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ABSTRACT 

Traditional “one-size-fits-all” education paradigm often produces generalized predictive 

models that overlook different learning environments, affecting academic success prediction. 

Precision education has emerged as a data-driven approach to personalized learning. Learning 

Management Systems (LMSs) offer rich behavioral data, but this data often lacks a theoretical 

basis. Self-regulated learning (SRL) theory provides a framework to address this, but it is 

usually measured through self-reports, which are biased and difficult to scale. Building on prior 

research that used clickstream data as an objective proxy for SRL's time management 

subscale, this study broadens the scope at NOVA Information Management School. It 

investigates whether Moodle LMS clickstream data can predict students’ SRL skills in three 

subscales (time management, effort regulation and peer learning) with course-specific 

models. Data were collected from two graduate courses (Course A and Course B) in the first 

semester of 2024/2025. SRL targets were extracted from the Motivated Strategies for 

Learning Questionnaire. Each dataset–target pair was processed through a pipeline with ten 

configurations and seven algorithms, combining feature selection, dimensionality reduction, 

and data augmentation techniques. The top three models were shortlisted, tuned, and the 

best model selected. For each SRL subscale, the most effective dataset was identified by 

comparing final models. Parametric models generally outperformed non-parametric ones. 

The best-performing models often showed moderate predictive performance, with models 

from Course B outperforming those from Course A in two of three subscales. Among the 

subscales, effort regulation achieved the lowest mean absolute error on the test (MAE = 0.73), 

followed by time management (MAE = 0.83). In contrast, peer learning was the most 

challenging subscale to predict (MAE = 1.23), likely due to its offline and social characteristics. 

Overall, feature–target relationships were weak, and most final models used only the 

minimum features, indicating limited signal. Additional limitations included sample imbalance, 

static feature design and reliance on subjective self-report measures. Still, this study offers an 

initial step toward SRL prediction through behavioral learning analytics. Future research 

should expand the dataset, adopt time-dependent features, and improve theoretical 

alignment to support more robust and interpretable SRL prediction in precision education. 
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1. INTRODUCTION 

1.1. CONTEXT  

The success of learning analytics models heavily relies on institutional design (Gašević et al., 

2016). However, the traditional “one-size-fits-all” paradigm often neglects this factor, 

resulting in predictive models that fail to perform effectively across diverse learning 

environments and course contexts. In response, precision education has emerged as a data-

informed method to personalized learning. As noted by Luan & Tsai (2021), it integrates 

several research purposes, including diagnosing and profiling individual learner differences, 

predicting academic performance, and designing timely and personalized prevention 

strategies.  

While learning analytics and machine learning (ML) models have been recognized as valuable 

tools for precision education research, the majority of work in this domain has focused on 

predicting academic performance (van Sluijs & Matzat, 2024). These studies frequently rely 

on Learning Management Systems (LMS), such as Moodle1, as they track diverse student 

activities and provide a wealth of digital behavioral data. Nevertheless, the full potential of 

LMS data remains underexplored due to a significant methodological gap: a lack of strong 

theoretical grounding to explain how digital behaviors relate to meaningful learning concepts. 

Few studies in learning analytics explicitly ground the selection of predictive variables based 

on theoretical reasoning (Conijn et al., 2017). However, some researchers used the theory of 

self-regulated learning (SRL), recognizing its potential for bridging this gap (Gašević et al., 

2016). 

SRL represents a key factor in precision education, as it helps profile students by recognizing 

their learning differences. Self-regulation involves cognitive, metacognitive, and motivational 

components that enable students to manage their learning (Pintrich & De Groot, 1990; 

Pintrich et al., 1993). Students who often regulate their learning tend to be consistently 

associated with improved academic performance (Zimmerman, 2000). Thus, identifying SRL 

profiles can help instructors deliver more targeted and effective pedagogical interventions, 

provide a well-established framework for interpreting individual learning processes, and 

support personalized interventions. 

Despite its importance, SRL is often assessed through self-report instruments (Schellings & 

Van Hout-Wolters, 2011), such as the Motivated Strategies for Learning Questionnaire (MSLQ) 

(Pintrich et al., 1991). These traditional tools raise concerns about their reliability and validity 

due to potential biases and the time required for administration (Schellings & Van Hout-

Wolters, 2011). 

 
1 https://moodle.org 
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LMS log data, also known as clickstream data, can be an alternative method for assessing 

students' SRL skills. It captures detailed, time-sensitive information about student 

interactions, allowing for large-scale and real-time analysis of learning behaviors. For example, 

clickstream data such as resource access timestamps, task submissions, and navigation 

patterns can be used to objectively measure SRL skills, including time management, goal 

setting, and effort regulation (Baker et al., 2020). Supporting this, recent research has shown 

that clickstream data can directly predict self-reported time management skills, highlighting 

their potential as proxies for traditionally subjective constructs (van Sluijs & Matzat, 2024). 

1.2. PURPOSE: OBJECTIVE AND RELEVANCE  

This study builds on the prior work of van Sluijs & Matzat (2024) by exploring the predictive 

capabilities of Moodle data from NOVA Information Management School (NOVA IMS) 

regarding students' SRL skills. Guiding this research is a key question, framed as follows: Is it 

possible to accurately predict students' SRL skills using NOVA IMS Moodle LMS clickstream 

data?  

To answer this question, the study explores two key dimensions: 

RQ1: How does predictive performance vary across different SRL subscales? 

RQ2: How can course context and student interaction patterns influence predictive 

performance across courses that share a similar structure? 

To address these questions, the following objectives were defined: 

1. Collect SRL skills scores of NOVA IMS students using the MSLQ. 

2. Identify which MSLQ subscales are most frequently targeted in SRL studies using 

clickstream data and evaluate their suitability based on the behavioral traces available 

in Moodle. 

3. Extract and preprocess Moodle clickstream data, focusing on behavioral features 

theoretically linked to SRL dimensions. 

4. Train ML regression models to assess the relationship between LMS clickstream data 

and SRL subscale scores. 

5. Evaluate model performance and feature importance, comparing results across SRL 

subscales and course contexts. 

The significance of this study lies in its ability to establish a connection between clickstream 

data and SRL skills at NOVA IMS, thereby providing an alternative approach to measuring 

theoretical SRL variables that overcomes the limitations of traditional self-report methods. 

This is particularly significant because it could benefit various research objectives within 
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precision education. For instance, it could create opportunities to improve the efficiency of 

performance prediction models by studying the impact of SRL on academic outcomes and 

integrating predicted SRL variables directly into LMS-based performance prediction 

frameworks. 

1.3. STUDY OUTLINE  

Following this introductory chapter, the remainder of the work is structured as follows: the 

next chapter provides a literature review, progressing from a broad overview to a focused 

discussion of relevant works that cover the relationship between LMS clickstream data and 

SRL. The third chapter details the methodology guiding the investigation to address the 

research questions. The fourth chapter presents the results obtained from applying the 

outlined methodology and highlights the key findings. The fifth and final chapter discusses the 

main limitations of the research and proposes future work directions. 
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2. LITERATURE REVIEW 

A summary of the methodology that guided the literature review is presented in Figure 2.1. 

The process followed three steps: (1) identification of research domains from the thesis title, 

(2) definition of guiding questions per domain, and (3) establishment of a systematic strategy 

for sourcing relevant literature.  

From the title, we identified three core domains and ordered them by scope (from the most 

general to the most directly related to the research objectives): Precision education, SRL and 

LMSs. For each domain, standard questions were formulated to clarify key concepts, 

summarize key findings and identify research gaps and recommendations for future work. The 

search process began with the inspirational study (van Sluijs & Matzat, 2024), expanded 

through its references and related works, and, when needed, was broadened using systematic 

reviews. 

Figure 2.1 – Literature review process schema 

As a result of the methodology employed, the literature review is organized into four main 

sections aligned with the identified research domains. It begins with the broader topic of 

precision education, emphasizing its focus on data-driven personalization and its reliance on 

learning analytics and ML to enhance learning outcomes. The second section concentrates on 

SRL, specifically on assessing SRL skills. It reviews traditional self-report tools, particularly the 

MSLQ, highlighting their limitations and the growing interest in more dynamic, data-driven 

alternatives. The third section examines the role of LMSs in monitoring student online 
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behavior, with particular attention to how clickstream data has been used to predict academic 

performance. It also identifies key research gaps, including weak theoretical foundations, data 

context dependence, and limited model portability. The final section narrows the focus to the 

aims of this study, connecting clickstream data with SRL. A literature review table of studies 

closely aligned with our research objectives is provided in Appendix A, Table A.1. The 

subsequent sections offer a detailed examination of each of these domains.  

2.1.  PRECISION EDUCATION 

Precision education is a modern approach that replaces the traditional "one-size-fits-all" 

paradigm with tailored learning experiences (Luan & Tsai, 2021). Inspired by precision 

medicine, it aims to improve learning outcomes by adapting to individual cognitive, behavioral 

and environmental differences through targeted evidence-based strategies (Hart, 2016). It is 

a technology-driven approach (Williamson, 2019) that uses learning analytics to collect data 

on student activities and applies ML models to predict academic performance (Luan & Tsai, 

2021).  

A systematic review (Luan & Tsai, 2021) revealed that most research in precision education 

using ML has been focusing on predicting academic performance. These studies primarily 

involved university students in online or blended courses in the areas of science, technology, 

engineering, and mathematics. The primary data sources included learning logs from massive 

open online courses, institutional records and surveys. Frequently used algorithms included 

regression, decision trees, support vector machines, and neural networks, with cross-

validation being the most frequently used method for model evaluation. A particular example 

was Azcona et al. (2019), who provided weekly predictions of assignment failure in 

programming courses by combining LMS behavioral logs and demographic data to deliver 

personalized feedback and improve academic outcomes. Similarly, Delen et al. (2020) 

addressed dropout prediction by applying Bayesian networks to model the causal 

relationships between various student features and the risk of dropout. 

While these studies offer valuable insights, they also expose significant gaps, such as the 

limited diversity of research across educational levels and disciplines, and a tendency to 

prioritize data-driven approaches over solid theoretical frameworks, often neglecting classic 

learning theories. Future research should address these gaps by exploring broader research 

contexts and combining pedagogical frameworks with advanced technologies (Luan & Tsai, 

2021).  

A suitable candidate for that is SRL theory (Gašević et al., 2016), which offers a well-

established framework for understanding individual learning differences, enhancing model 

interpretability, and enabling more effective theory-informed applications of learning 

analytics. Building on this, Baker et al. (2020) explored how LMS clickstream data could reveal 

SRL-related behaviors and discussed the methodological challenges involved. The following 
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section provides an in-depth exploration of SRL, focusing on its conceptual foundations and 

assessment. 

2.2.  SELF-REGULATED LEARNING SKILLS ASSESSMENT: SELF-REPORTED INSTRUMENTS 

SRL refers to the ability of students to manage their learning by employing cognitive, 

metacognitive and motivational strategies (Pintrich & De Groot, 1990; Pintrich et al., 1993). 

Since the late 1990s, various models and definitions have been discussed (Pintrich, 2000; P. H. 

Winne, 1996; Zimmerman, 2000). This study focuses on Pintrich's model (2000), which serves 

as the foundation for the MSLQ, a widely used self-report instrument to assess SRL skills 

(Broadbent & Poon, 2015) and the source from which the SRL scores used in this research 

were derived. 

According to Pintrich's model (2000, 2004), SRL is a cyclical process structured into four 

distinct phases: (1) forethought, planning and activation, which involves goal setting, task 

analysis and the activation of prior knowledge along with motivational beliefs; (2) monitoring, 

by self-tracking comprehension, effort, and motivation during learning; (3) control where 

learners select and adjust cognitive and metacognitive strategies; and (4) reaction and 

reflection that involve evaluating results, identifying reasons for success or failure, and 

adjusting strategies for the future. These phases operate across four domains: cognition, 

motivation, behavior and context. The purpose of SRL is to develop learners’ autonomy, 

helping them become more strategic, reflective and adaptable. Students who actively regulate 

their learning tend to be more motivated, better at managing their time, and more resilient 

when facing academic challenges, which is consistently associated with improved academic 

performance (Zimmerman, 2000). 

Self-reported instruments, such as questionnaires, are traditional methods in educational 

research used to assess students' perceptions, thoughts, and behaviors, offering valuable 

insights into SRL skills (Jo et al., 2016; Kaya et al., 2012; Li et al., 2020; J. Xu et al., 2013). In 

addition to the widely used MSLQ, other examples include the Self-Regulated Learning 

Interview Schedule (Zimmerman & Martinez-Pons, 1986) and the Online Self-Regulated 

Learning Questionnaire (Barnard et al., 2009). Their ease of administration and minimal 

disruption to learning contribute to their popularity (Schellings & Van Hout-Wolters, 2011). 

However, they are limited by inaccuracies in recall (Veenman, 2005), potential biases and 

incomplete representation of behaviors. Addressing these requires refining constructs, 

tailoring measurements and adopting multi-method approaches to enhance validity and 

reliability (Schellings & Van Hout-Wolters, 2011). 

The MSLQ (Pintrich et al., 1991) assesses college students' SRL skills within a specific course 

context. It comprises 81 items and 15 scales divided into two sections: motivation and learning 

strategies. The motivation section assesses students’ reasons for learning and perceptions of 

their ability to succeed, including goal orientation (intrinsic/extrinsic), task value, self-efficacy, 
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and test anxiety. The learning strategies section evaluates cognitive and metacognitive 

strategies (e.g., rehearsal, elaboration, organization, critical thinking, and self-regulation) and 

resource management skills (e.g., time management, effort regulation, peer learning, and 

help-seeking). Its modular design allows scales to be used independently or together. Items 

are scored on a 7-point Likert scale (Likert, 1932), where higher scores (e.g., 4–7) indicate 

greater motivation or strategy use. For negatively worded items, scores are reversed during 

analysis to align with the positive scales (e.g., a score of 2 is recalculated as 6 by subtracting 2 

from 8). Each scale’s score is calculated as the average of its item scores and compared to a 

reference group, such as the class. Scores in the top 25% indicate higher motivation or strategy 

use, the middle 50% suggest similarity to peers, and the bottom 25% reflect lower levels. 

Generally, scoring below 3 on more than six scales suggests that seeking support is needed. 

A following study (Pintrich et al., 1993) confirmed the reliability of the MSLQ in consistently 

measuring motivation and learning strategies. It also demonstrated strong predictive validity, 

with scales such as self-efficacy showing significant correlations with academic success 

indicators, including GPA. Additionally, the MSLQ proved to be generalizable, performing 

consistently across diverse student samples.  

