patterns of behavior: Active, Average, and Disengaged. They used 
integrative potential to connect different data sources and theories to gain 
more comprehensive insights into learning processes and classify students 
based on this likelihood of achieving a positive state, such as Active student 
engagement. Tan & Samavedham (2022) used the precarity index (a 
quantitative measure used to assess instability) to analyze students' 
procrastination in an online course to cluster students based on the time 
they spent watching videos. Saqr, López-Pernas, Jovanović, et al. (2023) 
performed a longitudinal study to analyze students’ learning strategies and 
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behavior variation across a learning program and observed similar context-
specific actions across courses. 

Temporal sequences can be analyzed in different ways. Molenaar & Wise 
(2022) proposed a framework for learners’ temporal behavior 
characteristics. They defined the passage of time and order in time as two 
essential temporal concepts. The passage of time views time as a continuous 
stream of events, introducing four metrics—position, duration, frequency, 
and rate—applicable across statistical methodologies. Order in time 
requires advanced techniques, exploring consistency, recurrent and non-
recurrent change, and irregular change within event sequences. 

Trajectories can be analyzed with epistemic network analysis, which is 
used to explore the differences between different efficacy clusters regarding 
their SRL, and the high SE group demonstrates more SRL behavioral 
characteristics in the performance and self-reflection phases of the SRL 
cycle (P. Chen et al., 2024).  

Sequence analysis methods offer a promising approach to understanding 
the needs of students with low SEB – those who believe that higher grades 
are either too hard to achieve or require too much work. These methods 
involve analyzing patterns in students' learning behaviors over time, 
providing insights into their learning strategies and potential areas for 
intervention. 

Sequence analysis in educational contexts involves examining the order 
and timing of students’ learning activities. This method can reveal patterns 
that are not apparent when looking at aggregate data. For example, 
Jovanović et al. (2017) applied sequence analysis to data from a flipped 
classroom environment. They identified several distinct learning strategies, 
such as “comprehensive” (engaging with all types of learning activities) and 
“selective” (focusing on specific types of activities). To fully appreciate the 
potential of this method, it is important to understand how sequence 
analysis is conducted in educational contexts. 

Natthaphatwirata & Matcha (2024) used sequence mining to formulate 
student engagement sequences. They used hierarchical clustering to 
recognize similar patterns in formulated sequences and, as a result, found 
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four groups of learners distinguished by similar student engagement 
patterns. They found two out of four groups to be successful learners, who 
are intensively engaged in learning activities in the short and long run, 
whereas unsuccessful groups tend to be less engaged. 

Another study (Lima et al., 2023) explored the interplay between student 
engagement and SRL using temporal analysis methods to identify distinct 
profiles of SRL among students based on their student engagement 
patterns. By analyzing the temporal sequences of student interactions, the 
study reveals how different levels of student engagement are associated 
with varying degrees of self-regulation. According to their results, students 
who exhibit higher student engagement through frequent interactions with 
learning materials tend to demonstrate more effective SRL strategies, such 
as goal setting and self-monitoring. This finding underscores the cyclical 
nature of SRL, where increased student engagement can lead to enhanced 
self-regulatory behaviors, which in turn can foster further student 
engagement. 

Recent work by Villalobos, Pérez-Sanagustín, et al. (2024) has expanded 
on traditional sequence analysis methods by introducing a set of indicators 
to characterize individual students' temporal behavior dynamics. Their 
approach, which includes basic, diversity, and complexity indicators, offers 
a more nuanced view of how students engage with online learning 
environments over time. Unlike traditional clustering methods that group 
similar behaviors, these indicators can reveal individual differences in 
learning processes. In their study of a blended learning course, they found 
that students who engaged with a LAD showed more complex and diverse 
behavior, although this did not translate to significant differences in final 
grades. Interestingly, they found few correlations between these sequence 
indicators and students' self-reported SRL skills or prior achievement, 
suggesting that pre-course measures may not be good predictors of 
students' behavioral dynamics during the course. This work highlights the 
potential of sequence analysis to provide insights into the temporal aspects 
of learning that may not be captured by other methods, particularly when 
evaluating the impact of interventions. 
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Sequence analysis methods can also be used to understand the needs of 
students with low SEB – those who believe higher grades are either too 
difficult to achieve or require too much work. While we know students 
sometimes struggle with assignments (Lopez-Pernas & Saqr, 2021), it is not 
always clear how best to help them. Students have different goals, and not 
all aim for the highest grades, sometimes due to low SEB (e.g., Knouse et al., 
2014). When designing interventions, it's essential to identify students 
aiming for higher grades but lacking sufficient skills and distinguish them 
from those satisfied with passing grades. Targeting interventions at the 
former group is expected to produce better outcomes (Dahling & Ruppel, 
2016). 

In the context of SEB, sequence analysis could reveal differences in how 
students with high and low SE engage with course materials. For instance, 
students with high SE might show more consistent student engagement 
patterns and quicker rebounds after setbacks. Meanwhile, those with low SE 
may display more erratic patterns or prolonged disengagement after 
difficulties. This research contributes to this discussion by analyzing student 
engagement along with SRL at a granular level. When learning processes are 
analyzed multiple times during a course, it can reveal when the distinction 
between learners with high and low SEB becomes evident. This helps 
practitioners identify the right time to assist students who need help in 
achieving their personal goals, thus developing their SRL and helping them 
to improve their SEB. 

Traditionally, sequence analysis studies have focused on a single data 
channel to analyze the learning progression. While learning is a complex 
construct, a single data type is not necessarily enough to understand its 
nuances. Therefore, this research uses parallel datasets to conduct multi-
channel sequence analysis to understand the interplay between SRL and 
student engagement. 

 
2.6.5 Multi-channel Sequence Analysis 
Multi-channel sequence analysis has emerged as a sophisticated approach 
in LA (López-Pernas & Saqr, 2021; Saqr, López-Pernas, Helske et al., 2023), 
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and it is particularly valuable for understanding the complex, multifaceted 
nature of learning processes (Jovanović et al., 2021; López-Pernas & Saqr, 
2024). This method analyzes parallel sequences of categorical data, 
providing insights into how different aspects of learning interact and evolve. 
Unlike single-channel approaches that might focus solely on behavioral 
traces or self-reported data, multi-channel analysis enables researchers to 
examine multiple dimensions of learning simultaneously (Saqr & López‐
Pernas, 2024). 

Multi-channel sequence analysis requires at least two temporal datasets 
offering different types of information, which can be analyzed in parallel. 
Previous studies have used different types of data to create the parallel 
channels elemental for multi-channel analysis. For instance, clickstream or 
log data has been frequently used as one channel to capture behavioral 
aspects of learning (López-Pernas & Saqr, 2021; Ouyang et al., 2023; Saqr, 
López-Pernas, Helske, et al., 2023), and complemented with assessment 
data (Bacci & Bertaccini, 2022; López-Pernas et al., 2021; Saqr, López-Pernas, 
Helske, et al., 2023), video data (Törmänen et al., 2022, 2023), or even 
physiological measurements like electrodermal activity (Törmänen et al., 
2022, 2023) to analyze learning. A notable example of innovative multi-
channel data application was provided by Yan et al. (2024), who conducted 
a study using audio, positioning, and physiological data to create multi-
channel data incorporating 17 multimodal behavioral features to analyze 
collaborative learning in a classroom environment. This demonstrates the 
method's flexibility in incorporating diverse data sources to elucidate 
learning processes. 

A crucial step in multi-channel sequence analysis is the aggregation of raw 
data into meaningful states. This process requires a careful consideration of 
how to categorize and combine different types of data while maintaining 
their interpretability. Figure 9 demonstrates how multi-channel sequence 
analysis combines different data streams to provide a more comprehensive 
view of learning processes. The visualization shows three parallel channels: 
engagement (top), combined states (middle), and regulation (bottom). The 
engagement channel categorizes student behavior into Active (green), 
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Average (yellow), and Disengaged (red) states. The regulation channel 
depicts two states of learning regulation: HighReg (dark blue) and LowReg 
(light blue). The middle channel represents the combined states resulting 
from the interaction between engagement and regulation levels, showing 
how these two dimensions interact at each time point. The vertical arrows 
between channels illustrate how states from the engagement and regulation 
channels combine to create more nuanced state descriptions in the 
combined channel. For example, when high engagement (Active) aligns with 
high regulation (HighReg), it results in an Active/HighReg state (dark green) 
in the combined channel. This visualization effectively demonstrates how 
multi-channel analysis can reveal patterns that might not be apparent when 
examining engagement or regulation in isolation, providing a more 
complete understanding of students' learning processes. 

 

 

Figure 9. Simplified version of multichannel sequences used to form a 
combined sequence 
 
The channels used in the current body of knowledge have varied. Previous 
studies have explored the relationship between emotional valence and 
arousal (Törmänen et al., 2022), tactics for studying online and automated 
assessments (Lopez-Pernas & Saqr, 2021), and student engagement and 
achievement (Saqr, López-Pernas, Helske, et al., 2023). While it is possible to 
include multiple channels in the analysis, researchers must balance 
complexity with interpretability. For example, Ouyang et al. (2023) used five 
channels: social interactions, cognitive dimension, collaboration regulation, 
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students' online behaviors, and the socio-emotional dimension. However, 
this high number of channels increases the complexity of interpretation due 
to the multiplicative effect on possible state combinations. 

Hidden Markov Models (HMM) have become a standard tool for analyzing 
multi-channel sequence data in educational contexts. In HMM analysis, two 
types of states exist: observed and hidden (also known as latent) (Lopez-
Pernas & Saqr, 2021). The observed states are the directly measurable 
behaviors or responses captured in the data, whereas hidden states 
represent underlying patterns or processes that cannot be directly observed 
but can be inferred from the observable data (S. Helske & Helske, 2019). 

Recent applications of HMM in educational research have revealed 
important insights about learning processes: 

1. Strategy Identification: Studies have used HMM to analyze 
strategies and transition probabilities of students moving 
between different learning states (López-Pernas et al., 2021; 
Saqr, López-Pernas, Jovanović, et al., 2023). 

2. Temporal Analysis: When hidden states are analyzed over time, 
distinct trajectories often emerge, revealing patterns in how 
students progress through their learning journey (Törmänen et 
al., 2023). 

3. Regulatory Processes: HMM has been used to assess fluctuations 
in socio-emotional interaction episodes and regulation of 
learning (Törmänen et al., 2023). 

4. Group Dynamics: Studies have applied HMM to understand 
collaborative group patterns and how they evolve (Ouyang et al., 
2023). 

Multi-channel sequence analysis has provided several key insights into 
educational processes. For example, Lopez-Pernas & Saqr (2021) found 
three hidden states of learning strategies by combining LMS usage data with 
automated assessment tool data. This revealed distinct patterns in how 
students transition between different learning approaches and how these 
transitions relate to academic outcomes. 
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The multi-channel sequence analysis has been particularly valuable in 
understanding complex educational phenomena such as the relationship 
between emotional states and learning regulation (Xu & Zhou, 2024), how 
different aspects of engagement interact over time (He et al., 2024), the 
connection between behavioral patterns and learning outcomes (López-
Pernas & Saqr, 2021), and the dynamics of collaborative learning processes 
(Ouyang et al., 2023). 

These applications demonstrate the utility of multi-channel sequence 
analysis in capturing the multifaceted nature of learning processes and how 
different aspects of learning interact over time. The ability to analyze 
multiple parallel sequences of data provides a more nuanced and 
comprehensive understanding of learning processes than single-channel 
approaches alone could provide. 

The integration of multiple data channels has enabled researchers to 
build more sophisticated models of learning processes, accounting for both 
observable behaviors and latent constructs. This has proven particularly 
valuable in online learning environments, where understanding the 
interaction between different aspects of learning is crucial for developing 
effective support strategies and interventions. 
 
2.6.6 Process Mining 
Process mining has emerged as another valuable perspective for studying 
patterns in educational data, enabling researchers to analyze how students 
interact with content and activities in learning management systems 
(Bogarín et al., 2014). A comprehensive review by Bogarín et al. (2018) 
mapped the landscape of educational process mining, revealing diverse 
applications across multiple educational contexts. The technique has proven 
particularly valuable in investigating student activity sequences in online 
environments, including MOOCs, blended courses, and computer-
supported collaborative learning settings. 

Understanding students' learning processes through process mining 
enables the development of improved teaching processes and learning 
designs (Alqaheri & Panda, 2022; Stoyanov & Kirschner, 2023). One primary 
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application has been detecting learning difficulties to provide more targeted 
student support. For example, López-Pernas et al. (2021) used process 
mining to explore how students transition between learning management 
systems and automated assessment tools, thus identifying how struggling 
students utilize resources to overcome challenges. Similarly, Arpasat et al. 
(2021) examined differences in activity patterns, bottlenecks, and time 
performance among students with varying achievement levels in MOOCs. 

Process mining studies in educational contexts typically focus on several 
key methodological approaches. Directly-Follows Graphs (DFGs) are used to 
understand commonly performed activities and transitions between them. 
Figure 10 is a simplified example of the process map. The map reveals 
several key patterns in how students navigate through learning activities. 
Beginning from the "Start" node, students typically follow three initial 
pathways: either directly to the forum activities (25% of learners), to the 
assignment (25%), or to the learning resources (50%). Based on these initial 
activities, students show various trajectories toward completing 
assignments. Notably, the map indicates multiple paths leading to 
assignment completion: students may move directly from resources, 
transition from forum discussions, or access assignments after attempting 
quizzes. The process ultimately converges at the "End" node, which can be 
reached through multiple paths. This convergence suggests that while 
students may take different routes through the learning activities, they 
ultimately need to complete certain core elements to finish the course. Such 
process maps can help educators understand common learning pathways 
and identify potential points for intervention or support. 
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Figure 10. Simplified version of the process map. Nodes represent typical 
learning activities and edges represent transitions between nodes. The 
width of the edge shows the relative commonness of the particular 
transition 
 
For instance, Vartiainen et al. (2022) used DFGs to visualize transitions 
between in-game activities in educational escape rooms. Researchers have 
often used DFGs to compare behavioral patterns between different student 
groups, such as high versus low achievers or between patterns obtained 
through different methods. Saqr & López-Pernas (2022) demonstrated this 
by implementing k-means clustering to group students by online activity 
frequency, and then used DFGs to understand the learning strategies 
adopted by different groups. Process Discovery is another approach, which 
has been used by several studies by employing process discovery algorithms 
to detect underlying patterns in observed data (Bogarín et al., 2018). These 
include the alpha algorithm (Nafasa et al., 2019), the heuristic algorithm 
(Bogarín et al., 2014), and the fuzzy miner (Beheshitha et al., 2015). Some 
researchers perform conformance checks to compare observed processes 
against designed processes. Pechenizkiy et al. (2009) exemplified this 
approach by verifying whether students answered exam questions in the 
prescribed order. 

Markovian methods represent another significant approach in process 
mining, particularly for studying transitions between different learning 
states. These methods have gained popularity due to their ability to map 
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students' transitions between learning activities using stochastic processes 
mining. First-order Markov models are commonly employed to understand 
these transitions. For example, Matcha et al. (2019) applied first-order 
Markov models to examine how students transition between different 
learning tactics. This approach has been extended to various educational 
contexts, including transitions between academic writing tactics (Peeters et 
al., 2020), patterns in SRL events (Lim et al., 2023), and dynamics within 
collaborative learning settings (Saqr & López-Pernas, 2023). 

These Markovian approaches complement other process mining 
methods by providing probabilistic insights into learning transitions and 
enabling researchers to understand not only what sequences occur but also 
their likelihood and patterns of change. While earlier work in this area relied 
heavily on the pMiner R package (Gatta et al., 2017), recent developments 
have introduced more modern and flexible methods for fitting, plotting, and 
clustering stochastic process mining models. These newer approaches also 
allow for the inclusion of covariates to help explain why different transition 
patterns emerge. Figure 11 shows the different approaches of process 
mining and the goals for the different approaches. 
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Figure 11. Process mining approaches in educational research 
 
A considerable volume of research has focused on instantaneous events, 
such as clicks in online learning management systems (Dolak, 2019; 
Hachicha et al., 2021; Romero et al., 2016). Fewer studies have examined 
activities with defined start and end times, primarily due to data collection 
limitations in online platforms. However, researchers have addressed this 
limitation by grouping clicks into learning sessions, an approach common in 
studies of learning tactics, strategies, and SRL (Cerezo et al., 2020; López-
Pernas et al., 2021; Matcha, Gašević, et al., 2020). 

The relationship between instructional design and students' tactics has 
been a focus of process mining research. Fan et al. (2021) found that 
students' learning strategies and tactics were significantly influenced by 
course instructional design and varied based on performance levels. 
Sequence analysis complements this approach by examining similarities in 
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student action sequences (Fincham, Gasevic, et al., 2019; Jovanović et al., 
2017). 

Recent developments have expanded process mining applications in 
several directions. Process mining research has been integrated with SRL 
research. He et al. (2024) employed process mining to examine the interplay 
between SRL and student engagement, viewing SRL as a cyclical process with 
interrelated phases. Their findings revealed increased task-solving and help-
seeking behaviors following formative assessments, indicating positive 
shifts in SRL patterns. However, their course-level analysis suggests the need 
for more granular investigations to understand how student engagement 
and SRL co-evolve during a course. 

Recent studies have incorporated multiple data types and analytical 
approaches. Fan et al. (2024) investigated relationships between 
performance and motivation using multi-channel process mining analysis. 
Their study of the impact of AI tools on academic performance revealed that 
while AI uses improved performance metrics, it does not necessarily 
translate to enhanced knowledge levels. 

Researchers have employed various software tools for process mining 
analysis. Disco has been widely used for DFG visualization (Juhaňák et al., 
2019), whereas ProM dominates process discovery and conformance-
checking applications (Ariouat et al., 2016; Cerezo et al., 2020). Many 
researchers have also utilized the R programming language with the 
Bupaverse (Janssenswillen et al., 2019) framework for basic metrics and 
visualization (López-Pernas et al., 2021). 

The integration of process mining with other analytical approaches offers 
insights into learning behaviors in online environments. When combined 
with sequence analysis and multi-channel analysis, process mining provides 
valuable insights into how students engage with and regulate their learning. 
Recent efforts have focused on developing frameworks to support learning 
design at scale (Wambsganss & Schmitt, 2024) and employing innovative 
approaches like epistemic network analysis to understand variations in 
learning processes across educational levels (Cheng et al., 2024). The 
integration of learning process data with affective or motivational measures 
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has been garnering increasing interest. For instance, Xu & Zhou (2024) 
conducted longitudinal research examining SRL alongside social-emotional 
need satisfaction, demonstrating the value of considering multiple 
dimensions of the learning process. Similarly, Song et al. (2024) explored the 
longitudinal relationship between SRL and academic success, finding 
positive correlations between these factors over time. 

The field continues to evolve, incorporating more diverse data sources 
and analytical methods while maintaining a focus on understanding the 
complex nature of learning processes. The integration of traditional LA with 
newer forms of data and analysis techniques promises deeper insights into 
how different aspects of learning interact and develop over time. This 
methodological advancement aligns with the broader goals of LA research, 
namely supporting more effective and personalized learning experiences. 
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3 RESEARCH DESIGN 

This chapter presents the methods used in this research. The first empirical 
study focused on sequence analysis and the process mining of business 
students in relation to SEB. The second empirical study continued the 
analysis by incorporating a multi-channel sequence analysis approach to 
understand the learning processes. 

The methodological progression across the three papers reflects an 
increasingly sophisticated approach to understanding SRL in online 
environments. While Paper [I] employed systematic review methodology to 
map the landscape of LA interventions, Papers [II] and [III] utilized advanced 
analytical techniques including sequence analysis, process mining, and 
multi-channel clustering to examine actual student behaviors and their 
regulation patterns. This methodological evolution allowed for increasingly 
nuanced insights into how students regulate their learning and how LA can 
be effectively employed to support this process. 

The research context evolved across the three papers to provide 
complementary perspectives on SRL. Paper [I]'s broad review of LA 
interventions across various educational settings provided the contextual 
foundation. Paper [II] focused on business education, examining project 
management learning in detail. Paper [III] extended this by investigating 
engagement patterns in online project management education, allowing for 
a more comprehensive understanding of how students regulate their 
learning in authentic educational settings. This progression from broad 
review to specific contextual applications helps illuminate how SRL 
manifests in different educational environments and how it can be 
effectively supported. 
 

3.1 Identifying LA Interventions Aimed to Support Learners 
The first step of this research initiative was to perform a systematic literature 
review (SLR). Literature is the first step in research and aims to understand 
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the state-of-art and identify gaps and challenges in the field (Carrera-Rivera 
et al., 2022), whereas systematic literature is a methodological approach 
used to collect, identify, and critically analyze previous studies using a 
thorough systematic procedure (Pati & Lorusso, 2018). SLR was selected as 
to obtain a comprehensive understanding of the current state of the field. 
We wanted to understand the field's current status, considering how LA is 
used to inform educators in their journey to understand and support online 
learners. 

We followed the PRISMA 2020 (Page et al., 2021) statement in our SLR, as 
it has been proven to be a robust methodology for conducting a systematic 
literature review. The systematic nature removes the arbitrary elements, 
such as snowballing, and will result in replicable findings and increase the 
transparency of the process. While there were three points of interest, 
namely a) LA, b) SRL, and c) interventions, this framework set clear 
boundaries for the body of keywords to be explored. After the initial 
searches, the concept of intervention was found to be somewhat ambiguous 
and required a more detailed exploration. Whereas LA and SRL have fewer 
concepts that could be used to replace them as keywords, intervention 
might have been replaced with different concepts such as experiment and 
controlled trial. Therefore, the existence of intervention had to be 
considered manually to ensure that no critical studies were excluded. While 
two out of the search term clusters remained fixed, we reduced the reviewer 
bias. Table 1 represents the overview of our SLR. 
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Table 1. Overview of the systematic literature review 

Research questions 

RQ1: What learning analytics methods have been 
applied to identify the SRL support needs? 
RQ2: What channels have been applied in LA 
interventions to foster SRL? 
RQ3: Which phases of the SRL cycle were targeted by LA 
interventions? 
RQ4: How do studies evaluate the SRL support efficiency 
and impact, and what types of results were achieved? 

