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Abstract—Recent research shows that learners who are able to 

self-regulate their learning show greater levels of engagement with 
Massive Open Online Course (MOOC) content. To improve 
support for learners in their self-regulatory processes, researchers 
have proposed technological solutions to transform recorded 
MOOC data into actionable knowledge. However, studies 
providing empirical evidence on how these solutions impact 
learners’ engagement with the course and their self-regulatory 
behavior remain scarce. In this paper, we present the results of an 
observational case study in which NoteMyProgress (NMP), a web-
based tool designed to support learners’ self-regulation in 
MOOCs, is applied as an intervention in two MOOCs. The main 
aim of this study is to provide insights into how the support of 
learners’ Self-regulated Learning (SRL) strategies correlates with 
course engagement. We performed the evaluation using a sample 
of 263 learners and utilized distinct data sources in order to 
propose indicators for learners’ engagement with the course and 
NMP. Results show a positive correlation between learners’ final 
grades with NMP functionalities that support goal setting, 
organization (note taking), and self-reflection (social comparison) 
SRL strategies. Furthermore, we found no significant behavioral 
differences in how learners with low SRL and high SRL profiles 
engage with the course or NMP. Finally, we discuss how these 
results relate to prior work and the implications for future 
technological solutions that seek to promote engagement in 
MOOCs.    
 

Index Terms—Dashboard, data capture, engagement, learning 
engagement, massive open online courses, MOOCs, self-regulated 
learning.  
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I. INTRODUCTION 
TUDYING the reasons behind learners’ engagement and 
disengagement with Massive Open Online Courses 

(MOOCs) has been a major line of research in recent years [1]–
[4]. Literature defines engagement in MOOCs as the learners’ 
involvement with course content and the tools available within 
the learning environment [5]. Using this definition as a basis, 
several researchers have studied the reasons behind greater 
learner engagement and disengagement in MOOCs. The results 
of this prior research show that, while learners’ personal 
intrinsic motivation [1] and prior knowledge [2] have been 
related to greater learner engagement, a lack of self-regulatory 
skills is one of the most attributed reasons for disengagement 
[4]. In a context such as MOOCs, where there is little to no 
guidance from teachers, learners have difficulties in completing 
their learning goals and planning their tasks in order to achieve 
their learning objectives. In fact, according to recent studies, 
learners who are capable of self-regulating their learning show 
greater engagement with course activities [6], [7] and have a 
greater likelihood of achieving their learning goals [8]–[10].   

Based on these evidences, researchers have begun to design 
tools and conduct interventions to support learners’ SRL 
strategies in these environments [11], [12]. However, only a 
small number of these works evaluate and measure how 
learners’ SRL strategies relate to engagement [13]–[15]. All 
such works follow a novel approach for studying SRL, which 
Panadero [16] calls “the third wave of measurement in the SRL 
field” that consists of studying SRL by taking advantage of 
information technology systems that can be used for scaffolding 
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learners’ SRL strategies and capturing data to measure their 
self-regulatory process. Studies that follow this approach 
propose different measures for investigating the relationship 
between engagement and SRL. Authors such as Davis et al. 
[13], [14] propose high-level measures; that is, studying the 
relationship between engagement and SRL from an overall 
perspective by measuring the relationship between the number 
of learners’ interactions with course activities and those with 
the proposed tool for supporting SRL strategies. More recently, 
authors such as Milikić et al. [15], inspired by the approach 
recommended by Siadaty et al. [17], have gone a step further 
and proposed micro-level measures; that is, an analysis of 
learners’ interactions with course content and their interactions 
with functionalities of the tool that are designed to support a 
particular SRL strategy.  

This prior body of work serves as a starting point to analyze 
the impact of intervening with tools for scaffolding SRL 
regarding MOOC learners’ engagement. However, the number 
of studies that analyze this relationship remains scarce and has 
been undertaken using different indicators to measure 
engagement in relation to specific SRL strategies. Thus, further 
empirical results are needed to improve understanding of the 
relationship between SRL scaffolding and engagement in 
MOOCs. First, greater analysis of different learning platforms 
and the use of different tools for SRL scaffolding is required in 
order to increase the number of cases and amount of data 
available in the literature. Second, since particular interventions 
address some but not all SRL strategies, additional studies are 
needed to provide evidence of the effectiveness of certain SRL 
strategies compared to others. Finally, it is important to enrich 
current literature with different measures of SRL, based on 
distinct indicators and a combination of multiple data sources.  

In order to provide new empirical results and additional 
evidence on the relationship between engagement and SRL 
scaffolding, we propose an observational case study using the 
NoteMyProgress (NMP) tool for intervening in two MOOCs on 
Coursera. The NMP tool was designed and implemented during 
previous work [18] to scaffold SRL strategies in MOOCs. 
Specifically, the present study contributes to the current body 
of literature by analyzing the following question: How does the 
use of NMP as a complement of a MOOC affect engagement 
and performance of learners with a different SRL? We 
compared the level of involvement with course resources 
(frequency of interaction with video-lectures, assessment 
activities, and supplementary materials) of learners using NMP 
voluntarily and those not using it at all. In addition, we analyzed 
learners’ self-reported SRL profiles and whether these have an 
influence on learners’ involvement with course content and/or 
the use of NMP. That is, we analyzed engagement in a holistic 
manner by considering the frequency of interactions with both 
course content and the functionalities of NMP. 