As a self-reported instrument, the MSLQ has notable limitations (Schellings & Van Hout-

Wolters, 2011). A meta-analytic review (Credé & Phillips, 2011) highlighted its reliability but 

pointed to moderate predictive validity for academic performance. Although some subscales 

exhibited moderate to strong correlations with grades, such as self-efficacy, effort regulation, 

and time and study environment, most showed weaker correlations, including help-seeking 

and peer learning. Additionally, unvalidated context-specific assumptions and redundancy 

between constructs, such as time and study environment regulation with effort regulation, 

underscore the need for improvement. 

While improving the MSLQ remains an open issue, this study focuses on exploring LMS 

clickstream data as an alternative for assessing SRL behaviors. Recent evidence suggests that 

clickstream data can offer a more accurate and dynamic understanding of self-regulated 

learning and its impact on student performance (Li et al., 2020). 

2.3. LEARNING MANAGEMENT SYSTEMS 

The integration of information and communication technologies into higher education has 

transformed the traditional education model, redesigning face-to-face courses into blended 

or entirely online formats (Hoic-Bozic et al., 2009). This change has led to the adoption of LMSs 

to support these new learning models (Conijn et al., 2017). 

LMSs, also known as Managed Learning Environments or Integrated Learning Systems, are e-

learning platforms designed to manage, deliver and evaluate educational programs. They 

provide a digital space to share course materials, facilitate communication through forums, 
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track progress via quizzes and assignments, and offer feedback to students and educators 

(Holmes & Gardner, 2006). Besides Moodle, well-known examples include Blackboard2 and 

Canvas3. 

Beyond administrative functions, LMS clickstream data are powerful tools for revealing 

patterns of student motivation and learning activities (Baker et al., 2020). However, while this 

data is automatically recorded, simplifying the data collection process, it remains raw. 

Therefore, it is often disconnected from established theoretical frameworks, resulting in 

mixed results across contexts (Conijn et al., 2017). This emphasizes the importance of theory-

grounded features to support the development of learning analytics (van Sluijs & Matzat, 

2024). 

According to Baker et al. (2020), there are two primary data analysis strategies for extracting 

insights from clickstream data: aggregate non-temporal analysis and time-dependent analysis. 

The first approach aggregates clickstream data over time for each student, summarizing their 

counts of different activity types into a static multivariate representation of the course (e.g., 

total clicks on a lecture video). It is suitable for statistical methods like regression or clustering, 

but it loses temporal details about behavior. The second retains time-dependent information, 

allowing for the detection of patterns over time (e.g., daily click count), but is often more 

complex to analyze.  

2.3.1. Clickstream data: predicting academic performance 

The focus of research in learning analytics has been the use of clickstream data to predict 

academic performance (Conijn et al., 2017; van Sluijs & Matzat, 2024). Initial studies started 

to show its effectiveness in specific course contexts. For instance, Calvo-Flores et al. (2006) 

achieved 80.2% accuracy in predicting pass/fail outcomes using artificial neural networks, and 

Macfadyen and Dawson (2010) identified 80.9% of at-risk students with an overall accuracy of 

73.7% using logistic regression.  

Additionally, research has also explored models trained on data from multiple courses. Studies 

by Conijn et al. (2017) and Gašević et al. (2016) evaluated the effectiveness of these models, 

concluding that they often perform worse than models tailored to individual courses, which 

highlights the inconsistency of findings and the portability issues. This underperformance is 

attributed to the variability in the predictive power of key metrics, including logins, time spent 

online, and discussion posts. These metrics can be highly context-dependent, influenced by 

differences in LMS platforms, course formats (e.g., blended vs. online) and the characteristics 

of study populations (Conijn et al., 2017; Gašević et al., 2016; van Sluijs & Matzat, 2024).  

 
2 https://www.anthology.com/products/teaching-and-learning/learning-effectiveness/blackboard 
3 https://www.instructure.com/canvas 
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Despite these advancements, significant challenges remain in using clickstream data for 

predictive purposes, including the tendency to make late predictions in courses, which 

reduces the effectiveness of early interventions, and methodological inconsistencies, such as 

variations in calculating time-on-task, which compromise the reliability of the findings (Conijn 

et al., 2017). Additionally, the majority of research focuses on identifying at-risk students, with 

limited exploration of high-achieving learners or institution-wide applications (Riestra-

González et al., 2021; Santos & Henriques, 2023b).  

A significant limitation is the lack of strong theoretical frameworks to understand behavioral 

indicators of learning (Conijn et al., 2017), which compromises the reliability of such metrics 

across diverse contexts. While SRL theory has shown promise in addressing this issue (Gašević 

et al., 2016), it is also important to acknowledge the limitations associated with traditional 

self-reported instruments used to assess SRL (Schellings & Van Hout-Wolters, 2011). In 

response, recent research has begun to investigate clickstream data as a more dynamic and 

objective means of assessing SRL skills (Li et al., 2020). The following section builds on this 

emerging perspective by reviewing studies that integrate SRL theory with behavioral data, 

thereby laying the groundwork for the present study. 

2.3.2. Clickstream data: self-regulated learning skills 

Using learning analytics to assess students' digital footprints within LMSs often provides a 

more objective and accurate approach to measure SRL skills than self-reported methods 

(Baker et al., 2020). Accurate measurement of SRL skills is crucial, as subskills such as time 

management, effort regulation, metacognition and critical thinking are consistently linked to 

improved performance in online courses (Broadbent & Poon, 2015). Particularly, time 

management stands out as a predictor of academic performance (Baker et al., 2018; Cicchinelli 

et al., 2018; Credé & Phillips, 2011). Additionally, since LMS features are not explicitly designed 

to measure SRL skills, and time management is the subskill most aligned with observable 

behaviors in these systems, most research using LMS clickstream data has focused on it (Baker 

et al., 2020). 

Research on time management has employed two main approaches: questionnaire-based 

methods (Kaya et al., 2012; J. Xu et al., 2013) and data-driven methods using learning analytics. 

The latter approach involved studying three types of behaviors: studying on time, studying in 

advance and spacing (Li et al., 2020). Studying on time refers to reviewing course materials or 

completing assignments before deadlines, for instance, by tracking how often students in 

blended courses access resources related to face-to-face meetings before those meetings 

occur (Cicchinelli et al., 2018). Studying in advance involves starting tasks rather than waiting 

until deadlines approach (Baker et al., 2018), which is measured by analyzing how far in 

advance students begin or submit assignments in fully online courses (Crossley et al., 2016). 

Spacing refers to spreading study time over an extended period, rather than concentrating 
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work into short periods. This is often measured by analyzing how work sessions are distributed 

throughout the week (Baker et al., 2018).  

Relevant contributions to the field included the study of Ahmad Uzir et al. (2020), which 

analyzed session data and the number of actions within a session in a flipped classroom 

context, identifying distinct time management strategies such as preparing, working ahead, 

revisiting, and catching up. However, their findings were limited to highly structured courses. 

Additionally, Li et al. (2020) used clickstream data to analyze students' access to materials (in 

advance vs. on time) and regular engagement, finding moderate correlations between these 

metrics and self-reported skills after a course, but not before. They also highlighted that 

clickstream data is a better predictor of course performance than surveys. Finally, Jo et al. 

(2016) further explored the relationship between clickstream behaviors (e.g., total login time, 

login regularity, and frequency) and self-reported time management scores, showing these 

behaviors mediated the relationship between self-reported scores and academic 

performance, but did not directly predict time management skills, suggesting the need for 

further investigation into this complex relationship. 

Building on prior research, Van Sluijs and Matzat (2024) proposed a study that used LMS 

clickstream data to directly predict students' time management skills, moving beyond the 

investigation of correlations and mediation. Their study addressed the possibility of predicting 

time management skills in blended courses without a specific predefined structure. Moreover, 

they also combined learning analytics with MSLQ data to validate predictions. The results 

showed that features such as mean session time, session interval, login irregularity, number 

of files accessed, and average daily start time predicted time management in more than one 

course. These features are less tied to specific schedules, indicating their potential in less 

structured learning contexts. However, the effectiveness of linear and multilevel regression 

models varied, accounting for 14% to 71% of the variance in skills across five courses. This 

inconsistency underscores the limited reliability and transferability of these models, 

influenced by differences in instructional design and content. Although clickstream data 

accurately reflects online behaviors, its failure to capture offline activities and cognitive 

processes highlights the need for additional data sources to gain a fuller understanding of SRL 

strategies. 

Additional challenges were outlined in a systematic review by Alhazbi et al. (2024) regarding 

indicators and metrics for measuring SRL in higher education. The findings indicated that most 

studies focused on indicators of time management skills, such as engagement, regularity, and 

anti-procrastination, which often fail to capture the full complexity of SRL. For instance, 

engagement metrics such as total logins may reflect cramming before exams, rather than 

consistent study habits, which indicates poor time management (Asarta & Schmidt, 2013). 

Therefore, further research should explore diverse types of engagement and develop more 

accurate indicators of SRL. Moreover, regularity has been measured using various statistical 
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methods, including averages, variance, standard deviation, and entropy. However, these 

methods come with limitations. For example, averages can be misleading, masking access 

patterns, while smaller entropy values suggest steadier engagement but fail to account for 

adaptive behaviors, a critical aspect of SRL.  

Alhazbi et al. (2024) also concluded that few studies have examined help-seeking behaviors, 

usually relying on discussion forum data, which often have low engagement and are affected 

by student-instructor relationships, course content, and delivery mode. Additionally, most 

research depends on data from single LMS courses, limiting the capture of SRL's context-

sensitive nature. To address this, future research should analyze student behavior across all 

enrolled courses. Finally, many existing indicators lack validation against established 

theoretical models, raising concerns about their relevance. Combining clickstream data with 

self-reports, such as the MSLQ (van Sluijs & Matzat, 2024), has improved validity, but 

challenges persist as these methods measure different aspects of SRL. While self-reports 

capture SRL as a stable trait, clickstream data reflect dynamic, context-specific behaviors (Fan 

et al., 2022, as cited by Alhazbi et al., 2024). Thus, future research should track behaviors 

across multiple subjects and semesters, helping to understand how learning adapts over time, 

beyond what self-reports alone can reveal (Alhazbi et al., 2024). 

A relevant future recommendation is promoting collaboration between researchers and 

educators to develop robust and practical metrics that are theoretically based (Alhazbi et al., 

2024). Supporting this, Cristea et al. (2024) developed an unobtrusive, scalable, and portable 

approach to assess SRL behaviors in online learning environments, using only LMS data. 

Grounded in the COPES model of SRL (Conditions, Operations, Products, Evaluations, and 

Standards; P. Winne & Hadwin, 1998), they designed multidimensional behavioral indicators 

corresponding to key SRL phases: task definition, goal-setting, enactment, and adaptation. 

These phases reflect how learners interpret tasks, set goals, engage with content, and adjust 

their strategies in response to feedback. Their findings demonstrated that these clickstream-

based measures outperformed traditional self-reported surveys in predicting academic 

performance, particularly for phases like enactment and adaptation.  

However, the study highlighted challenges in effectively capturing reflective phases such as 

goal-setting and task definition due to offline and cognitive processes that are not observable 

in LMS data. Furthermore, the researchers found a lack of correlation between the 

clickstream-based scales and the MSLQ-SRL subscale, indicating that these two approaches 

may measure distinct dimensions of SRL. These findings highlight the difficulty of fully 

assessing all SRL phases using clickstream data alone, emphasizing the need for further 

research to improve the scales and combine multiple data sources for a more complete 

understanding. 

Why investigate whether LMS data can be used as an alternative instrument to assess SRL 

behaviors, initially measured by MSLQ, when innovative and unobtrusive methods like Cristea 
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et al. (2024) already use LMS data directly and demonstrate scalability and portability? While 

their study highlights the effectiveness and portability of clickstream-based metrics for 

general SRL assessment, our research targets specific SRL skills critical for tailored 

interventions. Therefore, our work complements their broader approach, providing 

actionable insights into how students regulate their learning processes and bridging the gap 

between theoretical assessments and practical applications to advance precision education 

through actionable insights. 
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3. METHODOLOGY 

This chapter outlines the methodology employed in this study, designed to address the 

research questions and objectives. Our approach was structured into four sequential phases: 

population definition, data collection, data preparation, and ML pipeline. A schematic 

representation of our experimental approach is in Figure 3.1. 

Figure 3.1 – Overview of the experimental approach adopted 

In the first phase, two graduate-level courses at NOVA IMS were selected for their similar 

structure, particularly their consistent use of the LMS to support in-class activities. This 

ensured the availability of LMS logs for extracting clickstream data and allowed a focused 

comparison of how course-specific factors might influence predictive performance. While 

structurally similar, the courses differ in content, class frequency, and their emphasis on 

individual versus group work, which could influence LMS interaction patterns and potentially 

impact the prediction accuracy. 

During the second phase, data collection, we addressed research objective 1 by administering 

the MSLQ. Additionally, we began working on objective 3 by using Moodle LMS to extract the 

logs. Aligning these two data sources defined the study sample, with the MSLQ subscale scores 

serving as target candidates and the LMS logs as potential features for modelling. 

The third phase, data preparation, focused on achieving objectives 2 and 3. It involved defining 

the target variables and features, and initially exploring and cleaning the data prior to 

modelling. Target selection was based on prior literature, course context and data quality tests 

(Shapiro & Wilk, 1965; Wilcoxon, 1945), leading to the choice of three SRL subscales: time 
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management, effort regulation, and peer learning. The features were extracted from 

clickstream data, utilizing a complexity-based feature framework (Santos & Henriques, 2023a) 

and session definitions adapted from prior research (Conijn et al., 2017; Zacharis, 2015).  

The final phase aimed to address research objectives 4 and 5 by developing a structured ML 

pipeline designed to train predictive models and generate results that directly answer our 

research questions. Each SRL subscale was treated as an independent regression task and 

modelled separately for each course dataset. The pipeline tested seven algorithms across ten 

configurations, incorporating data augmentation, dimensionality reduction, and 

hyperparameter tuning. Model performance was evaluated through cross-validation using 

both mean absolute error (MAE) and root mean square error (RMSE). To identify the best-

performing models for each subscale and course, three predefined selection criteria were 

applied, enabling comparative analysis across SRL subscales (RQ1) and course contexts (RQ2). 

Before proceeding to the subsequent sections, which provide a detailed description of each 

phase, it is essential to outline two methodological considerations. First, all data manipulation 

and analysis were performed using Python (McKinney, 2018) and Scikit-learn (Pedregosa et 

al., 2011) unless stated otherwise. Second, all student data were anonymized in compliance 

with the General Data Protection Regulation (GDPR) and the institution’s ethical guidelines. 

This project received approval from the university’s Ethics Committee and Institutional Review 

Board under the reference code DSCI2024-11-185925 (Appendix B). 