Databases 

Scopus, Web of Science, Google Scholar, Journal of 
Learning Analytics, the Journal of Educational Data 
Mining, and the International Conference on 
Educational Data Mining 

Search string 
(“self-regulat*” OR “self regulat*”) AND (“educational 
data mining” OR “learning analytics”) 

# of papers 
identified 753 papers 

Inclusion criteria 

1. The manuscript reported a learning analytics analysis 
or an intervention 
hypothesized to support or enhance learners’ SRL. 
2. The full text was available. 
3. The record was written in English. 
4. The record was a peer-reviewed empirical paper. 
5. The record was published prior to the end of 2022. 

# of papers 
included 56 

Coding process 

RQ1: (Romero & Ventura, 2020) 
RQ2: iterative and inductive 
RQ3: (Panadero, 2017) 
RQ4: iterative and inductive 

Coding validity Social validity 
Methods Descriptive and comparison of effect sizes 

 
The systematic review process followed several distinct phases, as 
illustrated in Figure 12. In the identification phase, database searches 
initially yielded 753 records. After removing 137 duplicate records, 616 
unique records remained for screening. During the screening phase, these 
records were assessed based on titles and abstracts, resulting in 421 records 
being excluded as they did not meet the initial criteria. The remaining 195 
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reports were sought for full-text retrieval, all of which were successfully 
accessed. These reports were then assessed for eligibility based on detailed 
inclusion criteria, leading to the exclusion of 139 reports that were not 
directly relevant to the topic of LA interventions supporting SRL. Finally, 56 
studies met all inclusion criteria and were included in the systematic review. 
This rigorous selection process ensured that only the relevant studies were 
included in the final analysis. 
 

 

Figure 12. PRISMA flow diagram of the study selection process for the 
systematic literature review 
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SLR aimed to identify the research gaps and ground our empirical studies [II 
and III] on this ground. In particular, this SLR reviewed what LA methods 
previous studies have used to support SRL (RQ1). Second, we wanted to 
investigate what channels are used to meditate the LA information to 
learners (RQ2). Third, we explored which phases of the SRL cycle (Panadero, 
2017) have been supported with interventions (RQ3). Lastly, to examine the 
impact of the proposed interventions to find out if some of the applied 
methods or channels are the most impactful in promoting SRL (RQ4). 

While administering the SLR process, we used Covidence, an online tool, 
to manage the records database, review the abstracts and full texts, codify 
the findings and extract the results of the review. Covidence made the 
reporting and administration of the process more straightforward and 
concise and mitigated the possible errors caused by manual work during the 
review process. The coding of RQ1 used the framework proposed by 
Romero & Ventura (2020), and RQ3 used the division introduced by 
Panadero (2017). For RQ2 and RQ4, we categorized the findings in themes 
using an iterative and inductive coding process (Braun & Clarke, 2006) of the 
data-driven categorization (Thomas, 2006). To improve the coding validity, a 
study supervisor resolved the disagreements and uncertainties once they 
were faced during the coding process. We used descriptive analysis to 
explain the results for RQ1-RQ3, whereas the results of RQ4 were analyzed 
by performing a comparative analysis of effect sizes to assess the impact of 
the reviewed studies.  
 

3.2 Relation Between SEB and Temporality of Learning 
Once the SLR results were finalized, we were able to determine the goals of 
the empirical studies. We decided to conduct a sequence analysis of the 
learning processes of business students in the context of a project 
management online course. We wanted to explore how the learning 
processes of project management students vary during online learning. We 
established a connection with the previous studies by focusing on the 
learning tactics and learning strategies. To investigate these differences, we 
decided to use sequence analysis and process mining methodologies. 
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Furthermore, as we could investigate the differences between students’ 
individual learning goals, we could incorporate SEB theory into our research 
to explain the differences in the learning processes. Based on these 
preliminary ideas, we decided to formulate the research questions for the 
first empirical study.  

The research questions for [II] were as follows: 
RQ1 What type of learning tactics do project management students use 

when studying online (RQ1.I), could the different learning tactics be used as 
an indicator towards achieving their goals and (RQ1.II)? 

RQ2 How do learning tactics differ between low- and high-SEB students 
(RQ2.I) and what are the differences in learning processes between low- and 
high-SEB students (RQ2.II)? 
 
3.2.1 Research Methodology 
In [II], we performed a sequence analysis and process mining study. The goal 
of this study was to investigate the relationship between students’ SEB, goal-
setting, and learning tactics in an online business course. 

The recent research examined in the literature review section revealed a 
need to research LA-supported SRL in the context of business education. II 
aims to address this gap by examining how LA can help understand different 
learning tactics between students with low and high SEB in a project 
management course. We used a data-driven approach that has been 
adopted in previous studies (Elmoazen et al., 2022; López-Pernas & Saqr, 
2021; Zhang & Paquette, 2023). 

We used TraMiner (Gabadinho et al., 2011), and BupaR (Janssenswillen et 
al., 2019) libraries to analyze the temporality of the learning processes 
because these methods were executed using the statistical software R and 
have been proven to give a solid methodological basis for the research. 
These methods were used to analyze the data, which was collected from 
LMS. 
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3.2.2 Data Collection 
We used three data sources: a) the student’s numeric goal set (the overall 
grade for the course) in the deliverable of the first assignment, b) LMS log 
data, and c) the final grade. The numeric goals were used to assess the 
students’ SEBs. Log data is a standard data type used in the LA study to 
explore the temporality of learning processes (B. Chen et al., 2018; Siemens 
& Long, 2011). The final grades were used to assess if the students had 
achieved their intended goals and to evaluate their SEB. 

Several validated instruments have been developed specifically for 
measuring SEB in learning contexts. P. Pintrich et al. (1991) established a 
foundation using the Motivated Strategies for Learning Questionnaire 
(MSLQ), which includes a self-efficacy subscale measuring students' 
judgments about their ability to accomplish academic tasks through self-
reported items on a Likert scale. Building on this framework, B. Zimmerman 
& Kitsantas (2007) developed the Self-Efficacy for Learning Form (SELF), a 
scale assessing students' beliefs about their capability to implement various 
self-regulatory strategies. In online learning environments specifically, 
researchers have developed context-appropriate measures (Shen et al., 
2013; W. A. Zimmerman & Kulikowich, 2016). Our approach of using 
expected course grades as a proxy for SEB is supported by prior research 
establishing strong connections between these constructs. B. J. Zimmerman 
et al. (1992) demonstrated that students' self-efficacy beliefs for self-
regulated learning affected their perceived self-efficacy for academic 
achievement, which in turn influenced the academic goals they set for 
themselves. More recently, Talsma et al. (2019) observed strong correlations 
between academic self-efficacy and performance expectations, with self-
efficacy being a significant predictor of expected performance.  

The course was organized in LAB University of Applied Sciences. The 
students participating in the course were first-year bachelor students. The 
course is 5 European Credit Transfer System (ECTS) credits. It was self-paced, 
and the students had 14 weeks to complete it. At the beginning of the 
course, students set a numeric goal, which determined the number of 
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assignments a student had to complete to achieve the grade they had set. 
All learning materials were already available for the students at the 
beginning of the course until the end of the course. For each assignment, 
there were predetermined rubrics available at the LMS showing the 
minimum criteria for the submissions. A student could evaluate their 
deliverables before submission by reviewing their materials against the 
rubric to make sure the minimum criteria were met before submission. The 
LMS used was Moodle. 

 
3.2.3 Data Preparation 
First, we cleaned the data. We removed the non-learning activities (e.g., 
teacher’s actions and non-active learning activities: profile views, logging into 
the course, etc.) to reduce the noise in the data set. We then anonymized 
the student ID to follow ethical protocols and protect the privacy of the 
participants. To suppress the complexity of the trace we used re-coding to 
categorize the activities into fewer categories (Assignment, Course viewed, 
Deliverable, Feedback, Forum, Interaction, Learning resource, Monitoring, 
Quiz) as has been done in previous studies (Molenaar & Chiu, 2014; Saqr, 
López-Pernas, Jovanović, et al., 2023). Finally, we coded the students into 
three SEB cohorts, to analyze the differences between these cohorts. After 
preparing the data, we had 56,047 rows of data ready for analysis. 
 
3.2.4 Data Analysis 
We used sequence analysis to explore students' learning tactics and 
strategies when studying online. A similar approach has been used in 
previous studies (Lopez-Pernas & Saqr, 2021; Saqr, López-Pernas, Jovanović, 
et al., 2023). 

To identify the distinct learning tactics between low- and high-SEB 
students, we used TraMineR package (Gabadinho et al., 2011). We used re-
coded trace data as input for the analysis, and, as a result, we visualized the 
learning sequences (Bogarín et al., 2018; Saqr, López-Pernas, Jovanović, et 
al., 2023) to help us interpret the key differences between different 
sequences. A time-wise organized dataset was used to create sessions. A 
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session consisted of activities that were within a 30 min timeframe of the 
previous and next activities. This time window was chosen to exclude overly 
long session outliers. After removing the excessively short (< 3 actions) and 
long (> 50) sessions, we obtained 6,688 sessions. 

Next, we used AHC to identify patterns of similar sessions. We used 
different distance measurements and fit indices (Gabadinho et al., 2011) to 
define the optimal number of clusters (López-Pernas & Saqr, 2021; Uzir et 
al., 2020). We tried different options, and the Spell-length-sensitive optimal 
matching (OMslen) method resulted in four interpretable patterns. OMslen 
in a modified version of optimal matching (OM) weighing the OM elementary 
operations inversely with episode length (Halpin, 2009), which was found to 
be the most suitable solution for the current study. When interpreting the 
results, we used sequence distribution, index, and implication plots to 
evaluate the results (Saqr, López-Pernas, Jovanović, et al., 2023), and 
understand the key differences between different sequences. 

To test the differences between different tactics and goal achievement, 
we used Spearman’s correlation. Here, we used different tactics, goal-
setting, and final grades as indicators to determine how they are related to 
achieving learning goals. 

We applied process mining methodology to visualize the order of 
consecutive actions students take to obtain the differences in the learning 
processes and learning tactics. We used the BupaR (Janssenswillen et al., 
2019) library to create process maps representing learning tactics. Visualized 
process maps helped us to understand how the different tactics evolve over 
time. The visualizations of the different tactics show the probabilities of 
different consecutive actions students take (Chiu & Reimann, 2021) while 
elucidating what are the actions students are most likely to perform during 
their online learning sessions. We used the processmapR and DiagrammeR 
libraries to set a threshold of 0.02 to suppress the noise in the process maps 
and help interpret the plotted processes. 

To identify the difference between high- and low-SEB students, we 
continued using the cohort grouping done in the preparation phase. This 
grouping helped us to investigate the differences between students who aim 
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for high grades and those who are satisfied with less ambitious goals. With 
these cohorts, we examined the differences in applying different tactics. We 
continued using the process mining methods to execute this analysis and 
investigate the differences when compared to the students' general learning 
processes. Table 2 presents an overview of the empirical studies. 
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Table 2. Overview of the empirical studies 

 [II] (Sequence Analysis & 
Process Mining) 

[III] (Multi-Channel 
Analysis) 

Research 
questions 

1. What types of learning 
tactics do project 
management students use 
when studying online, could 
the different learning tactics 
be used as an indicator 
towards achieving their goals, 
and what are the differences 
in learning processes between 
different learning tactics? 
2. How do learning tactics 
differ between students with 
low- and high- self-efficacy 
beliefs, and what are the 
differences in learning 
processes between low- and 
high-self-efficacy belief 
students? 

1. How do patterns of 
student engagement and 
self-regulation evolve 
throughout an online course? 
2. What distinct clusters of 
students emerge when 
considering both 
engagement and self-
regulation trajectories? 

Theoretical 
typology 

- Self-regulated learning 
theory 
- Social cognitive theory 
- Self-efficacy beliefs 
- learning tactics and 
strategies framework 

- Self-regulated learning 
theory 
- Student engagement 
construct 

Learning 
environment 

Online project management course at Finnish higher 
education institution 

Stakeholders Business students (n=209 [II], n=165 [III]) 

Datasets 
- Moodle log data 
- Student goal-setting data 
- Final grades 

- Moodle log data 
- Longitudinal SRL survey 
data 

Sample 
56,047 log entries (6,688 
sequences after 
preprocessing) 

62,070 log entries 
1,164 survey responses 
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3.3 Longitudinal Interplay Between Student Engagement and 
SRL 

In the second empirical research, we focused on another aspect of 
complexity in learning. In this study, we highlighted student engagement 
and SRL. We wanted to use more data sources to achieve triangulation. This 
helped us to understand the nuanced complexity of learning. We decided to 
gather longitudinal data presenting the evolution of the learning process 
over an online course. Another data source for this study was trace data 
captured from LMS. When combined, these two data sources help us to 
explore the behavioral student engagement along with the students’ 
perceptions of their SRL skills. We wanted to explore what are the 
trajectories of the students that can be explained using these two datasets. 

The research questions for [III] were as follows: 
RQ1: How do patterns of student engagement and self-regulation evolve 

over an online course? 
RQ2: What distinct clusters of students emerge when considering both 

student engagement and self-regulation trajectories? 
 

3.3.1 Research Methodology 
In [III], we conducted a longitudinal study using multi-channel sequence 
analysis to investigate the interplay between student engagement and SRL 
in an online course. We chose the longitudinal approach to investigate how 
the learning processes evolve over the timespan of a single online course. 
For this purpose, we used multi-channel sequence analysis, which examines 
sequential data containing multiple parallel channels of categorical 
information. In our study, the student engagement channel represented 
students' actions while studying online captured using LMS trace data. In 
contrast, the SRL channel captured students' perceptions of their learning 
through repeated surveys collected during the online course. 

Following established approaches in sequence analysis research (López-
Pernas et al., 2024), we employed several R packages: TraMineR (Gabadinho 
et al., 2011) for sequence visualization and analysis, seqHMM (Helske & 
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Helske, 2019) for hidden Markov modeling, and MoEClust (Murphy & 
Murphy, 2020) for identifying patterns. This combination of tools has been 
proven effective in previous educational research for analyzing temporal 
patterns in learning data. 

To understand the dynamic interplay between engagement and self-
regulation over time, we employed TNA (Saqr, López-Pernas, Törmänen, et 
al., 2024). TNA allows us to examine how different states of engagement and 
self-regulation influence each other across time, providing insights into the 
temporal dependencies and causal relationships between these constructs. 
We constructed temporal networks where nodes represented different 
states of engagement and self-regulation, whereas edges represented the 
temporal relationships between these states. 

 
3.3.2 Data Collection 
We collected data from two sources: a) trace data captured from Moodle 
LMS representing student engagement, and b) longitudinal survey data 
measuring SRL collected at multiple points during the course. The course 
was organized at LAB University of Applied Sciences for first-year business 
students studying project management (5 ECTS credits). Students 
responded to the SRL survey (Table 3) before each assignment submission, 
providing multiple measurement points throughout the course. In total, the 
number of responses varied between students from four to eleven 
responses. 
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Table 3. Variables, original statements used to derive the variables, and the 
source of original statements 
Variable Statement Source 
Askhelp “I am persistent in getting help from 

the instructor through e-mail.” 
OSLQ (Barnard et 
al., 2009) 

Criteria “I think about how I might improve 
my work by evaluating it against the 
marking criteria provided by the 
teacher.“ 

SRL-O (Broadbent 
et al., 2023) 

Deadlines “I set realistic deadlines for 
learning.” 

SRL-O (Broadbent 
et al., 2023) 

Prethink “I think about what I really need to 
learn before I begin a task in this 
online course.“ 

SOL-Q (Jansen et 
al., 2017) 

Schedule “I plan out my schedule each week, 
so I have the appropriate amount of 
time available for online study. “ 

SRL-O (Broadbent 
et al., 2023) 

SelfAssess “I usually self-assess my 
performance once I finish.“ 

SRL-O (Broadbent 
et al., 2023) 

Standards “I set standards for my assignments 
in online courses.” 

OSLQ (Barnard et 
al., 2009) 

Strategies “I am aware of what strategies I use 
when I study for this online course.” 

SOL-Q (Jansen et 
al., 2017) 

Summary “I summarise my learning in online 
courses to examine my 
understanding of what I have 
learned.” 

OSLQ (Barnard et 
al., 2009) 

Undistracted “I choose a time with few 
distractions for studying for my 
online courses.” And 
“I choose the location where I study 
to avoid too much distraction.” 

OSLQ (Barnard et 
al., 2009) 
OSLQ (Barnard et 
al., 2009) 
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3.3.3 Data Preparation 
The data preparation process involved comprehensive preprocessing of 
both the LMS trace data and survey responses. Initially, we cleaned the data 
by removing non-learning activities and technical system logs to reduce the 
noisiness of the data, followed by anonymizing student identifiers to protect 
privacy. The trace data was then recorded as three student engagement 
states (Active, Average, and Disengaged) to simplify the interpretation of 
student behavior patterns. Similarly, we processed the survey responses to 
create two distinct SRL states (High regulation and Low regulation), 
representing students' self-reported regulatory behaviors. 

A crucial aspect of our preparation was data segmentation based on 
survey submission timestamps. This segmentation created corresponding 
time windows that aligned the student engagement data from the LMS with 
the SRL measurements, enabling us to analyze the parallel development of 
these two aspects of learning. The preparation phase concluded with 
creating parallel sequences for both the student engagement and SRL 
channels, forming the foundation for our multi-channel analysis. This 
approach allowed the analysis of the longitudinal data in segments that 
considered the variety in the students’ progress in the online course. If the 
segmentation had been based on the prefixed dates, that would have 
compressed the individual progress of the students during the course. For 
example, the students relying on completing the course in the last quarter 
of the course would have been reported as very passive if the segmentation 
had been based on fixed dates. Now that the segmentation was based on 
their individual progress, it made it possible to compare the differences 
within the individual timeline between different assignments and course 
segments that would have remained hidden if the data had been divided 
using the fixed dates. 
 
3.3.4 Data Analysis 
Our analysis followed the multi-channel sequence analysis procedure 
outlined by López-Pernas et al. (2024), beginning with the construction of 
separate sequences for each channel using TraMineR. We first analyzed the 
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student engagement channel, creating sequences representing students' 
transitions between Active, Average, and Disengaged states throughout the 
course. Similarly, we constructed sequences for the SRL channel, tracking 
transitions between High and Low regulation states. These sequences were 
then visualized to examine temporal patterns in student behavior and 
regulatory processes and to examine the key differences between different 
learners. For identifying patterns of similar sequences, after trying different 
options we employed OM to compute dissimilarities between sequences, a 
method that considers the cost of transforming one sequence into another. 
The results of this method were the most interpretable, making the results 
comparable with the those in existing body of literature. The clustering was 
performed using mixture hidden Markov models (MHMM), which are 
particularly effective for analyzing multi-channel sequential data. We 
determined the optimal number of clusters using the Bayesian Information 
Criterion (BIC) (Schwarz, 2007) to identify a methodologically sound answer, 
a three-cluster solution. Each cluster was modeled with two hidden states 
for both channels using the seqHMM package (S. Helske & Helske, 2019), 
allowing us to identify underlying patterns in students' learning behaviors. 
This approach was enhanced by our innovative method of data 
segmentation, which based periods on individual student progress rather 
than fixed calendar points. This methodology better reflected the 
asynchronous nature of online learning and enabled more meaningful 
comparisons between students who progressed through the course at 
different rates. 
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4 ETHICAL CONSIDERATIONS 

Several ethical considerations were made during this research. Notably, the 
ethical considerations made when performing review studies and empirical 
studies differ. 
 

4.1 Systematic Literature Review 
Conducting a systematic literature review requires careful attention to 
ethical principles to ensure the integrity and value of the research. While 
systematic reviews do not involve direct human subjects, they still present 
several ethical challenges that researchers must address (Vergnes et al., 
2010). One of the primary ethical considerations is transparency and 
reproducibility. We followed this ethical obligation by clearly documenting 
and reporting all methods, decisions, and processes used in the review. This 
includes pre-registering the review protocol and reporting any deviations 
from it (Moher et al., 2016). The PRISMA 2020 statement emphasizes this 
aspect, providing a comprehensive checklist to ensure transparent reporting 
(Page et al., 2021). 

Avoiding bias is another crucial ethical consideration. We strived to 
minimize bias in study selection, data extraction, and analysis. This involved 
using multiple reviewers and resolving disagreements systematically 
(Higgins et al., 2019). Respecting intellectual property and ensuring data 
integrity are also important ethical aspects. We were careful to make sure 
that proper attribution was given to all sources used in the review, and the 
accuracy of data extraction and data reporting was faithful to the original 
findings (Wager & Wiffen, 2011). 

Finally, in line with the principles of open science, we reported the process 
in detail and published the research in an open-access journal to promote 
open science (Nosek et al., 2015). This not only promotes transparency but 
also allows for verification and further analysis by other researchers, 
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enhancing the credibility and value of the research to the scientific 
community and society at large. 
 

4.2 Empirical Studies 
In conducting our two empirical studies involving higher education students 
participating in online courses, we adhered to strict ethical guidelines to 
ensure the integrity of our research and the protection of our participants. 
A cornerstone of ethical research involving human participants is obtaining 
informed consent (Slade & Prinsloo, 2013). In both of our studies, all 
participants were provided with clear, comprehensive information about the 
nature of the research, its objectives, and how their data would be used. We 
ensured that consent was voluntary and that participants understood their 
right to withdraw from the study at any time without consequences. This 
approach aligns with the ethical principles outlined by Siemens (2013) for LA 
research. 

Prior to commencing our research, we obtained a research permit from 
a higher education institution for both studies (Appendix 1 & 2). This 
institutional approval is crucial in ensuring that our research adheres to the 
ethical standards and policies of the institution (Prinsloo & Slade, 2013). It 
also demonstrates our commitment to transparency and accountability in 
our research practices. 

Given the sensitive nature of educational data, we implemented robust 
measures to protect participants' privacy and ensure data security. This 
included anonymizing all data to prevent individual identification, storing 
data securely with restricted access, and using encryption for data 
transmission (Drachsler & Greller, 2016). We also ensured compliance with 
relevant data protection regulations, such as GDPR which has to be followed 
in Finland (Y.-S. Tsai et al., 2020). 

In line with the principle of beneficence in research ethics, we designed 
our studies to minimize potential harm to participants while maximizing 
potential benefits (Ferguson et al., 2016). This included carefully considering 
how the insights from our LA might impact students' educational 
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experiences and ensuring that our findings would be used to improve 
educational practices. 

We were mindful of potential biases in LA that could lead to unfair 
treatment or disadvantage certain groups of students (Prinsloo & Slade, 
2016). Our research design and data analysis methods were scrutinized to 
ensure they promoted equity and did not perpetuate existing biases in 
educational systems. 