Three contributions of this work are original in relation to 
previous studies. First, it is the first work to study the 
relationship between SRL scaffolding and engagement in 
MOOCs deployed on the Coursera platform. Since Coursera is 
a closed system, conducting interventions beyond simply 
introducing questionnaires or providing written guidelines to 

learners is a difficult task [19]. In our study, we propose using 
NMP as a complementary tool on the Coursera platform for 
SRL scaffolding. Second, no changes were undertaken in the 
course instructional design to scaffold learners’ SRL strategies. 
The use of NMP (SRL scaffolding) was entirely voluntary and 
no changes were implemented to the course activities for 
conditioning learners’ behavior. Third, this work proposes 
novel indicators for measuring the relationship between SRL 
scaffolding and engagement. These indicators are the result of 
cross-analyzing data from different sources, not only from the 
course and tool log files that register learners’ interactions with 
the course and NMP, but also by considering findings from self-
reported data about learners’ SRL profiles and their perceptions 
about the tool. These three contributions help to broaden the 
current body of literature on the study of SRL scaffolding and 
engagement in MOOCs.  

II.  RELATED WORK 

A. SRL and Engagement in MOOCs 
The characterization of a self-regulated learner is their ability 

to initiate cognitive, metacognitive, affective and motivational 
processes [20]. Pintrich [20] defines self-regulation as an 
active, constructive process whereby learners set goals for their 
learning and then attempt to monitor, regulate and control their 
cognition, intentions and behavior, guided and constrained by 
their goals and the contextual features of the environment. This 
model defines a number of strategies related to the different 
phases of a self-regulation process that facilitate their 
understanding and identification based on observable behavior 
[20], [21]: (1) Cognitive strategies (rehearsal, elaboration and 
organization), which refer to activities that learners perform to 
execute simple tasks, such as memorizing, or more complex 
tasks that require the understanding of information; (2) 
Metacognitive strategies (goal setting, planning, monitoring 
and self-evaluation), which refer to activities performed by 
learners to monitor and reflect on their learning process; and (3) 
Resource management strategies (help-seeking, time 
management, regulation, and organization of the study 
environment), which refer to the activities performed by 
learners to manage their learning environment and the available 
resources. These strategies are organized into four phases of 
SRL (forethought; planning and activation; monitoring; 
control; and reaction and reflection) [22], [23]. 

Several studies suggest that SRL has a direct effect on 
learners’ engagement with the learning activities in the MOOC. 
Littlejohn et al. [6], for example, found that learners with high 
SRL profiles tend to engage more in the activities and materials 
associated with their individual needs or interests, whereas 
learners with low SRL profiles complete all activities and 
assessments to obtain a certificate and complete the course. 
That is, according to the level of their self-regulation profile, 
learners engage more strategically with the course activities and 
materials. Kizilcec et al. [24] found that learners who 
repeatedly participate in metacognitive strategies, such as goal 
setting and strategic planning, engage more with the 
assessments proposed in the course and by reviewing 
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previously studied material. Maldonado-Mahauad et al. [25] 
found that learners with similar self-regulation profiles can 
engage with the course material in different ways. For example, 
learners with a high self-regulation profile tend to engage more 
with video reading (Comprehensive Learners), whereas other 
learners with the same self-regulation profile become more 
involved with the assessments (Targeting Learners). These 
studies provide empirical evidence that learners’ self-regulation 
strategies, as well as their self-regulation profiles, can have a 
positive impact on their engagement with the course. 

B. Tools Supporting SRL in MOOCs 
Based on the evidence linking SRL and engagement in recent 

years, researchers have been working on proposing several 
tools to support SRL in online environments. Pérez-Álvarez et 
al. [11] present a review of 22 tools designed to support SRL in 
online learning environments from 2005 to 2018. Of the 22 
analyzed tools, only 6 were intended to support SRL in 
MOOCs: Serious Game [9]; Learning Tracker [13], [26]; 
Video-Mapper [27]; MyLearningMentor [28]; FORGE [29]; 
and eLDA [30].  

Five of these six tools evaluated tool usability or usefulness, 
and only Davis et al. [13] considered learners’ engagement in 
their evaluation. In this study, the authors evaluated Learning 
Tracker, a widget for the edX MOOC platform that supports 
goal setting and planning, time management, and self-
monitoring SRL strategies. The widget provides learners with 
feedback about their behavior on the course in comparison to 
that of their most successful peers by means of spider chart 
visualization. The results of this study show that Learning 
Tracker had an impact on course completion. The same authors 
proposed the SRLx [14], an xBlock to support goal setting and 
monitoring of SRL strategies in the edX platform. SRLx 
provides learners with a form to support goal setting and three 
visualizations to monitor their goal progress. The results of this 
study show that learners with higher interactions with the SRLx 
tool engaged more with lectures and assessments of the course. 
Both studies report the effect of technological intervention for 
supporting SRL strategies in a MOOC on learners’ engagement 
by relating the number of interactions in terms of the 
intervention with completion rates. However, the authors do not 
provide evidence on the association between the particular SRL 
strategies of learners and their engagement, but rather the usage 
of the technological intervention on completion rates.  