3.1. POPULATION DEFINITION 

The student sample considered in this study corresponded to two courses from different 

graduate-level programs at NOVA IMS during the fall quarter of the 2024/2025 academic year. 

Data Mining I, from the Master’s Degree program in Information Management (hereafter 

referred to as Course A), and Machine Learning, from the Master’s Degree program in Data 

Science and Advanced Analytics (corresponding to Course B). 

These courses were mainly selected because they included Team-Based Learning (TBL) 

sessions as an evaluation element. The purpose of these sessions was to evaluate students’ 

preparation for lectures and promote collaborative learning. Before each session, students 

had access to preparatory materials on the Moodle platform. During the session, students first 

completed an individual quiz (I) and then repeated it as a team (T), with the final score being 

a weighted average of both. All these activities took place in class and were tracked through 

Moodle, producing structured, time-stamped data useful for examining students’ online 

behavior. 

Additionally, the courses shared several structural features that facilitated meaningful cross-

course comparisons. They employed a blended delivery mode, shared teaching staff, and the 

program lasted 14 weeks, consistently utilizing Moodle for materials and forums.  
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Despite this, the courses differ in the total number of students enrolled, with 70 in Course A 

and 225 in Course B, and in content, with Course A focused on unsupervised learning and 

Course B on supervised learning. Additional differences include class frequency, with Course 

A meeting once a week and alternating between lectures and practical labs, while Course B 

has two sessions each week, one lecture and one lab. Finally, they differ in their emphasis on 

individual versus group work, as evident in their evaluation schemes, shown in Table 3.1. 

Course A has six TBL sessions, worth 20% of the grade, while Course B distributes this across 

five TBL sessions and five practical quizzes (PQs) conducted during lab sessions on Moodle to 

assess individual problem-solving skills. 

Table 3.1 – Course evaluation structure as proposed in the course syllabus 

Evaluation 
Element 

Description Course A Course B 

Team-
Based 

Learning 
(TBL) 

Multiple-choice quiz to 
assess students’ preparation 
for the theoretical class. 
Initially taken individually 
(I), followed by a team 
repetition (T). Final score for 
each TBL is calculated as 
50% I + 50% T. The total TBL 
grade is the sum across all 
sessions. 

20% 
Distributed across 6 
(Each:1.67%I+1.67%) 

 

10% 
Distributed across 5  

(Each:1.00%I+ 
1.00%T) 

Handout 
(H) 

Group assignment involving 
practical exercises. 

10% 10% 

Practical 
Quiz 
(PQ) 

Individual quiz to test 
students' coding or 
problem-solving skills. 

- 
10% 

 
Distributed over 5 

Final 
Project 

(FP) 
Course group project. 30% 30% 

Exam (E) 
Individual formal 
assessment covering the 
entire course syllabus.  

40% 40% 

Final Grade 
1st Attempt 

 0.2*TBL 
+0.1*H+0.3*P+0.4*E 

0.1*TBL+0.1*H 
+0.3*P+0.4*E 

3.2.  DATA COLLECTION  

In this study, two data sources were considered: the MSLQ and Moodle log data. The number 

of valid questionnaire responses determined the sample size and the amount of Moodle logs 

under analysis. The questionnaire data was used to extract the target variable, while the 

clickstream data was employed to define the features of our models. 
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First, we administered the full version of the MSLQ (Pintrich et al., 1991) using 7-point Likert 

scale items. Data collection was conducted in person during theoretical classes in the 12th 

week out of 14. A total of 174 valid responses were received from a target population of 295 

enrolled students, resulting in a response rate of approximately 59%. This timing, near the end 

of the lectures and course completion, was chosen to minimize the gap between students’ 

perceptions and their actual learning experiences. The underlying hypothesis was that self-

reported methods assess SRL perceptions, while Moodle logs provide evidence of SRL 

behavior. Therefore, to approximate these metrics, we assumed that by the end of the course, 

students have a clearer perception of their actual learning skills and their impact on learning 

outcomes. As a further step to investigate this assumption and evaluate the quality of the 

responses collected, we also administered a pre-course MSLQ, following a similar approach to 

that of Li et al. (2020). Although this questionnaire achieved a 95% response rate, only 

students who participated in both questionnaires were included in the comparative analysis. 

After the course concluded, we extracted the Moodle logs for the defined population and 

applied filtering to ensure relevance. Following an approach similar to van Sluijs & Matzat 

(2024), we included logs from one week before the courses started up to the day before the 

first exam of the first examination period, including class weeks, breaks, and holidays. 

3.3.  DATA PREPARATION 

3.3.1. Target definition 

After collecting the MSLQ responses, general preprocessing was performed to obtain only the 

response items and then allocate them into predefined subscales. The selection of the target 

SRL subscales was guided by three main criteria: relevance of the study, prior literature and 

course characteristics. 

First, we considered the established link between SRL skills and academic performance 

(Zimmerman, 2000), which supports the relevance of our study. Based on this, the focus was 

on subscales identified in the literature as being correlated with academic performance, such 

as effort regulation, self-efficacy, time and study environment management, and 

metacognitive strategies (Broadbent & Poon, 2015; Credé & Phillips, 2011). Then we narrowed 

the selection, prioritizing subscales that were widely referenced in the literature or considered 

accessible for LMS-based assessment, ending up with time management and effort regulation 

(Ahmad Uzir et al., 2020; Baker et al., 2020; Jo et al., 2016; Li et al., 2020; van Sluijs & Matzat, 

2024). Finally, as an experimental addition, we also included the peer learning subscale, 

considering the structure of the courses under analysis. Both had multiple TBL recorded on 

the Moodle platform as described in Table 3.1.  

Thus, three SRL subscales were selected as the target in this study: peer learning, time 

management, and effort regulation. The questionnaire items corresponding to each subscale 
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are presented in Appendix C (Tables C.1, C.2, and C.3). The final target computation involved 

additional data cleaning procedures to exclude unauthorized, duplicate, or suspiciously fast 

responses. This resulted in a final dataset of 172 valid entries, approximately 58% of the 

enrolled student population. For each selected subscale, a mean score was calculated by 

averaging responses to the relevant items, with proper adjustments for reverse items. These 

mean subscale scores served as the three continuous target variables in the modelling phase. 

3.3.1.1. Quality test 

Before proceeding, we decided to test the quality of the responses of the computed targets. 

We began by analyzing the data distribution to determine the most appropriate statistical 

methods, using Shapiro’s test (Shapiro & Wilk, 1965) to check for normality. The results 

indicated that none of the targets were normally distributed.  

Additionally, we explored how students’ self-perceptions evolved over the course. Therefore, 

we applied the same preprocessing steps to the pre-course MSLQ data and then used the non-

parametric Wilcoxon signed-rank test (Wilcoxon, 1945) to compare paired pre-course and 

post-course responses from students who completed both assessments (N = 159). Test results 

are summarized in Table D.1 of Appendix D. Since all p-values were below 0.05, the results 

suggest that students' perceptions of their SRL skills changed significantly from the beginning 

to the end of the course. To infer in what way they changed, we also compared mean scores. 

The results presented in Table D.2 of Appendix D indicate a decline in self-reported SRL skills 

across all three subscales: time management (Δ = –0.75), effort regulation (Δ = –0.56), and 

peer learning (Δ = –0.27). These findings support our hypothesis that self-report instruments 

accurately reflect students’ perceptions of their SRL skills, which can evolve over time. By the 

course's end, we expected students to have a better understanding of their learning behaviors 

and their connection to academic outcomes. The drop in self-reported scores likely reflects a 

shift from initial overconfidence to more realistic self-assessments based on experience. 

Finally, to assess the internal consistency of each subscale, we computed Cronbach’s alpha 

(Cronbach, 1951) for the post-course responses. Peer learning showed the highest reliability 

coefficient (0.72), followed by time management (0.64) and effort regulation (0.57). These 

values suggested a moderately acceptable reliability for most scales, though the effort 

regulation subscale (α = 0.57) falls below the commonly accepted threshold of 0.60–0.70, 

indicating lower internal consistency in this case. We decided to keep it since it is close to the 

lower bound of the considered threshold. 

3.3.2.  Feature engineering  

After obtaining valid questionnaire responses, we filtered the Moodle logs to include only 

students who had responded to the final MSLQ and defined the time frame of interest. The 
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resulting sample included 346,395 interaction logs, involving 161 students (32 from Course A 

and 129 from Course B). 

Before the feature extraction, we decided to gain deeper insights into engagement on 

Moodle. Therefore, we analyzed the average student’s interactions on the Moodle LMS 

weekly (Figure 3.2) and daily (Figure 3.3) for each course. 

Figure 3.2 – Average weekly Moodle LMS interactions per student across courses 

Figure 3.3 – Average daily Moodle LMS interactions per student across courses 

The figures highlighted the importance of investigating how course context and student 

interaction patterns influence predictive performance. While they reinforced the information 

in Table 3.1 and the course schedules, indicating that the courses were overall similarly 

structured, they also revealed the need to treat the courses separately due to distinct Moodle 

usage patterns. Both courses showed significant peaks in interaction around key LMS 
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activities, such as TBL sessions and practical classes. Engagement decreased during breaks and 

holidays but increased before exams, although not as much as during the semester, suggesting 

a shift toward offline study. However, Course A sustained higher engagement, peaking at 346 

clicks per student per week in Week 3, whereas Course B was more variable, reaching its 

highest interaction in Week 7, with 221 clicks per student per week. Overall, Course B showed 

lower engagement in Moodle LMS than Course A, with more pronounced drops during breaks. 

Continuing our analysis of the interactions, we examined the log table in detail and identified 

specific entries for key activities such as assignments, quizzes, and TBLs. Comparing these with 

the evaluation schema (Table 3.1) and course schedules, we noted that Course B had 4 TBLs 

and 4 quizzes instead of the proposed 5. 

To convert Moodle logs into predictive features, we began by collecting variables used in prior 

studies aligned with our research objectives, as mentioned in the literature review section 

(Calvo-Flores et al., 2006; Conijn et al., 2017; Cristea et al., 2024; Gašević et al., 2016; Jo et al., 

2016; Li et al., 2020; Macfadyen & Dawson, 2010; Santos & Henriques, 2023a, 2023b; van 

Sluijs & Matzat, 2024; Zacharis, 2015). Then, we filtered the features that were more suitable 

for our study context by using the same or a comparable proxy.  

Furthermore, to support feature engineering, we categorized the features based on their 

complexity, following the methodology proposed by Santos & Henriques (2023a), which 

classifies features into three perspectives: raw activity, representing the number of times a 

student performs a specific action on the LMS; time-on-task, capturing the time spent on the 

LMS; and frequency, measuring how often and when students access the LMS.  

Finally, to session-based features, we needed a definition of an online session in LMS. 

Therefore, we adopted the definition proposed by Conijn et al. (2017), inspired by Zacharis 

(2015), where a session begins with the first click after login and ends with the last click before 

logout or after 40 minutes of inactivity. It requires at least two clicks, and their time difference 

measures the duration. After identifying periods of interaction without logging, we adapted 

the definition to consider a session as a continuous period of activity, where interactions are 

grouped based on a threshold of inactivity, set to 40 minutes. 

3.3.3.  Initial data cleaning 

From the feature engineering strategy, 51 feature candidates were extracted, highlighting the 

need for initial data cleaning to ensure the quality and relevance of our data before modelling. 

It involved two phases, each with two steps: exploratory data analysis (EDA) (where the 

number of features remained unchanged) and preprocessing (where the features were 

modified, leading to a change in their number). 

In the first phase, steps were taken for each category of features (raw, time-on-task, and 

frequency) across courses. From the EDA steps, we highlight the study of correlations using 
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the Spearman (Spearman, 1904) and Pearson (Pearson, 1895) methods. It directly impacted 

the preprocessing by eliminating redundant, constant, or irrelevant features and converting 

features into a binary format to enhance their interpretability. At this stage, only perfect 

correlation scores were considered redundant, with the removal criteria favoring weekly 

activity features over absolute counts, as the course is structured weekly. Additionally, 

percentage-based features were prioritized over absolute values to ensure better 

comparability across students by normalizing against course-wide totals. 

As a result of the first phase of preprocessing, two course-specific datasets were extracted: 

Course A (CS-A), containing 32 students and 32 features, and Course B (CS-B), with 129 

students and 33 features. Each row corresponds to a student who completed the 

questionnaire and provided a valid response for analysis, while each column represents a 

candidate behavioral feature. 

In the second phase, the EDA was conducted using the previously defined datasets. This 

analysis involved a deeper exploration of the relationships between features and between 

features and targets. For the feature-target analysis, we further investigate the high 

correlation using a threshold score of 0.8. For the feature-feature analysis, we evaluated 

multicollinearity using the variance inflation factor (VIF)(Kutner et al., 2005) (following the 

implementation4). During preprocessing, variables with a correlation coefficient of 0.9 or 

higher were identified as candidates for removal due to high collinearity. The removal criteria 

were based on the last phase preprocessing criteria combined with feature correlation with 

targets (preferring higher correlations), its correlation with other features (preferring lower 

correlations), and its VIF score (aiming for the lowest possible value). Ultimately, the number 

of features in each dataset was updated to 28 for CS-A and 27 for CS-B.  

Tables 3.2, 3.3 and 3.4 list all features retained across datasets, grouped by unit for each of 

the three predefined categories. All listed features are included across datasets (CS-A and CS-

B), unless marked otherwise: (*) indicates exclusion from CS-A, and (**) from CS-B.  

