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Abstract 

This pilot study investigates the relationship between self-regulated learning (SRL) 

strategies and early dropout in a largely underexplored professional online learning 

context. Forty-two professionals (N = 42) enrolled in a four-week course delivered via 

a workplace Learning Experience Platform (LXP) supporting self-directed, adaptive 

learning pathways. SRL was measured using self-reports and behavioural trace data 

collected during the first week. A dual-method analytic approach was employed: top-

down models (logistic regression and decision trees) tested predefined SRL predictors, 

while bottom-up methods (hierarchical clustering and process mining) uncovered 

emergent learner profiles without prior assumptions. Trace-based SRL indicators, 

particularly the number of unique actions on the platform, time spent during week one, 

participation in the forum, and completion of an action plan, were significantly stronger 

predictors of dropout (p < .05) than self-reports, where only the goal-setting subscale 

was significant. Despite the small sample size limiting generalisability, the study 

demonstrates that early behavioural engagement patterns can reliably predict learner 

persistence, often outperforming self-reported SRL measures. These findings advance 

our understanding of SRL in professional online learning environments and provide a 

replicable analytic framework for integrating trace data and surveys. By identifying 

actionable SRL behaviours linked to course completion, this study contributes toward 

the development of adaptive workplace learning systems capable of detecting and 

mitigating early disengagement in real time. 

Keywords: Self-Regulated Learning, Dropout, Trace Data, Online Learning, 

Professional Development
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1. Introduction 

According to industry reports, 90% of organisations in the United States conduct at least some of their 

mandatory training online, and 46% offer training exclusively online (Training Magazine, 2023). Yet despite 

the expansion of the online learning industry (IMARC Group, 2023), dropout continues to undermine its 

effectiveness. High dropout rates in online learning contexts remain a persistent concern (Kizilcec & Halawa, 

2015; Wong et al., 2021), with studies reporting completion rates as low as 0.7%, implying dropout rates above 

90% in some courses (Jordan, 2015; Kizilcec & Halawa, 2015; Wong et al., 2021). For professional learners, 

who often juggle full-time jobs, family responsibilities, and limited time for self-directed study, sustaining 

participation in online courses can pose significant difficulties (Hew & Cheung, 2014; Milligan & Littlejohn, 

2014). 

Given these challenges, there is increasing interest in identifying which factors predict learner 

persistence and dropout in online professional learning environments. In these settings, direct and immediate 

instructor support is often limited, and learners are expected to create, monitor, and adjust their own learning 

behaviours to meet performance goals (Dabbagh & Kitsantas, 2004; Kizilcec et al., 2017; Roll & Winne, 

2015). Self-regulated learning (SRL) strategies support these demands by helping learners set goals, plan their 

study, monitor progress, manage time, seek help, and adapt their approach in response to difficulties 

(Broadbent & Poon, 2015; Kizilcec et al., 2017). SRL has been defined as “an active, constructive process of 

goal setting and attempting to monitor, regulate, and control cognition, motivation, and behaviour, guided and 

constrained by goals and the contextual features in the environment” (Van Halem et al., 2020). In flexible 

corporate e-learning environments, where learners have little external structure, self-regulation becomes key 

to staying engaged and avoiding early dropout (Frankola, 2001; Margaryan, Littlejohn, & Milligan, 2013; 

Milligan & Littlejohn, 2014). 

While SRL has been extensively studied in academic and higher-education contexts, especially in 

MOOCs and university online learning platforms (Broadbent & Poon, 2015; Lee, Watson, & Watson, 2019; 

Van Halem et al., 2020), professional learning settings present distinct motivational and contextual conditions. 

Professionals participate in online learning alongside job demands and organisational expectations, and they 

often evaluate relevance in terms of workplace applicability rather than formal assessment (Endedijk & 

Cuyvers, 2022; Wan, Compeau, & Haggerty, 2012; Men et al., 2023). This has led to calls for models of Self-

Regulated Professional Learning (SRpL) that explicitly account for the contextual, motivational, and 

organisational constraints of workplace learning, rather than assuming that models developed for university 

students transfer directly to working adults (Cuyvers, Van den Bossche, & Donche, 2020; Endedijk & Cuyvers, 

2022; Muljana & Luo, 2023; Wan et al., 2012). In this regard, professional learners regulate under time 

scarcity, competing priorities, and varying organisational pressures, which shape both how they self-regulate 

and whether they persist (Milligan & Littlejohn, 2014; Men et al., 2023). 

How to measure SRL in such contexts remains a major methodological challenge. Traditional 

approaches rely heavily on self-report questionnaires such as the Motivated Strategies for Learning 

Questionnaire (MSLQ), which capture learners’ perceptions of their own regulation strategies (Pintrich, 1991; 

Panadero et al., 2016). These instruments assess sub-processes including goal setting, strategic planning, task 

strategies, elaboration, self-evaluation, and help-seeking (Kizilcec et al., 2017; Schunk, 2005; Zimmerman, 

2000). However, self-reports are limited by recall bias and social-desirability effects (Panadero et al., 2016; 

Greene & Azevedo, 2010), by their inability to capture learning as it unfolds in real time (Winne et al., 2010; 

Winne & Hadwin, 2013), and by the difficulty of deploying them repeatedly at scale in workplace contexts 

(Cicchinelli et al., 2018; Crossley et al., 2016; Baker et al., 2020; Men et al., 2023). 

Behavioural trace data, automatically logged during interaction with digital learning platforms, offer 

a complementary approach. These data record learners’ actions directly and unobtrusively, producing time-

stamped indicators of how learners plan, allocate time, and interact with learning resources (Winne et al., 2010; 

Winne & Hadwin, 2013; Jansen et al., 2020; Men et al., 2023). When interpreted within an explicit theoretical 
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frame, such traces can illuminate observable manifestations of SRL processes, including goal setting, 

monitoring, help-seeking, and self-evaluation (Kizilcec et al., 2017; Winne, 2020; Winne & Hadwin, 2013).  

Because self-report and trace data capture complementary facets of SRL, perceived strategy use versus 

enacted behaviour, recent work advocates triangulating both to obtain a fuller account of how learners regulate 

their learning and persist (Van Halem et al., 2020; Kizilcec et al., 2017; Maldonado-Mahauad et al., 2018; 

Jansen et al., 2020). Self-reports illuminate learners’ intentions and perceived strategies, whereas trace data 

reveal how these strategies are enacted in practice (Winne, 2020; Li, Baker, & Warschauer, 2020). Studies in 

MOOCs and higher-education settings show that trace-based indicators of SRL strategies, for instance goal 

planning, time management, or help-seeking behaviours, tend to correlate with persistence and performance, 

and can help identify learners at risk of dropout (Kizilcec et al., 2017; Moreno-Marcos et al., 2020; Wong et 

al., 2021; Ye & Pennisi, 2022). However, most of this research has focused on academic learners, leaving 

professional contexts comparatively underexplored. 

Corporate Learning Experience Platforms (LXPs) – AI-driven environments designed to support 

personalised, skills-based professional development – are becoming central to workplace learning (Valdiviezo 

& Crawford, 2020; Men et al., 2023). Yet little is known about how SRL manifests in these systems or how 

early learning behaviours relate to course completion or dropout. 