The study by Milikić et al. [15] goes further in this regard, 
providing evidence on how SRL scaffolds embedded in the 
ProSolo MOOC platform relate to learners’ SRL micro-level 
processes. Specifically, the authors propose four functionalities 
in ProSolo for encouraging goal setting, making personal plans, 
working on the task, and applying strategy changes through 
mandatory activities embedded as part of the course. Based on 
Siadaty et al. [17], the authors relate the functionalities of 
ProSolo to SRL micro-level processes and analyze their 
association with engagement.  

This prior work is a solid starting point for exploring how 
supporting SRL strategies can have an impact on learners’ 
engagement in MOOCs. In this paper, we build on these works 

and expand certain aspects that merit further exploration. First, 
prior work has studied the effect of supporting goal setting and 
strategic planning, although it is important to investigate other 
strategies that have been related to success. Second, while these 
studies have been conducted on the edX and ProSolo MOOC 
platforms, researchers should conduct studies on other 
platforms in order to broaden the range of cases available and 
thus move towards generalization. Third, additional studies that 
relate learners’ SRL strategies to engagement are required to 
complement this prior work with new SRL measures. To date, 
David et al. [13] [14] merely analyzes the relationship between 
using the technological intervention with completion rates, 
while the work by Milikić et al. [15] is unique in that it analyzes 
the relationship between particular SRL strategies and 
engagement. 

C. Measuring Engagement in MOOCs 
Definitions and measures of learners’ engagement in MOOCs 

come in many different forms in the literature. Fredricks et al. 
[5] conducts a literature review on the ways in which learners’ 
engagement has been  studied and organizes them into three 
dimensions, according to how they are measured: (1) behavioral 
measures, related to participation in curricular and 
extracurricular activities and which is crucial for achieving 
positive academic outcomes; (2) cognitive measures, related to 
the use of cognitive skills to understand complex ideas; and (3) 
emotional measures, associated with positive and negative 
reactions of learners to learning factors and resources. Despite 
the diversity of definitions and measures, researchers agree with 
the definition of engagement as the learners’ level of 
involvement with their learning process or tools available in the 
learning environment, both internal and external. In line with 
this definition, researchers have used a number of different 
indicators to measure engagement, including those related to 
autonomy, execution, social, delivery, participation, 
collaboration, cooperation, questioning, organization of the 
environment, and fun [8]. The majority of the works that have 
studied engagement in MOOCs use the information collected 
through the platform log files as their main data source [31]. 
These log files have different characteristics depending on the 
learning platform in which the experiment is conducted. 
However, most capture the learners’ interaction with the 
resources as well as the time taken to do so. Generally, previous 
studies on MOOCs used these log files as the only source of 
information with which to analyze learners’ engagement [32]. 
These log files help to define several indicators to understand 
the level of learners’ engagement or disengagement with the 
course [1]–[3], [33]–[36]. Table I presents a number of 
examples of indicators used in prior works to measure 
engagement in MOOCs, organized according to low-level and 
high-level granularity. 

 Studies that analyze engagement using low-level granularity 
indicators propose sub-activities of a specific activity within the 
MOOC or in complementary tools external to the course in 
order to study the learners’ behavior. For example, Hayati et al. 
[33] and Davis et al. [14] analyzed learners’ interactions with 
the lectures on the course platform, including start, pause, 
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resume, stop, slide_enter, slide_exit, fast-forward, rewind, 
scrub. Anderson et al. [36] used the frequency of interactions 
with the lectures and the assessment activities in the course as 
an engagement indicator to classify learners into corresponding 
groups. Similarly, Sunar et al. [37] studied the behavior of 
learners who followed additional learners in the forums in 
relation to their behavior with other course activities and the 
completion of the course. Their results show that learners who 
follow other learners in the forums increase their probability of 
completing the course. Other researchers use similar low-level 
metrics, albeit by analyzing frequencies of learners’ 
interactions on the platform as well as via external or 
complementary MOOC tools. Alario-Hoyos et al. [38] analyze 
learners’ interactions with social networking tools, such as 
Facebook or Twitter, and found a moderate relationship 
between the number of learners’ contributions in the social tools 
and their engagement with the course. Similarly, Davis et al. 
[14] consider indicators of learners’ interactions with the SRLx 
tool in order to identify the relationship between the use thereof 
and interactions with the course. In this case, the authors show 
that a relationship exists between the number of learners’ 
interactions with the SRLx tool and their engagement with the 
course content; however, they do not attribute these results 
directly to the use of the tool. 

Other researchers analyze learners’ engagement using high-
level granularity indicators, which group low-level indicators 
into more complex behaviors. This is the case regarding the 
work of Kizilcec et al. [2], who grouped different interactions 
into patterns that they then related to self-regulation strategies 
to analyze the level of learners’ engagement with the course. 