 

 

 

 

 

 

 
4https://www.statsmodels.org/dev/generated/statsmodels.stats.outliers_influence.variance_inflation_f

actor.html 

https://www.statsmodels.org/dev/generated/statsmodels.stats.outliers_influence.variance_inflation_factor.html
https://www.statsmodels.org/dev/generated/statsmodels.stats.outliers_influence.variance_inflation_factor.html
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Table 3.2 – Raw activity feature set across datasets  

Unit (short-term) Feature Name 

Binary 

File download 

Forum discussion post read 

TBL completed 

PQ completed* 

Number (n) 

Assignments viewed 

TBL 

TBL resources clicks 

TBL out of the schedule 

URLs viewed 

Number as a percentage of the course 
mean (% of the course mean) 

Announcements read 

Forum discussion posts read 

Resources view 

Number as a percentage of the course total 
(% of the total course) 

Course clicks 

Submissions 

Number per week (n/week) 

Course clicks 

Folder clicks** 

Features excluded from: *CS-A, ** CS-B  

Table 3.3 – Time-on-task feature set across datasets  

Unit (short-term) Feature Name 

Hours (h) 
Handout submission delay 

Project submission delay 

Minutes (min) 

Average duration of online sessions 

Time spent online before the course start 

Total time online 

Minutes per week (min/week) Variation of online session duration 

Number per online session (n/session) Course clicks 

 

 



22 
 

 

Table 3.4 Frequency feature set across datasets  

Unit (short-term) Feature Name 

Days (d) Largest inactivity period 

Hours (h) Average spacing between online sessions 

Hours per week (h/week) Variation of spacing irregularity  

Minutes (min) Online Session duration irregularity 

Minutes per week (min/week) 
Variation of online session duration 

irregularity  

Number as a percentage of course duration 
in days (% of total course days) 

Days with no interaction ** 

Features excluded from: *CS-A, ** CS-B  

Overall, raw activity features (Table 3.2) captured absolute counts for each student's 

interactions (e.g., URLs viewed), weekly-normalized counts aligned with the course structure 

(e.g., folder clicks per week), percentage metrics relative to course-wide means or totals (e.g., 

forum discussion posts read as a percentage of the course mean) and binary indicators (e.g., 

whether a student read at least one forum post). Additionally, time-on-task features (Table 

3.3) included session-related features: timing (e.g., time spent online before the course start), 

duration (e.g., average duration of online sessions) and variation in duration (e.g., variation in 

online session duration). Finally, frequency features (Table 3.4) reflected inactivity levels (e.g., 

days with no interaction as a proportion of the total course duration in days), session spacing 

behaviors (e.g., average spacing between online sessions) and variation in irregularity (e.g., 

variation in online session duration irregularity). Tables E.1, E.2 and E.3 in Appendix E provide 

a detailed description of each feature for a particular category.  

3.4.  ML PIPELINE 

This section presents the final phase of the methodology, in which we designed a structured 

ML pipeline to model each of the three SRL subscales (peer learning, time management, and 

effort regulation) across two course-specific datasets (CS-A and CS-B). Each subscale was 

treated as a separate regression task, and the pipeline was applied independently to each 

dataset–target pair. We tested seven algorithms with ten configurations involving data 

preprocessing, dimensionality reduction and oversampling. 

Model selection followed a three-stage process: (1) selection of the top three models per 

dataset–target pair, (2) identification of the best model for each pair, and (3) selection of the 

final model per SRL subscale. Between (1) and (2), we also tested the impact of 

hyperparameter tuning, comparing the tuned and untuned versions of the top 3 models. 

Tuned models were retained only if they improved or maintained overall test performance 
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(defined as the sum of selected metrics, MAE and RMSE) without exceeding a fixed 0.1 train–

test gap.  

3.4.1. Configurations 

Table 3.5 lists the ten configurations used. All strategies build upon a baseline with skewness 

correction, using Yeo-Johnson transformation (Yeo & Johnson, 2000) for features with 

skewness above 0.5 and feature standardization.  

Table 3.5 Configurations 

Strategy  Configuration  Description  

Baseline B Feature scaling and skewness correction 

Feature 
Selection 

FS Feature selection only 

FS+RO Feature selection with random oversampling  

FS+CO Feature selection with CTGAN oversampling  

PCA  

PCA PCA only 

PCA+RO PCA with random oversampling  

PCA+CO PCA with CTGAN oversampling  

KPCA 

KPCA KPCA only  

KPCA+RO KPCA with random oversampling  

KPCA+CO KPCA with CTGAN oversampling  

Due to the high feature-to-observation ratio, particularly in the CS-A dataset, feature selection 

and dimensionality reduction methods were selected to mitigate the curse of dimensionality 

(Bellman, 1961). Thus, we employed Principal Component Analysis (PCA)(Pearson, 1901) as a 

linear technique and Kernel Principal Component Analysis (KPCA) (Schölkopf et al., 1998) as 

its non-linear counterpart. Additionally, to address data imbalance, two oversampling 

strategies were included: random oversampling and Conditional Tabular Generative 

Adversarial Network (CTGAN) (L. Xu et al., 2019) (following the implementation5). These 

methods were selected due to their complementary effectiveness: random oversampling 

balances the dataset by replicating existing minority class samples, while CTGAN generates 

synthetic samples by learning the underlying data distribution, thus potentially producing 

more diverse and realistic examples. Each of these steps is described in detail in the 

subsections below. 

 
5 https://docs.sdv.dev/sdv/single-table-data/modeling/synthesizers/ctgansynthesizer 
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3.4.1.1. Feature selection 

For all configurations except the baseline and those with dimensionality reduction (PCA or 

KPCA) a robust feature selection strategy was adopted, combining five methods within a 

voting-based framework. Features selected by at least three methods were retained. 

Thresholds and constraints were empirically defined, with warnings triggered when all 

features were selected, enabling dynamic adjustments to preserve selectivity and robustness.  

The selected techniques grounded in prior literature were: Recursive Feature Elimination 

(RFE) (Guyon et al., 2002) (with a Decision Tree regressor, DT), feature importance from a 

Random Forest (RF) (Breiman, 2001), Mutual Information (MI) scores (Vergara & Estévez, 

2014), and coefficient-based selection from Lasso (Tibshirani, 1996) and Ridge (Hoerl & 

Kennard, 2000) regressions. Table 3.6 summarizes these methods along with the empirical 

parameter choices used in this study. 

Table 3.6 Feature selection methods 

Configuration  Selection criterion  

RFE Retain 3 to 80% features, optimized by the lowest RMSE 

RF Feature importance > 1 / total number of features 

MI MI score > 80th percentile 

Lasso Retain features with non-zero coefficients 

Ridge Absolute coefficient > 80th percentile 

The selection process was applied only to the training data in each cross-validation fold. 

Features selected in each iteration were recorded, and those chosen in at least 70% of folds 

were kept for the final model. An adaptive mechanism was implemented to ensure 

robustness: if fewer than three features met the voting criteria, the highest-voted features 

were added until at least three were selected.  

3.4.1.2. PCA and KPCA 

PCA retained 70% of the variance, capturing the essential linear components. In contrast, 

KPCA used 70% of input features, a conservative heuristic that ensures substantial 

representation of the original data. It employed a Radial Basis Function kernel with a gamma 

of 0.1.  

3.4.1.3. Oversampling 

Although Synthetic Minority Oversampling Technique (SMOTE) is a widely used oversampling 

technique, it was not applied in this study for two reasons. First, it was traditionally designed 
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for classification tasks (Chawla et al., 2002) and does not natively support regression problems 

with continuous target variables. Second, even adaptations for regression (Branco et al., 2017) 

may generate unrealistic samples near the edges of the distribution, potentially introducing 

noise. Instead, we decided to use random oversampling as a simple baseline technique and 

CTGAN to generate more realistic synthetic data in underrepresented regions of the target 

distribution. 

Random oversampling increased the frequency of samples from extreme target regions, 

defined as below the 20th or above the 80th percentile. CTGAN oversampling generated new 

synthetic samples from the same extreme regions. The generative model was trained on 

minority subsets to create realistic samples, enhancing the learning signal in 

underrepresented areas of the target distribution.  

3.4.2. Algorithms 

The seven algorithms used ranged from simple baselines to more complex ensemble methods. 

As a baseline algorithm for model performance, we included a simple algorithm that always 

predicts the mean value of the target variable, regardless of the input data. We also tested 

regularized linear models such as Lasso (Tibshirani, 1996), Ridge (Hoerl & Kennard, 2000), and 

ElasticNet (Zou & Hastie, 2005). Despite this, and acknowledging that the true relationship 

between variables is often unknown in real-world data, we also included flexible non-

parametric methods to account for potential non-linear patterns that linear models may fail 

to capture: k-Nearest Neighbors (kNN) (Cover & Hart, 1967) and DT (Breiman et al., 1984). 

Additionally, we further included RF (Breiman, 2001), an ensemble method that combines 

multiple decision trees to reduce overfitting and improve accuracy, particularly in noisy or 

complex data settings (James et al., 2013). 

Before hyperparameter tuning, all algorithms were evaluated using default settings, except 

for DT and RF, where the maximum depth of trees was specified to limit tree growth and 

reduce the risk of overfitting. For the assessment, we used cross-validation with five folds 

repeated three times, to ensure sufficient data per fold and to support robust statistical 

comparisons. 

3.4.3. Performance evaluation strategy 

3.4.3.1. Metrics 

Performance evaluation was based on two complementary metrics: MAE to assess the 

magnitude of errors for each subscale due to its simplicity and straightforward interpretation, 

and RMSE to account for the impact of larger errors (Chai & Draxler, 2014). Metrics were 

computed per fold for training and test sets, and references to them in the following sections 

(e.g., MAE train or MAE test) typically refer to the average across all folds.  
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The mathematical definitions of MAE and RMSE are presented in the following equations: 
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3.4.3.2. Selection criteria 

We established performance-based selection criteria to support decision-making at three key 

stages in our pipeline. These criteria were designed to promote generalization, reduce 

overfitting, and ensure robustness in model comparison across datasets and target variables. 

Selection criterion 1 – top 3 candidate models per dataset–target pair 

Given the large number of initial models tested for each target variable, we applied a multi-

stage model selection strategy to reduce the hypothesis space and focus subsequent 

optimization efforts on the most promising candidates. The process described in Figure 3.4 

was guided by five sequential filtering phases: (1) extraction of valid candidates, (2) MAE filter, 

(3) RMSE filter, (4) final ranking, and (5) top 3 selection. If fewer than three models passed at 

any stage, a fallback sorting process was applied on the remaining candidates. 

Figure 3.4 – Selection criteria 1: multistage model filtering 
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The process began by identifying valid candidates through the removal of underperforming 

and redundant models. A model was considered underperforming if it performed worse than 

the baseline algorithm in its baseline configuration in at least one of two evaluation metrics. 

Redundancies were identified by comparing fold-level MAE and RMSE values, retaining only 

one instance of each duplicate.  

After identifying the valid candidates, we applied the MAE filter, retaining only those instances 

whose train-test difference fell within a set range. This range was composed of a fixed upper 

limit, set at 0.1, to mitigate overfitting, and a dynamic lower limit to cover possible statistical 

perturbations. The lower threshold was calculated as the average difference between test and 

train errors plus k times the standard deviation, with k set to 1.5. If more than three models 

passed this filter, a similar RMSE filter was applied. If models still exceeded the limit, a final 

tie-breaker ranked them by their combined test error (MAE + RMSE), selecting the top three. 

If fewer than three models passed at any stage, a fallback sorting process was applied on the 

remaining candidates. It prioritized the MAE train-test absolute distance first, followed by a 

similar rank for the RMSE distance to resolve ties, and finally by the combined test error as 

the ultimate tiebreaker. 

As a note, we emphasize that the process was stopped early each time exactly three models 

remained at any stage. These top three models were then kept for further tuning and analysis. 

Selection criterion 2 – best model selection per dataset–target pair 

The best model was selected from the revised top three candidates using a two-stage 

procedure that combined statistical significance testing and a structured fallback strategy.  

The selected test was the non-parametric Wilcoxon signed-rank test (Wilcoxon, 1945), as it 

does not assume normality, thereby being more robust for data that may not follow a known 

distribution, as in this study. We used the signed-rank test because it accounts for paired 

predictions across the same folds. The rank-sum test assumes independence. All models, 

despite different training strategies, were evaluated on the same data splits, justifying paired 

comparisons. 

The process involved comparing the performance of different models using the Wilcoxon 

signed-rank test on fold-level MAE scores, with a significance level set at 0.10. This threshold 

was chosen because our repeated cross-validation with a few folds resulted in small sample 

sizes for the tests. According to Demšar (2006) non-parametric tests like Wilcoxon can have 

low statistical power in such cases, increasing the risk of missing real differences (Type II 

errors). Increasing the significance level slightly can make it easier to detect meaningful 

differences. Furthermore, according to Fisher (1950) the conventional 5% threshold isn't 

absolute. In exploratory analyses like ours, where the goal is to identify promising patterns 

rather than definitive conclusions, a more relaxed threshold, such as 10%, may be appropriate. 
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A significant difference indicated that the model with the lower average MAE was the winner. 

Wins were counted for each model, and the one with the most wins was selected. In case of 

ties, the test was applied to RMSE scores among the tied models, and the model with the most 

RMSE wins was chosen. If a tie persisted after both MAE and RMSE tests or if no model had 

any significant wins, a fallback sorting strategy was applied equal to the one in the selection 

criterion 1. Finally, the selected model was then labelled with a reason for selection, indicating 

whether it was chosen based on Wilcoxon MAE, Wilcoxon RMSE, or the fallback sorting 

strategy. 

Selection criterion 3 – final model selection per target 

Once the best model for each pair was identified, we compared the two candidates (CS-A and 

CS-B) for each target variable to determine which was most suitable for representing the 

corresponding SRL subscale in the final interpretation and discussion. Only candidates with 

statistically significant results were considered eligible for selection. However, if no significant 

models were found, all candidates were eligible. Among the eligible models, the one with the 

lowest combined test score was selected as the final representative. 

3.4.4. Hyperparameter tuning  

For each dataset-target pair corresponding to the top three selected models, a random search 

using 60 hyperparameter configurations was conducted (Bergstra & Bengio, 2012), 

maintaining each model’s original strategy and selected features where applicable. Each 

configuration was evaluated using 5-fold cross-validation repeated 3 times, and the one with 

the lowest average score was selected, with MAE chosen as the scoring metric. The complete 

hyperparameter search space for each model is detailed in Appendix F, Table F.1. 
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4. RESULTS AND DISCUSSION 

This chapter presents the key findings of our study. It begins with an EDA of the final datasets 

obtained during the data preparation phase. Next, it summarizes the ML pipeline modeling 

results through a stepwise evaluation process: from an initial ranking of modeling strategies 

to the identification of the most robust and interpretable models. Finally, it assesses the 

prediction quality of the final selected models and revisits the research questions to 

synthesize the implications of the findings. 

4.1. FINAL EDA 

The final EDA was structured in two parts. First, we examined descriptive statistics of the final 

feature set. Then, we explored the relationships between individual features and targets using 

three complementary techniques: MI (Vergara & Estévez, 2014) to capture non-linear 

dependencies, F-score(Fisher, 1950) to assess linear explanatory power of each feature, and 

Pearson correlation (Pearson, 1895) to measure the strength and direction of linear 

associations. These analyses were conducted separately for each course-specific dataset (CS-

A and CS-B) using the original non-standardized data. 