This study addresses that gap by examining how self-reported and trace-based indicators of SRL relate 

to early dropout in a professional online learning course delivered through a corporate LXP. We focus on the 

first week of learning activity to test whether early SRL-related behaviours and self-perceived strategies can 

be used to (a) predict dropout, (b) identify combinations of strategies associated with persistence, and (c) 

distinguish different learner profiles (e.g., early dropouts versus completers). By analysing a real-world 

professional learning context, where participation competes with work obligations and is shaped by 

organisational expectations rather than grades, this study contributes to a more contextually grounded account 

of SRL and Self-Regulated Professional Learning in the workplace (Cuyvers et al., 2020; Endedijk & Cuyvers, 

2022; Men et al., 2023; Valdiviezo & Crawford, 2020). It also lays the groundwork for developing targeted 

SRL-support interventions and early-warning approaches tailored to professional learners, who regulate under 

structural and temporal constraints distinct from those of traditional students (Milligan & Littlejohn, 2014; 

Wan et al., 2012; Men et al., 2023). 

2. Purpose & research questions 

This study investigates how self-regulated learning (SRL) strategies, captured through both self-

reports and trace data, relate to early dropout in a professional online learning environment. Specifically, we 

examine whether early SRL behaviours during the first week of the course can help predict dropout, how 

different strategies might interact in that prediction, and whether distinct learner profiles (e.g., early dropouts 

vs. completers) can be identified based on these patterns.  

The SRL strategies examined include goal setting, strategic planning, task strategies, elaboration, 

help seeking, and self-evaluation. These are measured both via an adapted self-report instrument and through 

trace-based behavioural indicators such as time spent on the platform, the number of distinct interaction 

types (e.g., watching a video, posting in a forum, attempting a quiz, or accessing supplementary materials), 

and participation in course discussions. These behavioural indicators serve as proxies for SRL processes and 

are drawn from learners’ activity during the first week of the course. 
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2.1 Research Questions and Hypotheses 

 

RQ1. To what extent can SRL strategies, derived from both trace data and self-reports during the first 

week, predict dropout in a professional online course? 

Hypothesis 1. We hypothesise that trace data indicators of SRL (such as time spent on the platform, number 

of distinct interaction types, and forum participation during the first week) will be stronger predictors of 

dropout than self-reported SRL strategies. This builds on recent findings showing that learners’ actual 

behaviour, captured through digital traces, can provide a clearer and more objective picture of engagement 

than self-reports. Ye and Pennisi (2022) found that behavioural data from learning platforms were more 

accurate at predicting learner performance than self-reported strategies. Winne (2017) emphasised that trace 

data provide observable and real-time indicators of how learners monitor and control their learning. Moreno-

Marcos et al. (2020) demonstrated that event-based SRL sequence patterns can serve as strong predictors of 

learning outcomes, whereas self-reported SRL strategies and demographic variables showed little to no 

predictive power. Based on this evidence, we expect that early behavioural engagement captured through 

trace data will be more effective for identifying learners at risk of dropping out than survey-based measures. 

RQ2. Which combination of SRL strategies most strongly predicts dropout? 

Although individual SRL strategies have been linked to academic success, there is limited empirical 

evidence on how specific combinations interact to predict dropout, particularly in professional learning 

contexts. Therefore, this research question is framed as exploratory. 

RQ3. Can we identify distinct learner profiles (e.g., early dropouts vs. completers) based on SRL 

behaviours during the first week? 

Prior studies have used clustering approaches to group learners by SRL-related behaviours in MOOCs and 

online learning settings (e.g., Kizilcec et al., 2017; Maldonado-Mahauad, 2018). While these studies 

highlight the potential of behavioural data to uncover meaningful engagement profiles, findings vary across 

platforms and populations. As this area remains underexplored in professional learning contexts, this 

question is also treated as exploratory. 

3. Methods  

3.1 Participants 

A total of 42 employees participated in this study. All participants were employees of 

CrossKnowledge, a global provider of LXPs and digital learning solutions for corporate environments 

(CrossKnowledge, n.d.). Participants were recruited via internal email invitations and voluntarily enrolled in 

a professional online learning course hosted on the CrossKnowledge platform. Enrolment was open until the 

official start of the course, and 42 participants had registered by that time. 

Once enrolled and logged into the platform, learners gained access to the first week of course content, 

which they could follow at their own pace. The course was designed for asynchronous learning, meaning 

participants could complete activities at their own pace rather than following a fixed schedule and there were 

no fixed deadlines or time-bound requirements. 

Demographic data such as age, gender, education level, and job role were not collected due to internal 

company policies designed to protect participant anonymity. Although no individual motivational data were 

gathered, the course was part of the company’s broader professional development programme, which 

encourages employees to engage in online learning to strengthen workplace competencies and support career 

growth. The company also allows employees to dedicate a limited number of work hours to professional 
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development activities, though actual participation times likely varied depending on individual schedules and 

flexibility. 

Informed consent was obtained from all participants at the start of the course via a digital consent form 

that explained the purpose of the research, the types of data collected (e.g., self-report surveys and trace data), 

and assurances that participation was voluntary and could be withdrawn at any point without penalty. All data 

were processed in accordance with GDPR regulations, anonymised during analysis, and stored on secure 

institutional servers to protect participant confidentiality. 

3.2 The online course content and design 

The online course, designed to improve learning among professionals, ran for four weeks. Over this 

period, learners were introduced to seven elements associated with enhanced learning: urgency, action and 

sharing, hybrid learning, learner agency, collaboration and coaching, flexibility, and assessment as learning. 

Each week’s content was released at the beginning of the week and included short 2 to 3-minute videos, text 

summaries, infographics, and discussion prompts in an online forum. An adapted version of the Motivated 

Strategies for Learning Questionnaire (MSLQ) (see Appendix) was embedded within the first week’s content 

to capture self-reported SRL strategies. All behavioural activity on the learning platform was automatically 

recorded. Access to the trace data was provided only after the course had ended and enrolment and participation 

were closed. The course took place from October 5, 2020, to October 30, 2020, and the dataset used in this 

project was provided by CrossKnowledge. 

3.3 Instruments 

3.3.1 Dependent variable - dropout 

Dropout was defined as a binary variable: 1 = dropout, 0 = completer. A learner was classified as a 

dropout if they met both of the following criteria: (a) they were inactive on the platform for two or more weeks, 

and (b) they had a total course score below 138 points. Each week, learners earned points based on their 

engagement with and completion of course activities. The total course score was calculated by summing these 

weekly points across the four-week course. We then computed the total scores for all 42 participants and used 

the median of these values, 138 points, as the cutoff. The median was chosen over the mean to reduce the 

influence of extreme values and better reflect the central tendency of learner performance. This 138-point 

threshold, when combined with the two-week inactivity period, was used to classify dropouts: only learners 

who met both conditions, prolonged inactivity and a score below 138, were labelled as dropouts (1). Learners 

who maintained regular activity and had scores at or above the median were classified as completers (0). 

Inspired by Moreno-Marcos et al. (2020), this combined criterion captures both behavioural disengagement 

and limited learning progress, helping to distinguish true dropouts from learners who may have been briefly 

inactive or only minimally engaged. In the absence of a universal definition of dropout in online learning, this 

approach offers a data-driven and context-sensitive operationalisation. 

3.3.2 Independent variables – SRL survey (self-reported) 

The self-report survey used to assess SRL strategies in this study is an adapted version of the Motivated 

Strategies for Learning Questionnaire (MSLQ; Pintrich, 1991), as further developed for online learning 

environments by Kizilcec et al. (2017). The adapted instrument focuses on six subscales: goal setting, strategic 

planning, task strategies, elaboration, self-evaluation, and help-seeking. 