In this observational study, we build on this prior work and 
propose to measure engagement using low-level external and 
internal indicators previously propounded in the literature. On 
one hand, we use the Coursera MOOC platform log files to 
analyze the learners’ interactions with the lecture resources and 
assessment activities. On the other hand, we use NMP log files 
to analyze the learners’ interactions with the different features 
that this tool offers. By studying engagement from learners’ 
interaction with both the course material and NMP activities, 
we are able to extract quantitative indicators, including 

frequency of interaction with NMP functionalities, time 
invested and participation in course learning activities, and 
grades obtained [35]. We can then relate these to learners’ SRL 
strategies.  

D. SRL Measures 
 One of the most commonly adopted methods for measuring 

SRL strategies is the self-reported mechanisms approach 
(consisting of surveys and interviews). These methods provide 
a static measure of learners’ SRL profiles at a particular 
moment of the course, and are therefore limited for capturing 
learners’ strategies during their entire learning process [15]. In 
order to make progress with regard to these static measures, 
some researchers are exploring different approaches that 
propose the development of tools for scaffolding SRL 
strategies. These scaffolds are used to support learners’ SRL 
strategies and to capture their traces for analyzing behavior 
during the learning process [16]. One of the main challenges of 
this aforementioned approach is to relate learners’ actions with 
the scaffolding tool to the SRL strategies they are seeking to 
develop. Siadaty et al. [17] proposed an approach to establish 
this type of relationship. Accordingly, they refer to self-
regulatory phases as macro-level processes, composed of 
micro-level processes that relate to different SRL strategies. To 
establish an association between the scaffolding offered by the 
tool and the SRL strategies, Siadaty et al. [17] associate the 
different functionalities of the SRL scaffold with one or more 
SRL strategies. Subsequently, the interactions of the learners 
with the different strategies become a proxy for measuring the 
learners’ strategies being deployed. Researchers in the area of 
Technologies Enhance Learning (TEL) [15] use the approach 
proposed by Siadaty et al. [17] to associate functionalities to 
micro-events related to SRL.  

In this study, we use the Pintrich SRL model [20] and 
definition of strategies as the theoretical framework from which 
to relate learners’ self-regulatory profiles and activities to the 
observable behavior captured in log files in NMP. That is, each 
of the functionalities of NMP (described in Section III) is 
related (from its design) to one or several SRL strategies, as 
defined by Pintrich (see Fig.1 in Section III). Thus, we can 
identify learners’ strategies by analyzing their interactions with 

TABLE I 
ENGAGEMENT INDICATORS  

 
Indicators 

On the MOOC Platform With Tools/Platforms Complementing the MOOC 

Low-level Granularity 
Indicators 

 

• Frequency of interaction with lectures (start, pause, resume, stop, 
slide_enter, slide_exit, fast-forward, rewind, scrub) (Kaveri et al. [1], 
Davis et al. [14], Hayati et al. [33], Sunar et al. [37]). 

• Frequency of interaction on online forums (Kaveri et al. [1], Kizilcec et 
al. [2], Davis et al. [14], Rodrigues et al. [35], Anderson et al. [36], 
Sunar et al. [37]). 

• Frequency of interaction with assessment activities (quizzes, exams) 
(Davis et al. [14], Hayati et al. [33]). 

• Social network interaction (Alario-Hoyos et al. [38]). 

• Number of interactions with external tools 
(number of videos and quizzes, and total hours 
planned to spend on the course per week) (Davis 
et al. [14]). 

• Motivation expression (submission of text) 
(Davis et al. [14]). 

• Time spent on the course activities (Davis et al. [14]). 
• Performance (grade, max_grade, percent_grade, answers, 

num_attempts, first_submit and last_submit) (Hayati et al. [33]). 

 
 

High-level Granularity 
Indicators 

• Patterns of interaction with lectures and assessment (Kizilcec et al. [2]).  
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the tool at a micro-level. Then, we can study how these 
interactions relate to learners’ activities in the course in order to 
extract indicators for measuring the relationship between the 
SRL strategies and learners’ engagement with the MOOC. 

III. NOTEMYPROGRESS TOOL  
NMP is a web-based tool designed to support learners’ self-
regulated learning strategies in MOOCs [18]. NMP acts as a 
complement for any MOOC platform and consists of two 
elements: (1) a plugin developed in JavaScript, and (2) a web-
based dashboard developed in Ruby on Rails. The plugin tracks 
data from the learners’ learning activities through URLs in their 
browser once they begin working on the course. From the URL, 
the plugin makes simple calculations to provide learners with 
general real-time feedback on their course activity in the form 
of graphics and values [39]. The dashboard automatically 
analyzes the data captured by the plugin and presents 
visualizations with interactive graphs to help the learners keep 
track of their activity on the course. Interactive displays show 
additional information to learners when they position the cursor 
over specific data and allow learners to filter information by 
period or type of activity, according to their interests. Finally, 
learners can activate or deactivate the “social comparison” 
option, which allows them to compare their performance with 
that of other learners.  