4.1.1. Descriptive statistics 

For this analysis, only features shared across all datasets were considered, and they were 

grouped by complexity level. Table 4.1 reports raw activity, Table 4.2 time-on-task, and Table 

4.3 frequency features. Each table presents the mean and standard deviation, in parentheses, 

for each feature. For binary features, only the count and the percentage of occurrences (i.e., 

value = 1) are shown, with the percentage also reported in parentheses. 
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Table 4.1 – Descriptive statistics of raw activity features across datasets 

Feature (unit) CS-A CS-B 

Announcements read 
(% of the course mean) 

1 
(1.32) 

1 
(1.54) 

Assignments viewed 
(n) 

5.5 
(4.9) 

5.29 
(5.4) 

Course clicks 
(% of the total course) 

0.03 
(0.03) 

0.01 
(0.01) 

Course clicks 
(n/week) 

7 
(4.33) 

8.84 
(5.05) 

File download 
(binary) 

29 
(90.62%) 

7 
(5.43%) 

Forum discussion posts read 
(% of the course mean) 

1 
(1.49) 

1 
(2.18) 

Forum discussion post read 
(binary) 

19 
(59.38%) 

59 
(45.74%) 

Resources view 
(% of the course mean) 

1 
(0.63) 

1 
(0.4) 

Submissions 
(% of the total course) 

0.03 
(0.04) 

0.01 
(0.01) 

TBL 
(n) 

13.16 
(10.33) 

8.43 
(3.93) 

TBL completed 
(binary) 

15 
(46.88%) 

83 
(64.34%) 

TBL resources clicks 
(n) 

207.72 
(129.21) 

153.21 
(68.18) 

TBL out of the schedule 
(n) 

3.31 
(4.37) 

1.18 
(2.12) 

URLs viewed 
(n) 

1.69 
(1.93) 

9.25 
(6.89) 

TBL features show greater student engagement in Course A than in Course B. They attempted 

more TBL sessions on average (13 vs. 8) and clicked more on preparation materials (208 vs. 

153), likely reflecting the higher number of mandatory TBL sessions in Course A (6 vs. 4). 

Despite this, students in Course A had a lower completion rate (47% vs. 64%) and engaged in 

more out-of-schedule TBL (3 vs. 1), suggesting that many were completed independently 

outside of class, possibly affecting the quality of the learning experience.  

Focusing on other absolute activity metrics, in mean, students in Course B accessed more URLs 

(9 vs. 2) and recorded slightly higher weekly course clicks (9 vs. 7). This may reflect their course 

structure, which included separate lecture and lab sessions, unlike Course A’s single weekly 

class. In contrast, students in Course A read more forum discussions (60% vs. 46%) and 
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download more files than those from Course B (91% vs. 5%), indicating distinct engagement 

strategies.  

Relative activity metrics, such as announcements read, forum posts, and resource views, 

showed average values around 1 across both courses, indicating that students generally 

behaved in line with their peers. However, greater variability in Course B, especially in forum 

and announcement engagement, points to a few students with significantly different 

interaction patterns. Finally, the consistently low percentages for course clicks and 

submissions (1%–3%) across all groups suggest minimal additional engagement beyond the 

core tasks. 

Table 4.2 – Descriptive statistics of time-on-task features across datasets 

Feature (unit) CS-A CS-B 

Average duration of online sessions  
(min) 

20.43  
(5.78) 

19.3 
 (4.14) 

Course clicks 
(n/session) 

21.34 
(13.03) 

14.5  
(5.99) 

Handout submission delay  
(h) 

19.53  
(5.83) 

9.98  
(3.98) 

Project submission delay  
(h) 

35.06  
(2.22) 

2.37  
(32.1) 

Time spent online before the course start  
(min) 

10.34 
(18.08) 

11.47 
(19.87) 

Total time online  
(min) 

2197.03 
(1361.89) 

2016.53 
(1116.95) 

Variation of online session duration  
(min/week) 

-0.1 
 (0.58) 

0.03  
(0.54) 

When comparing the course means, evidence suggests that course design may influence 

differences in student profiles. On average, students in Course A spent approximately 180 

minutes more (over three hours) online than students in Course B. They also clicked 

considerably more per session (21 clicks vs. 15 clicks), with higher variability in Course A, 

indicating more diverse interaction patterns. Regarding assignment management, students in 

Course A delayed their handout submissions almost twice as long as those in Course B (19.5 

hours vs. 10 hours). Conversely, for the final project submission, Course B exhibited more 

significant variability, suggesting that although the average delay was lower, submission 

behaviors were more inconsistent among students. Pre-course activity levels were similarly 

low across both groups, while the variation in session duration over time was minimal, 

indicating relatively stable engagement throughout the course. 
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Table 4.3 – Descriptive statistics of frequency features across datasets 

Feature (unit) CS-A CS-B 

Average spacing between online sessions  
(h) 

36.62 
(17.82) 

34.02 
(13.15) 

Largest inactivity period  
(d) 

9.74 
(4.5) 

11.34 
(3.97) 

Online Session duration irregularity  
(min) 

25.06 
(8.23) 

23.6 
(5.23) 

Variation of online session duration irregularity 
(min/week) 

-0.18 
(0.73) 

0.04  
(0.54) 

Variation of spacing irregularity  
(h/week) 

1.16 
(1.79) 

1.64 
(1.51) 

Table 4.3 shows moderate Moodle engagement in both courses, with sessions spaced over a 

day apart and offline periods reaching up to two working weeks, suggesting erratic, irregular 

usage patterns. However, this was expected given the blended format of the courses and the 

relatively light in-class schedule (typically one or two sessions per week). While we cannot 

determine with certainty the reason for these offline periods, it is plausible that students were 

studying or participating in other academic activities outside the LMS. 

Despite similarities, some differences emerge. Students in Course A, on average, space 

sessions slightly further apart (36.6 hours vs. 34 hours) and show more variability in session 

duration (25.1 minutes vs. 23.6 minutes). However, this slight irregularity decreases over time 

(–0.18 minutes). Their spacing irregularity increases moderately (1.16 hours per week), which 

is less than in Course B (1.64 hours per week). Students in Course B, while engaging slightly 

more frequently, exhibit longer inactivity periods (11.3 vs. 9.7 days) and growing irregularity 

in both session duration (0.04 minutes per week) and spacing, suggesting a more fragmented 

engagement pattern despite a denser class schedule. 

4.1.2. Target-feature relationships 

This section highlights only the key findings from the analysis. The complete results for each 

SRL subscale are presented in Appendix G (Tables G.1–G.3). Each table displays the top three 

ranked features for MI, F-score (F) and Pearson correlation (r) across both course-specific 

datasets (CS-A and CS-B), enabling side-by-side comparison and facilitating the identification 

of the most informative and consistent features. 

For peer learning (Table G.1, Appendix G), the most consistent features across metrics were 

related to forum engagement, especially the percentage of forum discussions read relative to 

the course mean. Due to the course structure, features likely associated with preparing TBL 

activities, such as the number of URLs viewed, also emerged as relevant. While this aligns with 

the collaborative nature of peer learning described in SRL literature (Pintrich et al., 1991), 
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correlation results revealed negative associations for these variables. This may suggest that 

students who spend more time reading forum posts or accessing links engage more in 

individual online study than in offline collaboration. The strongest relationships were 

observed in CS-A, both in correlation (|r| = [0.26, 0.44]) and MI ([0.16, 0.21]). In contrast, CS-

B displayed weaker and less consistent associations, with no feature surpassing a correlation 

magnitude of 0.2 and MI scores remaining negligible.  

For time management (Table G.2, Appendix G), the most relevant features across metrics were 

related to online session patterns, particularly average session duration and spacing between 

sessions. These were especially strong in CS-A, with high F-scores (3.37 and 2.92) and 

meaningful correlations (r = 0.29 and r = –0.26), suggesting that students with stronger time 

management tend to access the platform more regularly and remain online longer per session. 

In CS-B, features related to content interaction and task completion also emerged as relevant. 

Notable examples include forum discussions as a percentage of the course mean (F = 2.09), 

assignment views (r = 0.24), and project submission delay (F = 1.44). Although these 

relationships were generally weaker than those observed in CS-A, they suggest that task-

related engagement may serve as a more prominent behavioral signal of time management 

in Course B.  

Effort regulation findings (Table G.3, Appendix G) closely align with time management, 

reflecting their conceptual proximity within SRL theory (Pintrich, 2000). In CS-A, effort 

regulation was most strongly associated with consistent platform engagement: percentage of 

course clicks (MI = 0.18), session duration irregularity (MI = 0.14), and spacing between 

sessions (F = 3.69), with strong negative correlations for spacing (r = –0.54) and for days 

without interaction (r = –0.45). These results suggest that students with higher effort 

regulation engage more steadily with the platform over time. CS-B highlighted different 

behavioral signals, with a focus on content interaction and task completion. Key features 

included TBL resource clicks (F = 2.22, r = 0.18), assignment views (MI = 0.11), and submission 

rate (F = 1.99, r = 0.20). 

Although the associations found were modest overall, the analysis revealed several insights. 

CS-A consistently showed the strongest relationships across all three SRL subscales, especially 

in the correlation analysis, aligning with earlier findings (Figure 3.2) and indicating more 

regular LMS use despite fewer weekly classes. Effort regulation was most strongly linked to 

LMS activity, followed by time management. Both subscales were more clearly linked to 

behavioral regularity in CS-A, while CS-B revealed stronger signals related to task-driven 

interaction. Peer learning had the weakest associations, mostly tied to forum activity, 

underscoring the LMS’s limited ability to capture offline or socially driven collaborative 

behaviors. 
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4.2. ML PIPELINE RESULTS 

The findings of this section are structured around the three selection criteria defined in the 

methodology: (1) identification of the top three candidate models per dataset–target pair, (2) 

selection of the best model per dataset-target pair, and (3) selection of the best model overall 

per target.  

4.2.1. Top 3 candidate models per dataset–target pair 

Tables 4.4, 4.5, and 4.6 present the top three models for each SRL subscale across the two 

course-specific datasets (CS-A and CS-B), based on selection criterion 1. Each table includes 

the algorithm (from the seven tested), the modelling strategy (from the ten configurations), 

whether the model was selected before or after hyperparameter tuning, and the mean 

training and testing errors (MAE and RMSE) across folds. 

Table 4.4 – Top 3 peer learning candidate models across datasets 

Dataset Algorithm Strategy 
Default (D) 
Tunned (T) 

MAE RMSE 

Train Test Train Test 

CS-A 

ElasticNet FS+RO D 1.18 1.23 1.236 1.40 

ElasticNet FS D 1.15 1.23 1.35 1.42 

ElasticNet B D 1.14 1.24 1.35 1.42 

CS-B 

Lasso B T 1.20 1.21 1.42 1.43 

Lasso KPCA+CO D 1.30 1.21 1.57 1.42 

kNN KPCA D 1.03 1.21 1.24 1.46 

 

Table 4.5 – Top 3 time management candidate models across datasets 

Dataset Algorithm Strategy 
Default (D) 
Tunned (T) 

MAE RMSE 

Train Test Train Test 

CS-A 

Lasso FS+RO D 1.02 0.95 1.19 1.08 

ElasticNet FS+RO D 1.02 0.96 1.18 1.08 

Lasso PCA+RO D 1.02 0.96 1.18 1.08 

CS-B 

Lasso FS+RO T 0.81 0.83 0.98 1.01 

ElasticNet PCA+RO D 0.93 0.84 1.10 1.01 

Lasso FS+CO T 0.81 0.83 0.98 1.01 
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Table 4.6 – Top 3 effort regulation candidate models across datasets 

Dataset Algorithm Strategy 
Default (D) 
Tunned (T) 

MAE RMSE 

Train Test Train Test 

CS-A 

Lasso FS+RO D 0.84 0.75 1.05 0.96 

ElasticNet FS+RO D 0.81 0.76 1.00 0.95 

Lasso B T 0.75 0.77 0.95 0.97 

CS-B 

Ridge KPCA+CO T 0.64 0.73 0.82 0.94 

Lasso B T 0.74 0.75 0.95 0.96 

ElasticNet B T 0.74 0.75 0.95 0.96 

Tables 4.4–4.6 reveal a clear dominance of parametric models across all dataset–target pairs, 

except kNN in CS-B for peer learning. This trend likely reflects that the relationships between 

features and targets were either largely linear or weak and sparse, as supported by the final 

EDA section. In such low-signal and small-sample settings, regularized linear models are 

typically more effective, as they offer a favorable bias–variance trade-off and generalize better 

than more flexible non-parametric alternatives (James et al., 2013). 

Additional insights emerge from the impact of different ML techniques. Feature selection 

combined with random oversampling (FS+RO) was the most prevalent, particularly in CS-A, 

suggesting its suitability for smaller samples. In contrast, configurations using PCA/KPCA and 

CTGAN oversampling were more prominent in CS-B, likely due to its larger and more 

heterogeneous dataset. Hyperparameter tuning had a greater impact on effort regulation. In 

contrast, default models were often well-suited for peer learning and time management, 

indicating that tuning provided limited or target-dependent benefits. 

Examining the three tables individually reveals important differences in predictive 

performance across SRL subscales. Peer learning consistently emerged as the most challenging 

dimension to predict, with test MAEs ranging from 1.21 to 1.24, values that represent 

substantial errors considering the 1–7 scale of the target variable. In contrast, time 

management models achieved lower error rates, with test MAEs typically between 0.83 and 

0.96, while effort regulation models performed slightly better, with MAEs ranging from 0.73 

to 0.77. These findings confirmed what was observed in the target-feature relationship 

analysis section, suggesting that the behavioral features extracted from LMS data may be 

more informative and reliable for capturing effort and time-related self-regulatory behaviors 

than for peer learning. Those behaviors might depend on more social or offline interactions 

not captured in the log data, as observed by prior literature (Cristea et al., 2024; van Sluijs & 

Matzat, 2024). 
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4.2.2. Best model per dataset–target pair and final best model per target 

Tables 4.7, 4.8, and 4.9 present the best model for each target across the two course-specific 

datasets (CS-A and CS-B), based on the application of selection criterion 2 to the previously 

identified top three candidates. The structure mirrors the previous section, adding a 

“Selection Reason” column indicating whether the model was selected based on statistical 

significance or retained as a fallback without such evidence. The dataset showing the best 

overall fit for each target (according to selection criterion 3) is highlighted in bold, supporting 

the interpretation of how predictive performance varies across modelling perspectives. 

Statistical significance levels are indicated by the number of asterisks in the table footnotes. 