We maintained transparency about our analytics processes, including the 
types of data collected, the methods used for analysis, and how the results 
would be interpreted and applied ((Pardo & Siemens, 2014). This 
transparency is crucial for maintaining trust with participants and the 
broader educational community. 

Throughout our research process, we engaged in ongoing ethical 
reflection, regularly revisiting our practices and considering the ethical 
implications of our work (Slade & Prinsloo, 2013). This included staying 
informed about evolving ethical standards in LA and being prepared to 
adjust our approach as needed. By addressing these ethical considerations, 
we aimed to conduct our empirical studies in a manner that respects the 
rights and dignity of our participants, maintains the integrity of our research, 
and contributes positively to the field of education. 
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5 RESULTS 

This chapter describes the main results from each study in this research and 
how these findings contribute to answering the main research question 
regarding the dynamic interplay between student engagement and SRL. 

The work described in this research answers the main research question 
by examining different implementations of LA to understand and support 
SRL. As the field is still emerging, this research adopted both literature 
review and empirical approaches. Three interrelated papers that build on 
insights from each are included in this research. [I] conducted a systematic 
literature review to analyze how LA methods have been used to support SRL 
development through interventions. The findings helped identify research 
gaps and informed the design of the subsequent empirical studies. [II] 
examined how sequence analysis and process mining could distinguish 
learning tactics and strategies between students with high and low SEB in an 
online project management course. [III] extended this analysis by 
investigating the dynamic interplay between student engagement and self-
regulation using multi-channel sequence analysis in the same educational 
context. 

 

5.1 LA Interventions Supporting SRL 
The systematic literature review identified 56 studies that met the inclusion 
criteria. The analysis revealed several key findings about how LA 
interventions have been used to support SRL. The key results of this study 
are presented in Figure 13. 
 



108 
 

 

Figure 13. Summary of the results of the [I] 
 

5.1.1 Methodological Approaches 
The review found that LA methods were typically combined rather than 
isolated. While 25% of studies used a single method, most studies combined 
two (29%) or three (32%) methods. Among the most commonly used LA 
methods, visualization and statistical analysis were each employed in 57% 
of studies. In 29% of studies, recommendation systems were utilized, 
whereas prediction techniques were found in 21%. 
 
5.1.2 Intervention Channels 
LA dashboards were the most prevalent channel for delivering LA 
interventions, appearing in 48% of studies. Embedded systems in learning 
management systems were the second most common channel, appearing 
in 21% of studies, followed by prompts at 20%. Email-based interventions 
were used in 9% of studies, whereas other channels such as foldouts, phone 
calls, and text messages each appeared in less than 5% of studies. 
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5.1.3 Support for SRL Phases 
The analysis revealed an uneven distribution of support across the SRL cycle. 
The performance phase was addressed most frequently, appearing in 79% 
of studies, the planning phase was addressed in 45% of studies, and the 
reflection phase in 30% of studies. Notably, only 16% of studies addressed 
all three phases of the SRL cycle. This finding highlights a significant gap in 
providing comprehensive SRL support through LA interventions. 
 
5.1.4 Impact and Effectiveness 
The review identified several categories of positive impacts from LA 
interventions. In 23% of studies, improved self-regulation was reported, 
whereas better learning outcomes were found in 16% of studies. Enhanced 
student engagement with course materials was reported in 7% of studies, 
improved course completion rates in 4% of studies, and enhanced student 
retention in 2% of studies. However, 13% of studies reported no promising 
outcomes or significant limitations in practical implications. Seven percent 
of studies could not evaluate the impact due to early development stages of 
the ongoing research. 

The effect sizes varied considerably across studies. Very large effect sizes 
were found for improvements in grades (r = 0.86), metacognitive learning 
activities (d = 2.0), and various SRL subprocesses, including goal setting (r = 
0.778) and personal planning (r = 0.740). Large effect sizes were observed 
for grades (d = 1.10), SRL improvement (ηp² = 0.22), and target definition (d 
= 0.90). Medium and small effect sizes were reported for aspects like 
evaluation (ηp² = 0.063), prompts (d = 0.44), and quiz completion (d = 0.31). 

These findings provide a comprehensive overview of the state of LA 
interventions supporting SRL and highlight the potential and limitations of 
current approaches. The results particularly emphasize the need for more 
holistic interventions that address all phases of the SRL cycle and the 
importance of rigorous impact evaluation. 
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5.2 Sequence Analysis and Process Mining Explaining 
Differences Between High and Low Self-Efficacy Beliefs 

The second article examined the relationship between students' SEB and 
learning tactics in an online project management course. The study applied 
sequence analysis and process mining methods to analyze students' 
learning behaviors. The findings revealed distinct patterns in how students 
with different SEB levels approached their learning and are summarised in 
Figure 14. 
 

 

Figure 14. Summary of the results of [II] 
 
5.2.1 Learning Tactics 
Analysis of the learning management system data (n = 6,688 sequences) 
revealed four distinct learning tactics. The most common approach was 
short-focused tactics, representing 56.0% of sequences, characterized by 
brief interactions focused on course viewing with some student engagement 
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with course materials. The second most prevalent tactic was quiz 
orientation, observed in 25.4% of sequences, distinguished by extensive use 
of quizzes, preceded by learning resources and monitoring activities. 
Project-focused tactics, seen in 10.3% of sequences, were characterized by 
a high frequency of assignment-related actions and systematic student 
engagement with learning resources. The least common approach was long-
diverse tactics, present in 8.3% of sequences, featuring consistent use of 
feedback throughout learning sessions, combined with varied student 
engagement across different learning activities. 

The correlation analysis between goals, grades, and learning tactics 
revealed several significant relationships. The strongest correlations were 
found between grade and project-focused tactics (r(211) = 0.78, p < 0.05), 
short-focused and quiz-orientation tactics (r(211) = 0.73, p > 0.05), short-
focused and project-focused tactics (r(211) = 0.71, p < 0.05), and grade and 
quiz orientation tactic (r(211) = 0.71, p < 0.05). 

 
5.2.2 Self-Efficacy Beliefs and Learning Behaviors 
The study identified three distinct student cohorts based on SEB. The largest 
group consisted of students with high SEB, comprising 51.2% of the 
population. These students demonstrated more extensive use of quiz 
orientation tactics and longer overall learning sequences (Figure 15). They 
showed higher student engagement with diverse learning activities and 
regularly used all available learning tools, including quizzes (16.9%) (Figure 
16). Their behavior was characterized by strong student engagement with 
course materials and monitoring activities. 

 



112 
 

 

Figure 15. Identification of learning tactics through sequence analysis for 
high efficacy beliefs students. Three complementary visualizations of the 
learning tactics are the (top left) distribution plot showing the proportion of 
different tactics over time, (bottom left) sequence index plot displaying 
individual student sequences color-coded by tactic, and (top right) 
representative sequences displaying the most common patterns within each 
tactic type. The four identified tactics are project-focused, long-diverse, quiz 
orientation, and short-focused, each representing distinct patterns of 
student engagement with the learning environment 
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Figure 16. Identification of learning tactics through process analysis for high 
efficacy beliefs students. Sequential process map showing transitions 
between learning activities, with node size indicating activity frequency and 
edge thickness representing transition probability between activities 

 
Students with low SEB made up 28.7% of the population. This group showed 
shorter learning sequences and a higher proportion of short-focused tactics 
(Figure 17). Their behavior was marked by limited use of assignments and 
learning resources, with no student engagement in quiz activities (Figure 18). 
Overall, they displayed more restricted patterns of activity transitions than 
their high-SEB peers. 
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Figure 17. Identification of learning tactics through sequence analysis for 
low efficacy beliefs students. See the legend in the caption of Figure 15 
 

 

Figure 18. Identification of learning tactics through process analysis for low 
efficacy beliefs students. See the legend in the caption of Figure 16 
 
The goal-not-set group, representing 20.1% of students, exhibited minimal 
use of project-focused tactics but a higher frequency of long-diverse tactics 
(Figure 19). These students showed limited student engagement with 
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monitoring and learning resources and demonstrated lower overall activity 
levels than other groups (Figure 20). 

 

 

Figure 19. Identification of learning tactics through sequence analysis for 
students who did not set learning goals. See the legend in the caption of 
Figure 15 
 

 

Figure 20. Identification of learning tactics through process analysis for 
students who did not set learning goals. See the legend in the caption of 
Figure 16 
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The process mining (Figures 16, 18, and 20) analysis revealed distinct 
patterns in students transitioning between learning activities. High-SEB 
students showed more complex and varied transition patterns, whereas 
low-SEB students demonstrated more limited and linear progression 
through learning activities. 

These findings suggest that SEB significantly influence not only the choice 
of learning tactics but also overall student engagement patterns and 
learning strategies in online environments. Students with higher SEB 
demonstrated more sophisticated and varied approaches to learning, 
whereas those with lower SEB tended to follow more restricted student 
engagement patterns. 

 

5.3 Interplay Between Student Engagement and SRL 
The third article investigated the dynamic interplay between student 
engagement and SRL in an online project management course using multi-
channel sequence analysis. The study revealed distinct patterns of student 
engagement states and learning regulation states and how these states 
interacted over time. The summary of the results of [III] is presented in 
Figure 21. 

 



117 
 

 

Figure 21. Summary of the results of [III] 
 
5.3.1 Student engagement and Learning Regulation States 
Through analysis of the LMS trace data, three distinct student engagement 
states emerged. The Active state represented learners with above-average 
activity across multiple dimensions, including number of active days, 
interactions with assignments, learning resources, and survey activities. The 
Average state characterized learners whose student engagement values 
clustered around mean levels across all measured variables. The 
Disengaged state identified learners who showed below-average values in 
active days, interactions with assignments, learning resources, and surveys 
while exhibiting very long but infrequent learning sessions. 

For learning regulation, the analysis revealed two primary states based 
on survey responses. The HighReg state represented learners whose survey 
responses consistently measured above the normalized mean on all scales, 
while the LowReg state characterized learners whose responses fell below 
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the normalized mean across all measured dimensions. The temporal 
network analysis revealed complex dynamic relationships between 
engagement and self-regulation throughout the course. 

 
5.3.2 Multi-Channel Analysis and Clustering 
When combining student engagement and learning regulation data 
channels, the analysis identified three distinct patterns of students based on 
their trajectories through the course. The Low-regulating improvers, 
comprising 4.85% of students, began the course perceiving themselves as 
low-learning regulators and showing disengaged behavior. However, these 
students eventually demonstrated improvement, with some transitioning to 
active student engagement as early as the second-course segment, whereas 
others made this transition around the course midpoint. The transition 
probability from state 1 to state 2 was 33%, whereas the reverse transition 
showed only a 2.9% probability. The exact percentages are in Figures 3-5 of 
[III]. 

The disengaged low regulators, representing 44.85% of students, 
consistently demonstrated low self-regulation skills throughout the course. 
Their student engagement patterns typically fluctuated between disengaged 
and average states, with initial probabilities of 81%/19% between these 
states. The transition probability from state 1 to state 2 was 44%, whereas 
the reverse transition showed only a 2.3% probability. 

The largest group was the high-regulating improvers, accounting for 
50.30% of students. These learners began with high learning regulation skills 
but initially showed disengaged behavior. Over time, their student 
engagement progressed from disengaged to average and ultimately to 
active states. Similarly, their learning regulation improved from low to high 
regulation during the course. This cluster showed a unique pattern where 
all students started in state 2 (initial probability 100%), with transitions 
occurring only from state 2 to state 1 (28% probability). 

Figure 22 illustrates the temporal network of states, where nodes 
represent different engagement-regulation states and edges represent the 
temporal relationships between them. The network reveals several 
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important patterns in how students transition between states. Self-loops 
(circular arrows) indicate the tendency of states to persist, with the strongest 
self-reinforcing patterns observed in LowRegLowEng (0.68), ActiveHighReg 
(0.59), and AverageHighEng (0.82) states. This suggests that once students 
enter these states, they tend to maintain them. The network also reveals key 
transitional pathways between states. Notably, a strong connection (0.42) 
exists between InactiveHighReg and AverageHighEng states, suggesting that 
students who are initially inactive but maintain high self-regulation often 
transition to average engagement levels. Furthermore, the ActiveHighReg 
state shows multiple outgoing connections to other states, indicating its role 
as a pivotal state in the learning process. The thicker edges between certain 
states (e.g., the 0.30 connection from InactiveHighReg to AverageLowEng) 
highlight predominant transition patterns in students’ learning trajectories. 
This temporal interplay provides insight into how different engagement-
regulation states influence each other over time, revealing both stable 
patterns (through self-loops) and common transitional pathways that 
students follow throughout their learning journey. 
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Figure 22. Temporal network visualization of engagement-regulation state 
transitions. Nodes represent different engagement and regulation states 
(color-coded), with node size proportional to their total connectivity in the 
network. Edges (arrows) represent temporal transitions between states, 
with edge thickness and numeric labels indicating transition probabilities. 
 
5.3.3 Hidden State Analysis 
The hidden Markov models revealed additional insights into the underlying 
patterns of student behavior. For the low-regulating improvers, state 1 
indicated disengaged behavior, whereas state 2 represented average or 
engaged learners. The transition probabilities showed a stronger tendency 
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(33%) to move from state 1 to state 2 compared to the reverse transition 
(2.9%). 

In the disengaged low regulators, state 2 represented disengaged or 
average student engagement, whereas state 1 showed improved student 
engagement patterns. The transition analysis revealed that students were 
more likely to regress in their student engagement levels than to maintain 
improvements. 

For high-regulating improvers, state 1 characterized students who were 
disengaged with low regulation, whereas state 2 represented students with 
average or active student engagement and high learning regulation. This 
cluster showed the most stable behavioral patterns, with transitions 
predominantly occurring in one direction. 

These findings demonstrate the complex and dynamic nature of the 
interplay between student engagement and SRL in online environments, 
highlighting how different student groups show distinct development 
patterns in both dimensions throughout a course. 
  



122 
 

  



123 
 

6 DISCUSSION 

This research investigates the longitudinal interaction of student 
engagement and SRL in online learning environments and how LA can help 
us understand this dynamic interplay. Through three interrelated studies, 
namely a systematic literature review of LA interventions supporting SRL [I], 
an examination of learning tactics and SEB using sequence analysis and 
process mining [II], and a multi-channel analysis of student engagement and 
self-regulation trajectories [III], this research provides new insights into the 
complex dynamics of online learning. The findings demonstrate that while 
student engagement and self-regulation are closely intertwined, their 
longitudinal interplay is more nuanced than previously understood, with 
different patterns emerging among different groups of students and at 
different points in their learning journeys. This chapter synthesizes the key 
findings from these studies, discusses their theoretical and practical 
implications, acknowledges limitations, and suggests directions for future 
research. 

This dissertation investigated the longitudinal interplay between student 
engagement and SRL in online environments through three interrelated 
studies. Each study contributed unique insights into how students navigate 
and regulate their learning in digital spaces. 

The systematic literature review [I] revealed several key patterns in how 
LA has been used to support SRL. Most notably, while 79% of studies 
addressed the performance phase of SRL, only 45% addressed planning, and 
30% addressed reflection, with just 16% of studies comprehensively 
addressing all three phases. The review also highlighted a strong preference 
for LA dashboards as intervention channels (48% of studies), followed by 
embedded systems (21%) and prompts (20%). These findings pointed to 
significant gaps in current approaches, particularly in supporting the 
complete SRL cycle. 
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The sequence analysis study [II] examining SEB and learning tactics 
revealed distinct behavioral patterns among students. Four primary learning 
tactics were identified: 

• Short-focused tactics (56.0% of sequences): brief interactions 
focused on course viewing 

• Quiz orientation (25.4%): extensive use of quizzes with learning 
resources 

• Project focused (10.3%): high frequency of assignment-related 
actions 

• Long diverse tactics (8.3%): consistent use of feedback with varied 
student engagement 

Importantly, students with high SEB (51.2% of the population) 
demonstrated more sophisticated and varied approaches to learning, 
including more extensive use of quiz orientation tactics and longer learning 
sequences. In contrast, students with low SEB (28.7%) showed more 
restricted patterns of student engagement, characterized by shorter 
learning sequences and limited use of available learning resources. 

These findings about the importance of initial SEBs and goal-setting have 
important implications for LA interventions. As identified in our systematic 
review [I], only 46% of existing interventions showed a positive impact on 
learning, with very few addressing all phases of SRL. Our findings suggest 
this may be partly because interventions often fail to account for students' 
initial SE levels and goal-setting behaviors. Furthermore, the distinct learning 
tactics we identified among students with different SE levels align with later 
findings [III] showing how these patterns evolve into distinct trajectories. The 
project-focused learning tactic's strong correlation with both final grades 
and goal achievement extends our understanding of effective SRL 
interventions. While our review [I] found limited evidence for interventions 
supporting the entire SRL cycle, these results suggest that interventions 
promoting project-focused engagement strategies may be particularly 
effective. This is further supported by subsequent research [III] showing that 
"high-regulating improvers," who consistently engage with course materials, 
show the most positive learning trajectories. 
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The longitudinal multi-channel sequence analysis [III] revealed three 
distinct groups of students based on their student engagement and self-
regulation trajectories: 

• Low-regulating improvers (4.85%): Initially showed low self-
regulation but demonstrated improvement in student 
engagement, 

• Disengaged low regulators (44.85%): Consistently demonstrated 
low self-regulation skills with fluctuating student engagement, 

• High-regulating improvers (50.30%): Began with high regulation 
skills and showed progressive improvement in student 
engagement. 

These findings highlight the longitudinal dynamic nature of student 
engagement and self-regulation in online learning environments. The 
hidden Markov models revealed different transition patterns among these 
groups, with high-regulating improvers showing the most stable behavioral 
patterns and the strongest tendency toward improvement. These patterns 
offer a nuanced view of student behaviors and highlight the heterogeneity 
of learning trajectories in online courses. 

The identification of three distinct groups, namely low-regulating 
improvers (4.85%), disengaged low regulators (44.85%), and high-regulating 
improvers (50.30%), builds upon previous findings about the role of SE in 
shaping learning behaviors [II]. The high proportion of disengaged low 
regulators (44.85%) aligns with earlier findings showing how students with 
low SEBs struggle to maintain effective learning tactics [II]. This connection 
between initial SE and engagement trajectories provides crucial context for 
our systematic review findings [I] about the limited effectiveness of many LA 
interventions. 

The improvement seen in both low-regulating improvers and high-
regulating improvers supports our earlier findings about the potential for 
positive change in learning behaviors [II]. However, the relatively small 
percentage of low-regulating improvers (4.85%) suggests that without 
proper support, most students struggle to overcome initial regulatory 
challenges. This underscores our previous findings about the critical need 
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for interventions that support all phases of the SRL cycle [I], particularly for 
students who begin with lower SE and regulatory skills. 

The observed transitions between states in our process maps 
complement our earlier work on learning tactics [II], showing how students' 
regulatory behaviors evolve. For instance, the high-regulating improvers' 
transition from initial disengagement to active engagement parallels the 
positive progression we observed in students who effectively utilized 
project-focused learning tactics [II]. These patterns reinforce our previous 
findings about the importance of early intervention and support [I], 
particularly during crucial transition periods. 

Collectively, these studies demonstrate that: 
1. Current LA approaches often fail to support all phases of SRL, 
2. SEB significantly influence not only learning tactics but also overall 

student engagement patterns, 
3. Student engagement and self-regulation co-evolve during a 

course, with distinct patterns of development among different 
student groups, 

4. The dynamic interplay between student engagement and self-
regulation is complex and dynamic, requiring sophisticated 
longitudinal analytical approaches to understand fully. 

The temporal network analysis provides novel insights into the dynamic 
nature of engagement and self-regulation in online learning environments. 
Our findings reveal that the relationship between these constructs is not 
merely correlational but involves complex temporal dependencies that 
evolve throughout the course. The strong autoregressive effects observed 
in both engagement and self-regulation support the notion of behavioral 
inertia in learning processes (López-Pernas & Saqr, 2024), where students 
tend to maintain their current states unless intervened upon. 

The temporal patterns identified across different clusters provide 
important insights for educational practice. The strengthening of temporal 
connections observed in the low-regulating improvers cluster suggests that 
students can develop more coordinated learning processes over time, even 
when starting from a lower baseline. This finding is particularly encouraging 
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for educators and instructional designers, as it indicates that early 
intervention strategies might help students develop more effective learning 
patterns. Conversely, the unstable temporal patterns observed in the 
disengaged low regulators cluster highlight the need for more consistent 
support and scaffolding for these students. 

These findings provide a foundation for developing more targeted and 
effective interventions to support student learning in online environments. 
They particularly emphasize the need for comprehensive approaches that 
address all phases of SRL while accounting for individual differences in SEB 
and learning preferences. The relationship among self-regulated learning, 
self-efficacy beliefs, and student engagement is reciprocal: each concept 
influences the others through a complex network of cognitive, behavioral, 
and environmental factors. Studies have demonstrated that self-efficacy 
beliefs can mediate the relationship between student engagement and 
academic achievement (Hidi & Ann Renninger, 2006; Macfadyen & Dawson, 
2010). This suggests that effective interventions should consider all three 
aspects simultaneously rather than treating them as isolated constructs. 

 

6.1 Research Contribution 
This dissertation significantly contributes to LA, SRL, and online education. 
These contributions can be categorized into theoretical, methodological, 
and practical domains. 
 
6.1.1 Theoretical Contributions 
First, the systematic literature review [I] provides the first comprehensive 
mapping of how LA interventions support SRL. The review revealed that 
while LA interventions show promise, only 46% demonstrated positive 
learning impacts. Moreover, only four studies reported positive effects while 
covering all three SRL phases (planning, performance, and reflection) [I]. This 
finding highlights a critical gap in current approaches and emphasizes the 
need for more holistic interventions that address the complete SRL cycle. 

Second, this research advances our understanding of how SRL manifests 
in business education contexts, particularly in project management courses. 
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The findings regarding learning tactics used by business students [II] 
contribute to the growing body of literature on discipline-specific learning 
behaviors. Our results align with previous research showing that prior 
student engagement can predict future student engagement (Gottfried et 
al., 2009; Wylie & Hodgen, 2012) while also revealing that student 
engagement is not a continuously increasing phenomenon (Wigfield et al., 
2007). 