To design the functionalities and visualizations incorporated 
into NMP, we considered the SRL strategies defined by Pintrich 
[20] that had been highlighted as the most effective for learners 
in MOOCs in prior work [24], [40], [41]. These strategies 
include goal setting, strategic planning, time management, 
organization (note-taking), and self-reflection. In addition, we 
defined the indicators and visualizations provided in each of the 
NMP functionalities according to the results of our systematic 
literature review, which analyzed and classified indicators used 
in 22 tools designed for supporting SRL in online settings [11]. 
Therefore, the design of all functionalities in NMP was to 
provide support to a specific SRL strategy. In this way, and 
following the approach of Siadaty et al. [17], we can directly 
relate learners’ interactions with NMP functionalities to a 
particular SRL strategy. Fig. 1 shows the NMP functionalities 
and SRL strategies supported, in addition to how they associate 
to one another.  
• Goal setting and planning panel, provides learners with 

an open form to define goals on a weekly basis (number 
of videos to watch, number of evaluations to be made, 
days they plan to study, and amount of time they plan to 
invest in the course). In addition, it shows a set of statistics 
and visualizations for supporting their strategic planning 
(most effective day of the week, average number of videos 
seen per week, average time spent per week on course 
content, average time spent per week by other successful 
learners’ in previous editions of the course);  

• Time monitoring panel, provides learners with eight 
visualizations about how they have invested their time in 
each course activity and how efficient they have been in 
completing each one; 

• Note taking, where learners can create notes about the 
course and edit, delete, and download these notes;  

• Effectiveness evaluation panel, provides learners with 
four visualizations to self-reflect on their effectiveness in 
completing course activities, and other four to compare 
their performance with the goals set by the teacher in the 
course design;  

• Social comparison, offers an interactive visualization with 
which learners’ can compare performance with that of 
learners from previous editions of the course. 

IV. OBSERVATIONAL CASE STUDY 
Observational case studies provide valuable information 

about the influence of technology in a particular context to 
address “how” and “why” questions [42], [43]. For Zelkowitz 
& Wallace [44], [45] case studies are also a good means for 
monitoring a software project in an authentic situation and 
collecting data over time with a research objective. Thus, 
observational case studies, beyond learning about the 
educational situation itself, are instruments that researchers can 
use to understand the implications of specific interventions in 
the context of a particular case [46]. In this paper, we propose 
an observational case study as the evaluation method to fit our 
research scope. The intervention here consists of deploying 
NMP in two MOOCs on Coursera in order to analyze its effect 
on learners’ SRL strategies and engagement with the course 
resources. Specifically, we tackle the following research 
question: How does the use of NMP as a complement of a 
MOOC affect engagement and performance of learners with a 
different SRL? 

A. Context: MOOCs and Participants 
This study was conducted in five different editions of two 

MOOCs offered by the Pontificia Universidad Católica de 
Chile on the Coursera platform, from April 2018 to July 2018. 
The MOOCs were: “Gestión de organizaciones efectivas”, and 
“Camino a la Excelencia en gestión de proyectos”. The two 

 

 

Fig. 1. Association between NMP functionalities and SRL strategies. 
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courses focused on different target audiences, which ensures a 
broad diversity of study participants. Table II shows pertinent 
information about the courses, including their duration in 
weeks, the number of lectures in the course, the number of 
assessments, and the number of supplemental activities 
performed. The supplemental activity type corresponds to a 
category assigned by the Coursera platform to refer to textual 
readings which, in turn, help to describe activities and case 
studies, as well as to provide instructions or welcome messages.   

All learners enrolled in the course were invited, by email, to 
use the NMP tool to support their self-regulation strategies. In 
each course, two emails were sent; one during the first week of 
the course and another during the second week. Each email 
contained a link to the NMP plugin. Although all enrolled 
learners had access to the plugin, its installation was voluntary, 
and no one received any kind of remuneration for their 
participation in the study. All learners who accepted to 
download and use the plugin completed a consent form that was 
previously validated by the Ethics Committee of the University. 
Learners who downloaded the plugin could use it freely 
throughout the course. In addition, at the beginning of the 
course, participants were invited to complete a questionnaire to 
measure their self-regulation profile. At the end of the course, 
participants who used NMP were invited to answer a 
questionnaire to record their perceptions about the tool. Details 
on the questionnaires and their characteristics are described in 
Section B. Instruments and Data Collection. 

Of the 19,052 learners who enrolled in the five editions of 
the two MOOCs, 638 downloaded NMP. However, for the 
purpose of this study, we only selected the 263 learners that 
answered the SRL questionnaire completely and who registered 
at least one interaction with one course resource and one 
assessment to comprise the data sample. Of this sample, 64% 
were male and 36% female and participants came from 25 
different countries. Regarding levels of education, 54% had a 
bachelor’s degree, 33% had a master’s degree, 10.4% had 
completed secondary school, and 1.7% had a doctoral degree. 
From the data sample, we separated those that used NMP 
(N=91) (called NMP Group) and those who did not (N=172) 
(called NoNMP Group). See Table II for information about the 
number of learners enrolled in each edition of the course. From 
among the former group, 57 learners answered the 
questionnaire on evaluating NMP. 