Table 4.7 – Best model for peer learning across datasets 

Dataset Algorithm Strategy 
Selection 
Reason 

MAE RMSE 

Train Test Train Test 

CS-A ElasticNet FS 
Wilcoxson 
MAE *** 

1.15 1.23 1.35 1.42 

CS-B Lasso B Fallback 1.20 1.21 1.42 1.43 

Selection criterion 3, significance win: *p < .1, ** p < .05, *** p < .01 

Table 4.8 – Best model for time management across datasets 

Dataset Algorithm Strategy 
Selection 
Reason 

MAE RMSE 

Train Test Train Test 

CS-A Lasso FS+RO 
Wilcoxon 

MAE* 
1.02 0.95 1.19 1.08 

CS-B Lasso FS+RO 
Wilcoxon 

RMSE* 
0.81 0.83 0.98 1.01 

Selection criterion 3, significance win: *p < .1, ** p < .05, ***p < .01 

Table 4.9 – Best model for effort regulation across datasets 

Dataset Algorithm Strategy 
Selection 
Reason 

MAE RMSE 

Train Test Train Test 

CS-A Lasso FS+RO 
Wilcoxon 

MAE* 
0.84 0.75 1.05 0.96 

CS-B Ridge KPCA+CO 
Wilcoxon 

MAE** 
0.64 0.73 0.82 0.94 

Selection criterion 3, significance win: *p < .1, ** p < .05, ***p < .01 
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The tables above reinforce earlier findings, confirming the consistent superiority of parametric 

models. All best-performing configurations across dataset–target pairs relied exclusively on 

regularized linear models, with no non-parametric alternatives retained. Among the SRL 

subscales, peer learning had already emerged as the most challenging to predict, consistently 

yielding the highest test errors. This difficulty is further supported by the absence of 

statistically significant improvements in most datasets. Models in the top three often 

performed similarly, and even in the only exception (CS-A), showed the highest train–test gaps 

(ΔMAE = 0.08; ΔRMSE = 0.07), suggesting lower generalization. 

The models highlighted in bold represent the best overall fit for each target. For peer learning 

(Table 4.7), the top model was ElasticNet with feature selection, trained on CS-A, achieving a 

test MAE of 1.23 and RMSE of 1.42. For time management (Table 4.8), Lasso, combined with 

feature selection and random oversampling, trained on CS-B, yielded the best performance, 

with a test MAE of 0.83, RMSE of 1.01, and minimal train–test gaps of 0.02 and 0.03 for MAE 

and RMSE, respectively. Lastly, for effort regulation (Table 4.9), Ridge with KPCA and CTGAN 

oversampling, also trained on CS-B, achieved the lowest test error, with a test MAE of 0.73, 

RMSE of 0.94, and train-test gaps of 0.09 and 0.12 on MAE and RMSE, respectively. Although 

all final selections combined statistical support with the lowest combined test scores, this 

sometimes came at the cost of slightly higher overfitting, as observed in the effort regulation 

model. 

A key pattern across these results is that, in cases where more than one dataset yielded 

significant models (e.g., time management and effort regulation), the final selection was 

based on the model with the lowest combined test error. In both instances, this favored 

Course B, which had a larger sample size (n = 129) compared to Course A (n = 32), reinforcing 

the impact of sample size on model stability and generalizability. In these cases, we also 

observed that the best-performing configurations employed feature selection or 

dimensionality reduction in combination with oversampling. This suggests that managing the 

high feature-to-observation ratio through dimensionality control and data augmentation was 

essential to achieving robust performance. 

4.3. PREDICTIONS QUALITY ANALYSIS 

To conclude this chapter, we discuss the predictive performance of the final models selected 

according to the third selection criterion for each SRL subscale. For each case, we conducted 

an error analysis to examine the distribution of predictions, followed by a feature 

interpretation using SHAP (SHapley Additive exPlanations) values (Lundberg & Lee, 2017) to 

understand which behavioral variables most influenced the model’s output.  
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4.3.1.  Peer learning  

Figure 4.1 illustrates the distribution of true and predicted values, along with the absolute 

errors for the selected final model. 

Figure 4.1 – Distribution of true and predicted values along with absolute error for the best 

peer learning model 

The true peer learning values range from 1.00 to 6.67 (median = 4.00), showing substantial 

variability across student responses. In contrast, the predicted values are narrowly 

concentrated between 3.81 and 4.17 (median = 4.05), indicating the model’s inability to 

capture the target’s true variance and its tendency to produce median predictions. 

The absolute errors, ranging from 0.06 to 3.05 (median = 1.08), are high relative to the 1–7 

scale and confirm the relatively challenging predictive performance already discussed in the 

previous section (test MAE = 1.23).  

To explore whether the model struggles more with certain student profiles, an error analysis 

by final grade group was conducted (Table 4.10). Students were categorized according to the 

institutional grading system6. For each group (of size n), the table reports the mean final grade, 

true and predicted peer learning scores, prediction bias (predicted – true), and the mean and 

standard deviation of absolute errors. 

 

 

 
6 The ECTS grading scale and its conversion table for NOVA IMS can be found in the official institutional 

guide: NOVA Information Management School. Grading System – ECTS Guide. Retrieved from: 
https://www.novaims.unl.pt/media/3hlfngn0/ects.pdf 

https://www.novaims.unl.pt/media/3hlfngn0/ects.pdf
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Table 4.10 – Error analysis by student group for the best peer learning model 

Student Group 
Mean  Absolute Error 

Final Grade True Value Predicted Value Bias Mean Std. 

A 
(n=3) 

18.00 5.56 4.06 -1.49 1.49 0.58 

B 
(n=11) 

16.45 3.91 4.03 0.12 1.20 0.79 

C 
(n=3) 

15.00 4.22 4.07 -0.15 0.94 0.29 

D 
(n=8) 

13.50 4.08 4.06 -0.03 1.43 0.81 

F 
(n=7) 

6.00 3.48 4.02 0.54 0.74 0.71 

The true values of most groups follow the expected trend, where higher final grades are 

associated with stronger SRL skills, particularly among excellent (group A) and failing students 

(group F). The remaining show similar but ordered scores, except for group B, which deviates 

from this pattern. 

The results confirm the model’s tendency to regress predictions toward the median, 

underestimating true high scores (e.g., groups A, C, and D) and overestimating true low ones 

(e.g., groups F and B). This pattern aligns with the previously observed low variance in 

predictions, limiting the model’s ability to capture finer distinctions across student groups. 

These findings highlight that although the model is statistically significant, its practical utility 

for predicting peer learning is limited. This may be due to a weak relationship between the 

features and the target, a small sample size (n = 32), and the social, offline nature of peer 

interactions, which is not fully captured in LMS log data.  

To better understand how these limitations influence predictions, Figure 4.2. presents a SHAP 

values summary plot (following the standard implementation7). Each feature is listed from top 

to bottom in order of importance. Along each line, every dot represents an individual 

prediction. The horizontal position of the dot indicates the SHAP value, reflecting the feature’s 

impact on that specific prediction. The color gradient represents the original feature value, 

ranging from blue (low) to pink (high). Additionally, we complement this analysis by presenting 

SHAP mean absolute values and linear model coefficients to understand the overall magnitude 

and direction of each feature’s contribution to predictions. 

 
7 https://shap.readthedocs.io/en/latest/example_notebooks/api_examples/plots/beeswarm.html 
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Figure 4.2 – SHAP summary plot of feature importance for the best peer learning model 

The final model retains the minimal features, with only the percentage of forum posts read 

showing a moderate impact on predictions. Higher values are associated with lower predicted 

peer learning scores, as reflected by the ElasticNet coefficient (–0.12). The mean absolute 

SHAP value (0.12) further confirms its strong and consistently negative contribution to the 

model’s predictions. This aligns with the results in Section 4.1.2, where this feature was found 

to correlate negatively with peer learning. It does not invalidate prior literature findings. While 

previous studies link forum activity with collaborative learning behaviors (Alhazbi et al., 2024), 

this metric captures passive engagement (reading) rather than active participation (e.g., 

posting). Therefore, its negative contribution may indicate that students who read more 

forum content engage less in offline activities, potentially replacing collaborative dialogue 

with individual online strategies. 

4.3.2.  Time management  

Figure 4.3 shows the distribution of the true and predicted values, along with the absolute 

errors for the selected final model. 

Figure 4.3 – Distribution of true and predicted values along with absolute error for the best 

time management model 
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The true time management values range from 2.40 to 6.80 (median = 4.40), generally higher 

than those observed for peer learning, though not directly comparable due to differences in 

the underlying samples (Course B vs Course A). The variability across students is moderate, 

but predicted values remain narrowly concentrated between 3.88 and 4.87 (median = 4.41). 

That highlights the model’s tendency to regress toward the median, however, in this case, 

with a slightly wider spread than in peer learning. Absolute errors range from 0.01 to 2.29 

(median = 0.74), reflecting a model with more potential, as also supported by the lower test 

MAE (0.83), though the overall predictive power remains limited. 

A detailed error analysis was also conducted for the time management model (Table 4.11), 

following the same approach applied to peer learning (Table 4.10).  

Table 4.11 – Error analysis by student group for the best time management model 

Student Group 
Mean  Absolute Error 

Final Grade True Value Predicted Value Bias Mean Std. 

A 
(n=24) 

18.42 4.82 4.50 -0.32 0.97 0.65 

B 
(n=21) 

17.00 4.30 439 0.08 0.76 0.56 

C 
(n=46) 

15.72 4.42 4.39 -0.03 0.81 0.59 

D 
(n=24) 

13.54 3.98 4.37 0.40 0.67 0.49 

E 
(n=7) 

11.29 4.49 4.30 -0.19 0.98 0.36 

F 
(n=7) 

8.00 4.40 4.28 -0.12 0.67 0.40 

A pattern observed in the peer learning analysis is more evident here: true mean values do 

not increase with final grade as expected and fall within a narrower range (3.98–4.82). Most 

group means deviate from the expected order, except for groups A, E, and F. This suggests 

that final grades are weakly aligned with self-reported time management, likely due to the 

subjective and biased nature of questionnaire data. This not only limits the reliability of the 

target but also makes it harder to predict from objective LMS behaviors, as the two may not 

reflect the same underlying construct. 

The predicted means generally increase with final grade, but the model produces relatively 

narrow estimates across groups (ranging from 4.28 to 4.50), reinforcing the earlier 

observation of regression toward the median. Bias values are smaller than those observed in 

peer learning, with the most notable cases being the excellent students (group A: –0.32) and 

the satisfactory group (D: 0.40). 
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The MAE values are consistently below 1.00, with the best performance observed in groups D 

and F (MAE = 0.67) and the highest errors in groups A and E (0.97 and 0.98, respectively). 

Although direct comparison with the peer learning model is limited by differences in sample 

size and composition, the lower error levels may suggest comparatively better predictive 

performance. This may be due to several factors: the larger sample size (n = 129) improving 

model stability; time management behaviors being better captured by LMS logs, as evidenced 

by the literature (Baker et al., 2020); and limited variance in responses, which favors models 

predicting near the median. Therefore, this apparent predictive advantage should be 

interpreted with caution, as it does not necessarily reflect an accurate understanding of 

individual behavioral differences. 

Figure 4.4 presents the SHAP feature importance plot. As in the peer learning model, the final 

model retains only three features. The most influential feature, based on the highest mean 

absolute SHAP value (1.03), is the average spacing between online sessions. The lasso 

regression coefficient (-0.10) supports the distribution observed in the summary plot, where 

shorter intervals between sessions (i.e., more regular engagement) contribute positively to 

predictions, likely reflecting a more organized study routine. This finding align with prior 

literature findings Li et al. (2020), who highlight temporal engagement patterns, such as 

frequency and regularity of access, as important behavioral indicators of time management 

skills, and van Sluijs & Matzat (2024), who also found metrics like session intervals predictive 

of time management in blended learning settings. 

Additionally, the number of assignments viewed also shows a significant impact. Although it 

appears at the top of the SHAP summary plot due to high variability in individual contributions, 

its overall effect is reflected in a lower mean absolute SHAP value of 0.62. The positive 

regression coefficient (0.14) further confirms that students who engage more frequently with 

assignment-related content tend to show stronger time management skills.  

Lastly, the number of clicks on the course page per week shows a more limited positive 

influence, with a mean absolute SHAP value of 0.07 and a coefficient of 0.02. This supports 

the behavioral patterns identified by the other two features. The significance of content 

interaction features aligns with the findings in Section 4.1.2 for Course B, where such metrics 

are more strongly associated with time management.  

Figure 4.4 – SHAP summary plot of feature importance for the best time management model 
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4.3.3. Effort regulation 

Figure 4.5 shows the distribution of the true and predicted values, along with the absolute 

errors for the selected final model. 

 

Figure 4.5 – Distribution of true and predicted values along with absolute error for the best 

effort regulation model 

The true values for effort regulation range from 1.75 to 7.00 (median = 5.00), indicating 

substantial variability among students’ responses, greater than time management but slightly 

less than peer learning, though not directly comparable. Therefore, it is the subscale with the 

highest median. Predicted values, while slightly more dispersed (ranging from 3.62 to 5.84, 

median = 5.00), remain concentrated around the center, reflecting the model’s limited 

sensitivity to extreme cases. 

Absolute errors range from 0.00 to 2.78, with a median of 0.50, the lowest among the three 

subscales (peer learning: median = 1.08; time management: median = 0.74). This may indicate 

superior performance in terms of error magnitude, which is further supported by the test MAE 

of 0.73, making effort regulation the best-predicted subscale with the available data. This 

outcome may be due to factors similar to those observed in the time management model, as 

well as the use of kernel-based dimensionality reduction, which likely helped the model 

capture more complex structures and generalize more effectively.  

Nevertheless, the regression to the median and the limited spread of predicted values indicate 

that the model still struggles to distinguish students with particularly high or low effort 

regulation, highlighting a limited explanatory capacity despite better overall performance.  
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To explore whether the model struggles more with certain student profiles, an error analysis 

by final grade group was conducted (Table 4.12), using the same approach applied to the other 

SRL subscales.  

 

Table 4.12 – Error analysis by student group for the best effort regulation model 

Student Group 
Mean  Absolute Error 

Final Grade True Value Predicted Value Bias Mean Std. 

A 
(n=24) 

18.42 5.26 5.02 -0.24 0.69 0.45 

B 
(n=21) 

17.00 5.23 5.11 -0.12 0.46 0.43 

C 
(n=46) 

15.72 4.97 4.99 0.02 0.66 0.53 

D 
(n=24) 

13.54 4.92 4.98 0.07 0.73 0.59 

E 
(n=7) 

11.29 4.71 5.00 0.28 0.82 0.89 

F 
(n=7) 

8.00 4.43 4.95 0.52 0.59 0.43 

The true values show a general trend of decreasing effort regulation as final grades decrease, 

particularly evident between group A (mean true = 5.26) and group F (mean true = 4.43). 

However, the differences between groups are relatively small, which may limit the model’s 

ability to learn distinctive patterns. This is reflected in the predicted means, which range 

narrowly from 4.95 to 5.11 and do not consistently follow the expected grade order (e.g., 

groups B and E). These findings reinforce the model’s tendency to regress toward the median, 

as seen before in the other SRL subscales. 