To reduce respondent burden and improve participation in a professional learning context, we used a 

shortened version of the 24-item instrument from Kizilcec et al. (2017). This reduction was made in 

consultation with the first author of that study, who suggested either removing entire subscales that were not 

central to the study’s goals or reducing each subscale by one item. For the help-seeking subscale specifically, 

the author recommended removing the reverse-coded item. For the remaining subscales, the choice of which 

item to remove was guided by perceived redundancy, where two items expressed a similar behaviour, the one 

judged less distinct or clear in the professional context was removed. This pragmatic reduction aimed to 
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minimise respondent fatigue, which is known to be a risk in online surveys and is increasingly acknowledged 

as a challenge including in workplace-based surveys as well (Galesic & Bosnjak, 2009; Kato & Miura, 2021; 

Smith et al., 2003). 

The final adapted survey consisted of the following number of items per subscale: Goal Setting: 3 

items, Strategic Planning: 3 items, Task Strategies: 5 items, Elaboration: 2 items, Self-Evaluation: 2 items & 

Help-Seeking: 3 items. The full version of the adapted survey is provided in the Appendix, where items that 

were removed during the adaptation process are also clearly marked for full transparency. 

Participants rated each item on a 5-point Likert scale from Not at all true for me (1) to Very true for 

me (5). Scores for each subscale were computed as the sum of their items. Due to differing subscale lengths, 

theoretical maximum scores ranged from 10 (for 2-item subscales) to 25 (for 5-item subscales). 

In Kizilcec et al. (2017), the full version of the adapted instrument demonstrated strong internal 

consistency, with Cronbach’s α ranging from 0.75 to 0.86 across subscales. In our study, internal consistency 

values were lower and more variable, likely due to the small sample size (n = 32 for the survey data) and the 

reduced number of items per subscale. The Cronbach’s α coefficients for each subscale in the present study 

are provided in Supplementary Table S1. 

 

Table 1 

SRL survey subscales - Descriptions and example 

SRL subscale Description Example item in survey 

Goal setting Setting educational goals or sub-goals with the 

intention of exerting the necessary effort 

required to achieve those goals (Schunk,2005; 

Zimmerman, 2000). 

I set personal standards for performance in 

my learning. 

- Very true for me 

- True for me  

- Quite true for me 

- Sometimes true for me  

- Not at all true for me 

 

Strategic planning Planning the steps, timing, and the end product 

of activities that are focused on the learning 

goals (Zimmerman & Pons, 1986). 

 

I ask myself questions about what I am to 

study before I begin to learn. 

- Very true for me 

- True for me  

- Quite true for me 

- Sometimes true for me  

- Not at all true for me 

 

Task strategy Managing study time and tasks. It constitutes 

learning tasks that improve persistence and 

effort regulation when faced with learning 

challenges. (Kizilcec et al., 2017) 

 

I try to translate new information into my 

own words.  

- Very true for me 

- True for me  

- Quite true for me 

- Sometimes true for me  

- Not at all true for me 

 

Elaboration Linking new knowledge with prior knowledge 

and constructing meaning from the material 

studied. It also constitutes the use of extra 

When I am learning, I try to relate new 

information I find to what I already know. 

- Very true for me 

- True for me  

- Quite true for me 
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resources to make the learning material more 

memorable (Kizilcec et al. 2017) 

 

- Sometimes true for me  

- Not at all true for me 

 

Self-evaluation Choosing the standards and criteria to evaluate 

one’s learning progress. It constitutes the 

activities a learner performs to monitor his/her 

learning process in light of the set goals. 

(Boud, 1995; Schunk, 2005). 

 

I know how well I have learned once I have 

finished a task. 

- Very true for me 

- True for me  

- Quite true for me 

- Sometimes true for me  

- Not at all true for me 

 

Help-seeking Connecting and reaching out to others to ask 

for support with regards to a learning process 

(Pintrich, 1999; Richardson et al., 2012). 

 

When I do not understand something, I ask 

others for help. 

- Very true for me 

- True for me  

- Quite true for me 

- Sometimes true for me  

- Not at all true for me 

 

 

3.3.3 Independent variables – SRL indicators from trace data 

In this study, we use the term engagement to refer specifically to behavioural engagement, consistent 

with SRL frameworks in online learning (Winne, 2020; Jansen et al., 2020; Li, Baker, & Warschauer, 2020). 

Behavioural engagement was operationalised through trace-based indicators reflecting learners’ observable 

activity on the platform during Week 1, including time spent, diversity of actions performed, participation in 

discussions, and completion of planning or evaluative tasks. These indicators are interpreted as behavioural 

proxies of SRL-related processes such as time management, goal setting, help-seeking, and self-evaluation, 

rather than as direct measures of underlying cognitive or motivational states. 

Building on this conceptualisation, we analysed learners’ early behavioural indicators of SRL by mapping 

each Week 1 trace data variable to an SRL phase and corresponding strategy, following the established 

cyclical model of SRL (Zimmerman & Moylan, 2009) and recent empirical mappings in online learning 

research (Kizilcec et al., 2017; Jansen et al., 2020; Maldonado-Mahauad et al., 2018). This mapping provides 

a theoretically grounded framework for interpreting observed learner behaviours as proxies for underlying 

self-regulatory processes. Table 2 summarises the trace data variables, their operational definitions, and their 

theoretical alignment with SRL phases and strategies. 

 

Table 2 

Mapping of trace data variables to SRL phases and strategies based on theoretical models. 

 

Trace data variable Description of variable SRL phase Mapped SRL 

strategy 

Action plan Binary variable indicating whether the learner 

completed or started an action plan during 

Week 1 (1 = yes, 0 = no). 

Forethought Goal Setting, 

Strategic Planning 

Forum participation Binary variable indicating whether the learner 

posted in the discussion forum during Week 1. 

Performance Help-Seeking 
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The length of the contribution is not 

considered. 

Time spent Continuous variable representing the total 

number of minutes the learner spent on the 

platform during Week 1. 

Performance Time management 

Unique events Count variable indicating the total number of 

distinct learning actions performed during 

Week 1 (e.g., starting a quiz, opening a 

written summary, or watching a video). 

Performance Task strategies 

Learning resources Count variable representing how many 

learning-resource activities (e.g., videos, 

infographics, or interactive elements) the 

learner accessed during Week 1. 

Performance Task strategies 

Editorial resources Count variable representing how many 

editorial-type materials (e.g., written 

summaries, background readings, or articles) 

the learner accessed during Week 1. 

Self-reflection Elaboration 

Pre-assessment quiz Continuous variable representing the learner’s 

score on the initial course quiz addressing 

course-related content during Week 1. 

Self-reflection Self-evaluation 

Unique events refers to the total count of distinct types of learner actions performed by each user 

during Week 1 of the course. These include activities such as watching a video, contributing to a forum, 

completing a quiz, or accessing supplementary materials. This indicator reflects the diversity of interaction 

types rather than the frequency of actions and serves as a proxy for task strategies and engagement breadth 

(Jansen et al., 2020; Li, Baker, & Warschauer, 2020). 

The Action plan variable reflects both Goal setting and Strategic planning, as it prompts learners to 

define their objectives and outline steps to achieve them. These processes correspond to the Forethought 

phase of SRL (Zimmerman & Moylan, 2009). Prior research has shown that planning activities such as 

completing an action plan are associated with increased course completion rates (Yeomans & Reich, 2017) 

and effective goal regulation (Jansen et al., 2020). 