Third, our research extends the theoretical understanding of the 
longitudinal relationship between SEBs and learning behaviors. We found 
that students with high SEBs demonstrated more varied and adaptive 
tactics, including greater use of quizzes and project-focused activities [II]. 
This aligns with recent findings that SE can predict self-regulation and course 
outcomes (Shin, 2024), and supports evidence that effective use of 
metacognitive strategies can lead to increased SE (Khosravi et al., 2023). 

The observed relationship between SEB and learning behaviors extends 
recent work on this topic. Gallagher et al. (2024) found that occupational SE 
influences how students interact with learning analytics dashboards. Our 
findings suggest this relationship may be bidirectional - students with higher 
SE engage more actively with learning resources, which may in turn reinforce 
their self-efficacy beliefs. This aligns with Shin's (2024) recent finding that SE 
can predict both self-regulation and course outcomes. 

Fourth, this work advances theoretical insights into how student 
engagement and self-regulation co-evolve during online courses [III]. The 
identification of three distinct patterns, namely low-regulating improvers 
(4.85%), disengaged low regulators (44.85%), and high-regulating improvers 
(50.30%), provides a new framework for understanding the heterogeneity of 
the longitudinal learning trajectories in online environments. These findings 
build on recent work examining the dynamic interplay between student 
engagement and self-regulation (He et al., 2024; Lima et al., 2023) while 
offering a more granular view of how these processes develop over time. 

Our findings on the dynamic nature of engagement and self-regulation 
align with and extend recent theoretical developments in the field. The 
identification of distinct clusters with varying trajectories supports the 
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emerging view of learning as a complex dynamic system. This aligns with 
recent work by López-Pernas & Saqr (2024) who found that engagement 
patterns exhibit momentum effects that can either facilitate or hinder 
academic achievement. Our observation that some initially disengaged 
students showed improvement over time particularly resonates with their 
finding that engagement states have "inertia" but can be shifted through 
appropriate interventions. 

The identification of distinct engagement patterns also connects to recent 
work on supporting student success through LA. Tepgec et al. (2024) argued 
that feedback literacy skills are crucial for helping students improve their 
learning strategies. Our findings suggest that students in different clusters 
may need different types of support to develop these skills effectively. The 
"improver" clusters in particular demonstrate that targeted interventions 
can help students develop more sophisticated learning strategies over time. 

The variation we found in self-regulation patterns across clusters adds 
nuance to recent findings about SRL in online environments. Cristea et al. 
(2024) developed an unobtrusive measurement approach for SRL using 
clickstream data and found distinct behavioral patterns indicating different 
levels of self-regulation. Our multi-channel analysis combining trace data 
with self-reported measures provides complementary evidence for their 
framework while highlighting how these patterns evolve longitudinally. 
Additionally, our finding that high self-regulating students demonstrate 
more varied and adaptive tactics aligns with recent work by Dever et al. 
(2023) on the importance of strategic adaptability in SRL. 

 
6.1.2 Theoretical Integration Across Studies 
Our three studies collectively advance insights into SRL and engagement in 
online environments through complementary theoretical contributions. 
Study [I] established the current state of LA interventions for supporting SRL, 
revealing critical gaps particularly in supporting the full SRL cycle. Building 
on this foundation, Studies [II] and [III] examined specific mechanisms of 
how students self-regulate their learning. 
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Study [II] demonstrated how initial SEBs and goal-setting behaviors shape 
students' learning tactics. This aligned with Study [I]'s finding that 
interventions need to support the planning phase of SRL, as students' initial 
beliefs and goals significantly influence their subsequent learning behaviors. 
Study [III] extended this by revealing how these patterns evolve dynamically 
over time through three distinct trajectories: low-regulating improvers 
(4.85%), disengaged low regulators (44.85%), and high-regulating improvers 
(50.30%). 

The progression across these studies reveals several key theoretical 
insights: 

1. The Cyclical Nature of SRL Development 
Our findings suggest that SRL development is not linear but cyclical, with 

students moving through different phases of engagement and regulation. 
Study [I] highlighted the importance of supporting all SRL phases, whereas 
Studies [II] and [III] demonstrated how students' regulation patterns evolve 
over time. This extends existing SRL frameworks by showing how different 
aspects of self-regulation (goal-setting, monitoring, and adaptation) interact 
dynamically. Our data traces in Study [II] captured this through the process 
mining analyses that revealed how students modified their learning tactics 
over time. When examining transitions between learning activities, we 
observed that high self-efficacy students demonstrated more complex 
transition patterns with a 23% higher probability of shifting between 
different learning resources after receiving feedback compared to low self-
efficacy students. This adaptive behavior was particularly evident in the 
"long-diverse tactics" sequences, where students consistently incorporated 
feedback into subsequent learning activities. In Study [III], adaptation was 
traced through the hidden Markov models, which revealed transition 
probabilities between states. For instance, the Low-regulating improvers 
showed a 33% probability of transitioning from disengaged to more 
engaged states, indicating adaptation of their regulatory approaches. While 
our studies did not identify a definitive "completion point" for individual SRL 
cycles, the longitudinal analysis in Study [III] demonstrated that High-
regulating improvers exhibited stabilization in their learning patterns during 
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the final third of the course, with transition probabilities between regulatory 
states decreasing by 18% compared to earlier course segments. This 
suggests a maturation of their regulatory processes, though SRL 
development remains an ongoing, iterative process rather than having a 
clear endpoint for any single learner. 

2. Role of Initial Conditions 
Study [II] revealed how SEBs influence learning tactics, whereas Study [III] 

showed how these initial conditions lead to different trajectories. This 
suggests that early interventions targeting SE and goal-setting may be 
particularly impactful, supporting findings from Study [I] about the 
importance of the planning phase. 

3. Interplay Between Engagement and Self-Regulation 
Study [III]'s identification of distinct student patterns builds on Study [II]'s 

findings about learning tactics, showing how engagement and self-
regulation co-evolve. This extends theoretical insights by demonstrating that 
engagement is not merely an outcome of self-regulation but actively shapes 
how students develop regulatory skills. 

These insights contribute to SRL theory by demonstrating the dynamic, 
non-linear nature of SRL development, establishing the critical role of initial 
SE and goal-setting, revealing how engagement and self-regulation mutually 
influence each other, and by identifying distinct pathways through which 
students develop regulatory skills. 

 
6.1.3 Methodological Contributions 
A significant methodological contribution lies in our innovative approach to 
data segmentation in asynchronous learning environments [III]. Rather than 
using fixed time points, we developed a method for segmenting data based 
on individual student progress. This approach addresses a key challenge in 
analyzing asynchronous learning data and offers a more nuanced 
understanding of learning trajectories in self-paced online courses. This 
methodology improves upon previous approaches that relied on course-
level analyses (W. Wang et al., 2024). 
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The research also demonstrates the value of combining multiple 
analytical approaches. The integration of sequence analysis with process 
mining [II] provided richer insights into learning behaviors than either 
method alone could offer. Our application of multi-channel sequence 
analysis to examine the longitudinal interplay between student engagement 
and self-regulation [III] extends recent work by López-Pernas & Saqr (2024) 
and offers a methodological template for future studies examining multiple 
aspects of online learning behavior. 

Our approach to combining trace data with self-reported measures 
represents another methodological advancement. Unlike previous studies 
that relied primarily on end-of-course self-reports (W. Wang et al., 2024), our 
research captured SRL data at multiple points throughout the course, 
providing a more dynamic longitudinal view of how self-regulation develops 
[III]. This aligns with recent calls for more sophisticated approaches to 
measuring SRL in online environments (Prasse et al., 2024). 

Our methodological approach of using progress-based rather than time-
based analysis offers a novel perspective that addresses limitations 
identified in recent LA research. Ouyang et al. (2023) highlighted the need 
for methods that can handle asynchronous learning patterns when 
analyzing collaborative problem-solving. Our approach provides one 
potential solution by anchoring analysis to individual student progress. This 
is particularly relevant given recent findings by Liu et al. (2023) about the 
varied ways students engage with technology-enriched learning 
environments. 

The successful implementation of hidden Markov models for analyzing 
learning transitions contributes to the growing toolkit of LA methods. 
Building on the work by Helske & Helske (2019), our approach demonstrates 
how these models can reveal underlying patterns in student learning 
behaviors that might not be apparent through other analytical methods. 

These methodological advances are particularly relevant given the 
increasing complexity of online learning environments and the need for 
more sophisticated analytical approaches. Our work demonstrates how 
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multiple data sources and analytical methods can be combined to provide a 
more comprehensive understanding of online learning processes. 

 

6.2 Recommendations To Practitioners And Technology 
Developers 

In this section, the results of this thesis are translated into recommendations 
for both practitioners and technology developers. 
 
6.2.1 Practitioners’ Perspective 
Based on our research findings, we offer the following recommendations to 
practitioners in higher education. These recommendations include themes 
of implementation of goal-setting activities, tailoring support for different SE 
levels, promoting diverse learning tactics, integrating formative assessment, 
fostering a reflective learning environment, providing timely and actionable 
feedback, creating interventions for at-risk students, aligning course design 
with SRL principles and continuously evaluating and refining interventions. 

Goal-setting activities should be incorporated at the beginning of online 
courses. Our research shows that students who set clear goals tend to 
employ more effective learning tactics and achieve better outcomes [II]. 
These activities should follow SMART (Specific, Measurable, Achievable, 
Relevant, Time-bound) principles, as supported by recent research on goal-
setting in online environments (Wong et al., 2021). Goal-setting is particularly 
important, as it activates key self-regulatory processes and helps students 
monitor their progress (Chang et al., 2018). 

It is essential to recognize that students with different levels of SEB may 
require varied types of support. Therefore, practitioners should develop 
adaptive interventions that provide more scaffolding and encouragement 
for students with low SEB, while offering more challenging tasks and 
advanced strategies for those with high SEB [II]. For students with low SEB, 
more scaffolding and encouragement should be provided, whereas more 
challenging tasks should be offered for those with high SEB. This aligns with 
recent research showing that SE can predict self-regulation and course 
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outcomes (Shin, 2024). This understanding of student heterogeneity allows 
for a more sophisticated approach to student support, moving beyond one-
size-fits-all interventions to more personalized assistance. 

Practitioners should encourage students to use a variety of learning 
tactics, particularly those associated with better outcomes. For example, our 
research found that project-focused and quiz-oriented tactics were 
correlated with higher grades [II]. It would be beneficial to guide students on 
when and how to apply different tactics effectively, as recent studies show 
that strategic use of varied learning approaches enhances academic 
performance (Liu et al., 2023). 

Another approach to supporting learning is implementing regular 
formative assessments throughout the course to help students monitor 
their learning progress. Research shows that formative assessment can 
trigger positive changes in SRL patterns (He et al., 2024). These assessments 
should be designed to help students monitor their learning progress and 
adjust their strategies as needed. This aligns with the performance phase of 
SRL and can help students adjust their strategies as needed [I]. 

A reflective learning environment can be fostered by creating 
opportunities for students to reflect on their learning processes and 
outcomes. This could include prompts for self-assessment, peer feedback 
activities, or guided reflection exercises at key points in the course [I], yet 
this phase is often overlooked in course design. Notably, recent research by 
Järvelä & Hadwin (2024) emphasized how reflection can trigger 
improvements in SRL. 

The given feedback should be timely and actionable. To meet this aim, LA 
should provide personalized, timely feedback to students. This feedback 
should address content knowledge, offer insights into learning behaviors, 
and suggest strategies for improvement [I]. Tepgec et al. (2024) recently 
emphasized the importance of developing students' feedback literacy to 
maximize the effectiveness of LA-based feedback. 

The early phases of courses are important in interventions. LA can 
identify students struggling early in the course and develop targeted 
interventions, such as additional support resources or one-on-one 
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consultations, to help these students improve their self-regulation skills and 
course performance [I]. Developing early warning systems to identify 
struggling students is important. Our research identified distinct patterns of 
student engagement and self-regulation [III] that could be used to detect 
students at risk of poor performance. This aligns with recent findings on 
using LA for early intervention (Herodotou et al., 2020). 

When course platforms and logistics are planned, they should be aligned 
with SRL principles. This can be done by structuring online courses that 
naturally support SRL processes. For example, it would be beneficial to 
include clear learning objectives, provide opportunities for choice and 
autonomy, and design assignments that require planning and reflection [I]. 
This could be achieved by structuring online courses to naturally support 
SRL processes by including clear learning objectives, opportunities for 
choice and autonomy, and assignments that require planning and reflection. 
This recommendation is supported by recent research on designing 
technology-enhanced learning environments (Sedrakyan et al., 2020). 

The interventions require continuous evaluation and refining. They 
should be assessed regularly, considering the effectiveness of LA 
interventions and SRL support strategies. Here, both quantitative metrics 
(e.g., improved grades and increased student engagement) and qualitative 
feedback from students are needed to refine and improve these approaches 
over time [I]. 

By implementing these recommendations, practitioners can create 
supportive online learning environments that foster SRL and help students 
develop crucial skills for academic success and lifelong learning. Notably, 
these recommendations should be adapted to fit the specific context and 
needs of each educational setting. Recent research has indicated that 
students need support in understanding and acting upon LA-based 
feedback (F. Jin et al., 2024). This includes helping students process 
feedback, elicit feedback, act on feedback, and manage emotions related to 
feedback (S. H. Jin et al., 2023). 

These recommendations should be adapted to fit specific educational 
contexts and student needs. Practitioners should also consider that 
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different student groups may require different levels and types of support, 
as demonstrated by our identification of distinct student patterns [III]. 
Regular evaluation of these interventions' effectiveness is crucial to 
continuously improve online learning environments. 
 
6.2.2 Educational Technology Developers’ Perspective 
The analytical approaches employed in this dissertation—sequence 
analysis, process mining, and multi-channel sequence analysis—offer 
powerful insights but present implementation challenges for practical 
educational contexts. These methodologies require significant statistical 
expertise and computational resources that exceed what most educators 
can reasonably access in their daily practice. However, these approaches 
hold considerable potential if integrated directly into learning management 
systems as automated analytical algorithms. For educational technology 
developers, we propose several implementation recommendations. 

First, sequence analysis algorithms could be embedded within LMS 
platforms to automatically identify learning tactics and visualize student 
progression patterns. This would transform the complex analytical process 
demonstrated in Study [II] into accessible dashboards that highlight when 
students employ less effective learning tactics or show patterns indicative of 
low self-regulation. Such integration would enable early intervention 
without requiring educators to conduct sophisticated analyses themselves 
(Matcha et al., 2020). 

Second, the multi-channel approach from Study [III] could inform the 
development of more sophisticated early warning systems that consider 
both behavioral engagement and self-reported regulation data. By 
implementing simplified versions of hidden Markov models as background 
processes, LMS platforms could identify students whose trajectories match 
the "disengaged low regulators" profile and automatically trigger 
appropriate support mechanisms (Herodotou et al., 2020; Lim et al., 2023). 

Third, developers should create interfaces that translate complex 
transition probabilities into actionable insights for educators. Rather than 
displaying raw process maps, systems could highlight critical transition 
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points where intervention would be most effective (Villagran et al., 2024). For 
instance, when a student demonstrates a 30% decrease in transitions 
between resource consultation and self-assessment activities, the system 
could flag this as a potential regulatory issue. 

Fourth, we recommend implementing streamlined data collection 
mechanisms that capture both trace data and periodic self-report measures 
within the learning environment. The challenge of combining multiple data 
channels could be addressed through automated data integration 
processes that align these sources temporally (Martinez-Maldonado et al., 
2024), as demonstrated in our methodology for Study [III]. 

These recommendations acknowledge that while the analytical 
approaches in this dissertation are too complex for direct implementation 
by most educators, their underlying principles can be operationalized within 
educational technology systems to support both teaching and learning 
processes (Kaliisa et al., 2023). The goal should be to transform these 
research methodologies into embedded features that function seamlessly 
within existing educational workflows, making sophisticated learning 
analytics accessible to all educational stakeholders without requiring 
specialized expertise. 

 

6.3 Limitations 
While this dissertation contributes valuable insights into the fields of LA and 
SRL, several limitations that may affect the generalizability and 
interpretation of our findings must be acknowledged. 

First, our studies [II & III] focused on business students in project 
management courses at a single institution. While this allows for a deep 
understanding of this specific context, it may limit the generalizability of our 
findings to other disciplines, educational levels, or institutional settings. 
Future research should consider replicating these studies across various 
disciplines and institutions to validate the broader applicability of our 
findings. 

Second, the SEB and goal-setting data were collected through self-
reported measures [II]. While widely used in educational research, self-
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reported data can be subject to social desirability bias and may not 
accurately reflect students' true beliefs or behaviors. For example, Leinonen 
et al. (2017) found that self-reported time spent only had a moderate 
correlation with a log-based time metric. This limitation is particularly 
relevant when considering potential discrepancies between students' self-
evaluations and their actual performance as Tempelaar et al. (2020) noted. 
Future studies could incorporate additional objective measures or 
observational data to triangulate self-reported information. 

Third, our systematic review of LA interventions supporting SRL revealed 
that only a small number of studies (16%) focused on all three phases of the 
SRL cycle (planning, performance, and reflection) [I]. This limited focus on 
the complete SRL process may have resulted in an incomplete 
understanding of how LA can support SRL holistically. Future research 
should aim to design and evaluate interventions that address all phases of 
the SRL cycle. 

Furthermore, our systematic review had limitations related to the 
reporting of effect sizes and the comparability of results across studies [I]. 
The inconsistent reporting of effect sizes and the use of various 
measurement approaches made it challenging to conduct a proper meta-
analysis. This limitation highlights the need for more standardized reporting 
practices in LA research to facilitate better comparisons and syntheses of 
findings across studies. 

Evaluating complete SRL development cycles presents significant 
methodological challenges, particularly in authentic learning contexts. In our 
studies, we used several proxy indicators to track regulatory development. 
In Study [II], we employed sequence distributions and process mining 
transition probabilities as indicators of strategic adaptation, whereas in 
Study [III], we utilized multi-channel state transitions and stabilization 
patterns as proxies for regulatory development. These indicators allowed us 
to observe changes in regulatory behaviors over time, though we 
acknowledge limitations in establishing causal relationships. For instance, 
when High-regulating improvers demonstrated an increased probability 
(28%) of transitioning to more active engagement states, our data could not 
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definitively indicate whether this transition resulted from improved 
metacognitive awareness, increased task familiarity, external factors, or 
other variables. The relationship between observed behavioral patterns and 
underlying regulatory processes remains complex and is not fully captured 
through trace data alone. Future research should employ mixed-method 
approaches combining trace data with think-aloud protocols, eye-tracking, 
or contextual interviews at key transition points to establish clearer causal 
relationships between observable indicators and actual regulatory 
processes. This would help identify more precise markers for the completion 
of individual SRL cycles and better elucidate the mechanisms driving 
adaptation in different learner profiles. 

Lastly, our studies were conducted over relatively short time frames, 
typically within the duration of a single course or academic term [II & III]. This 
limited timeframe may not capture the long-term development of SRL skills 
or the sustained impact of LA interventions. Longitudinal studies spanning 
multiple terms or years could provide more insight into how learning tactics 
and SRL behaviors evolve, especially as students progress through their 
academic programs. 

Despite these limitations, our research provides valuable insights into the 
relationship between SEB, goal-setting, and learning tactics in online project 
management education. By acknowledging these limitations, we hope to 
encourage future research that builds upon our findings and addresses 
these areas to further advance our understanding of SRL in online 
environments. 

 

6.4 Future Research 
Based on our studies' findings and limitations, several promising avenues 
for future research emerge. These directions aim to address gaps in current 
knowledge and expand our understanding of SRL and LA in online 
educational environments. 

Future research should focus on designing and evaluating LA 
interventions that address all three phases of the SRL cycle (planning, 
performance, and reflection). Our systematic review revealed that only 16% 
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of studies examined interventions covering the entire SRL process [I]. 
Developing more holistic interventions could provide a complete 
understanding of how LA can support SRL throughout the learning process. 

Longitudinal studies spanning multiple academic terms or years are 
needed to better understand the development of SRL skills and the 
sustained impact of LA interventions. Such research could reveal how 
learning tactics and SRL behaviors evolve, particularly as students progress 
through their academic programs [II]. 

Future studies should extend beyond single disciplines and institutions to 
enhance the generalizability of findings. Replicating studies across various 
fields of study and types of educational institutions could validate the 
broader applicability of identified learning tactics and LA intervention 
strategies [II]. 

Building on our findings regarding the differences between high- and low-
SEB students, future research should explore the development of adaptive 
LA systems that provide personalized support based on students' SEB levels, 
goal-setting behaviors, and chosen learning tactics [II]. 

To facilitate better comparisons and meta-analyses across studies, future 
research in LA should adopt more standardized approaches to reporting 
effect sizes and other key metrics. This would enable more robust syntheses 
of findings and advance our understanding of the most effective LA 
interventions for supporting SRL [I]. 

While our studies identified associations between SEB, goal-setting, and 
learning behaviors, future research should employ experimental designs to 
establish causal relationships between these factors and learning outcomes. 
This could involve randomized controlled trials of LA interventions targeting 
specific aspects of SRL [I]. 

Future studies should examine how SRL skills developed through LA 
interventions in one context transfer to other learning situations or 
professional settings. This could provide insights into the long-term impact 
of SRL support on students' academic and career trajectories [III]. 
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Abstract
During the past years scholars have shown an increasing interest in supporting 
students’ self-regulated learning (SRL). Learning analytics (LA) can be applied in 
various ways to identify a learner’s current state of self-regulation and support SRL 
processes. It is important to examine how LA has been used to identify the need 
for support in different phases of SRL cycle, which channels are used to mediate 
the intervention and how efficient and impactful the intervention is. This will help 
the learners to achieve the anticipated learning outcomes. The systematic literature 
review followed PRISMA 2020 statement to examine studies that applied LA 
interventions to enhance SRL. The search terms used for this research identified 
753 papers in May 2021. Of these, 56 studies included the elements of LA, SRL, 
and intervention. The reviewed studies contained various LA interventions aimed at 
supporting SRL, but only 46% of them revealed a positive impact of an intervention 
on learning. Furthermore, only four studies reported positive effects for SRL and 
covered all three SRL phases (planning, performance, and reflection). Based on 
the findings of this literature review, the key recommendation is for all phases of 
SRL to be considered when planning interventions to support learning. In addition, 
more comparative research on this topic is needed to identify the most effective 
interventions and to provide further evidence on the effectiveness of interventions 
supporting SRL.
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1  Introduction

Self-regulated learning (SRL) is often described as a process that includes 
the setting of goals, the monitoring of progress, and the regulating of learning 
(Järvelä et al., 2019; Pintrich, 2000). Empirical studies have continuously demon-
strated that students do not use efficient self-regulating strategies when learning 
in virtual environments (Akyildiz & Kaya, 2021; Azevedo et al., 2019; Broadbent 
& Poon, 2015; Pedrotti & Nistor, 2019). Therefore, learners may not achieve the 
expected learning outcome (Lee et al., 2019; Shyr & Chen, 2018; van Alten et al., 
2020). This situation has motivated both teachers and researchers to design ways 
to support it.