B. Instruments and Data Collection 
We used four data collection methods: 
SRL Questionnaire. We created this instrument to measure 

learners’ self-regulatory profiles. It is based on four 
questionnaires available in the literature which measure SRL in 
different contexts (Littlejohn et al. [6], MSLQ by Pintrich et al. 
[47], OSLQ by Barnard et al. [48] and LASSI (two editions) by 
Weinstein et al. [49]). The final instrument consisted of 25 
questions related to 6 SRL strategies. The strategies were 
evaluated on a 5-point Likert scale, where 1 is “Not at all true 
for me” and 5 is “Completely true for me”. We organized the 
questions into groups of three to four to measure the following 
SRL strategies: self-efficacy (six statements), goal setting (five 
statements), study environment management (three 
statements), organization (four statements), help-seeking (four 
statements) and time management (three statements). The 
reliability of the questionnaire was validated as part of prior 
research [24]. 

EFLA Questionnaire. The Evaluation Framework for 
Learning Analytics (EFLA) is an instrument designed to 
evaluate learning analytics tools according to three different 
dimensions: Data, Awareness and Reflection, and Impact [50]. 
The instrument consists of eight questions: two related to the 
Data dimension, four to the Awareness and Reflection 
dimension, and two to the Impact dimension. All items were 
evaluated on a 10-point Likert scale, where 1 is “Strongly 
disagree” and 10 is “Strongly agree”. Each dimension is 
evaluated with a score of between 0 and 10, and the final EFLA 
score is presented using a value of between 0 and 100. In 
addition to these eight questions in the EFLA, we added one 
open question at the end of the questionnaire to record learners’ 
personal opinions about the tool.  

Coursera Log Files. These log files record the interactions 
of learners with the resources of the platform as well as the 
moment in which those interactions take place. For this study, 
we considered solely the interactions with the lectures, the 
summative evaluation activities (the exams), and the 
supplemental activities. Training assessment activities or peer 
reviews were not taken into account. 

NMP Log Files. NMP collects information in three different 
log files in which one corresponds to the learners’ interactions 
with the dashboard, another to their activity with the plugin, 
and another to the goals form that includes the learners’ weekly 

TABLE II 
COURSE DESCRIPTION AND LEARNERS’ STATUS   

Course Course Content Edition Enrolled Completions 
Answers to 

SRL 
questionnaire 

Participants sample 
NMP 
Group 

NoNMP 
Group 

[MOOC 1] Gestión de 
organizaciones efectivas. 7 weeks 

42 lectures 
6 assessments 

7 supplementary materials 

1 657 62 

61 24 37 2 618 53 
3 512 41 
4 689 41 
5 919 41 

202 67 135 
[MOOC 2] Camino a la 
Excelencia en Gestión de 
Proyectos. 

5 weeks 
26 lectures 

4 assessments 
0 supplementary materials  

1 2,738 172 
2 2,728 117 
3 2,992 114 
4 3,167 155 
5 4,032 194    

Total:   19,052 990 263 91 172 
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learning objectives. The dashboard log file records the learners’ 
interactions with the different dashboard visualizations 
provided by the tool, in addition to the available navigation 
options and the moment in which these interactions occur. The 
plugin log file captures the learners’ interactions with the plugin 
functionality that allows learners to take notes. Specifically, all 
interactions with these notes are captured: delete, edit, search, 
and download. The log file of the goal setting form registers the 
individual goals that learners plan to achieve in a specific week.  

Learners’ Grades in the MOOC. This corresponds to the 
learners’ final grades at the end of the MOOC provided by the 
Coursera platform and based on the grade registers.  

C. Measures 
We used the data collected from both the Coursera and NMP 

log files to generate the engagement measures for evaluating 
learners’ levels of engagement with the course and the NMP. 
We used these measures, in conjunction with the results of the 
SRL questionnaires and the learners’ final notes, to prepare the 
dataset for final analysis. 

Engagement Measures. We defined two different types of 
engagement: (1) learners’ engagement with learning activities 
in the MOOC, and (2) learners’ engagement with NMP. To 
measure learners’ engagement with MOOC activities, we 
defined seven indicators based on the number of learners’ 
interactions with the video-lectures, assessment activities, and 
supplementary material (see Table III). 

To measure the engagement of learners with NMP, we 
defined a set of indicators based on learners’ interaction with 
the tool. In this study, we used this association as a basis for 
grouping learners’ interactions with the different functionalities 
of NMP and a specific self-regulation strategy. Table III 
summarizes the list of indicators used to measure learners’ 
engagement with the course and with NMP. It should be noted 
that we also indicated the SRL strategy to which the indicators 
related to NMP correspond.  
• For the Time management strategy, we defined the 

time_vis_interaction indicator. This indicator collects the 
frequency of learners’ interactions with any of the eight 
visualizations available on the time monitoring panel 
which displays their time investment in all course 
activities. 

• For the Goal Setting strategy, we defined the 
goal_interaction indicator. It captures the number of times 
a learner interacted with the goal setting and planning 
panel. Learners can define goals once per week, so the 
maximum number of interactions per learner with this 
functionality will be equivalent to the number of weeks in 
the course.   

• For the Organization strategy, we defined the 
note_interaction indicator. It indicates the number of 
times a learner interacted with the note taking 
functionality implemented in NMP, which can be used to 
create, edit, delete, search, or download a note. 