Time spent on the platform serves as a proxy for time management, a key strategy in the 

Performance phase of SRL (Zimmerman & Moylan, 2009). Similarly, participating in discussion forums is 

interpreted as a form of help-seeking behaviour, also within the Performance phase, and has been linked to 

better learner engagement and regulation (Jansen et al., 2020; Van Halem et al., 2020). In this dataset, Action 

plan completion and Forum participation were both exported by the platform as binary indicators of whether 

the learner engaged in that activity during Week 1.  

Action plan was coded 0 = no and 1 = yes, and Forum participation was coded 0 = no and 2 = yes. 

For all analyses, both variables were modelled as binary participation indicators (engaged vs. not engaged), 

irrespective of the underlying numeric scale in the export. This preserves their interpretation as presence or 

absence of the relevant self-regulatory behaviour (goal planning, help-seeking) and does not affect inferential 

results. 

Taking quizzes, particularly pre-quizzes, is indicative of self-evaluation and monitoring strategies, 

which fall under the Self-reflection phase. These activities require learners to assess their understanding and 

adjust future study strategies accordingly (Zimmerman & Moylan, 2009; Jansen et al., 2020). 

Engagement with supplemental text summaries (editorial resources) following course videos 

(learning resources) reflects the strategy of elaboration, which involves using additional resources to deepen 

understanding and retention (Kizilcec et al., 2017). These editorial-type activities are mapped to elaboration 
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strategies and to self-reflection processes within SRL, as they involve reviewing and consolidating course 

material (Kizilcec et al., 2017; Zimmerman & Moylan, 2009). 

 

3.4 Analysis strategy 

All analyses were conducted using R (R Core Team, 2023) and the RStudio IDE (RStudio Team, 

2023). Process maps were generated using Fluxicon Disco. To address the study’s research questions, we 

employed a combination of traditional statistical methods and machine learning (ML) approaches, balancing 

interpretability and exploratory discovery within the constraints of a small sample size. 

A dual analytic strategy integrating confirmatory and exploratory perspectives was applied. Logistic 

regression and decision-tree analyses tested theoretically derived SRL predictors of dropout (top-down), 

while hierarchical clustering and process-mining analyses explored emergent behavioural patterns without 

predefined groupings (bottom-up). Using both approaches enabled the validation of theory-driven 

expectations and the discovery of unanticipated patterns of self-regulated learning in professional contexts. 

For RQ1, which examined the predictive value of SRL indicators, we used binary logistic regression 

to assess whether self-reported and trace-based SRL variables predicted dropout. Logistic regression was 

selected because it provides interpretable results in the form of odds ratios and is widely used for binary 

outcomes such as course dropout versus completion (Hosmer, Lemeshow, & Sturdivant, 2013). It is also 

appropriate for modest-sized datasets, where more complex models may not perform reliably. 

To better understand how well each individual self-regulated learning (SRL) variable could predict 

dropout, we also performed Receiver Operating Characteristic (ROC) analysis. This method tests how 

accurately a variable can separate two groups, learners who completed the course and those who dropped 

out, by comparing the true positives and false positives at different cutoff points. The Area Under the Curve 

(AUC) provides a single number to summarise this performance, where 0.5 indicates no better than chance 

and 1.0 indicates perfect prediction. We used the pROC package to calculate AUC values (Robin et al., 

2011) and visualised the results with ggplot2 (Wickham, 2016). 

To address RQ2, we used a Decision Tree classifier implemented via the rpart package to explore 

how combinations of SRL indicators interacted to differentiate dropouts from completers. Decision trees 

were selected because they can model non-linear relationships and detect interaction effects without 

requiring assumptions such as linearity or normality, assumptions often violated in educational trace data 

(Halawi, Clarke, & George, 2022). 

For RQ3, which focused on identifying distinct learner profiles, we applied Agglomerative 

Hierarchical Clustering (HCA) using Ward’s method and Euclidean distance. HCA is an unsupervised 

machine learning technique well-suited for exploratory pattern discovery, as it does not require the number 

of clusters to be specified in advance (Jain et al., 1999). Clustering was complemented by process mining 

visualisations, which provided a descriptive, event-based comparison of learner trajectories between 

dropouts and completers. 

While ML methods such as decision trees and clustering offer flexibility in uncovering complex, 

non-linear patterns, they are also sensitive to overfitting and typically require larger datasets for robust 

generalisation. By combining traditional statistical models with exploratory ML techniques, we aimed to 

balance hypothesis-driven testing with data-driven pattern discovery, fitting the exploratory aims and sample 

constraints of this study. 
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4. Results 

4.1 Descriptive statistics 

Descriptive statistics for all variables are presented in Table 3 (survey-based variables) and Table 4 

(trace-based variables). Among self-reported measures, only Goal setting was significantly associated with 

dropout (r = -0.38, p < .05), suggesting that learners with higher goal-setting scores were less likely to drop 

out. Other subscales such as task strategies, elaboration, and help-seeking did not significantly predict 

dropout in this sample. 

In contrast, trace data variables showed stronger and more consistent correlations with dropout. All 

seven trace variables were significantly negatively correlated with dropout (p < .05 or p < .01). Notably, the 

number of unique events in Week 1 (r = -0.60), time spent on the platform during Week 1 (r = -0.59), and 

total time spent throughout the course (r = -0.81) were among the strongest predictors. 
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Table 3 

Means, standard deviations, and correlations between independent survey variables and the dependent variable ‘dropout’ 

 

Variable Mean SD 1 2 3 4 5 6 

         

1. Goal setting 8.50 2.37             

                  

2. Strategic planning 10.53 1.98 .30           

      [-.06, .59]           

                  

3. Task strategies 17.94 2.92 .29 .47**         

      [-.07, .58] [.14, .70]         

                  

4. Elaboration 7.97 1.36 .07 .41* .49**       

      [-.29, .40] [.08, .67] [.17, .72]       

                  

5. Help seeking 12.19 2.24 .26 .60** .46** .04     

      [-.10, .56] [.31, .78] [.13, .69] [-.31, .39]     

                  

6. Self -evaluation 6.88 1.39 .28 .19 .15 .10 .27   

      [-.08, .57] [-.17, .50] [-.21, .47] [-.26, .43] [-.09, .56]   

                  

7. Dropout 0.50 0.51 -.38* -.20 .11 .12 -.03 -.13 

      [-.64, -.04] [-.51, .16] [-.25, .44] [-.24, .45] [-.38, .32] [-.46, .23] 

                  

 

Note. SD is used to represent standard deviation, respectively. Values in square brackets indicate the 95% confidence interval for each correlation. The confidence interval is a plausible range of 

population correlations that could have caused the sample correlation (Cumming, 2014). * indicates p < .05. ** indicates p < .01. 
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Table 4 

Means, standard deviations, and correlations between independent trace data variables and the dependent variable ‘dropout’ 

 

Variable Mean SD 1 2 3 4 5 6 7 8 

           

1. Forum participation 1.38 0.94                 

                      

2. Pre-assessment quiz 64.30 14.71 .43**               

      [.12, .66]               

                      

3. Action plan 0.69 0.47 .89** .40*             

      [.80, .94] [.08, .64]             

                      

4. Unique events  10.79 5.14 .93** .43** .91**           

      [.86, .96] [.12, .66] [.85, .95]           

                      