Panadero (2017) reviewed six different SRL models and concluded that a com-
mon feature of the models is the division of SRL into three phases: planning, 
performance, and reflection. This three-phase model was initially introduced by 
(Puustinen & Pulkkinen, 2001). Although the SRL models reviewed by Panadero 
share commonalities, they vary depending on their focus. For example, Boekaerts 
and Corno’s (2005) model focuses on motivational aspects of regulated learn-
ing, while Efklides’s (2011) model focuses on metacognitive aspects of regulated 
learning, such as metacognitive experiences of students’ learning regulation. 
Winne and Hadwin (1998) built their model based on information processing the-
ory and focused on the effective use of cognitive strategies to enhance learning. 
Hadwin et  al.’s (2011) model not only considers individual regulation, but also 
the ways regulation of learning can be shared between group members. Finally, 
the models of Pintrich (2000) and Zimmerman (2000) can be described as general 
models of regulated learning since they consider motivation and metacognition to 
be central to SRL.

SRL phases comprise several subprocesses that differ by model but are still 
conceptually close. For instance, Boekaerts and Corno’s (2005) model includes 
identification, interpretation, primary and secondary appraisal, and goal setting 
in the planning phase of SRL. Efklides’s (2011) model includes task presentation 
in this phase. Hadwin et al. (2011) have claimed that planning is included in this 
phase. Pintrich (2000) has stated forethought, planning, and activation belong-
ing to this phase. Winne and Hadwin (1998) have allocated task definition, goal 
setting, and planning to this phase. Finally, Zimmerman (2000) has located fore-
thought (task analysis and self-motivation) in the planning phase of SRL. These 
subprocesses identified by the researchers are actions learners take at the early 
phase of the learning process, and they involve estimating how the learning task 
can be accomplished.

After planning, the learner continues to the performance phase and implements 
their planned actions. Depending on the model used, the subprocesses of 
this phase may include goal-striving (Boekaerts & Corno, 2005), cognitive 
processing, performance (Efklides, 2011), monitoring, control (Hadwin et  al., 
2011; Pintrich, 2000), applying tactics and strategies (Winne & Hadwin, 1998), 
and performance (with self-control and self-observation Zimmerman, 2000). 
After the performance phase, it is time to reflect on the learning process. Within 
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this reflection phase, subprocesses may include performance feedback (Boekaerts 
& Corno, 2005), regulating (Hadwin et  al., 2011; Pintrich, 2000; Winne & 
Hadwin, 1998), reaction and reflection (Pintrich, 2000), adapting metacognition 
(Winne & Hadwin, 1998), and self-reflection (including self-judgement and 
self-reaction; Zimmerman, 2000). According to Efklides’s (2011) model, the 
reflection phase includes no explicit subprocesses.

Many studies have suggested that SRL could be enhanced by interventions 
(Ceron et al., 2021; Lee et al., 2019; Wong et al., 2019a). Interventions can assist 
at-risk learners in improving their learning performance (Espinoza & Genna, 2021) 
or can help reduce undesirable learning behaviour (Lodge et al., 2019). Furthermore, 
interventions can be used to increase students’ mastery goals (Zheng et al., 2020), 
self-efficacy (Samuel & Warner, 2021), and perceived value of a course (Alamri 
et  al., 2020). At the same time, this intervention has been found to decrease test 
anxiety among students (Putwain & von der Embse, 2021). However, numerous 
SRL subprocesses need different kinds of interventions performed at the right time 
of the learning process. These needs set the requirements for methods used to create 
effective interventions.

The rest of this paper follows the following organization. In the second section, 
the way how LA is applied to enhance SRL is explained. The previous reviews 
focusing on the themes of this review are explained in the third section. This is 
followed by the fourth section, where we explain the method used to conduct this 
review. In the fifth section, we report the results of our study, which is followed 
by the sixth section discussing the results. Finally, the last section concludes this 
article.

2 � Learning analytics as a tool to support SRL

Learning analytics (LA) is “the measurement, collection, analysis, and reporting of 
data about learners and their contexts for the purposes of understanding and opti-
mising learning and the environments in which it occurs” (Siemens, 2013 p. 1382), 
whereas LA methods are referred in this paper as a set of methods used to support 
the measuring, collecting, analysing and reporting the data. The reporting of the 
data is mediated to learners in different means which are referred as channels.

LA can be used to analyse and report learner performance and to highlight the 
parts of learning where SRL processes could be improved (Lodge et  al., 2019; 
Winne, 2022). LA for SRL has two elements, calculation and recommendation 
(Winne, 2017). These two elements are built within the LA model’s four stages: 
data generation, tracking, analysis, and action (Romero & Ventura, 2020). Data is 
generated when the learner does different activities in an online learning environment. 
The trace data from the activities can be used as an input for calculation, analysis, 
and tracking of the learner’s process. Next, the action stage is when the instructor 
executes interventions to support learners’ activities, such as SRL subprocesses. 
These LA interventions support changes a learner can take in their learning process 
to achieve better outcomes (Ifenthaler & Yau, 2020).
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LA intervention is a surrounding frame of activity used to mediate data and 
reports created with the help of analytics (Wise, 2014). LA dashboard is a typical 
channel used for LA intervention (Jivet et al., 2018) and according to Sønderlund 
et  al. (2019) most interventions are aimed to identify at-risk students (Shafiq 
et al., 2022). Sønderlund et al. (2019) have stated that early LA methods relied on 
fixed factors and could populate predictions only within limited settings, whereas 
contemporary dynamic models can be used in more complex learning contexts. 
However, Rienties et  al. (2017) have argued that implementing an intervention 
remains the challenging part of the LA cycle, and the design of intervention should 
be well established to succeed in its endeavour to support learning (Sedrakyan et al., 
2020; Wise, 2014).

3 � Previous literature reviews

A number of literature reviews have already mapped the state of the art in research 
on SRL, LA, and interventions. Bodily and Verbert (2017) studied the LA dash-
boards and recommender systems used to intervene in students’ learning processes. 
However, this study did not include the perspective of SRL. Another study focusing 
on LA dashboards was conducted by Matcha et al. (2020) who studied the LA dash-
board interventions aimed to support SRL. This study did not include the different 
channels besides the LA dashboards. Valle et al. (2021) have studied learner-facing 
LA dashboards and found out that the intended outcomes of LA dashboards do not 
meet with their evaluation in terms of effective measures.

The literature review by Pérez-Álvarez et  al. (2018) explored tools supporting 
SRL in online environments. Their study found that most of the tools were used 
in higher education or general education. The most common means of supporting 
SRL the researchers observed was visualisation, and the most used indicators were 
either action-related or content-related. The most supported SRL strategies were 
goal setting, self-evaluation, help-seeking, and organisation. The studies examined 
by the researchers rarely explained the relationships between SRL strategies and 
tools. Their review found that studies measure the value of the tools in terms of 
usability (easiness of usage), usefulness (appropriateness of use), user satisfaction 
(acceptance by stakeholders), and learning outcomes.

Wong et  al., (2019a) reviewed 35 records supporting SRL in online learning 
environments and MOOCs. Their review studied the effectiveness of approaches 
to support SRL strategies and whether human factors influenced the approaches. 
The study did not include LA. The most used intervention types to support SRL 
identified by the researchers were prompts (14 studies), integrated support systems 
(10 studies), and prompts with feedback (four studies). The rest of the reviewed 
studies used different, rarely used approaches. Despite the investigation, how well 
different approaches support SRL remained unclear.

Sønderlund et  al. (2019) explored the efficacy of LA interventions in higher 
education but did not include the perspective of SRL within its scope. Specifically, 
they reviewed studies examining LA interventions’ efficacy for student retention 
and academic success. The results from the research they found were promising, 
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as the studies identified that LA interventions increased grades and led to higher 
retention. However, the researchers found only few studies critically assessing the 
effectiveness of LA interventions for student success and retention.

A literature review by Viberg et  al. (2020) focused on studies of SRL and LA 
in online learning environments. The researchers examined the current state of LA 
applications and how it measures and supports students’ SRL in online learning. 
Their results showed that most studies focused on the forethought and performance 
phase of SRL and focused less on the reflection phase. Viberg et  al. (2020) con-
cluded that LA was not used to support SRL in their sample of records. They argued 
that there was little evidence of LA improving learning outcomes or improving 
support for learning and teaching. Instead of supporting SRL, they found that LA 
research was focused on measuring SRL. Viberg et  al. (2020) thus recommended 
LA support mechanisms be exploited to foster student SRL within online learning.

Araka et  al. (2020) examined the research trends regarding measurement and 
intervention tools for supporting SRL in online learning environments between 2008 
and 2018. The review findings indicated that current tools simultaneously measure 
and implement interventions to support SRL. Araka et al. (2020) identified LA as 
one way to measure the efficiency of interventions. However, the LA methods in use 
were not extensively explored, and this perspective remains unstudied.

The previous literature reviews have examined LA, SRL, and interventions, but 
none of the studies connected the three concepts. Researchers have been focusing 
on tools to support SRL (Pérez-Álvarez et  al., 2018) and learning analytics inter-
ventions in online education (Sønderlund et al., 2019). Still, combination of these 
elements remains unstudied. This study connects these concepts for the first time. 
First, it is important to examine how LA has been used to identify the need for SRL 
support. Then, the channels to mediate the intervention has to be selected to target 
the phases of SRL cycle. Finally, the efficiency and the impact of the intervention 
have to be evaluated to find out how the selection of LA methods and channels for 
LA interventions foster SRL. This will help the learners to achieve the anticipated 
learning outcomes (Azevedo & Hadwin, 2005; Lee et al., 2019; Shyr & Chen, 2018; 
van Alten et al., 2020). The research questions for this research are the following:

RQ1: What learning analytics methods have been applied to identify the needs for 
SRL support?
RQ2: What channels have been applied in LA interventions to foster SRL?
RQ3: Which phases of the SRL cycle were targeted by LA interventions?
RQ4: How do studies evaluate the SRL support efficiency and impact, and what 
kind of results were achieved?

4 � Method

This research followed the PRISMA 2020 statement. PRISMA was chosen because 
it is widely used and suitable for studies reviewing educational interventions. The 
PRISMA 2020 is also eligible for systematic reviews including qualitative and 
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quantitative methods, thus allowing a meta-analysis of effect estimates and their var-
iances when they are available (Page et al., 2021.)

We selected a list of keywords (Table 1) to reduce the possibility of reviewer bias. 
While doing preliminary searches, we found that only a few studies used the exact 
term LA intervention or intervention to identify the supporting acts for SRL. Instead, 
these acts were described using various terms or keywords when presented as a 
study’s experiment. Therefore, we decided to perform a broad search and include 
all records about LA and SRL. After the records were collected, they were checked 
manually for the evidence of an intervention since it is hard to find a reasonable 
keyword or combination of keywords that would ensure that all intervention related 
records would be captured. To reduce the author bias, we discussed the records in 
meetings to the unanimous opinions on which records to be included in the review.

The keywords used to find relevant research identified records focusing on SRL 
and learning analytics. There are two ways to write self-regulation (i.e., with or 
without a hyphen), and both ways were used to identify the records including this 
topic. “Self-regulat*” was used to include all papers that have the keyword “self-reg-
ulation”; “self-regulating”; “self-regulated”; “self-regulate”; “self-regulates”; and so 
forth. The term “self regulat*” was used to include variants of the previous terms 
written without a hyphen. For learning analytics, we decided to include “educational 
data mining” and “learning analytics” due to the close relationship between the two 
often overlapping concepts (see Romero & Ventura, 2020).

The inclusion criteria for the eligible record were the following:

1.	 The manuscript reported a learning analytics analysis or an intervention 
hypothesised to support or enhance learners’ self-regulated learning.

2.	 The full text was available.
3.	 The record was written in English.
4.	 The record was a peer-reviewed empirical paper.
5.	 The record was published prior to the end of 2021.

We conducted comprehensive searches on Scopus (390 documents) and Web 
of Science (164 documents) in May 2022. Additionally, we used Google Scholar 
to search for records published by the Journal of Learning Analytics (142), the 
Journal of Educational Data Mining (35), and the International Conference on 
Educational Data Mining (22). The Journal of Learning Analytics, Journal of 
Educational Data Mining, and International Conference of Educational Data 
Mining are not fully indexed in the Scopus or Web of Science databases. There-
fore, we checked these publication channels manually because they have been 

Table 1   Systematic literature 
review search terms

Topic and cluster Search terms

self-regulated learning “self-regulat*” OR
“self regulat*” AND

learning analytics “educational data mining” OR
“learning analytics”
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identified as having the most specific focus on LA and EDM (Romero & Ventura, 
2020), and we expected to find studies focusing on the topic of the review.

We carried out the selection strategy and the literature review process (Fig. 1) fol-
lowing the inclusion criteria. The records obtained from the search were reviewed in 
three phases. In every phase, authors had meetings to discuss the records to find the 
unanimous opinions of whether to include or exclude the records. The first phase of 
examination focused on the title and the abstract of the studies, and the first author of 
the current review excluded records not meeting the inclusion criteria based on these 
elements. In the second phase, the first author read the full texts. If a record did not 
include the three elements of the research question, it was excluded. There were 47 
records left (see Appendix Table 7) after phase two. For the last phase, the first author 
examined each record in detail and recorded the information from their studies. The 
first and the second authors met repeatedly to agree on a coding scheme. Then the first 
author and the second author coded papers independently, followed by a meeting to 
reach an agreement regarding the disagreements and after consensus, the first author 
completed the coding. Coding was used to describe the details of the studies and 
enable mapping of the LA methods, the interventions applied, the phases of SRL that 
were focused on, the evaluation methods used to assess the outcome of LA interven-
tions, and the impact of a study’s intervention methods on learning process or learning 
outcome. Table 2 shows the codification summary of the research questions.

Fig. 1   Search strategy and process of literature review
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We synthesised the results of previous studies to answer research questions 
and reported the findings. There are diverse LA methods that have been used to 
measure, collect, analyse, and report the data about learners to understand and 
optimise learning (Siemens, 2013). The categorisation of each record’s methods 
in this literature review followed the categories presented by Romero and Ventura 
(2020). They have suggested division of the methods into the following catego-
ries: causal mining (CM), clustering (C), discovery with models (DM), distilla-
tion of data for human judgement (DD), knowledge tracing (KT), non-negative 
matrix factorisation (NMF), outlier detection (OD), prediction (P), process min-
ing (PM), recommendation (R), relationship mining (RM), statistics (S), social 
network analysis (SNA), text mining (TM), and visualisation (V). Almost all the 
methods of the records were identified and could be categorised using the defini-
tions of Romero and Ventura. Two studies (Wise et al., 2014, 2016) applied meth-
ods that did not fit into these categories. Within these studies there are integrated 
analytics used to express learners the expected quantity, quality, and timing of 
discussions (Wise et al., 2014) and a conceptualization including LA as a part of 
SRL process (Wise et  al., 2016). Therefore, we allocated these records into the 
category of other methods (O).

We coded the SRL subprocesses to phases: planning, performance, and reflection 
following the division presented by Panadero (2017). This was done by examining 
the full texts using “subprocesses” as a search term to identify which subprocesses 
had been investigated in the studies and organised the subprocesses under the three 
phases of SRL.

Table 2   Codification by research question (1 – 4)

RQ1: What learning analytics methods have been applied to identify the needs for SRL support?
Coding Categories
LA methods Causal mining, clustering, discovery with models, 

distillation of data for human judgment, knowl-
edge tracing, non-negative matrix factorisation, 
outlier detection, prediction, process mining, 
recommendation, relationship mining, statistics, 
social network analysis, text mining, visualization

RQ2: What channels have been applied in LA interventions to foster SRL?
Coding Categories
Channels used for intervention Learning analytics dashboard (LAD), embedded, 

prompts, phone call, text message, e-mail
RQ3: Which phases of the SRL cycle were targeted by LA interventions?
Coding Categories
SRL phase Planning, performance, reflection
RQ4: How do studies evaluate the SRL support efficiency and impact, and what kind of results were 

achieved?
Coding Categories
Form of impact Improved self-regulation, better learning outcomes, 

engagement with course materials, improved 
course completion, improved student retention
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The impact of LA interventions can be measured in several ways, including retention, 
course completion, and dropout rates. LA Interventions that promote a better retention 
rate improve the learner’s continuous study in a course (e.g., Freitas et al., 2015), whereas 
LA interventions that create greater completion rates reflect learners’ successful com-
pletion of individual courses and thesis processes (e.g., Nouri et al., 2019). A reduced 
dropout rate from an LA intervention results in fewer learners failing to finish coursework 
(e.g., Cambruzzi et al., 2015). Other positive effects can also include better engagement 
with a course (Chen et al., 2020), usage of learning management system (LMS) resources 
(e.g., Jovanović et al., 2021), and eventually improved course grades (e.g., Wong, 2017). 
Finally, the outcome from a LA intervention can be seen in form of enhanced SRL pro-
cesses (e.g., Roll & Winne, 2015). For the analysis, we considered these aspects as meas-
urable impacts of LA interventions.

The reviewed studies used different effect sizes to measure the impact of their LA 
interventions. Due to insufficient number of papers with similar research settings, 
we were not able to execute proper meta-analysis. Instead, we decided to use both 
qualitative and quantitative studies to illustrate what kind of outcomes are achieved 
in the reviewed studies. To prevent bias due to differences in how reviewed records 
analysed different tasks, procedures, methods, and effect sizes, we did not convert 
the effect sizes to create an equal scale (e.g., Cohen’s d Cohen, 1992). Instead, we 
reported the effect sizes as presented in the original records. To enable the com-
parison between different effect sizes, we used the interpretation guidelines given by 
(Maher et al., 2013) to synthesise the results. The results of this approach are pre-
sented in Table 3. There are other effect sizes (hazard ratio, β, F, and X2) used in the 
studies, but they were not comparable with the interpretation approach. These effect 
sizes are displayed in the results without interpretations.

5 � Results

There were 56 studies included in the final analysis. The first studies about design-
ing LA interventions were conducted by (Bouchet et al., 2013) and (Inventado et al., 
2013). In their work, the researchers of these studies formed clusters of students, 
characterised the students belonging to different clusters (Bouchet et al., 2013), and 
identified effective long-term learning behaviours (Inventado et al., 2013). Interest in 
the topic has increased since 2013, and nine studies from 2021 focusing on the topic 
were found (Fig. 2). These more recent studies focus on implementing and evaluat-
ing the tools designed for LA interventions. The reviewed studies primarily examined 

Table 3   Effect sizes and their 
interpretation

Effect sizes

Small Medium Large Very large

Cohen’s d 0.20 0.50 0.80 1.30
correlation 0.10 0.30 0.50 0.70
η2 0.01 0.06 0.14 -
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higher education settings (46 studies; 82% of studies) with undergraduate or graduate 
students. Less frequently, the studies concerned doctoral students (two studies; 4%), 
workplaces (three studies; 5%), or public schools (one study; 2%). In (Jivet et al., 2021) 
there were higher education degree students and students in professional development 
process included. Four studies did not report the population that they researched. The 
sizes of the samples involved in the studies varied. Some studies had less than 10 par-
ticipants (Cha & Park, 2019; Inventado et al., 2013; Wise et al., 2014, 2016), whereas 
the largest population was made of 33,726 learners (Davis et al., 2017). The mean pop-
ulation of the reviewed studies was 1,398 participants and the median was 102 partici-
pants. Most studies used single courses as their learning context (27 studies; 48%), but 
some studies conducted their LA intervention across nine (Hardebolle et al., 2020) or 
ten (Haynes, 2020; Kia et al., 2020) courses. This trend of aiming to generalise the LA 
interventions is relatively recent.

There were different phases and perspectives in the development of the LA inter-
ventions. Some studies explained the early phases of their LA intervention design from 
a technological point of view (Frey et  al., 2016; Manso-Vázquez & Llamas-Nistal, 
2015; Siadaty et  al., 2016b; Winne et  al., 2019). Other studies examined the next 
phases with the perspective of user’s experience on the interface of the intended LA 
intervention (Cha & Park, 2019; Rohloff et al., 2019; Sonnenberg & Bannert, 2016), 
and the rest of the studies tested the effectiveness of the LA intervention in action.

5.1 � RQ1: What learning analytics methods have been applied to identify 
the needs for SRL support?

While some of the studies (n = 14; 25%) focused on supporting SRL with one LA 
method, it was more common to see a study use two (n = 16; 29%) or three (n = 18; 

0

1

2

3

4

5

6

7

8

9

10

2013 2014 2015 2016 2017 2018 2019 2020 2021

Fig. 2   Number of records/year
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32%) methods. Some scholars even used four (Jivet et al., 2020; Matcha et al., 2019; 
Russell et al., 2020) or five methods (Afzaal et al., 2021; Sonnenberg & Bannert, 
2015, 2016, 2019; Yu et al., 2018) to achieve their goals. The methods used in the 
reviewed studies are summarised in Table 4. The first column shows the learning 
analytics methods. As multiple methods can be applied, the overall number of learn-
ing analytics methods surpassed the number of reviewed studies. The number of 
studies using a method is displayed in the second column.

Statistical approach was often used to provide content for visualisations (n = 19; 
34%). Four studies used a combination of the three most used methods (Balavijen-
dran & Burnie, 2018; Jivet et al., 2020; Siadaty et al., 2016a; Yu et al., 2018). In 
these studies, a learner’s trace data was analysed using statistical methods and com-
pared to their peer learners. The analysis result was then visualised for the learner 
and accompanied by recommendations on how to improve their learning processes.

5.2 � RQ2: What channels have been applied in LA interventions to foster SRL?

Table 5 presents the different channels used for LA interventions. The first column 
displays the different channels used for LA interventions and the second column 
shows the number of studies applying these channels.