• For the Self-evaluation strategy, we defined three 
indicators. The s_c_interaction indicator measures the 
number of times learners use the social comparison 
functionality that allows them to compare their course 

activity with other learners. The effect_interaction 
indicator counts the number of learners’ interactions with 
the visualizations related to efficiency in the effectiveness 
self-reflection panel. That is, the time spent to make 
progress in each of the course activities. The 
nmp_interaction indicator captures the frequency of 
interaction of the learners with the vision of the general 
dashboard. 

SRL Profile and Performance Measures. We classified 
learners into different groups according to (a) their SRL 
profiles, and (b) whether they pass the course or not. To classify 
learners according to their SRL profiles, we clustered them 
based on their scores obtained through self-reported SRL 
questionnaires in order to observe how they are distributed 
across the different clusters. We used the elbow curve technique 
to determine the optimal number of cuts in the cluster, 
qualitatively. We also used k-means and silhouette scores to 
validate the number of cuts, quantitatively. As a result, the 
learners were classified with high and low SRL scores. To 
classify them as having passed or not passed, we used the 
threshold for passing each of the MOOCs in line with existing 
criteria (60% for MOOC 1, and 70% for MOOC 2). The final 
grades obtained were normalized in order to facilitate 
comparison. 

Final Dataset Used for Analysis. The final dataset used in 
this study combines different data sources and measures. It 
contains information regarding: (1) User ID; (2) indicators of 
engagement with the MOOC resources (frequencies of 
interaction with video-lectures, assessments and supplementary 
resources, as defined in Table III); (3) indicators of engagement 
with NMP (frequencies of interaction with NMP, as defined in 
Table III); (4) Coursera learners’ grades (normalized); and, (5) 
SRL profiles (High 1, Low 0). 

D. Analytical Methods  
To answer the main research question, we conducted an 

analysis in four phases. In the first phase, we analyzed the effect 
of NMP on learners’ engagement. Accordingly, we analyzed 
the difference in terms of engagement between learners who 
used NMP and passed the course and those who did not. 
Specifically, we ran a statistical analysis using a T-Test to 
compare the average number of interactions with the course 
content among the two groups.  

In the second phase, we analyzed the learners’ engagement 
in relation to their SRL profiles. That is, we calculated whether 
there is any difference in learners’ engagement with the 
MOOC and NMP functionalities between learners with 
high and low SRL profiles. To do so, we also applied an 
independent T-Test. The average grade obtained for each of the 
groups was added as additional information. 

In the third phase, we analyzed whether there is any 
difference in the learners’ engagement patterns. 
Accordingly, we ran two steps of analysis. First, we calculated 
the interaction effect of the SRL, NMP condition and course 
grade on the engagement patterns. Second, we ran a random 
forest prediction to predict the learners’ grades using the 
engagement patterns, individual NMP interactions and 
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individual SRL components. For the prediction, we divided the 
entire dataset into training (90%) and testing (10%) data sets. 
We used a ten-fold cross validation to remove any sampling 
bias in the training set. 

In the fourth phase, we analyzed the EFLA Questionnaire to 
evaluate the learners’ perceptions of NMP. To calculate the 
EFLA score of the NMP, we followed the procedure 
recommended by Scheffel [50]. First, we calculated the average 
value per item. Second, we calculated the average value for 
each dimension, based on the average of its items. Third, we 
calculated the dimensional scores by rounding the result of ((x-
1)/9) *100 where x is the average value of a dimension. Finally, 
we calculated the overall EFLA score by taking the average of 
the three-dimensional scores. The open-ended question was 
analyzed qualitatively by two researchers. Each comment was 
tagged to a particular SRL strategy of those supported in NMP. 

V.  RESULTS  
This section reports the results obtained from the analysis in 

order to address the main research question. Specifically, we 
present the results of the analysis of the engagement of learners, 
with different SRL profiles, with both the course and the NMP 
effect of NMP on learners’ engagement. 

Table IV shows the results of learners’ engagement in terms 
of their performance on the course (whether they passed or did 
not pass). Learners who used NMP and passed the course 
showed greater engagement with assessments, lectures, and 
supplemental activities than their counterparts who did not 
utilize the tool. However, the most interesting result between 
these two groups is the use they made of the NMP 
functionalities regarding goal setting and self-evaluation 
strategies in relation to the activity of others. Results show that 
learners who used NMP and passed the course interacted, on 
average, more with the goal setting (1.807 times) and social 

comparison (0.923 times) functionalities than those who used 
NMP and did not pass. These differences are statistically 
significant (confidence level of at least 90%). 

A. Learners’ Engagement in Relation to their SRL Profile 

We found no statistical differences in the level of 
engagement with NMP or performance between learners with 
high and low SRL profiles in the NMP Group. However, by 
comparing the behavior of learners with a low SRL profile in 
the NMP group with those in the NoNMP group, we found 
observable statistical differences in relation to their engagement 
with the course and their grades (Table V). Learners who used 
NMP engaged to a greater extent with lecture assessment and 
supplemental activities and initiated and completed more 
lectures. Finally, the learners in the NMP group obtained, on 
average, a higher grade than their counterparts from the 
NoNMP group. 