5. Learning resource 2.26 1.23 .91** .59** .91** .97**         

      [.83, .95] [.33, .77] [.83, .95] [.95, .99]         

                      

6. Editorial 4.81 2.11 .85** .23 .85** .97** .91**       

      [.74, .92] [-.10, .52] [.74, .92] [.95, .99] [.84, .95]       

                      

7. Time spent (Wk1) 41.27 17.31 .91** .52** .91** .97** .96** .90**     

      [.84, .95] [.24, .72] [.84, .95] [.95, .99] [.92, .98] [.82, .95]     

                      

8. Total time spent 109.19 77.61 .67** .37* .72** .70** .71** .66** .74**   

      [.46, .81] [.05, .62] [.53, .84] [.50, .83] [.52, .83] [.45, .80] [.56, .85]   

                      

9. Dropout 0.50 0.51 -.57** -.36* -.57** -.60** -.61** -.57** -.59** -.81** 

      [-.74, -.32] [-.61, -.04] [-.74, -.32] [-.76, -.36] [-.77, -.37] [-.75, -.32] [-.76, -.34] [-.89, -.66] 

                      

 

Note. SD is used to represent standard deviation, respectively. Values in square brackets indicate the 95% confidence interval for each correlation. The confidence interval is a plausible range of 

population correlations that could have caused the sample correlation (Cumming, 2014). * indicates p < .05. ** indicates p < .01.
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4.2 Comparison between dropouts and completers using Wilcoxon tests 

To examine whether self-reported use of self-regulated learning (SRL) strategies differed between 

learners who dropped out and those who completed the course, Wilcoxon rank-sum tests were conducted for 

each SRL survey subscale (see Figure 1 and Table 5). This non-parametric test was selected due to the small 

sample size and the ordinal nature of the Likert-scale survey data, which may violate the normality 

assumptions required for parametric tests. Group comparisons were not conducted for the trace-based SRL 

variables, as many were binary in nature (e.g., Action plan: yes = 1, no = 0), rendering Wilcoxon tests 

inappropriate. In addition, differences in trace variables were already examined in the logistic regression and 

decision tree analyses, which provided a more comprehensive assessment of their predictive value for course 

dropout. 

Boxplots (Figure 1) were used to visualise the distribution of SRL survey scores across groups. 

Outliers were identified using Tukey’s method (1.5 × interquartile range) and are indicated with asterisks. 

These visualisations facilitate interpretation of score variability and highlight potential differences between 

completers and dropouts. 

The Wilcoxon tests revealed a statistically significant difference in Goal Setting scores between 

dropouts and completers (p = 0.043), with a medium effect size (Cliff’s δ = 0.442). No statistically 

significant differences were observed for the remaining survey subscales. These findings suggest that higher 

self-reported use of goal-setting strategies was associated with course completers, while other reported SRL 

strategies did not differ significantly between groups. 

 

 

 

Figure 1 Boxplot showing the differences between dropouts and completers for the self-reported SRL variables. Only 

Goal setting was significantly associated with dropout status. 
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Table 5 

SRL survey data comparisons between dropouts and completers 
SRL Subscale p-value Cliff's Delta Effect size interpretation 

Goal setting 0.043 0.442 medium 

Strategic planning 0.282 0.234 small 

Task strategies 0.335 -0.212 small 

Elaboration 0.366 -0.195 small 

Self-evaluation 0.650 0.100 negligible 

Help-seeking 0.824 -0.052 negligible 

 

4.3 Predictive value of SRL Strategies (RQ1) 

To test the predictive value of each SRL indicator, we conducted separate logistic regression analyses 

for the self-reported (Table 6) and trace-based variables (Table 7). Among the self-reported SRL strategies, 

only Goal setting emerged as a significant predictor of dropout (β = −0.38, p = .045). The model yielded a 

McFadden’s pseudo-R² of 0.12, which corresponds to a modest improvement in how well the model predicts 

dropout compared with a model containing no predictors. 

In contrast, several trace-based indicators were significant predictors. The number of Unique events 

in Week 1 was a strong predictor (β = −0.52, p = .043; pseudo-R² = 0.34). Time spent in Week 1 also showed 

significant predictive value (β = −0.13, p = .019; pseudo-R² = 0.32). Additionally, Action plan completion (β 

= −3.28, p = .003; pseudo-R² = 0.26) and Forum participation (β = −1.64, p = .003; pseudo-R² = 0.26) each 

substantially improved model fit. Finally, the Pre-assessment quiz Score (β = −0.08, p = .047; pseudo-R² = 

0.11) contributed modestly to model performance. 

Interpretation of the odds ratios indicated that higher survey Goal setting scores were associated with 

a 32% reduction in the odds of dropout (OR = 0.68, 95% CI [0.47, 1.00]). For trace-based indicators, spending 

more time on the course during the first week was associated with a 12% reduction in dropout odds (OR = 

0.88, 95% CI [0.78, 0.98]). Completing more Unique events during the first week reduced dropout odds by 

40% (OR = 0.60, 95% CI [0.36, 0.98]). Completing the Action plan was associated with a 96% reduction in 

dropout odds (OR = 0.04, 95% CI [0.00, 0.33]), and participating in the Forum was associated with an 81% 

reduction (OR = 0.19, 95% CI [0.06, 0.58]). Higher Pre-assessment quiz scores were associated with a 7% 

reduction in dropout odds (OR = 0.92, 95% CI [0.86, 1.00]). 
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Table 6 

Summary of logistic regression analysis predicting dropout from self-reported SRL survey data collected 

during the first week. Statistically significant variables are highlighted. 

 

Predictor Coeffic

ient 

p-

value 

SE Wald 

z 

Odds 

Ratio 

(exp(β)) 

Lower 

95% CI 

Upper 

95% CI 

McFad

den R2 

Regression model 

Goal setting -0.38 0.04 0.19 -2.00 0.68 0.47 0.99 12% logit(p) = 2.534 + (-

0.387) * 

Goal_Setting  

Strategic 

planning 

-0.22 0.27 0.20 -1.09 0.80 0.54 1.19 3% logit(p) = 1.636 + (-

0.219) * 

Strategic_Planning 

Task 

strategy 

0.08 0.55 0.13 0.60 1.08 0.84 1.40 1% logit(p) = -2.078 + 

(0.079) * 

Task_Strategies 

Elaboration 0.19 0.52 0.29 0.65 1.21 0.68 2.13 1% logit(p) = -2.158 + 

(0.188) * 

Elaboration 

Self-

evaluation 

-0.19 0.48 0.27 -0.71 0.82 0.49 1.40 1% logit(p) = 0.668 + (-

0.193) * 

Self_Evaluation 

Help-seeking 
-0.03 0.86 0.16 -0.18 0.97 0.70 1.35 0.08% logit(p) = -0.280 + 

(-0.030) * 

Help_Seeking 
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Table 7 

Summary of logistic regression analysis predicting dropout based on SRL-related trace data from the first 

week. Statistically significant variables are highlighted. 