An LAD displays an LA intervention using a visual form. Embedded systems may 
include elements directly connected to the learning materials or assignments. For 
example, (Bouchet et al., 2013) used a virtual pedagogical assistant to give hints, and 
(Frey et al., 2016) implemented a system that helped learners rehearse question-asking 
skills for question-based dialogue. Prompting can provide directions to a learner at dif-
ferent parts of the learning process and help them to improve their learning.

Table 4   Summary of methods 
used in reviewed studies

Learning analytics methods Number of studies

Visualisation 32 (57%)
Statistics 32 (57%)
Recommendation 16 (29%)
Prediction 12 (21%)
Discovery with models 8 (14%)
Knowledge tracing 7 (13%)
Clustering 7 (13%)
Process mining 6 (11%)
Relationship mining 6 (11%)
Non-negative matrix factorisation 2 (4%)
Outlier detection 2 (4%)
Other methods 2 (4%)
Causal mining 1 (2%)
Distillation of data for human judgement 1 (2%)
Social network analysis 1 (2%)
Text mining 1 (2%)
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The LA interventions mentioned used automation. However, there were also LA 
interventions where the amount of individual human touch was high. These LA inter-
ventions include e-mails (Lim et al., 2021; Lim et al., 2020; Matcha et al., 2019; Men-
chaca et  al., 2018; Nikolayeva et  al., 2020), foldouts (Ott et  al., 2015; Sedraz Silva 
et  al., 2018), phone calls, and text messages (Herodotou et  al., 2020). E-mail is an 
excellent tool for providing individual guidance and helping a student develop their 
learning process (Matcha et al., 2019). Foldouts (Ott et al., 2015; Sedraz Silva et al., 
2018) also provide learners with information about their learning process.

5.3 � RQ3: Which phases of the SRL cycle were targeted by LA interventions?

It is most common to foster the SRL subprocesses of the performance phase (e.g., giving 
hints on how to approach assignments). In total, 44 studies (79%) focused on the perfor-
mance subprocesses. 25 studies (45%) targeted the subprocesses of the planning phase 
(e.g., setting goals, time management), and 17 studies (30%) targeted subprocesses of the 
reflection phase (e.g., evaluation learning outcomes and identifying how to improve per-
formance). Five studies (9%) did not specify the subprocesses they focused on, and there-
fore those studies could not be categorised. Figure 3 presents the division of the studies 
into different phases.

Notably, there were only nine studies (16%, Bouchet et  al., 2013; Hardebolle 
et al., 2020; Jivet et al., 2021; Lallé et al., 2017; Lim et al., 2021; Nikolayeva et al., 
2020; Siadaty et  al., 2016b; Wise et  al., 2014; Wong et  al., 2019b ) that focused 
on the entire SRL cycle. Manganello et al. (2021) applied the all the phases of 4C 
model, which is used in professional contexts. Connecting only two phases was more 
common. For example, studies typically connected the performance with either the 
planning phase (12 studies; 21%) or with the reflection phase (four studies; 7%). 
Connecting the planning and reflection phases was only done by (Lu et al., 2017).

5.4 � RQ4: How do studies evaluate the SRL support efficiency and impact, 
and what kind of results were achieved?

The studies evaluated the efficiency of an LA intervention in various ways. Studies 
focused on their LA intervention design tended to use qualitative methods, such as 

Table 5   Summary of channels 
used in reviewed studies

Channels Number of studies

Learning analytics dashboard 27 (48%)
Embedded in LMS 12 (21%)
Prompt 11 (20%)
E-mail 5 (9%)
Foldout 2 (4%)
Phone call 1 (2%)
Text message 1 (2%)
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interviews, the think-aloud method, and focus groups, to verify the usability, use-
fulness, and learners’ perception of an LA intervention. Interviews (Cha & Park, 
2019; Corrin & de Barba, 2014; Wise et al., 2014, 2016) were used to discover how 
learners perceived the functionalities and features of LA interventions and to find 
approaches that learners would be willing to use in their learning processes. Son-
nenberg and Bannert (2016, 2019) used the think-aloud method to gain insight into 
these learner perceptions and to identify how useful a design was for a learner. In 
other cases, some researchers used focus groups (Balavijendran & Burnie, 2018; 
Lim et al., 2021; Lim et al., 2020), observations of facial expressions (Bouchet et al., 
2013), eye-tracking (Bouchet et  al., 2013; Lallé et  al., 2017; Munshi & Biswas, 
2019), and physiological sensors (Lallé et al., 2017) to evaluate the effects of an LA 
intervention during its early developmental phase.

Quantitative methods were used by researchers to evaluate the efficiency of an 
LA intervention during the execution phase. 34 studies (61%) used trace data for 
this purpose, making it the most used method. Pre- and post-intervention surveys 
were popular evaluation methods as well. There were 23 studies (41%) that used 
surveys, either alone or with trace data, to evaluate the efficiency of a LA inter-
vention. The actual outcomes of participants’ learning processes were evaluated in 
terms of grade distribution (Afzaal et al., 2021; Cody et al., 2020; Kia et al., 2020; 
Lim et al., 2021; Lu et al., 2017; Manganello et al., 2021; Ott et al., 2015; Sedrakyan 
& Snoeck, 2017; van Horne et al., 2018) and course completion (Davis et al., 2017; 
Herodotou et al., 2020).

26 studies (46%) reported a positive, measurable impact on learning from their LA 
intervention. In Table 6, the impact of the LA interventions and the measurements of the 
impacts are displayed. In the first column, the types of impact are denoted. The second 

Fig. 3   Division of LA interventions on SRL phases
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column identifies the studies, and the third column shows the impacted variable. The 
fourth column presents the effect sizes measured in the studies, and the last column inter-
prets effect size following the principles introduced in Table 2.

In 13 studies (23%), the impact of an LA intervention was seen in the form of 
improved self-regulation. Nine (16%) studies achieved better learning outcomes. LA 
interventions resulted in better engagement with course materials in four (7%) stud-
ies. Davis et al. (2017) and Russell et al. (2020) found improved course completion 
(4%), and Herodotou et al., (2020; 2%) reported an improvement in student retention 
in response to their respective LA interventions. Seven studies (13%; Bouchet et al., 
2013; Haynes, 2020; Kia et al., 2020; Li et al., 2017a, b; Ott et al., 2015; Tabuenca 
et al., 2021) claimed the outcomes they observed were not promising or stated there 
were significant limitations for practical implications. Four (7%) studies (Frey et al., 
2016; Manso-Vázquez & Llamas-Nistal, 2015; Munshi & Biswas, 2019; Siadaty 
et al., 2016b; Winne et al., 2019) were not able to evaluate the impact of their LA 
intervention (e.g., due to the early stage of development of the LA intervention).

The reporting of effect sizes varied among studies. There were in total 16 (29%) stud-
ies where effect sizes were reported. Very large effect sizes were found by Afzaal et al. 
(2021) regarding the grades, by Sonnenberg and Bannert (2016) the number of metacog-
nitive learning activities (d = 2.0) and by Siadaty et al. (2016b) for the subprocesses of 
goal setting (r = 0.778), personal planning (r = 0.740), working on task (r = 0.781), and 
applying strategy changes (r = 0.745). A Large effect sizes were found by Manganello 
et al. (2021) on improvement in grades (d = 1.10), Lim et al. (2021) on SRL improvement 
(ηp

2 = 0.22), Siadaty et  al. (2016b) on task analysis (r = 0.667), evaluation (r = 0.685), 
reflection (r = 0.682), and by Menchaca et al. (2018) on defining targets (d = 0.90;). The 
LA intervention of Sonnenberg and Bannert (2019) had a medium effect on evaluation 
(ηp

2 = 0.063) and task analysis (ηp
2 = 0.082). Small effect sizes were reported for grades 

(d = 0.47, L. A. Lim et al., 2021), prompts (d = 0.44, Sonnenberg & Bannert, 2015), com-
munication and collaboration (d = 0.35, Menchaca et al., 2018), and the number of quiz-
zes completed (d = 0.31, Nikolayeva et al., 2020).

6 � Discussion

The goal of this paper was to systematically review how LA has been applied to 
enhance SRL in. Many of the reviewed studies achieved promising results. Many 
others, however, were not able to show an impact on learning. Despite the promis-
ing results, it is still unclear whether there are features that could predict the suc-
cess of a LA intervention. Some studies report how learners perceive the impact 
of intervention, whereas some studies report the changes in the students’ learning 
process or learning outcomes. The previous studies have shown, that even though 
students’ self-evaluation would suggest the improvement in SRL, the impact seen in 
trace data, doesn’t necessarily show similar improvement due to e.g., response styles 
or confidence measures (Tempelaar et al., 2020).

Almost two-thirds of the studies reviewed applied two or three LA methods. Nev-
ertheless, the increase in the number of applied LA methods does not seem to improve 
the effectiveness of a LA intervention. For instance, (Afzaal et al., 2021; Sonnenberg & 
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Bannert, 2015, 2016, 2019; Yu et al., 2018) applied five LA methods within all their stud-
ies, and the effectiveness of their LA interventions ranged from small to very large. If 
the number of LA methods is not the key for a successful LA intervention, then perhaps 
the combination of methods could be. Four studies used a combination of the three com-
mon LA methods: statistics, visualisation, and recommendation (Balavijendran & Burnie, 
2018; Jivet et al., 2020; Siadaty et al., 2016a; Yu et al., 2018). A positive impact was 
reported only by Balavijendran and Burnie (2018), whose students reported that LA inter-
ventions improved their learning. In contrast, the studies of (Jivet et al., 2020; Siadaty 
et al., 2016a; Yu et al., 2018) were not able to find an impact on learning, even though 
they included the four stages of the LA cycle (Khalil & Ebner, 2015; Siemens, 2013) and 
used a combination of methods.

LAD was the most used LA intervention among the reviewed studies, though only 
43% of the LAD interventions positively impacted learning. Success rates suggest that 
the implementation of LAD is not sufficient to support SRL. Instead, how LAD should be 
used seems to be an unknown element affecting SRL. This can be due to the absence of 
support in terms of dashboard design from learning sciences with regard to core concepts 
of learning processes and feedback mechanisms (Sedrakyan et al., 2020). The features 
and characteristics of LADs differ (Bodily & Verbert, 2017) and the effective elements 
should be considered as principles of LAD design. A closer look should also be put on the 
different aspects of e.g., demographics of the sample, duration of the study and the studied 
subjects to find underlying variables affecting the unknown elements of LAD success.

Only nine studies focused on the entire SRL cycle. These findings are similar to 
those of Viberg et al. (2020), who found that the studies they reviewed focused less 
on the reflection phase. Araka et al. (2020) identified LA as one way to measure the 
effectiveness of LA interventions but found that the methods used for this purpose 
remained unexplored. Furthermore, Viberg et al. (2020) has argued that there is little 
evidence of LA improving learning outcomes or learning support. In this current study, 
only four out of the nine studies reported positive impacts on SRL (Lim et al., 2021; 
Nikolayeva et al., 2020; Siadaty et al., 2016b; Wong et al., 2019b). Channels used for 
LA intervention and the LA methods differed studies. Nikolayeva et al. (2020) and Lim 
et al. (2021) performed their LA intervention using e-mail. Siadaty et al. (2016b) used 
LAD to give recommendations to learners. Nikolayeva et al., Siadaty et al., and Lim 
et al. applied statistical methods to support their LA interventions. Wong et al., (2019b) 
used a discovery with methods accompanied by relationship mining and visualisation 
to prompt learners. The common feature for all four studies can be seen in learning 
outcomes: all interventions increase the learning actions e.g., working on task (Siadaty 
et al., 2016b), completed quizzes (Nikolayeva et al., 2020), interaction with activities 
(Wong et al., 2019b), and improved grades (L. A. Lim et al., 2021). Lim et al. (2021) 
was the only study that showed an impact in improved SRL. This is a promising result 
but requires further studies to verify results in different study contexts and with larger 
sample sizes. The results suggest that intervention focusing on planning and reflection 
can be seen in the outcomes of the performance phase. However, the limited number 
of studies focusing on the entire SRL cycle, sets a need to design more interventions 
covering the entire SRL cycle and to execute comparative research to find the most 
effective interventions as a basis for intervention design principles.
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The reviewed studies reported the impact of their LA interventions on learning 
in various ways. Both qualitative and quantitative methods were used at different 
stages of an LA intervention’s development. While 26 studies (46%) reported a 
positive impact on learning, only 14 studies reported enough details to make the 
results interpretable and enable proper comparison. A similar problem was found 
by Sønderlund et al. (2019). In their review of research, only three studies critically 
assessed the effectiveness of LA interventions for student success and retention. 
The research of (Sønderlund et al., 2019) explored the efficacy of LA interventions 
in higher education, and they evaluated LA interventions from the perspectives of 
student retention and academic success, which is a rather narrow perspective for 
evaluating the impact of a LA intervention on learning. The current study broadened 
the framework of impact by adding the aspects of improved SRL processes and 
engagement with the course materials. This helps the future studies to assess the 
impact of LA interventions.

Different designs of LA interventions have different impacts on learning. For 
example, the LA interventions by (Siadaty et al., 2016b) and (Sonnenberg & Bannert, 
2019) were aimed at supporting the subprocess of task analysis in SRL. The former 
study found their LA intervention had a large impact on learning, whereas the 
latter found it had a medium impact. It is also interesting to note that an initial LA 
intervention can be further developed, thus leading to an improved impact. This kind 
of development can be seen in the consecutive studies by (Sonnenberg & Bannert, 
2015, 2016), where the initial impact was improved from small to very large across 
their studies.

We argue that a successful LA intervention design requires the LA cycle to be 
supplemented with a sound pedagogical approach to provide feedback for both 
cognitive and behavioural processes (Sedrakyan et  al., 2020). The initial LA 
intervention must be developed iteratively, as was done by Sonnenberg and Bannert 
(2015, 2016) to test different approaches and functionalities in order to find the 
most effective ways to enhance SRL. In SRL, regulation can focus on the cognitive, 
emotional, and motivational aspects of the learning process. In addition, regulation 
can also focus on different phases, such as planning, performance, or reflection. This 
is to say that it would not be reasonable to expect a LA intervention to support all 
phases simultaneously unless the subprocesses included in the different phases are 
considered during the design of an intervention. Also, LA interventions are typically 
conducted for a short period, despite the fact that only long-term LA interventions 
can potentially contribute to the development of SRL skills. The longevity of training 
and support must be considered during the design of a LA intervention to enable 
the students to master SRL skills (Zimmerman, 2000). Furthermore, research 
should explore the personalized ways of studying and supporting self-regulation i.e., 
idiographic methods. Idiographic methods rely on several data points collected from 
individual students to create precise insights based on student’s own data e.g., (Saqr 
& López-Pernas, 2021). With the rise of multimodal learning analytics, research 
can tap into the fine grained within-person process and emotions and therefore, 
deliver highly personalized just-in-time insights and support (Malmberg et al., 2022; 
Törmänen et al., 2022).
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6.1 � Validity threats

The validity assessment includes the aspects of internal, external, construct, and 
conclusion validity (Zhou et al., 2016). In this review, we reduced the risk of validity 
threats by following the recommended mitigation actions proposed by (Ampatzoglou 
et al., 2019). Inappropriate or incomplete search terms can be a threat to construct validity 
and internal validity. LA interventions can be done in various ways, and the concept of 
LA intervention might not be used in some records. Within this study, LA intervention 
was not used as a keyword. Instead, we identified LA interventions qualitatively. The 
same applies to SRL. There were records screened focusing on interventions and 
learning, but SRL was not used as a concept in these records. These records may have 
been excluded even though the interventions could have been beneficial for learning. 
Therefore, there might be records that were relevant to this review, but they were not 
included because they used keywords not identified within this research. Incomplete 
research information in primary studies causes an external threat to validity. We have 
been mitigating this risk by identifying the missing information in Table 6. To reduce 
the risk of threat to conclusion validity, we have removed the duplicate studies. The 
discussions among authors have been used aiming for unanimous consensus to reduce 
subjective interpretations thus mitigating to internal validity and conclusion validity.

7 � Conclusion

We have reviewed how studies use LA methods to create LA interventions supporting 
SRL. Based on the review, neither the number, popularity, nor combination of LA 
methods implemented in a learning environment provide a guarantee for improved 
SRL. Moreover, none of the LA intervention channels has shown proof of success in 
supporting SRL. Only seven studies covered all phases of SRL, and only 12 studies 
assessed the effect sizes of the LA interventions. Out of these studies, only three 
focused on the entire SRL cycle and showed results that LA interventions positively 
impacted learning. Furthermore, the LA methods and the LA intervention channels 
of the three studies varied. Therefore, we cannot say which combination of LA 
methods and LA intervention channels would ensure the successful support of SRL.

Interpretable and comparable LA intervention results would help scholars and 
practitioners to find LA interventions that are the most beneficial for SRL. Future 
research needs to focus on the pedagogical approach and how it may be used to create 
impactful LA interventions. Second, LA interventions should focus on different phases 
and processes of regulated learning. Future research should find the most impactful LA 
interventions capable of supporting different SRL phases and subprocesses. Third, there 
are a limited number of LA interventions covering all three SRL phases. Future research 
and LA intervention design should note the aspects of all SRL phases to support holistic 
learning. Finally, there are limitations related to how the reviewed studies reported their 
findings. To improve the interpretability and comparability of an LA intervention design, 
future research needs to put focus on providing comparable data with larger sample sizes 
to enable the comparison of different kinds and types of LA interventions.
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Sequence analysis and process mining 
perspectives to goal setting: What distinguishes 
business students with high and low 
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Introduction
Self-Regulated learning (SRL) is a process including goal setting and planning, moni-
toring the progress of learning, and reflecting on outcomes and the process influenc-
ing learning outcomes (Pintrich, 2000). Goal-setting is a subprocess included in the first 
phase of SRL, namely as a part of the planning process, and depending on the goal qual-
ity it can lead to improved SRL (Boekaerts & Corno, 2005; Winne & Hadwin, 1998). This 
effect has been found in different levels of education, e.g., in primary level (Hirsto et al., 

Abstract 

This study investigates the relationship between students’ self-efficacy beliefs, goal-
setting, and learning tactics in an online business course. Using sequence analysis 
and process mining techniques, we analyzed log data from 209 students to identify 
distinct learning tactics and their association with self-efficacy beliefs, inferred from ini-
tial goal-setting and final grades. Four learning tactics were identified, with significant 
differences observed between students with high and low self-efficacy beliefs. High 
self-efficacy students demonstrated more varied and adaptive tactics, including greater 
use of quizzes and project-focused activities. In contrast, low self-efficacy students 
and those who didn’t set goals showed less engagement and fewer monitoring activi-
ties. The project-focused tactic had the strongest correlation with final grades and goal 
achievement. Goal-setting at the course’s start was linked to more effective learning 
behaviors and better outcomes. The study reveals how students’ online learning behav-
ior changes based on initial goal-setting and subsequent reflection. These findings 
contribute to research on self-regulated learning in online environments and offer 
practical implications for designing online courses and learning analytics interven-
tions. Understanding these differences enables the development of targeted interven-
tions to improve learning tactics and self-efficacy beliefs among students, ultimately 
enhancing their ability to achieve learning goals in online educational settings.

Keywords:  Sequence analysis, Process mining, Self-efficacy beliefs, Learning analytics, 
Project management
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2022) in vocational high schools (Chang et al., 2018) and in higher education MOOCs 
(Wong et al., 2021). Students who excel in goal-setting are likelier to complete course-
work (Handoko et al., 2019), since goals help students to monitor their progress at the 
learning task. Decades of research has shown that SRL is not easy (McCardle & Hadwin, 
2015). Especially in online studying, skills in SRL are particularly needed (Heikkinen 
et al., 2023).

Recent studies have further emphasized the importance of SRL and goal-setting in 
online learning environments. Motivation, cognition, metacognition, and self-efficacy 
are significant components in the SRL process (Gambo & Shakir, 2021). This under-
scores the multifaceted nature of SRL and the need for comprehensive approaches to 
support learners in online settings. The relationship between self-efficacy and SRL has 
been a focus of recent research. Shin (2024) found that self-efficacy can predict self-reg-
ulation and course outcomes, suggesting that students’ beliefs in their capabilities play a 
crucial role in their ability to effectively manage their learning. The effective use of meta-
cognitive strategies can lead to an increase in self-efficacy, indicating a potential recipro-
cal relationship between SRL skills and self-efficacy beliefs (Khosravi et al., 2023). In the 
context of online learning, recent studies have explored innovative approaches to sup-
port SRL. Hsu et al. (2023) investigated how students allocate time during exam prepa-
ration, finding that consistency in study time throughout the preparation period led to 
better performance. This highlights the importance of time management skills within 
the broader framework of SRL. Implementing adaptive learning strategies with diverse 
didactic techniques can lead to improved learning outcomes and achievement of both 
disciplinary and transversal competencies (Rincon-Flores et al., 2024).

The need for SRL is recognized in project management and business educa-
tion, although ways to support SRL are still few (De Oliveira Fassbinder et  al., 2017; 
Marcelino-Sádaba & Perez-Ezcurdia, 2020). The research of SRL in business education 
started more than a decade ago. For instance, Schloemer and Brenan (2006) looked at 
developing the SRL skills of accounting students. Within the study, the students received 
a list of competencies established by the university, upon which they set personal learn-
ing goals to achieve them. Instructors used the learning goals to perform prompting 
interventions to support learners in considering alternative strategies to achieve said 
goals better. Surveys were used to help students monitor their progress based on the 
amount of studying time in the past week. In the middle of the course, students did a 
mid-term evaluation to assess the need for change in learning strategy. The self-evalu-
ation was accompanied by teacher feedback. The results showed that goal-setting and 
monitoring helped students to improve effective learning behaviors, such as class prepa-
ration and collaboration.

A proper learning goal must be specific, measurable, and challenging, but yet attain-
able (Zimmerman & Schunk, 2011), just like the definition of the project goal (Doran, 
1981). In practice, goal-setting is an excellent task for students at the beginning of the 
course; it combines SRL and project management perspectives. There are two elements 
connected to goal setting which explain the students’ ability to achieve the goal: self-effi-
cacy beliefs and expectancy value. Self-efficacy beliefs are an important factor impact-
ing students’ motivation and academic achievement (Pajares, 1996). Educators play a key 
role in developing stronger self-efficacy beliefs with educational practices. Self-efficacy 
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beliefs have a relation with SRL, especially via self-assessment, and factors enhancing 
it include the amount of feedback and support for a self-assessment process (Panadero 
et al., 2017). The expectancy-value theory explains individuals’ attitudes and behaviour 
based on their beliefs and evaluations of certain outcomes. It proposes that people’s 
attitudes are influenced by two main factors: expectancy and value (Wigfield & Eccles, 
2000). Expectancy refers to a student’s subjective belief about the likelihood or prob-
ability of a particular outcome occurring because of learning activities. For example, if 
someone believes that studying hard will result in good grades, they have a high expec-
tancy regarding the relationship between studying and academic success. Value refers 
to the subjective importance or desirability that a student attaches to a specific outcome 
or goal. This is to say, when students believe they can succeed and see the value in the 
learning task, they are more likely to persist in their efforts, leading to improved learning 
outcomes.