In terms of prediction bias, the model slightly underestimates scores for high-performing 

students (e.g., group A: –0.24) and overestimates them for lower-performing ones (e.g., group 

F: +0.52), reflecting the general pattern across subscales. However, these biases are more 

moderate than those observed in peer learning (e.g., group A: –1.49; group F: +0.54) and 

comparable or smaller than those in time management (e.g., group A: –0.32; group D: +0.40). 

This suggests that the effort regulation model maintains a more balanced bias across student 

profiles, contributing to its comparatively better overall performance. 

The absolute error analysis shows relatively consistent performance across groups, with mean 

errors below 1.00 in all cases, similar to time management. The lowest error was observed in 

group B (MAE = 0.46), and the highest in group E (MAE = 0.82), though the small sample size 
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in group E (n = 7) may contribute to this variability. This further supports the comparatively 

better predictive quality of this model. 

The SHAP analysis was not conducted for this target because KPCA was used, which transforms 

the input features into a nonlinear space, thereby preventing the direct interpretation of 

individual feature contributions. 

4.3.4. Revisiting the research questions 

Across all SRL subscales, the final models exhibited a common limitation: predictions 

regressed toward the median, underestimating high scores and overestimating low ones. 

While results should be interpreted with caution due to differences in sample sizes, features, 

and modelling strategies, they offer useful insights for addressing the research questions. 

RQ1: How does predictive performance vary across SRL subscales? 

Treating each target as an independent regression task allows us to compare performances 

across subscales. We demonstrated that effort regulation was predicted with the lowest test 

error (MAE = 0.73), followed by time management (MAE = 0.83). In contrast, peer learning 

was the most difficult to predict (MAE = 1.23), likely due to its offline, socially driven nature, 

which is less visible in LMS clickstream data. 

RQ2: How does course context influence predictive performance? 

Although previous studies have highlighted the role of course context in SRL prediction (Conijn 

et al., 2017; Gašević et al., 2016; van Sluijs & Matzat, 2024), in this study, its effect is difficult 

to separate from sample imbalance. Course B models often outperformed those of Course A, 

possibly due to its larger sample size (n = 129 vs. 32), despite students in Course A being more 

active on the LMS, displaying stronger SRL behavior associations. However, the most effective 

peer learning model came from Course A, which included more TBL activities that were linked 

to collaborative learning. 
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5. CONCLUSIONS AND FUTURE WORKS 

Precision education has emerged as an alternative to the “one-size-fits-all” paradigm, using 

LMS data to support personalized learning experiences. Among its research applications, 

performance prediction stands out. However, its theoretical foundation remains limited, 

making it challenging to interpret how LMS-derived behaviors relate to meaningful learning 

processes. 

SRL theory provides a framework to address this gap. However, self-report instruments, 

commonly used to measure SRL, are limited by issues of bias, subjectivity, and practicality. 

Recent research (van Sluijs & Matzat, 2024) suggests that LMS clickstream data may serve as 

more objective proxies for certain SRL dimensions, such as time management, thereby 

offering a viable alternative to traditional self-report methods. Building on this, our study 

investigates whether clickstream data from the Moodle LMS at NOVA IMS can predict 

students’ SRL skills, as measured by the MSLQ. Specifically, it examines how predictive 

performance varies across SRL subscales and how course context and interaction patterns 

influence model effectiveness, even when courses are similarly structured. More than just an 

alternative to traditional assessment methods, this approach opens new directions in 

precision education as it may improve performance prediction by incorporating inferred SRL 

dimensions. 

We collected data from two graduate courses at NOVA IMS (Course A and Course B) during 

the first semester of the 2024/2025 academic year and assessed the predictive power of 

Moodle clickstream data across three SRL subscales (peer learning, time management, and 

effort regulation) using two course-specific datasets (CS-A and CS-B). A structured ML pipeline 

was applied to all six dataset–target pairs, testing ten configurations that combined feature 

selection, dimensionality reduction, and data augmentation. Seven algorithms were evaluated 

per pair, generating 70 models. Under defined selection criteria, the top three were 

shortlisted, tuned, and the best model was selected. For each SRL subscale, we identified the 

most effective dataset by comparing the best models. 

Can SRL skills be accurately predicted using NOVA IMS Moodle clickstream data? Results 

showed moderate predictive performance, with models consistently regressing toward the 

median, a pattern further confirmed by error analyses across student grade groups. 

Parametric models consistently outperformed non-parametric models, suggesting either low 

signal strength or predominantly linear relationships between LMS clickstream data and SRL 

subscales. Among the best-performing models, Course B dataset yielded more significant 

results, possibly due to its larger sample size. Among the subscales, effort regulation showed 

the best predictive performance according to the mean absolute error on test (MAE = 0.73), 

followed by time management (MAE = 0.83), while peer learning was the most challenging to 

model (MAE = 1.23), likely due to its social and offline nature.  
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Despite its contributions, this study represents an initial exploration and involves several 

methodological simplifications. As such, the findings should be interpreted with caution. 

Several limitations should be considered when assessing the generalizability of the results. 

First, although previous studies have highlighted the role of course context in SRL prediction 

(Conijn et al., 2017; Gašević et al., 2016; van Sluijs & Matzat, 2024), it remains unclear whether 

the performance differences observed in this study truly reflect contextual effects or are partly 

driven by sample imbalance. In our case, only 161 out of 295 students presented a valid 

response to the questionnaire, with just 32 from Course A. This imbalance may help explain 

why Course B often outperformed Course A in model comparisons, despite Course A student’s 

being more active on the LMS (see Figures 3.2 and 3.3) and showing stronger SRL associations 

(Section 4.1.2). 

Second, relying solely on LMS data excludes offline and collaborative aspects of SRL, such as 

those involved in peer learning. Prior studies have noted the limitations of clickstream data in 

capturing these dimensions (Cristea et al., 2024; van Sluijs & Matzat, 2024). This limitation 

was also evident in our results. Although the peer learning subscale demonstrated the highest 

internal consistency among the assessed dimensions (Cronbach’s α = 0.72), its predictions 

based on LMS-derived features were considerably weaker. This suggests that, despite the 

reliability of the self-report data, the behavioral traces available in the LMS may be insufficient 

to capture the collaborative nature of peer learning. 

Third, the relationship between features and targets was consistently weak. The final EDA 

revealed low MI and correlation scores across modelling perspectives, and most final models 

retained only the minimum three features despite the use of a robust voting-based selection 

strategy. This points to limited predictive value in the LMS-derived variables. A likely 

explanation is the static nature of the feature representation, which fails to reflect the 

temporal and adaptive dynamics central to SRL.  

Fourth, a known limitation from the literature, also evident in our study, is the lack of 

theoretical validation for many LMS-derived indicators. Although we combined behavioral 

data with MSLQ responses to strengthen construct validity, the two data sources inherently 

capture distinct measures of SRL: stable perceptions versus dynamic behaviors (Fan et al., 

2022). This misalignment may help explain the limited predictive performance observed.  

Finally, the use of self-reported targets introduces bias and measurement error, as students' 

perceptions may not align with their actual behaviors (Credé & Phillips, 2011; Schellings & Van 

Hout-Wolters, 2011).  

Future research should build on this initial exploration by expanding the sample to include 

more courses and academic terms, thereby improving the generalizability of results. To better 

capture the complexity of SRL, studies should also incorporate complementary data sources 
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(Cristea et al., 2024; van Sluijs & Matzat, 2024), such as forum activity, assignment metadata, 

and group structures, that account for social and offline behaviors. Additionally, using time-

dependent feature representations and tracking students across semesters (Alhazbi et al., 

2024) may offer a more accurate view of SRL as a dynamic and adaptive process. Finally, 

strengthening the theoretical alignment of LMS-based indicators and validating them across 

diverse contexts (Alhazbi et al., 2024; van Sluijs & Matzat, 2024) will be essential to developing 

robust, interpretable, and transferable SRL models for precision education. 
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APPENDIX A. LITERATURE REVIEW TABLE – RELATED WORK  

This section of the appendices presents Table A.1 that summarizes a subset of the studies discussed in Section 2.3.2 of the literature review. The selection 

focuses on works most closely aligned with our research objectives and methodological approach. Broader systematic reviews and studies with limited 

applicability to our context were excluded to maintain relevance and coherence. 

Table A.1 – Literature review: relevant studies 

Reference Objective(s) Participants Data Source(s) Features Methodology Key Findings Limitations 

Ahmad Uzir 

et al.        

(2020) 

• Identify time 
management 
strategies from 
trace data 

• Investigate 
their 
association 
with academic 
performance 

1,134 students 
over 3 years in 1 
computer 
engineering 
course 

• Trace data 
from flipped 
classrooms 
online 
preparatory 
learning 
activities 

• Midterm and 
final exam 
scores 

• Time of activity completion: 
preparing, ahead, revisiting, 
and catching up 

• Learning session data encoded 
into sequences of learning 
modes 

• Hierarchical 
clustering: 
group learning 
mode 
sequences into 
time 
management 
tactics and 
strategies 

• Markov chains: 
analyze 
transitions in 
learning modes 

•  Inferential 
statistics: 
associate time 
management 
strategies with 
academic 
performance 

 

• 4 time 
management 
tactics: mixed and 
short, revisiting, 
short preparing, 
and long preparing 

• 3 strategy groups: 
comprehensive 
and active; 
selective and 
active and limited 
activity 

• Comprehensive 
and Active strategy 
is linked to higher 
performance 

• Limit 
generalizability: 
focuses only on 
flipped classroom 
settings 

• Not account for 
external factors 
(e.g., personal, 
social, or technical 
challenges) 
affecting time 
management 
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Cristea et al. 

(2024) 

• Develop 
clickstream-
based scales for 
measuring SRL 
phases in 
online learning 

• Create a 
reliable, valid, 
and portable 
scale  

757 students, 4 
courses at a 
Dutch university  

• LMS 
clickstream 
data  

• MSLQ SRL 
scale  

• Final grades 

 

 

LMS indicators related to the 4 
COPES phases: task definition, 
goal-setting, enactment, and 
adaptation  

(e.g. total clicks, time spent on 
resources) 

• Mapping LMS 
indicators into 
the 4 COPES 
phases 

• PCA and 
Cronbach’s 
alpha: 
reliability and 
validity 

• Portability 
test: scales 
across similar 
and dissimilar 
courses 

• Correlation 
Analysis: 
scales, final 
grades, and SRL 
survey results 

• 4 reliable SRL 
scales 

•  Strong portability 
for enactment and 
adaptation  

• Enactment phase 
correlated with 
final grades (r = 
0.38) 

• Goal-setting 
showed some 
inconsistencies 
and lower 
portability 

• Clickstream-based 
scales provided 
better predictive 
power for 
academic 
performance 
compared to 
traditional self-
reported surveys 

• Subjectivity 
interpreting 
COPES model 
phases and 
assigning 
indicators 

• Lack of external 
validation or 
convergence with 
established SRL 
scales 

 

Li et al 

(2020) 

• Examine the 
validity of 
clickstream 
data for 
measuring time 
management 
and effort 
regulation  

 

238 students 
enrolled in a 10 
week fully 
online 
chemistry 
course at a 
public university  

• Clickstream 
data: LMS 
Canvas 

 

 

 

 

• Time management: study on 
time (% units accessed before 

deadlines); study in advance 
(time difference between 1st 

access and deadlines); spacing 
(distribution of study sessions)  

• Effort regulation: change in 
time on task 

• MSLQ metrics  

• Correlation 
Analysis: 
assess the 
relationship 
between 
survey and 
clickstream 
measures  

 

• Pre-course self-
reported 
measures not 
correlate with 
clickstream 
measures or 
predict 
performance 

 

• Limited 
generalizability 

• Clickstream data:  
not measure 
internal cognitive 
process 

 

 



61 
 

• Improve 
performance 
prediction 
compared to 
self-reported 
measures 

•  Adapted 
MSLQ to 
measure time 
management 
and effort 
regulation: 
pre- and post-
course 

• Performance 
data: final 
exam scores, 
and grades 
from other 
courses 

• Grades • Regression 
Analysis: 
predictive 
power of 
clickstream and 
survey for 
course 
performance 

• Pre- and post-
course survey 
comparison 
with 
clickstream for 
validity and 
prediction 
improvement 

• Post-course 
survey measures 
showed moderate 
alignment with 
clickstream data 
and were 
predictive of 
performance 

• Clickstream data 
improved 
predictions of 
course 
performance over 
survey data alone, 
especially for 
studying on time, 
studying in 
advance, and 
changing time on 
task 

• Pre-course 
surveys: may 
suffer from 
overconfidence 
and inaccuracy  

Jo et al. 

(2016) 

• Evaluate the 
relationship 
between time 
and study 
environment 
management 
(TSEM) and 
online 
behavioral 
patterns  

• Investigate the 
impact of that 
on academic 
performance  

124 students 
enrolled in a 
management 
statistics course 
at a private 
university in 
Seoul, Korea 

• Adaptation of 
MSLQ focusing 
on TSEM: 8 
questions 
scored on a 
five-point 
Likert scale 

• LMS log data: 
extracted 
weekly 

• Course grading 
system: course 
Scores 

• Dependent: login frequency, 
regularity, total login time 

• Independent: TSEM scores 
from the MSLQ survey 

• Final course scores 

• Structural 
Equation 
Modelling:   
assess 
relationships 
between TSEM, 
LMS log data, 
and final scores 

• Sobel Test:  
evaluate 
mediation 
effects of 
online 
behavioral 
patterns 

• TSEM significantly 
influenced online 
behavioral 
patterns: higher 
TSEM correlated 
with longer login 
times and higher 
frequency 

• Online behavioral 
patterns mediated 
the relationship 
between TSEM 
and final scores 

• Limited 
Population: only 
female and 1 
online course 

• Limited SRL 
behaviors 
analyzed: only on 
TSEM  
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• Descriptive 
statistics:  
ensure data 
normality 

• TSEM alone: no 
direct effect on 
final scores 

van Sluijs & 

Matzat 

(2024) 

• Use LMS trace 
data to predict 
self-reported 
time 
management 
skills 

• Evaluate the 
portability of 
the models 
across different 
courses  

679 students 
from 3 
bachelor’s and 4 
master’s 
programs at a 
Dutch technical 
university 

• Clickstream 
data: LMS 
Canvas 

•  Adapted 
MSLQ to 
measure time 
management  

 

• Survey features 

• Clickstream Features:  

− Number of clicks, 
sessions, and files 
accessed/downloaded. 

− Session intervals, login 
irregularity, and forum 
activity. 