 

Predictor Coeffic

ient 

p-

value 

SE Wald 

z 

Odds 

Ratio 

(exp(β)) 

Lower 

95% CI 

Upper 

95% CI 

McFa

dden 

R2 

Regression model 

Action plan -3.28 0.003 1.12 -2.94 0.04 0.00 0.33 26% logit(p) = 2.485 + (-

3.283) * actionplan 

Forum 

participation 

-1.64 0.003 0.56 -2.94 0.19 0.06 0.58 26% logit(p) = 2.485 + (-

1.642) * 

forumparticipation 

Time spent  -0.13 0.019 0.06 -2.35 0.88 0.78 0.98 32% logit(p) = 5.869 + (-

0.133) * wk1_time 

Unique events -0.52 0.04 0.25 -2.02 0.60 0.36 0.98 34% logit(p) = 6.338 + (-

0.516) * uniqueevents  

Learning 

resources 

-21.41 1.00 17726

.65 

0 0 0 inf 37% logit(p) = 63.392 + (-

21.413 * 

learningresource) 

Editorial 

resources 

-10.29 1.00 6142.

83 

0 0 0 inf 33% logit(p) = 60.981 + (-

10.287 * editorial) 

Pre-assessment 

quiz 

-0.08 0.047 0.04 -1.99 0.92 0.86 1.00 11% logit(p) = 4.497 + (-

0.074) * 

preassessmentquiz 

 

Following the logistic regression analysis, Receiver Operating Characteristic (ROC) analyses were 

conducted to evaluate the predictive performance of individual self-regulated learning (SRL) measures and 

indicators for learner dropout. Each logistic regression model included only one predictor, allowing us to 

assess the unique association between each SRL variable and dropout. The subsequent ROC analysis 

provided a complementary view by quantifying how well each individual variable could distinguish between 

learners who dropped out and those who completed the course. In ROC analysis, the Y-axis represents 

sensitivity (true positive rate, correctly identifying dropouts), and the X-axis represents 1 − specificity (false 
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positive rate, incorrectly identifying completers as dropouts). AUC values range from 0.5 (no predictive 

value) to 1.0 (perfect discrimination), with values above 0.7 considered acceptable and values above 0.8 

considered strong indicators of predictive utility. 

Among the survey-based SRL measures, Goal Setting demonstrated the strongest discriminative 

ability (AUC = 0.721) (see Figure 2 and Table 8) among the survey variables. These results indicate that 

Goal Setting was the most effective self-reported predictor of dropout, although its predictive strength was 

moderate. 

In contrast, SRL trace data variables exhibited stronger overall predictive performance. Time spent 

during Week 1 yielded the highest AUC (0.807), followed by Learning resource engagement (AUC = 0.786), 

Action plan completion (AUC = 0.762), Forum participation (AUC = 0.762) and Editorial usage (AUC = 

0.762) as shown in Figure 3 and Table 8.  

 

 

 

 

Figure 2. ROC curves for self-reported SRL questionnaire subscales predicting dropout. Goal setting demonstrated the 

highest AUC among survey variables. 
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Figure 3. ROC curves for SRL-related trace data collected during the first week predicting dropout. Higher AUC 

values indicate stronger predictive performance. 
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Table 8 

AUC Values for Predicting Dropout 

Predictor Area Under Curve (AUC) 

Goal setting 0.721 

Strategic planning 0.617 

Task strategies 0.606 

Elaboration 0.597 

Self-evaluation 0.550 

Help-seeking 0.526 

Time spent (Week 1) 0.807 

Action plan 0.762 

Pre-assessment quiz 0.710 

Forum participation 0.762 

Unique events 0.755 

Learning resource 0.786 

Editorial 0.762 

 

4.4 Combined SRL strategy patterns (RQ2) 

To investigate which combinations of SRL indicators best predict dropout, a Decision Tree classifier 

was constructed using all variables identified as significant in the univariate analyses. In decision tree 

modelling, splits are selected based on maximising information gain, that is, reducing classification 

uncertainty at each step. 

The resulting tree (see Figure 4) revealed that the total number of Unique Events (total_events) 

during the first week was selected as the root node, as it provided the greatest reduction in impurity 

compared to all other variables. Learners who performed fewer than 10 unique events in Week 1 were highly 

likely to drop out. Among those with 10 or more unique events, survey Goal setting scores emerged as the 

next most informative split: learners with a survey Goal setting score below 7 had a dropout risk of 71%. For 

learners with higher survey Goal setting scores (≥7), Time spent in Week 1 (wk1_time) served as the final 

major split: learners spending less than 49 minutes showed a 33% dropout risk, while those exceeding 49 

minutes had a substantially lower dropout risk of 7%. 

While other SRL-related variables (e.g., Forum participation, Pre-assessment quiz, Action plan) were 

significant in prior analyses, they were not selected for splitting because they contributed less to immediate 

impurity reduction relative to the variables ultimately chosen. This dynamic prioritisation is a feature of 

decision tree algorithms, which seek the most powerful classifier at each node rather than relying solely on 

global statistical significance. 
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Fig.4. Decision Tree predicting dropout based on Week 1 SRL indicators. The tree prioritises the number of Unique 

events (trace data), followed by Survey Goal setting scores and Time spent. Nodes were selected based on their ability 

to reduce classification uncertainty. Other significant variables were not chosen because they provided less information 

gain at each step. 

 

These findings reinforce that early behavioural engagement (captured by unique platform 

interactions), and intentional goal setting are key determinants of learner persistence. The hierarchical 

dominance of Unique events as the root node further highlights its strength as an early behavioural predictor 

of dropout risk. 

 

4.5 Learner profiles based on Week 1 activity (RQ3) 

To identify learner profiles, Agglomerative Hierarchical Clustering (HCA) was applied to the Week 1 

trace data. In this method, each participant initially started as an individual cluster, and clusters were 

progressively merged based on similarity until the final structure emerged. Based on the dendrogram (Figure 

5) and the elbow plot (Figure 6), a three-cluster solution was selected as optimal. The resulting clusters were 

interpreted as follows: the first group, Completers (n = 21), exhibited high levels of SRL behaviour and 

sustained engagement throughout the course; the second group, Late dropouts (n = 9), showed similar initial 

SRL behaviours but eventually disengaged; and the third group, Early dropouts (n = 7), displayed low levels 

of SRL activity and disengaged within the first week. Cluster characteristics and comparisons are summarised 

in Table 9. Early dropouts performed fewer actions, spent significantly less time on the platform, and 

completed fewer resources compared to the other two groups. Although Late dropouts initially resembled 

Completers in their Week 1 activity levels, their subsequent disengagement highlights the complexity of 

predicting long-term persistence and underscores the importance of developing more tailored support 

strategies to maintain learner engagement over time. 
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Fig 5. Dendrogram obtained from Hierarchical Clustering with trace data variables alone, showing 3 clusters (k=3) of 

learners 
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Fig 6. Elbow graph breaking at point 3, showing k=3 as the optimal number for forming clusters. 