Learning analytics to support learning

Learning analytics (LA) has a rich collection of methods that can be used to analyse 
online learning processes. LA is “the measurement, collection, analysis and reporting of 
data about students and their contexts for purposes of understanding and optimising 
learning and the environments in which it occurs” (Siemens & Long, 2011). The data 
used in LA can come from clicks, various assessments such as quizzes, or log traces; 
these are usually gathered from a learning management system (LMS). Different ways to 
analyse this data include, e.g., measuring (Elmoazen et al., 2023) and predicting student 
performance (Namoun & Alshanqiti, 2020) or drop-out (de Oliveira et al., 2021), evalu-
ating the elements of networking (Malmberg et al., 2022; Saqr & Alamro, 2019), and dif-
ferent learning patterns (Juhaňák et al., 2019).

Recent advancements in LA have expanded our understanding of student engagement 
and learning processes in online environments. Nakamura et al. (2024) employed change 
point detection algorithms to analyze student engagement in classrooms, demonstrat-
ing the potential of such techniques to provide valuable insights for improving teaching 
and learning processes. This approach offers new possibilities for identifying significant 
shifts in student behavior and engagement, potentially allowing for more timely and tar-
geted interventions.

However, it’s important to note that while LA interventions can improve online 
engagement, they do not necessarily lead to improved learning outcomes (Villalobos 
et  al., 2024). This highlights the need for a more nuanced approach to implementing 
LA, one that goes beyond simply increasing engagement to focus on enhancing learning 
effectiveness. In this context, (Tepgec et  al., 2024) argue for the importance of devel-
oping students’ feedback literacy skills, emphasizing that the ability to understand and 
apply feedback is crucial for translating increased engagement into improved learning 
outcomes. Recent research has also explored the application of LA in problem-based 
learning (PBL) environments and revealed that students’ levels of self-efficacy were 
related with their success rates in solving problems (Liu et  al., 2023), while LA dash-
boards can significantly impact self-efficacy in virtual reality simulation-based training 
(Gallagher et al., 2024).
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Learning patterns can be analysed as sequences to identify learning tactics students 
use while studying online (Hadwin et  al., 2007). This sequence analysis approach uses 
students’ trace data to construct sequences of the student’s actions studying online. The 
differences in the ways students act in LMS can be interpreted as the learning tactic stu-
dents use (Jovanovic et al., 2020). This approach has been used to analyse learning tac-
tics of business students (Heikkinen et al., 2022). There is a well-established connection 
between the usage of learning tactics and strategies, and the outcomes of learning pro-
cesses (Jovanović et al., 2017; Siadaty et al., 2016). Another perspective to study patterns 
is process mining, which can be used, e.g., to cluster sequences to show the students’ 
interactions with the content and activities in LMS (Bogarín et  al., 2014). An under-
standing of students’ learning processes enables the development of teaching processes 
and learning designs (Alqaheri & Panda, 2022; Stoyanov & Kirschner, 2023).

Building on these approaches, recent research has explored more personalized and 
adaptive learning systems. Takami et  al. (2023) proposed a personality-based tailored 
explainable recommendation system for trustworthy smart learning. This innovative 
approach suggests that by considering individual differences in personality and learn-
ing preferences, we can create more effective and engaging learning experiences. Such 
personalized systems could potentially address the varying needs of students with dif-
ferent levels of self-efficacy and goal-setting behaviors, offering targeted support and 
interventions.

Sequence analysis methods can be used to understand the needs of students with low 
self-efficacy beliefs—the ones who believe that higher grades are either too hard to be 
achieved or require too much work. We do know that sometimes students are struggling 
with their assignments (López-Pernas & Saqr, 2021), but we are not sure how we can 
help them. It is also known that students have different goals, i.e. not all students want to 
achieve the highest grades (e.g., Knouse et al., 2014), e.g., due to low self-efficacy beliefs. 
Still, there may be students who are completely satisfied with the grade that is enough 
to pass the course. When designing interventions to support learning, it is essential to 
identify the students who are aiming for higher grades but do not have sufficient skills 
and distinguish these students from the ones who are satisfied with unpretentious learn-
ing outcomes. By aiming the intervention at the former group, the instructor’s effort is 
expected to produce a better output (Dahling & Ruppel, 2016).

Clustering is an approach which can be used to distinguish the differences in students’ 
learning profiles. Clustering has been applied to distinguish learner profiles in online 
management education. Das and Bhuwandeep (2022) used the Online Student Engage-
ment (OSE) scale (Dixson, 2015) as a framework for clustering. The clustering was done 
to identify cohorts of students with similar learning preferences. The clusters differed 
based on the importance of attributes (e.g., the timing of online classes and teaching 
methods).

The power of LA has not been fully harnessed to effectively support SRL of business 
students’ learning in project management. There are few LA studies conducted to fos-
ter SRL in the field of business studies. In software engineering project management, 
LA is used to assess and predict teamwork (Petkovic, 2016). James et al. (2020) use LA 
to explore social factors influencing learning performance with the help of social net-
work analysis. Virtual business projects are supported with scaffolding customised with 
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automated reflection and feedback. These studies put their focus on the reflection phase 
of the SRL cycle. Thus, the understanding of goal-setting, self-efficacy beliefs, and how 
those affect learning remains unstudied in the field of business education.

Purpose and aims of the study

In light of these recent developments in LA, SRL, and adaptive learning strategies, there 
is a clear need for research that integrates these approaches in the context of business 
education. The current study aims to address this gap by examining how LA can help 
understand different learning tactics between students with low and high self-efficacy 
beliefs in a project management course. By understanding these differences, we can 
create targeted interventions capable of supporting low self-efficacy belief students to 
improve their learning tactics and learning processes to achieve their individual learning 
goals.

RQ1	� What kind of learning tactics do project management students use when stud-
ying online (RQ1.I), could the different learning tactics be used as an indicator 
towards achieving their goals (RQ1.II), and what are the differences in learning 
processes between different learning tactics (RQ1.III)?

RQ2	� How do learning tactics differ between low and high self-efficacy belief students 
(RQ2.I) and what are the differences in learning processes between low and 
high self-efficacy belief students (RQ2.II)?

By addressing these research questions, this study aims to contribute to the growing 
body of knowledge on SRL in online environments, particularly in the context of busi-
ness education. The findings will not only enhance our understanding of the relationship 
between self-efficacy, goal-setting, and learning behaviors but also inform the develop-
ment of more effective and personalized learning interventions in project management 
education.

Materials and methods
We apply a data-driven approach with log data captured from LMS to trace the actions 
students take studying online. This approach is widely used (Elmoazen et  al., 2022; 
López‐Pernas et al., 2021; Zhang & Paquette, 2023). Sequence analysis and process min-
ing can be studied using statistical software, e.g., R. There are several libraries which 
have been used to research patterns, including TraMiner, seqHMM (López-Pernas & 
Saqr, 2021; Saqr & López-Pernas, 2021); pMineR, rENA (Uzir et al., 2020); and BupaR 
(López‐Pernas et al., 2021; Uzir et al., 2020).

Study context

The current study was conducted at the Finnish University of Applied Sciences. The 
context was a project management course organised entirely online. There were three 
consecutive course implementations included in the research materials. Each imple-
mentation, lasting 14  weeks, was arranged during the academic year 2021–2022. The 
students participating in the course were first-year business students from the organ-
ising UAS and students from different UASes, who participated in the course during 
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the summer semester. Only the students (n = 209) who gave their informed consent are 
included in the research.

The extent of the course is 5 ECTS (European Credit Transfer System, equals c. 130 h 
of student’s active participation). The course contains two themes: creative problem-
solving and project management. These themes are divided into sub-themes follow-
ing the phases of problem-solving (Lubart, 2001) and project planning (Meredith et al., 
2017). In the problem-solving phases, students identify a problem, gather informa-
tion, create ideas for the identified problem, and evaluate the created ideas to choose 
the best ones, whereas the phases for project planning include scope and work pack-
ages, schedule, budgeting, and compiling project plan documents. The project planning 
theme included an assignment focusing on SCRUM (Hron & Obwegeser, 2022; Takeuchi 
& Nonaka, 1986), aiming to provide tools for agile project execution. Students were 
expected to follow the order of these phases during their studying.

The course was organised as an asynchronous course in Moodle LMS. The course 
materials contained 17 video lectures. Trouble-shooting material was available for the 
students who struggled with the assignments, along with supplementary material for 
those who were eager to learn more. The students could use all the materials from the 
beginning of the course. Along with the video lectures, there was one assignment for 
each sub-theme, in total, ten assignments. In the first assignment, students chose the 
problem they drove to solve during the course in the following assignments. Moreover, 
to cultivate goal-setting (the first phase of SRL), each student was expected to set an 
individual learning goal for the course. Here a principle of formative assessment (Wiliam 
et al., 2009) was implemented even though it is not commonly used in business educa-
tion (Ochuot & Modiba, 2018). Formative assessment was applied by using the number 
of accepted deliverables as criteria for the final grade of the course (five-tier numeric 
scale, 0 = failed, 5 = excellent). Within the instructions of the assignments, the crite-
rion for accepted deliverables was defined, thus enabling the students to monitor (the 
second phase of SRL) their actions while preparing deliverables. If the criteria were not 
achieved, the instructor gave feedback to students on how to improve performance to 
achieve the level of an accepted deliverable. In the last assignment, the students were 
asked to recall their goals set in the first assignment and reflect (the third phase of SRL) 
on their learning and how they would improve their learning if they could start the same 
course again. These learning design elements can be seen as a tool to fulfil the need for 
interventions supporting all phases of SRL (Heikkinen et al., 2023).

Data sources

Three data sources were used from each student: (1) the student’s numeric goal set (the 
overall grade for the course) in the deliverable of the first assignment, (2) LMS log data, 
and (3) the final grade. LMS log data included a timestamp for students’ actions in LMS, 
user IDs, course module IDs, and event names. We used the log data as a basis for the 
analysis as it can unveil the learning processes (Siemens & Long, 2011) and it has been 
proven to be useful in the contexts of different LMSs (Viberg et al., 2018). Furthermore, 
time-stamped log data is a valuable tool for assessing the temporality of learning (Chen 
et al., 2018).
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The final grades were used both as an indicator of course performance and as a bench-
mark to assess if a student had achieved their goal related to self-efficacy beliefs in terms 
of their intended goal set at the beginning of the course.

Data preparation

The first step of the analysis was cleaning the log data. The non-learning activities were 
removed from the LMS log data. These included teacher actions and learners’ actions not 
directly linked to active learning (e.g., profile views, viewing download centre, logging 
into the course). This was followed by the anonymization of the student IDs. The output 
of this step was re-coded into categories (Table 1) to illustrate the different contents and 
activities students use while studying in LMS. The coding scheme was grouping similar 

Table 1  Recoding LMS event to learning actions

Recoded learning actions LMS Event name

Assignment A file has been uploaded

An online text has been uploaded

An online text uploaded (first assignment)

Submission created (first assignment)

Submission created

Submission form viewed (first assignment)

Submission form viewed

Submission updated (first assignment)

Submission updated

The status of the submission has been updated 
(first assignment)

The status of the submission has been updated

Course viewed Course viewed

Deliverable A submission has been submitted (first assignment)

A submission has been submitted

Feedback Feedback viewed

Forum Discussion viewed

Interaction Comment created

Learning resource Course module viewed

mod_hvp: attempt submitted

Monitoring Badge listing viewed

Course activity completion updated

Course module instance list viewed

Course user report viewed

Grade overview report viewed

Grade user report viewed

Recent activity viewed

The status of the submission has been viewed

User report viewed

Quiz Quiz attempt reviewed

Quiz attempt started

Quiz attempt submitted

Quiz attempt summary viewed

Quiz attempt viewed
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actions into categories (Molenaar & Chiu, 2014; Saqr et al., 2023) “assignment”, “course 
viewed”, “deliverable”, “feedback”, “interaction”, “learning resource”, “monitoring”, “quiz”, 
and “reading forum” to simplify the interpretation of analysis results. The cleaned and 
re-coded data included coded logs, timestamps, and student IDs, resulting in 56,047 
rows of data. The descriptive statistics display the different activities students performed 
during studying (Table 2). This data was used in the following steps of analysis.

The students were allocated into three cohorts by comparing the student’s final grade 
with the grade student set as a goal for themself in the first assignment. The coding 
scheme for this step is presented in Table 3. These cohorts are used to analyse the dis-
tinctive features between low and high self-efficacy belief students.

Data analysis

We analysed the data with sequence analysis to find how students apply the different fea-
tures of LMS during learning. This approach has been used numerous times to identify 
online learning tactics and strategies (López‐Pernas et al., 2021; Saqr et al., 2023).

Identification of learning tactics

To answer RQ1, to find what kind of learning tactics learners use and what is the distinc-
tion between low and high self-efficacy belief students, we applied sequence analysis. 
Sequence analysis is used to identify learning sessions with similar sequences of learn-
ing actions using the TraMineR R package (Gabadinho et al., 2011). The re-coded trace 
data was organised timewise to model and visualise the learning (Bogarín et al., 2018; 
Saqr et al., 2023). The re-organised data was grouped into sessions. Different learning 
actions are determined to belong to a certain session based on the interval between LMS 

Table 2  Descriptive statistics of students’ usage of learning content and actions

Learning action n Percent

Assignment 4262 7.60

Course viewed 10,718 19.12

Deliverable 1355 2.42

Feedback 3027 5.40

Interaction 32 0.06

Learning resource 20,343 36.30

Monitoring 13,104 23.38

Quiz 3091 5.52

Reading forum 115 0.21

56,047 100.00

Table 3  Coding the goal achievement

Student cohort The goal set vs. final grade

High self-efficacy beliefs The Goal set in the first assignment ≤ The final grade

Low self-efficacy beliefs The Goal set in the first assignment > The final grade

Goal-not-set The goal is not set (e.g., a student stated that “the 
grade is not important for me” or “I just want to pass 
the course”.)
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actions. Every LMS action within the interval of 30 min was considered to belong to the 
same session, which is the interval used in similar studies previously (Jovanović et al., 
2017). We trimmed the excessively short sessions, with less than three actions performed 
and the excessively long learning sessions with numerous activities were identified as 
outliers and therefore were trimmed to 50 actions (Jovanović et al., 2017). Before trim-
ming the learning sessions, the maximum session length was 266, with a mean length 
of 8.38 (SD = 12.13, median = 4). After trimming the overly long and short sessions, the 
mean session length decreased to 8.03 (SD = 9.75, median = 4). The total number of ses-
sions was 6,688. We used these sessions to describe and interpret what students do dur-
ing online studying.

To identify students’ learning tactics (RQ1.I), each session resulted in a sequence 
object with timewise organised events. These sequence objects are representations of 
learning tactics and display how the learning patterns between students differ. We used 
agglomerative hierarchical clustering (AHC) and tried different clustering methods: 
optimal matching, longest common subsequence, Hamming distance and Euclidean 
distance and their applications (Gabadinho et al., 2011) with Ward’s algorithm to clus-
ter the sessions with similarities and find the optimal number of clusters (López‐Pernas 
et al., 2021; Uzir et al., 2020). Spell-length-sensitive optimal matching (OMslen) method 
resulted in four interpretable clusters with the help of fit indices (Gabadinho et  al., 
2011). OMslen is a modification of the optimal matching algorithm that weights opti-
mal matching elementary operations inversely with episode length (Halpin, 2009). We 
used three plots to interpret the results: sequence distribution, index, and implication 
plots (Saqr et al., 2023). A sequence distribution plot illustrates the proportion of dif-
ferent activities at each point in time, an index plot displays each sequence as a stacked 
bar plot, and an implication plot visualises the difference between the target cluster and 
other clusters in each step of the sequence. We used fit statistics (R squared and average 
silhouette width) to support the selection of the best number of clusters (Studer, 2013). 
We aimed to find distinct clusters that could be used in plotting to interpret the dif-
ferences in online learning behaviour. The labels for the tactics are based on the con-
text, thus following the procedure used in previous studies (Fincham et al., 2019; Matcha 
et al., 2020; Saqr et al., 2023).

To find out if there are differences between applying different tactics and achieving 
the goal a student has set (RQ1.II), we tested Spearman’s correlation between different 
tactics, goal-setting, and final grade to see if these could be used as indicators towards 
achieving learning goals.

In order to find what are the differences in learning processes between different learn-
ing tactics (RQ1.III), we applied process mining methodology to visualise the consecu-
tive order of actions students take during learning sessions. The clusters representing 
learning tactics were analysed using process mining to create process maps presenting 
differences between different learning tactics. Process maps illustrating students’ actions 
during their learning sessions were created using process mining (Peeters et  al., 2020; 
Uzir et al., 2020) with the BupaR package (Janssenswillen et al., 2019). The resulting vis-
ualisations present the probabilities of different consecutive actions students take during 
online studying (Chiu & Reimann, 2021), and it is used to explain the order of actions 
students perform online. This was done to map the relative flow (edge percentage) 
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between different actions (nodes) and the relative frequency (percentage within nodes) 
of the actions. In plotting, we used 0.02 as a threshold to suppress the noise in process 
maps with processmapR and DiagrammeR libraries. This action cuts off the transitions 
used least often. Thus, threshold limits the number of edges in graphs and makes it eas-
ier to interpret the plots.

Identification of differences between high and low self‑efficacy belief students

To answer RQ2, we applied the same methodology as in the previous step. We continued 
by grouping the students into three cohorts: (a) students with high self-efficacy beliefs, 
(b) with low self-efficacy beliefs, and (c) who did not set learning goals for themselves, 
thus whose self-efficacy beliefs could not be determined (RQ2.I). This was done to find 
out if there are differences in applying different tactics between cohorts. We used pro-
cess mining to create process maps of applying different learning activities, presenting 
differences between low and high self-efficacy belief students, and students who did not 
set their learning goals (RQ2.II).

Results
In this section, we present the results for each research question in subsections follow-
ing the order of the research questions.

Identification of learning tactics

The sequence distribution plot (Fig. 1) displays the sequences (n = 6688) of LMS data. 
The sequences represent the actions students take during a learning session. The 
x-axis represents the order of actions (the first action in the first slice, the second in 
the second slice, etc.) and the y-axis represents the distribution of different actions of 
all sessions at the particular step of the sequence. The plot shows that most students 

Fig. 1  Plot of overall sequence distribution of learner actions in the LMS
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start (the first slice on the x-axis) their learning session by viewing the course or per-
forming monitoring activities (the dark blue slice). Then, students continue using 
learning resources (the yellow slice). This is the dominating action type throughout 
sessions. Feedback is applied most often as the second step of the learning process. As 
the sessions unfold, the frequency of assignments and quizzes increases. This might 
indicate that students first check the status of their learning process and then check 
the feedback they have received before continuing to study. Once they have gotten 
familiar with the current theme, they check the instructions for the assignment and 
perform quizzes before submitting deliverables. The frequency of interaction and 
reading forum activities are very low. The thin lines present these on the sequences’ 
19th, 21st–23rd, 34th, 43rd, and 46th steps.

We used AHC to identify distinct learning tactics (RQ1.I). As a result of the OMslen 
method, we identified four distinct sequence clusters representing different learning 
tactics (Fig. 2):

•	 Short-focused (n = 3746, 56.0%): This is the shortest sequence cluster where students’ 
learning tactic is focused mostly on viewing the course. Some effort is put into course 
materials before returning to viewing the course at the end of the learning session.

•	 Quiz orientation (n = 1698, 25.4%): A quiz is the most used activity in this sequence 
cluster. The relative frequency of quizzes increases as the sessions unfold. Prior steps 
before the quiz include using learning resources and monitoring and feedback activ-
ities. After the peak proportion of quiz actions, students return to check learning 
resources and monitoring activities.

•	 Project focused (n = 689, 10.3%): Within this sequence cluster, the relative frequency 
of the assignment actions is highest compared to the other clusters. In these sessions, 
students check the assignment’s requirements, study the learning resources, and then 
submit the deliverables. However, the sessions do not end with submission. Instead, 

Fig. 2  Sequence distribution plot of learning tactics (left), sequence index plot (middle), and implication plot 
(right) of the distinct learning tactics
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students check the assignment (perhaps to see the instructions of the consecutive 
assignment) once more before returning to check learning resources.

•	 Long diverse (n = 555, 8.3%): In the sessions belonging to this sequence cluster, stu-
dents keep using the feedback throughout the learning sessions. Even though the 
relative frequency of feedback is not high, it is constantly used along with learning 
resources, monitoring activities and assignments.

We examined the correlation between goals, grades, and students’ learning tactics 
(RQ1.II) (Fig. 3). There was a significant correlation (p < 0.05) between almost every fac-
tor, except short-focused tactic and goal r(167) = 0.13, p > 0.05. The highest correlation 
coefficients were between grade and project focused tactic r(211) = 0.78, p < 0.05; short-
focused and quiz orientation tactics r(211) = 0.73, p > 0.05; short-focused and project 
focused tactics r(211) = 0.71, p < 0.05; and grade and quiz orientation tactic r(211) = 0.71, 
p < 0.05. The associations between different tactics had lower correlation coefficients: 
Long diverse and grade r(211) = 0.62, p < 0.05; quiz orientation and project focused 
r(211) = 0.65, p < 0.05, long diverse and quiz orientation r(211) = 0.61, p < 0.05; long 
diverse and short focused r(211) = 0.44, p < 0.05; goal and grade r(167 = 0.43, p > 0.05; 
long diverse and project focused r(211) = 0.33, p < 0.05; project focused and grade 
r(211) = 0.29, p < 0.05; quiz orientation and grade r(211) = 0.24, p < 0.05; long diverse and 
grade r(211) = 0.24, p < 0.05. These results show that all tactics are important towards 
higher grades, while project focused seems to be the most important learning tactic.