− Start times of sessions and 
session length 

• Linear 
Regression 
Models: 
individual 
courses and the 
overall dataset 

• Multi-Level 
Regression 
Models: 
examined 
model 
portability 
across courses 

 

• LMS data 
successfully 
predicted self-
reported time-
management skills 
in some courses 

• Predictive power 
varied significantly 
between courses: 
explained 
variances ranging 
from 14% to 71% 

•  Key features: 
login irregularity, 
session intervals, 
and files accessed 

•  Lack of model 
portability: 
course-specific 
factors heavily 
influenced model 
effectiveness 

• Data did not 
capture offline 
activities or 
cognitive 
processes, limiting 
insights into full 
learning behaviors 
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APPENDIX B. ETHICS APPROVAL EMAIL 

This appendix includes Figure B.1, which shows a screenshot of the email confirming the 

ethical approval of this project, granted under reference code DSCI2024-11-185925. 

 

 

Figure B.1 – Screenshot of the email confirming ethical approval of the thesis 
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APPENDIX C. MSLQ ITEMS FOR THE SELECTED SRL SUBSCALES 

This section presents the MSLQ items used in our study to assess the selected SRL subscales: 

peer learning (Table C.1), time management (Table C.2), and effort regulation (Table C.3). 

Table C.1 – Peer learning subscale used in the survey 

Peer learning subscale items 

When studying, I often try to explain the material to a classmate or friend. 

I try to work with other students to complete the course assignments. 

When studying, I often set aside time to discuss course material with a group of students 
from the class. 

Table C.2 – Time management subscale used in the survey 

Time management subscale items 

I make good use of my study time.  

I find it hard to stick to a study schedule. * 

I make sure I keep up with the weekly readings and assignments.  

 I often find that I don't spend very much time studying because of other activities. * 

I rarely find time to review my notes or readings before an exam. * 

*Negatively worded questions  

Table C.3 – Effort regulation subscale used in the survey 

Effort regulation subscale items 

I often feel so lazy or bored when I study that I quit before I finish what I planned to do. * 

I work hard to do well even if I don't like what we are doing. 

When course work is difficult, I either give up or only study the easy parts. * 

Even when course materials are dull and uninteresting, I manage to keep working until I 
finish. 

*Negatively worded questions  
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APPENDIX D. WILCOXON SIGNED-RANK TEST RESULTS 

In this appendix, we showcase the results of the Wilcoxon Signed-Rank Test applied to paired 

pre- and post-course MSLQ responses from students who completed both assessments (N = 

159). Table D.1 summarizes the test statistic and p-value for each SRL subscale. 

Table D.1 – Wilcoxon signed-rank test results 

SRL subscale Statistic p-value 

Time management 1617 0.00 

Effort regulation 1783 0.00 

Peer learning 3889 0.01 

All p-values fell below the 5% significance threshold, providing statistical evidence that 

students’ self-reported SRL skills changed over the course. To examine the direction of these 

changes, Table D.2 reports the pre- and post-course mean scores for each subscale, along with 

the observed mean variation (Δ= pos – pre). 

Table D.2 – SRL subscale mean variation: pre-course vs post-course 

SRL subscale Pre-Course Mean Pos-Course Mean Mean variation (Δ) 

Time management 5.17 4.42 -0.75 

Effort regulation 5.54 4.98 -0.56 

Peer learning 4.48 4.21 -0.27 
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APPENDIX E. FEATURES  

This section provides an overview of the final feature set extracted from the Nova IMS Moodle 

logs. The features were grouped into three categories: raw activity (Table E.1), time-on-task 

(Table E.2), and frequency (Table E.3). Each table includes the feature name, a brief 

description, and references to prior studies that used the same or a comparable proxy. All 

listed features are included across datasets (CS-A and CS-B), unless marked otherwise: (*) 

indicates exclusion from CS-A, and (**) from CS-B.  

Table E.1 – Raw activity features 

Feature (unit) Description References 

Announcements read 

(% of the course mean) 

Number of announcements 
read as a percentage of the 
course mean. 

Adapted from: 

Cristea et al. (2024) 

Assignments viewed  

(n) 

Number of assignment page 
views. 

Conijn et al. (2017); 

 Gašević et al. (2016); 
Macfadyen & Dawson 
(2010);  

Santos & Henriques (2023a, 
2023b) 

Course clicks 

(% of the total course) 

Number of clicks made in the 
course as a percentage of 
the total course. 

Santos & Henriques (2023a, 
2023b) 

Course clicks 

(n/week) 

Number of clicks made in the 
course divided by the 
number of course weeks. 

van Sluijs & Matzat (2024) 

File download  

(binary) 

Binary indicator for whether 
the student downloaded at 
least one file. 

- 

Folder clicks** 

 (n/week) 

Number of folder clicks 
divided by the number of 
course weeks. 

Adapted from: 

van Sluijs & Matzat (2024) 

Forum discussion posts 
read 

(% of the course mean) 

Number of forum discussion 
posts read as a percentage of 
the course mean. 

Adapted from: 

Conijn et al. (2017); 
Macfadyen & Dawson 
(2010);  

Santos & Henriques (2023a, 
2023b);  

Zacharis (2015) 

Forum discussion post read 

(binary) 

Binary indicator for whether 
the student read at least one 
forum discussion post. 

- 
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Resources view 

(% of the course mean) 

Number of resources viewed 
as a percentage of the 
course mean. 

Adapted from: 

Calvo-Flores et al. (2006); 
Conijn et al. (2017);  

Gašević et al. (2016);  

Santos & Henriques (2023a, 
2023b); 

 Zacharis, 2015); 

Submissions 

(% of the total course) 

Number of submissions 
made in the course as a 
percentage of the total 
course. 

Santos & Henriques (2023a, 
2023b) 

TBL 

(n) 

Total number of TBL 
activities accessed.  

- 

TBL completed  

(binary) 

Binary indicator for whether 
the student completed all 
TBLs proposed by the course. 

- 

TBL resources clicks  

(n) 

Number of clicks on TBL page 
resources. 

- 

TBL out of the schedule  

(n) 

Number of TBL activities 
accessed outside the official 
course schedule. 

- 

PQ completed* 

 (binary) 

Binary indicator for whether 
the student completed all 
course PQs. 

- 

URLs viewed  

(n) 

Number of clicks on external 
links. 

Conijn et al. (2017); 
Macfadyen & Dawson 
(2010);  

Santos & Henriques (2023a, 
2023b);  

Zacharis, 2015) 

Features excluded from: *CS-A, ** CS-B  
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Table E.2 – Time-on-task features 

Feature (unit) Description References 

Average duration of online 
sessions  

(min) 

Total time online in minutes 
divided by the number of 
online sessions. 

Conijn et al. (2017); 

 Santos & Henriques (2023a, 
2023b) 

Course clicks 

(n/session) 

Number of clicks divided by 
the number of online 
sessions. 

Santos & Henriques (2023a, 
2023b) 

Handout submission delay 
(h) 

Time difference in hours 
between the handout 
deadline and the submission 
moment. 

Adapted from: 

Li et al. (2020) 

Project submission delay  

(h) 

Time difference in hours 
between the project 
deadline and the submission 
moment. 

Adapted from: 

Li et al. (2020) 

Time spent online before 
the course start  

(min) 

Sum of the duration in 
minutes of all online sessions 
of a student before the 
beginning of the classes. 

- 

 

Total time online  

(min) 

Sum of the duration in 
minutes of all online sessions 
of a student. 

Conijn et al. (2017);  

Jo et al. (2016);  

Macfadyen & Dawson 
(2010);  

Santos & Henriques (2023a, 
2023b) 

Variation of online session 
duration  

(min/week) 

Slope of a linear regression 
estimating change in 
average online session 
duration (in minutes) over 
time (weeks). A positive 
value indicates that the 
student is spending more 
time per session. Adapted 
from time-on-task 
indicators. 

Adapted from: 

Li et al. (2020) 
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Table E.3 – Frequency features 

Feature (unit) Description References 

Average spacing between 
online sessions 

(h) 

Sum of time in hours 
between each user's 
consecutive sessions divided 
by the number of session 
intervals (i.e., total sessions 
– 1). 

Adapted from: 

van Sluijs & Matzat (2024) 

Days with no interaction **   
(% of total course days) 

Number of days without any 
interaction with the Moodle 
LMS, expressed as a 
percentage of the total 
number of course days. 

Adapted from: 

Santos & Henriques (2023a, 
2023b) 

 

Largest inactivity period 

(d) 

Maximum number of 
consecutive days without 
any interaction with the 
Moodle LMS. 

Adapted from: 

Conijn et al. (2017);  

Santos & Henriques (2023a, 
2023b);  

van Sluijs & Matzat (2024) 

 

Online Session duration 
irregularity 

(min) 

Standard deviation of 
session durations (in 
minutes) across the course 
timeline. 

Adapted from: 

Conijn et al. (2017); 

 van Sluijs & Matzat (2024) 

Variation of online session 
duration irregularity  

(min/week) 

Slope of a linear regression 
estimating change in the 
irregularity of session 
durations (standard 
deviation in minutes) over 
time (weeks). A positive 
value indicates growing 
inconsistency. 

Adapted from: 

van Sluijs & Matzat (2024) 

Variation of spacing 
irregularity  

(h/week) 

Slope of a linear regression 
estimating change in the 
irregularity of spacing 
between sessions (standard 
deviation in hours) over time 
(weeks). A positive value 
indicates increasingly 
inconsistent session pacing. 

Adapted from: 

van Sluijs & Matzat (2024) 

Features excluded from: *CS-A, ** CS-B  

  



70 
 

APPENDIX F. HYPERPARAMETERS 

This appendix complements Section 3.4.3.4 by detailing the hyperparameter search spaces 

used during the random search procedure applied to the top three models selected for each 

dataset–target combination. Table F.1 presents the full configuration space defined for each 

ML algorithm. All random searches were run with 60 sampled configurations and evaluated 

using 15-fold cross-validation, with MAE as the primary scoring metric. 

Table F.1 – Hyperparameter space for random search of each ML algorithm 

ML algorithm Space 

DT 

'criterion': ['squared_error', 'friedman_mse','absolute_error'] 

'splitter': ['best', 'random'] 

'max_depth': [2, 4, 6, 8, 10, 20] 

 'min_samples_split': [2, 5, 0.1] 

'min_samples_leaf': [1, 2, 5, 0.05] 

'max_features': [None, 'sqrt', 'log2'] 

'ccp_alpha': [0.0, 0.01, 0.05] 

 'random_state': [3] 

Elasticnet 

'alpha': np.unique(np.concatenate([ np.logspace(-4, 1, 50), [1.0]])) 

'max_iter': [100, 500, 1000, 3000] 

'tol’: [1e-4, 1e-3, 1e-2] 

 'l1_ratio': np.linspace(0.1, 0.9, 5) 

'random_state':[3] 

'selection': ['cyclic', 'random']  

kNN 

'n_neighbors': [3, 5, 7, 9] 

'weights': ['uniform', 'distance'] 

'p': [1, 2] 

 'leaf_size': [10, 20, 30, 50] 

'n_jobs': [-1] 
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Lasso 

'alpha': np.unique(np.concatenate([ np.logspace(-4, 1, 50), [1.0]])) 

'max_iter': [100, 500, 1000, 3000] 

'tol’: [1e-4, 1e-3, 1e-2] 

'random_state':[3] 

'selection': ['cyclic', 'random']  

RF 

'n_estimators': [50, 100, 300] 

'criterion': ['squared_error', 'friedman_mse', 'absolute_error'] 

'max_depth': [2, 4, 6, 8, 10, 20] 

'min_samples_split': [2, 5, 0.1] 

'min_samples_leaf': [1, 2, 5, 0.05] 

'ccp_alpha': [0.0, 0.01, 0.05] 

'random_state': [3] 

'bootstrap': [True, False] 

'n_jobs': [-1] 

Ridge 

'alpha': np.unique(np.concatenate([ np.logspace(-4, 1, 50), [1.0]])) 

'max_iter': [100, 500, 1000, 3000] 

'tol’: [1e-4, 1e-3, 1e-2] 

'random_state':[3] 
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APPENDIX G. RESULTS – TARGET-FEATURE RELATIONSHIP  

This appendix presents the full results referenced in Section 4.1.2. Tables G.1, G.2, and G.3 correspond to individual target analysis: peer learning, time 

management, and effort regulation, respectively. Each table presents the top 3 ranked features for each metric (MI, F-score, and Correlation) across all datasets 

(CS-A and CS-B) side by side. All listed features are included across datasets, unless marked otherwise: (*) indicates exclusion from CS-A, and (**) from CS-B.  

Table G.1 – Peer learning: top 3 ranked features by metric and dataset 

Feature (unit) 
MI F-score Correlation 

CS-A CS-B CS-A CS-B CS-A CS-B 

Announcements read (% of the course mean)    1.09  

Average spacing between online sessions (h)  2.51   

Course clicks (n/week) 0.18    

File download (binary)   0.26  

Forum discussion post read (binary) 0.16   -0.44  

Forum discussion posts read (% of the course mean) 0.21   1.25 -0.35 -0.17 

Handout submission delay (h)    0.12 

Project submission delay (h)  0.07   

Submissions (% of the total course)   1.64 1.11  

TBL (n)  0.06   

Variation of spacing irregularity (h/week)  0.08   

URLs viewed (n)   2.31   -0.14 
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Table G.2 – Time management: top 3 ranked features by metric and dataset 

Feature (unit) 
MI F-score Correlation 

CS-A CS-B CS-A CS-B CS-A CS-B 

Assignments viewed (n)    0.24 

Average duration of online sessions (min)  3.37  0.29  

Average spacing between online sessions (h)  2.92  -0.26 -0.22 

Course clicks (n/session) 0.11    

Course clicks (% of the total course) 0.15    

Course clicks (n/week) 0.09    

Forum discussion post read (binary)  0.04   

Forum discussion posts read (% of the course mean)   2.09  

Handout submission delay (h)   -0.24  

Online Session duration irregularity (min)  2.91   

Project submission delay (h)   1.44  

Resources view (% of the course mean)  0.10   

Submissions (% of the total course)    0.20 

TBL completed (binary)  0.04   

Variation of online session duration (min/week)    1.46  
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Table G.3 – Effort Regulation: top 3 ranked features by metric and dataset 

Feature (unit) 
MI F-score Correlation 

CS-A CS-B CS-A CS-B CS-A CS-B 

Assignments viewed (n)  0.11   

Average duration of online sessions (min)  0.08   

Average spacing between online sessions (h)  3.69  -0.54 -0.21 

Course clicks (% of the total course) 0.18     

Days with no interaction (% of total course days) ** 0.13   -0.45  

Forum discussion post read (binary)  0.06   

Online Session duration irregularity (min) 0.14    

Project submission delay (h)  1.70   

Submissions (% of the total course)   1.99  0.20 

TBL completed (binary)   -0.36  

TBL resources clicks (n)   1.56 2.22  0.18 

Features excluded from: *CS-A, ** CS-B  
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