 

 

 

Table 9 

Profiles of learners based on trace data variable characteristics 

Profile ‘Completers’ ‘Late Dropouts’ ‘Early Dropouts’ 

Number of learners 21 9 7 

Status (1=Dropout or 0=Not Dropout) 0 (Not Dropout) 1 (Dropout) 1 (Dropout) 

Total time spent throughout the course 171.0 [147.1, 194.8] 82.2 [55.7, 108.7] 21.6 [8.8, 34.3] 

Time spent during Week 1 50.9 [48.9, 52.8] 50.0 [46.9, 53.1] 17.7 [11.3, 24.1] 

Total unique events carried out 13.8 [13.6, 14.0] 14.0 [14.0, 14.0] 4.6 [2.3, 6.9] 

Pre-assessment quiz score 68.9 [64.6, 73.2] 65.1 [57.9, 72.3] 49.6 [27.7, 71.4] 

Filled out the action plan 0.9 [0.8, 1.0] 1.0 [0.7, 1.0] 0.0 [0.0, 0.4] 

Participated in forum 1.9 [1.6, 2.0] 2.0 [1.4, 2.0] 0.0 [0.0, 0.7] 

Number of learning resources carried out 3.0 [3.0, 3.0] 3.0 [3.0, 3.0] 0.6 [-0.2, 1.3] 

Number of editorial carried out 6.0 [6.0, 6.0] 6.0 [6.0, 6.0] 2.6 [0.8, 4.3] 
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4.6 Process mining analysis 

Process maps of Week 1 learning behaviour were generated for dropouts and completers using 

Fluxicon Disco (see Figures 7 and 8). In these maps, nodes (rectangles) represent different types of learning 

activities, such as reading a document, watching a video, completing a quiz, or participating in a discussion 

forum. The edges (arrows) represent transitions between activities, where learners move from one content 

element to another. The thickness of each arrow reflects the frequency of that transition, thicker arrows 

indicate more learners following that path, and the numbers on the arrows display the exact count of learners 

who made that specific transition along the visualised path. The numbers inside the nodes show the total 

number of learners who visited that activity, including those who arrived through less common paths not 

shown in the figure. For example, the node labelled 'How HILL savvy are you?' shows that 11 learners 

accessed this quiz, but only 7 learners followed the direct transition from 'High Impact Learning that Lasts!' 

to it; the remaining learners arrived through alternative paths that were too infrequent to be displayed. 

Process mining software typically filters out less frequent paths to maintain figure clarity, so not all 

movement between activities is fully visualised. 

The names inside the nodes correspond to specific course elements that learners interacted with. For 

example, 'How HILL savvy are you?' and 'Self-Regulated Learning' refer to a quiz and a questionnaire, 

respectively. 'Meet the expert' and 'How to create urgency' are video lectures, while 'Share your experiences' 

refers to a discussion forum activity where learners were encouraged to discuss topics and ask questions. 

Dropouts typically exhibited simpler and shorter sequences, often terminating shortly after 

completing a quiz or questionnaire. Their process maps show fewer transitions between different content 

types and lower overall activity frequency. Quiz activities frequently marked the final step for dropouts, 

indicating an abrupt disengagement after confrontation with assessment tasks. 

In contrast, completers followed longer, more interconnected learning paths. Their maps reveal more 

frequent and complex transitions between various content types, such as moving from a video to a document 

and then to a quiz, often looping back to previous materials. Completers not only completed quizzes but also 

continued engaging with other resources afterward, suggesting a deeper and more sustained learning 

approach. These visualisations illustrate that the depth, continuity, and diversity of engagement during the 

first week are key indicators distinguishing learners at risk of early dropout from those likely to persist and 

succeed.  
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Fig 7. Process map of Week 1 learning behaviour for dropouts. Nodes represent course elements (e.g., videos, quizzes, 

documents, discussion forums), with names reflecting the actual course content. Thicker arrows indicate more frequent 

transitions. Dropouts typically followed shorter and simpler paths, often terminating after quiz or questionnaire 

activities. 
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Fig 8. Process map of Week 1 learning behaviour for completers. Nodes represent course elements (e.g., videos, 

quizzes, documents, discussion forums), with names reflecting the actual course content. Thicker arrows indicate more 

frequent transitions. Completers exhibited longer, more complex engagement patterns, often looping between content 

types and progressing beyond initial assessments. 

 

 



 

Eldemellawy et al. 
 
 

 

 

92 | F L R  
 

5. Discussion 

This study examined the predictive value of trace-based and self-reported indicators of self-regulated 

learning (SRL) in a professional online learning environment delivered through a corporate Learning 

Experience Platform (LXP). Extending SRL research beyond academic settings (e.g., Kizilcec et al., 2017; 

Broadbent & Poon, 2015), it addressed the professional learning context, where motivation, time constraints, 

and organisational expectations shape how learners engage and persist. By integrating behavioural trace data, 

survey measures, and complementary analytic techniques (logistic regression, decision trees, clustering, and 

process mining), the study provides a multi-layered view of how early SRL-related behaviours relate to 

dropout and course completion. 

5.1 Key findings and theoretical interpretation 

Across analyses, trace-based indicators of SRL were stronger predictors of early dropout than self-

reported strategies. Among these, Action plan completion, a behavioural proxy for goal setting, and Unique 

events, a proxy for task strategy diversity, showed the most consistent associations with persistence, aligning 

with findings from Moreno-Marcos et al. (2020), Kizilcec et al. (2017), and Wong et al. (2021). These 

results suggest that early, enacted SRL behaviours, particularly planning and diverse engagement, serve as 

meaningful early signals of sustained participation. In contrast, among self-reported measures, only Goal 

setting was significant, indicating that perceived strategy use may not always translate into action in 

professional learning contexts. 

The decision tree and cluster analyses further revealed that SRL behaviours interact in complex, non-

linear ways: combinations of low goal setting and limited early engagement were associated with higher 

dropout likelihood, whereas learners who combined clear goal setting with moderate early engagement (e.g., 

≥10 unique actions and >49 minutes on the platform) were unlikely to drop out. Notably, Late Dropouts, 

who initially resembled Completers but disengaged later, illustrate that early engagement alone may not 

sustain long-term participation, which likely also depends on motivational and contextual factors. 

These findings align with established SRL frameworks, which conceptualise learning as a cyclical 

process of planning, monitoring, and reflection. Zimmerman’s (2000) three-phase model, forethought, 

performance, and reflection, emphasises that effective learners plan ahead and monitor progress, while 

Winne and Hadwin’s (1998) model highlights adaptive control, where learners adjust strategies in response 

to feedback. The present results reflect these mechanisms: learners who engaged in planning behaviours 

(e.g., completing an action plan) and performance-related activities (e.g., diverse task engagement) were less 

likely to drop out. Behavioural indicators therefore serve as real-time proxies for these self-regulatory 

processes, complementing but not replacing self-reports that capture perceived strategy use (Winne, 2020; 

Tempelaar et al., 2020; Maldonado et al., 2018). Among self-reported strategies, Goal setting was most 

predictive, corresponding to Zimmerman’s forethought phase: learners who articulated clear goals were 

more likely to maintain engagement. 

In professional learning contexts, where participation occurs alongside work responsibilities and 

organisational expectations, even small early acts of self-regulation, such as completing an action plan or 

posting in a forum, can differentiate those who remain engaged from those who disengage (Littlejohn et al., 

2016; Milligan & Littlejohn, 2014). These findings support the adaptation of SRL theory to professional 

learning by integrating situational and motivational dynamics specific to working adults. 

5.2 Limitations 

Several limitations should be noted. First, while behavioural trace data offer valuable proxies for 

SRL, their interpretation remains inferential: metrics like time spent or event counts reflect observable 

activity, but not necessarily the cognitive or motivational processes underlying self-regulation (Winne, 2020; 
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Jansen et al., 2020). Although self-report data were also collected, we did not triangulate trace and survey 

data at the individual level due to ethical and privacy considerations. Future studies should explore ethically 

approved methods for linking multiple data sources or combine trace data with qualitative approaches, such 

as think-aloud protocols or interviews, to strengthen construct validity. 