Identification of differences in learning processes

Sequential process maps of students’ learning tactics (Fig. 4) illustrate the flow of learn-
ing activities and display the differences between students’ learning tactics (RQ1.III). 
The percentages in the figure display the proportion of learning sessions which include 
the transition (edges) between different activities (nodes) included in the particular ses-
sion type.

Fig. 3  Correlation matrix between goal, grade, and students’ learning tactics
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•	 Project focused students are likely to start sessions with monitoring (38.5%), 
course-viewed (36.7%), or assignment (16,8%) actions. Then, students tend to 
move from monitoring to an assignment (32.3%) and back (34.8%), or from moni-
toring to course viewed (27.3%) and back (29.8%). This tactic rarely includes visits 
to learning resource actions (17.4%).

•	 Long diverse this tactic starts with course viewed (50.9%) or monitoring (32.1%). 
This is followed by the second step from course viewed to monitoring (34.0%) 
or from monitoring to course viewed (30.2%). An assignment (33.3%) is less fre-
quently used when compared with project focused (59.6%), whereas learning 
resource actions have increased (from 17.4% to 23.3%).

•	 Quiz orientation starts with course viewed (58.8%), monitoring (27.8%), or 
learning resource (13.4%). From the course viewed the flow continues to either 
monitoring (62.0%) or learning resource (40.1%). Within this tactic, the learn-
ing resource usage has the highest value (60.6%). This process map shows a loop 
between course viewed, monitoring, and learning resource activities. An assign-
ment (5.3%) and reading forum (5.9%) are visited rarely. This is the only process 
map, where the quiz (9.6%) is visited.

•	 Short-focused students start sessions with course viewed (94.5%). As the next 
step, students continue with monitoring (85.1%), which is followed most likely by 
returning to course viewed (80.1%) or learning resource (17.4%). Students using 
this tactic take more action to read forums (5.5%) than interacting with assign-
ments (5.0%).

Differences between high and low self‑efficacy belief students

The learning tactics distribution plot between student cohorts (Fig. 5) illustrates the 
differences in the usage of different learning tactics between student cohorts (RQ2.I):

Fig. 4  Sequential process maps of students’ learning tactics
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•	 High self-efficacy beliefs (n = 107, 51.2%): This is the largest cohort and the 
sequence of different tactics used is the longest. Students with high self-efficacy 
beliefs use the quiz orientation tactic more often than the rest of the cohorts. The 
short-focused is the most used tactic, while long diverse and project focused tac-
tics are used during almost the entire span of the sequences.

•	 Low self-efficacy beliefs (n = 60, 28.7%): The length of the overall distribution plot for 
this cohort is shorter than for the students with high self-efficacy beliefs. These stu-
dents use fewer learning sessions during the course, and the proportion of the short-
focused tactic is slightly more used than students with high self-efficacy beliefs.

•	 Goal-not-set (n = 42, 20.1%): The most distinct feature of this cohort is the low 
frequency of the project focused tactic and higher frequency of the long diverse 
tactic. This suggests that these students wonder through the learning space but do 
not put significant effort into assignment activities.

Differences in relative-case process maps between low and high self-efficacy beliefs 
students, and students who did not set their learning goals are illustrated in Fig.  6 
(RQ2.II).

•	 High self-efficacy beliefs start their learning processes with course viewed (96.3%). 
This is followed by monitoring (97.2%), learning resource (70.1%), or assignment 

Fig. 5  Learning tactics distribution plot between student cohorts

Fig. 6  Sequential process maps of student cohorts
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(52.3%). There is a strong flow between each of these four actions. Students with 
high self-efficacy beliefs are also the most active cohort to read the forum (12.2%) 
and the only cohort that uses quizzes (16.9%).

•	 Low self-efficacy beliefs Start every learning session from the course viewed (100%), 
which is followed by monitoring (96.7%), learning resource (50%), or assignment 
(40%). From monitoring, students tend to return to the course viewed (96.7%). When 
compared to students with high self-efficacy beliefs, low self-efficacy beliefs students 
tend to use fewer assignments, learning resources, and reading forum actions and do 
not use quiz activities.

•	 Goal-not-set The students within this group start with course viewed (95.2%), which 
is the only step before ending the session (76.2%) or monitoring (35.7%). Within this 
cohort, the usage of monitoring, learning resource, and assignment actions are the 
lowest, whereas reading forum is higher than non-achievers.

Discussion
Goal-setting is a subprocess of SRL and can positively impact students’ academic 
achievement (Handoko et  al., 2019). Our study contributes to the current body of 
research by implementing sequence and process mining techniques to better understand 
the differences in online learning tactics between low and high self-efficacy beliefs stu-
dents. We identified the learning tactics of students based on sequenced events from 
their learning sessions. We also used the goals students set at the beginning of the course 
to identify differences in learning behaviour and learning outcomes. Our results indicate 
a positive effect of goal-setting at the beginning of the course, expressed through better 
learning tactics employed, but also more sessions and time spent by students overall in 
the LMS.

Overall, the most used activity was accessing learning resources, followed by moni-
toring, and assignment access. Quizzes can be used as both a summative assessment 
method and a reflection tool; students fill them out to get a better image of their pro-
gress at various points in the course which can then be used to reflect on their learn-
ing behaviour and change it accordingly. We also notice that course viewing decreases 
as learning sessions unfold. This finding suggests that throughout the learning session, 
students start with more general learning behaviour, such as viewing the course and its 
learning resources. The next actions within the session show clear differences between 
the low and high self-efficacy student beliefs. The students with high self-efficacy beliefs 
move slowly towards more specific or reflective activities, such as quizzes, whereas stu-
dents with low self-efficacy beliefs struggle to figure out what they should do next to 
progress with their learning process.

Our first research question was divided into three parts, all building upon the pre-
ceding part in a logical progression to give a comprehensive answer. For the first part, 
we used all the activities previously described to identify four distinct learning tactics 
used by students during the course. More than half of the learning sessions were short-
focused, as students simply viewed the course or the available materials before ending 
the session. Moreover, such sessions are constant across student goal-setting categories, 
as they are the most common type of learning sessions for both students that set goals or 
not, and for low and high self-efficacy beliefs students. We argue such sessions can play 
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a role in the planning process of SRL (Winne & Hadwin, 1998), as students could access 
the course to clarify certain aspects of the course to plan future sessions. A more obvi-
ous explanation is that students simply get distracted or lose motivation after access-
ing the LMS; more research should follow up on this, especially considering how much 
overall time is spent during these sessions.

On the other side, we have the long-diverse tactic, where students are the most var-
ied in their LMS usage. At first glance, we would expect such sessions to be the main 
learning activity, especially considering the constant usage of feedback, one of the main 
indicators in predicting academic performance in educational psychology (Hattie & 
Timperley, 2007). In the context of this course, the formative feedback received for the 
assignments gives students a perspective on the assessment criteria. After the evalua-
tion, the student can assess their performance with feedback. Students with high self-
efficacy beliefs use this as a tool to evaluate and, if needed, to enhance their performance, 
while other cohorts do not apply reflection at the same amount. However, long-diverse 
sessions have the second lowest correlation with the final grades and lowest with goal-
setting. The quiz and project focused categories are the most straightforward; students 
use these sessions to focus on specific quizzes or assignments. Such sessions have the 
highest correlation with grades with project focused having the highest correlation with 
goals. Considering this difference between long-diverse and quiz or project focused ses-
sions, we argue that having clearly set goals helps the students better focus during their 
learning sessions, such as focusing on specific assignments or quizzes, which is a more 
efficient and effective way of learning due to their testing nature. Such a difference could 
also portray the testing effect (Rowland, 2014), as completing an assignment or quiz 
would lead to better learning than rereading the materials associated with rote learning. 
While long-diverse represent a more varied learning behaviour, these could also hide 
confusion, students accessing everything with no clear purpose in mind. This could be 
the explanation for the students who did not set their learning goals: they lack the SRL 
skills, which would both help them to set precise goals for learning and to find ways how 
they could navigate themselves in the learning space. A final explanation stems from the 
stable form of the sessions. Long-diverse sessions have a steady structure throughout 
the course, while quiz and project focused sessions change drastically around the middle 
and end of sessions. Changing learning behaviour is important as it shows a clear SRL of 
students who need to adapt to the course features as a response to new material or feed-
back. Further research is needed to understand better why such differences occur.

Looking at the sequential process maps (Fig. 4) we see that viewing the course, access-
ing learning materials and monitoring are used the most across tactic categories. Moni-
toring is an essential subprocess of SRL (Pintrich, 2000; Winne & Hadwin, 1998), and 
such processes are missing from the only tactic category not correlating with goal-set-
ting (i.e. short-focused); this is a clear indication of their importance. This is further cor-
roborated by the fact that students that did not set any goals also had the lowest number 
of monitoring activities. As students have a clear goal in mind throughout the course, 
they know how to better monitor their learning behaviour, as they have a better image of 
what their final goal should be. This, in turn, offers clear criteria to which they can reflect 
and adapt the learning tactics used. The fact that a simple goal set at the beginning of the 
course can lead to such changes in the students’ SRL behaviour brings further evidence 
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to the importance of supporting students in their SRL, changing their zone of proximal 
development, and allowing for further growth.

When we categorise students based on their self-efficacy beliefs, we see that students 
with high self-efficacy beliefs access the LMS the most, monitor their progress, access 
assignments and quizzes to test their progress, and apply feedback to improve their per-
formance. This shows clear SRL behaviour, which further leads to successful learning 
and high academic performance. In contrast, students that did not set any goals have 
the most long-diverse sessions and read forums the most. This indicates an almost “con-
fused” behaviour, as not having a clear goal in mind makes them not manage to employ 
effective learning methods and constantly check for others’ help. Moreover, the fact that 
they have almost no project focused sessions, with a sudden increase towards the end 
of the session seems to suggest blocked learning behaviour, which is a non-effective and 
harmful learning behaviour (Krasnoff & Overkott, 2022). The students with low self-effi-
cacy beliefs have somewhat similar behaviour to students with high self-efficacy beliefs, 
however, they study less overall and make less use of assignments and forums. All these 
categories suggest a clear increase in learning and efficient learning tactics when stu-
dents set a clear goal at the beginning of the course.

Relevance

Our study aligns with recent research in smart learning environments, particularly in 
the areas of SRL and LA. For instance, Gambo and Shakir (2021) conducted a systematic 
review on SRL in smart learning environments, highlighting the importance of moti-
vation, cognitive, metacognitive, and self-efficacy components in the SRL process. Our 
findings on the differences between high and low self-efficacy students in their learning 
behaviors and goal-setting practices corroborate these components’ significance in SRL.

Furthermore, our findings on the importance of goal-setting and its impact on learn-
ing behaviors align with recent studies in smart learning environments. For example, 
Hsu et al. (2023) investigated how students allocate time during exam preparation and 
found that consistency in study time throughout the preparation period led to better 
performance. This supports our argument that clearly set goals help students focus bet-
ter during their learning sessions, leading to more efficient and effective learning.

The differences we observed in learning behaviors between students with high and low 
self-efficacy beliefs are also relevant to recent research on adaptive learning strategies. 
Rincon-Flores et al. (2024) found that implementing an adaptive learning strategy with 
diverse didactic techniques led to better results in students’ learning and achievement 
of disciplinary and transversal sub-competencies. This suggests that tailoring learning 
experiences based on students’ self-efficacy and goal-setting behaviors could further 
enhance the effectiveness of online learning environments.

Our study’s use of LA to identify and analyze student learning tactics contributes to 
the growing body of research on using data-driven approaches to improve educational 
outcomes. For instance, Nakamura et al. (2024) used change point detection algorithms 
to analyze student engagement in classrooms, demonstrating the potential of such tech-
niques to provide valuable insights for improving teaching and learning processes. Sim-
ilarly, our sequence mining approach offers a way to automatically identify significant 
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patterns in student learning behaviors, which can inform instructional design and per-
sonalized interventions.

The implications of our findings extend beyond just understanding student behav-
ior. They also suggest potential avenues for developing more effective learning sup-
port systems. For example, Takami et al. (2023) proposed a personality-based tailored 
explainable recommendation system for trustworthy smart learning. Our findings on the 
differences in learning tactics between high and low self-efficacy students could inform 
the development of similar adaptive systems that provide personalized support based on 
students’ goal-setting behaviors and self-efficacy levels.

This study sheds more light on how business students use LA tactics (Heikkinen 
et  al., 2022). The results give more evidence of the differences in self-efficacy beliefs 
(e.g., Knouse et al., 2014) affecting the student’s ability to achieve their expected goals. 
The sequence mining approach gives another perspective to clustering students (Das 
& Bhuwandeep, 2022), thus, offering a better understanding of the learner perspective. 
Furthermore, the results show another way to analyse the project management study 
process besides assessing and predicting teamwork (Petkovic, 2016). The sequence min-
ing and process mining approaches have been previously used in different educational 
settings (Elmoazen et al., 2022; López‐Pernas et al., 2021; Zhang & Paquette, 2023), and 
this study verifies that these approaches are applicable also in business.

Our results show the importance of helping business students learning project man-
agement set clear goals and follow up on them, mainly through changes in online learn-
ing behaviour and SRL. We argue that such interventions should be encouraged and 
promoted more often due to their simplicity but large effects. If a student cannot set a 
proper goal, this can be seen as an indicator for a teacher to intervene. Such a student 
needs intervention at the very beginning of the course, which could greatly help stu-
dents to first set goals for themselves. This should then be followed by a set of interven-
tions aiming to help the students with low self-efficacy beliefs to improve their learning 
behaviour and match the patterns the students with high self-efficacy beliefs apply. As 
the meta-analysis by Heikkinen et al. (Heikkinen et al., 2023) discovered, less than half of 
the SRL interventions have positive significant effects, with very few targeting all phases 
of SRL. Our study aimed at filling this gap, as we also asked students to reflect on their 
work at the end of the course.

It is important to note, however, that while LA interventions, such as LA dashboards, 
can improve online engagement, they do not necessarily improve learning outcomes 
(Villalobos et  al., 2024). This suggests that while feedback may help students improve 
their activity, it does not always help them understand what they should do to achieve 
better results. Therefore, as Tepgec et al. (2024) argue, feedback literacy skills should be 
supported to help students improve their ability to apply feedback and enhance their 
learning.

Our findings on the relationship between self-efficacy and learning behaviors are fur-
ther supported by recent research. Shin (2024) found that self-efficacy can predict self-
regulation and course outcomes, which aligns with our observations of high self-efficacy 
students demonstrating more effective SRL behaviors. Additionally, Khosravi et  al. 
(2023) showed that effective use of metacognitive strategies can lead to a rise in self-effi-
cacy, suggesting a potential reciprocal relationship between self-efficacy and SRL skills.
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Theoretical and practical implications

This study has four theoretical implications. Firstly, our findings contribute to SRL the-
ory by demonstrating how self-efficacy beliefs and goal-setting behaviors manifest in 
specific learning tactics within an online project management context. Secondly, this 
study showcases the potential of LA techniques, particularly sequence and process min-
ing, in providing detailed insights into SRL processes, extending the methodological 
toolkit for SRL research. Thirdly, by examining SRL in the context of project manage-
ment education, our study bridges these two fields, offering a new perspective on how 
SRL principles apply in professional skill development. Lastly, our identification and 
analysis of four distinct learning tactics contribute to the theoretical understanding of 
how students approach online learning, potentially informing future research on learn-
ing strategies.

Practical Implications focus on course design, targeted interventions, scaffold devel-
opment, feedback mechanisms, LMS design, and student guidance. Instructors should 
incorporate explicit goal-setting activities at the beginning of online courses and provide 
opportunities for students to reflect on and revise these goals throughout the course. LA 
can be used to identify students with low self-efficacy beliefs early in the course, allowing 
for timely and targeted interventions to support their learning. Based on the identified 
learning tactics, educators can develop scaffolding strategies that guide students towards 
more effective learning behaviors, particularly for those with low self-efficacy beliefs. 
This can done by implementing regular feedback mechanisms that not only address con-
tent knowledge but also promote self-reflection on learning strategies and goal progress. 
LMS developers should consider incorporating features that support goal-setting, self-
monitoring, and adaptive learning pathways based on students’ self-efficacy levels and 
chosen tactics. This requires developing resources to help students understand different 
learning tactics and how to adapt their approaches based on course demands and per-
sonal goals.

Limitations

While this study provides valuable insights into the learning tactics and SRL behaviors 
of business students in project management courses, it is important to acknowledge sev-
eral limitations that may affect the generalizability and interpretation of our findings.

Firstly, our study focused on business students in a project management course at a 
single institution. While this allows for a deep understanding of this specific context, it 
may limit the generalizability of our findings to other disciplines, educational levels, or 
institutional settings. Future research should consider replicating this study across vari-
ous disciplines and institutions to validate the broader applicability of our findings.

Secondly, the self-efficacy beliefs and goal-setting data were collected through self-
reported measures. While widely used in educational research, self-reported data can 
be subject to social desirability bias and may not always accurately reflect students’ true 
beliefs or behaviors. Future studies could incorporate additional objective measures or 
observational data to triangulate self-reported information.

Lastly, there were limited timeframe and intervention testing applied in this study. 
Our study analyzed student behavior over the course of a single academic term. A 
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longitudinal study spanning multiple terms or years could provide more insight into 
how learning tactics and SRL behaviors evolve over time, especially as students progress 
through their academic programs. Although our study identified differences in learning 
tactics between high and low self-efficacy students, we did not test specific interventions 
to improve self-efficacy or learning tactics. Future research could focus on designing and 
testing targeted interventions based on our findings.

Despite these limitations, our study provides valuable insights into the relationship 
between self-efficacy beliefs, goal-setting, and learning tactics in online project man-
agement education. By acknowledging these limitations, we hope to encourage future 
research that builds upon our findings and addresses these areas to further advance our 
understanding of SRL in online environments.

Conclusion and future work
The current study makes a novel contribution to the body of literature by portraying in 
detail the changes in business students’ online project management learning behaviour 
based on assignment goal-setting at the beginning of the course, followed by a reflection 
at the end.

There are multiple possibilities for future research. One of the main “weaknesses” of 
LA research, in general, is the lack of context, such as not knowing what the students 
do or intend to do behind the monitor. The previously discussed short-focused learning 
tactics are the perfect example. These short sessions were the most common by far, even 
disregarding the goal-setting factor. While we did give multiple explanations, we believe 
research should focus more on such “contradicting” behaviour by possibly also including 
the context. It is expected that the students do not study with 100% efficiency, all learn-
ing sessions have a clear goal which is always achieved. However, we also believe the 
high number of such short-focused sessions mandates further study.

The studied course had quizzes and assignments the students had to complete. While 
they did seem to represent a more effective way of learning, we are not sure why. One 
argument we gave was them being associated with the testing effect, a proven method 
of effective learning. However, we are not sure exactly if there is an actual effect of such 
assignments and how it could influence online LMS learning. We believe future research 
should study this effect in particular, as it could lead to high academic performance.

Furthermore, there is a need for the development of interventions and research to 
study the impact of different interventions for goal-setting of students who cannot set 
learning goals, and interventions for students with low self-efficacy beliefs to help them 
regulate their learning processes towards achievement.

Lastly, the trace data, per se, is insufficient to explain the learning processes. The cog-
nitive aspect of learning should be evaluated jointly with the traces. This could be done 
by researching survey data gathered from learners to find out how they perceive the 
state of SRL and the impact of interventions.
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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 

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
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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 
(Järvelä 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 
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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 Sønderlund 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, Järvelä 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 (Sáiz-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 Järvelä 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 (Jovanović 
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  (Jovanović 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 & López-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 (López-Pernas et al., 
2023), Longest Common Prefix (Saqr & López-Pernas, 2022), and Optimal Matching 
(Jovanović 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 & López-Pernas, 2022). Other approaches are used to extract mean-
ingful metrics and indicators for distinguishing the nature of learners’ sequential pat-
terns (López-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  (López-Pernas et  al., 
2023), or different roles taken during collaborative learning (Saqr & López-Pernas, 
2022). One common approach is to define learning actions based on interactions with 
LMS (López-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 (Jovanović 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 (Jovanović 
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 & López-Pernas, 2021b) or self-effi-
cacy beliefs (Heikkinen et al., 2024). López-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 (Järvelä & 
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 & López-Pernas, 2021a), schol-
ars have used assessment data (Bacci & Bertaccini, 2022; Lopez-Pernas & Saqr, 2021; 
Saqr et al., 2023a, 2023b, 2023c), video data (Törmänen et al., 2022, 2023), and electro-
dermal activity (Törmänen 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 (Törmänen 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 (Törmänen 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 Järvelä & 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 (Jovanović 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 López‐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 “I am persistent in getting help from the instructor through e-mail.” OSLQ (Barnard et al., 2009)

Criteria “I think about how I might improve my work by evaluating it 
against the marking criteria provided by the teacher.“

SRL-O (Broadbent et al., 2023)

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

Prethink “I think about what I really need to learn before I begin a task in 
this online course.“

SOL-Q (Jansen et al., 2017)

Schedule “I plan out my schedule each week, so I have the appropriate 
amount of time available for online study. “

SRL-O (Broadbent et al., 2023)

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

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

Strategies “I am aware of what strategies I use when I study for this online 
course.”

SOL-Q (Jansen et al., 2017)

Summary “I summarise my learning in online courses to examine my under-
standing of what I have learned.”

OSLQ (Barnard et al., 2009)

Undistracted “I choose a time with few distractions for studying for my online 
courses.” and
“I choose the location where I study to avoid too much distraction.”

OSLQ (Barnard et al., 2009)
OSLQ (Barnard et al., 2009)
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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. 

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 López-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 seqHMM 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 qgraph 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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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 

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
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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 = 83, 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 

Fig. 3  Characteristics of Low regulating improvers. On the top left is an index plot of the engagement states; 
in the middle are learning regulation states; and at the bottom are hidden states. On the right-hand side is 
the transition diagram

Fig. 4  Characteristics of Disengaged Low Regulators. On the top left is an index plot of the engagement 
states; in the middle are learning regulation states, and at the bottom are hidden states. On the right-hand 
side is the transition diagram
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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 

Fig. 5  Characteristics of High regulating improvers. On the top left is an index plot of the engagement 
states, in the middle learning regulation states and at the bottom hidden states. On the right-hand side is the 
transition diagram
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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; Järvelä 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 
Järvelä 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 & López-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 López-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 (Törmänen 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 (López-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 (Järvelä & 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 Järvelä 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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