The small sample size limits statistical power, particularly for decision tree and clustering analyses, 

which are sensitive to overfitting. The dataset also derives from a single professional organisation, which 

may constrain generalisability. Organisational culture, platform design, or workforce composition could 

influence SRL behaviours and dropout patterns. Moreover, demographic data (e.g., age, gender, job role) 

were not collected to protect participant privacy, precluding subgroup analyses. Future research should 

replicate these findings across diverse professional settings and organisational contexts. 

Finally, as shown in Table 2, not all trace indicators equally capture SRL processes. Some variables, 

such as total time on platform or number of unique events, reflect general engagement, whereas others, like 

Action Plan completion and forum participation, are more directly linked to self-regulatory behaviours such 

as goal setting, monitoring, and help-seeking (Winne & Hadwin, 1998; Maldonado et al., 2018; Jansen et al., 

2020). Future work should refine these proxies to align more closely with SRL sub-processes by analysing 

the timing, sequence, and depth of interactions rather than frequency or duration alone. 

5.3 Practical implications and future directions 

Early behavioural indicators can inform the design of adaptive workplace learning systems capable 

of detecting disengagement in real time. Encouraging action planning and goal setting during the first week 

may strengthen the forethought phase of SRL and support sustained engagement. Because Late Dropouts 

initially mirrored Completers, as shown in the hierarchical clustering analysis, a single early engagement 

checkpoint may not suffice. Ongoing monitoring and targeted, low-intensity nudging across the course could 

help detect and prevent emerging disengagement before it leads to full dropout. 

Decision tree and clustering models proved valuable for identifying distinct learner profiles (e.g., 

early and late dropouts) and visualising combinations of SRL behaviours associated with persistence. These 

interpretable models can guide instructional design and platform development, but they should be validated 

on larger, more diverse samples to enhance generalisability and capture the dynamic nature of SRL across 

time and contexts. 

To improve predictive precision, future research should combine clickstream data with multimodal 

inputs, such as keystroke dynamics, eye-tracking, or learner reflection logs, to obtain finer-grained insight 

into cognitive and metacognitive regulation (Azevedo et al., 2017; Sharma et al., 2019; Giannakos et al., 

2021; Hilpert, Greene, & Bernacki, 2023). As learning increasingly unfolds in collaborative environments, 

further studies should also investigate co-regulated and socially shared regulation (Hadwin et al., 2011; 

Järvelä & Hadwin, 2013; Malmberg et al., 2022) to understand how professionals coordinate goals and 

strategies within online communities. 

Together, these implications highlight the potential of integrating behavioural analytics with SRL 

theory to design adaptive, evidence-based learning environments that better support professional learners’ 

persistence and success. 

  



 

Eldemellawy et al. 
 
 

 

 

94 | F L R  
 

Keypoints 

 Trace-based indicators of learner engagement were stronger predictors of dropout than self-

reported strategies. Among self-regulated learning survey measures, only self-reported goal 

setting showed a significant negative relationship with dropout. In contrast, learners who 

explored a wider range of course features, spent more time on the platform in Week 1, 

participated in the forum, completed an early planning task, or performed better on a pre-

course quiz were significantly less likely to drop out. 

 Decision trees and clustering techniques revealed distinct patterns of early engagement 

related to dropout risk. These methods showed that combinations of early behaviours, rather 

than isolated actions, can signal learners at higher or lower risk of disengagement. 

 Mapping behavioural patterns to SRL theory enables more targeted support for professional 

learners. Interpreting trace data through an SRL lens can inform timely, personalised 

interventions to help learners stay on track in flexible, self-paced learning environments. 
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Appendix: SRL Self Report Survey including removed items 

Self-Regulated Learning Self Report Survey - update 

 

Please indicate the extent to which the following statements describe your behaviour in the MOOC. Indicate 

how you typically behave rather than how you think you should behave. There are no correct or incorrect 

responses to these questions. 

 

Goal Setting  

 

1. I set personal standards for performance in my learning. 

o Very true for me 

o True for me  

o Quite true for me 

o Sometimes true for me  

o Not at all true for me 

 

2. I set short-term (daily or weekly) goals as well as long-term goals in my learning. 

o Very true for me 

o True for me  

o Quite true for me 

o Sometimes true for me  

o Not at all true for me 

 

3. I set realistic deadlines for learning. 

o Very true for me 

o True for me  

o Quite true for me 

o Sometimes true for me  

o Not at all true for me 

 

Removed Item: 

o I set goals to help me manage studying time for my learning.  

 

Strategic Planning 

 

4. I ask myself questions about what I am to study before I begin to learn. 

o Very true for me 

o True for me  

o Quite true for me 

o Sometimes true for me  

o Not at all true for me 

 

5. I think of alternative ways to solve a problem and choose the best one. 

o Very true for me 

o True for me  

o Quite true for me 

o Sometimes true for me  

o Not at all true for me 

 

6. I organise my study time to accomplish my goals to the best of my ability. 
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o Very true for me 

o True for me  

o Quite true for me 

o Sometimes true for me  

o Not at all true for me 

 

Removed Item: 

o When planning my learning, I use and adapt strategies that have worked in the past 

 

Task Strategies 

 

7. I try to translate new information into my own words.  

o Very true for me 

o True for me  

o Quite true for me 

o Sometimes true for me  

o Not at all true for me 

 

8. I change strategies when I do not make progress while learning. 

o Very true for me 

o True for me  

o Quite true for me 

o Sometimes true for me  

o Not at all true for me 

 

9. When I study for courses, I make notes to help me organise my thoughts.  

o Very true for me 

o True for me  

o Quite true for me 

o Sometimes true for me  

o Not at all true for me 

 

10. I create my own examples to make information more meaningful. 

o Very true for me 

o True for me  

o Quite true for me 

o Sometimes true for me  

o Not at all true for me 

 

11. I look for additional resources beyond the core course materials to improve my understanding.  

o Very true for me 

o True for me  

o Quite true for me 

o Sometimes true for me  

o Not at all true for me 

Removed Item: 

o I ask myself how what I am learning is related to what I already know 

Elaboration 

 

12. When I am learning, I try to relate new information I find to what I already know. 

o Very true for me 



 

Eldemellawy et al. 
 
 

 

 

101 | F L R  
 

o True for me  

o Quite true for me 

o Sometimes true for me  

o Not at all true for me 

 

13. I try to apply my previous experience when learning. 

o Very true for me 

o True for me  

o Quite true for me 

o Sometimes true for me  

o Not at all true for me 

Removed Item: 

o When I am learning, I combine different sources of information (for example: people, web sites, 

printed material). 

Self-Evaluation 

 

14. I know how well I have learned once I have finished a task. 

o Very true for me 

o True for me  

o Quite true for me 

o Sometimes true for me  

o Not at all true for me 

 

15. I think about what I have learned after I finish. 

o Very true for me 

o True for me  

o Quite true for me 

o Sometimes true for me  

o Not at all true for me 

Removed Item: 

o I ask myself if there were other ways to do things after I finish learning. 

Help Seeking 

 

16. When I do not understand something, I ask others for help. 

o Very true for me 

o True for me  

o Quite true for me 

o Sometimes true for me  

o Not at all true for me 

 

17. I try to identify others whom I can ask for help if necessary 

o Very true for me 

o True for me  

o Quite true for me 

o Sometimes true for me  

o Not at all true for me 

 

18. I ask others for more information when I need it. 

o Very true for me 
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o True for me  

o Quite true for me 

o Sometimes true for me  

o Not at all true for me 

Removed Item: 

o Even if I am having trouble learning, I prefer to do the work on my own. (reverse coded item) 
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