By conducting the same analysis but for the group of learners 
with High SRL profiles, we also observed statistical differences 
in the engagement (Table VI). Specifically, learners who used 
NMP engaged more with the course assessment activities, 
completed more lectures and more supplemental activities and, 
on average, achieved higher grades than learners with a high 
SRL who did not use the NMP tool. 

B. Engagement Patterns Using SRL, NMP, and Grades 
Table VII shows the interaction effect of the SRL, the NMP 

condition and course grades on engagement patterns. It also 
shows the interaction effect of the SRL and grades on 
interaction with the NMP tool. We can observe that grades have 

TABLE III  
METRICS TO MEASURE ENGAGEMENT 

Engagement with Learning Activities in a MOOC 
Indicators Description 

exams_interacted Frequency of interaction with summative training activities: exams. 
lectures_started Frequency of interaction with the start of the visualization of a lecture, but without completing it. 
lectures_completed  Frequency of interaction with a lecture that the learners complete. 
lectures_interacted Frequency of interaction of the learners with a lecture once initiated, but without necessarily completing it. 
suppl_started  Frequency of complementary activities initiated with the learners, but not completed. 
suppl_completed Frequency of complementary activities that the learners initiate and complete. 
suppl_interacted Frequency of complementary activities initiated by the learners, but not completed. 

Engagement with NMP 
Indicators Description  

time_vis_interaction Related to Monitoring Strategy, it collects the frequency of interaction of the learners with the visualizations corresponding to 
the time invested. 

goal_interaction Related to Goal Setting Strategy, it captures the total number of goals recorded by the learners. 
note_interaction Related to Organization, it captures the frequency of interaction with the functionality of notes: edit, delete, search, download or 

create. 
s_c_interaction  Related to Self-evaluation Strategy, it gathers the frequency of interaction of the learners with the functionality that allows them 

to compare their performance with that of other learners. 
nmp_interaction Related to Self-evaluation, it collects the frequency of interaction of the learners with the vision of the general dashboard. 
effect_interaction Related to Self-evaluation, it gathers the frequency of interaction of the learners with the NMP dashboard. 
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a direct effect on all engagement patterns. All engagement 
patterns positively correlate with grades (exams_interacted 
0.91, lectures_started 0.72, lectures_completed 0.81, 
lectures_interacted 0.85, suppl_completed 0.28, 
suppl_interacted 0.32, and all correlations are significant with 
p < 0.01). Grade also have a direct effect (positive correlation) 
on the number of times learners interacted with the note taking 
(0.15, p = 0.02), goal setting (0.27, p = 0.001) and social 
comparison functionalities (0.18, p = 0.003). We also observed 
a direct effect of the NMP condition on engagement patterns 

The Root Mean Squared Error (RMSE) for predicting 
learners’ grades using engagement patterns, individual NMP 
interactions and SRL components was 12.4% (Std Dev = 2.7%) 
and the R2 for the predictive model was 0.86. Fig. 2 shows the 
importance of the features from the final model. We can 
observe that exams interacted, and lectures interacted were the 
two most important features, while supplements started was the 
least important. We can also observe that goal setting, social 
comparison, and note taking functionalities (NMP terms) 
scored higher on the feature importance scale than all individual 
SRL terms. Conversely, visualizations on effectiveness and 
time management (time_vis_interaction) (NMP terms) scored 
lower than most of the individual SRL terms. These results 
suggest that supporting SRL strategies, such as goal setting and 
providing learners with references regarding their performance 
(social comparison), may have a positive impact on learners’ 
final grades. 

C. Learners’ Evaluation of NMP 
Table VIII shows the results of the EFLA Questionnaire 

regarding the NMP perceptions of 57 learners. The results show 
that learners considered the NMP well equilibrated in all 
dimensions, giving an average value of over 6.6 to each item. 
The three items with the highest value correspond to “Q3: This 
LA tool helps me to understand my current learning situation ”, 
“Q7: This LA tool stimulates me to study more efficiently”, and 
“Q8: This LA tool stimulates me to study more effectively, 
which relate to the “Awareness and Reflection dimension” and 
“Impact dimension.” The “Impact dimension” was the second 
highest scoring dimension with a score of 67.822. These two 
dimensions are highly correlated with the evaluation of the tool 
in terms of awareness, reflection, efficiency, and effectivity. 

By analyzing the comments on the open question “How have 
you used this tool, or in what ways has it been useful?”, we 
observed that learners value NMP for time management, goal 
setting and strategic planning, organizing their studies, and self-
evaluating their course progress. For example, some learners 
referred to time management by saying that NMP was useful  
for understanding the time they devoted to the course, their 
procrastination time over a study session, and when they were 
most efficient: “This tool was useful to me in terms of 
quantifying the time spent on the course versus time spent on 
other activities.” Regarding the goal setting and strategic 
planning strategies, learners commented that NMP was useful 
in terms of scheduling plans and organizing activities, as well 
as for reflecting on their study habits to re-plan their working 

TABLE V 
ENGAGEMENT OF LEARNERS WITH LOW SRL 

 NMP  
GROUP 

NONMP 
GROUP 

  

Indicators mean sd mean sd t p 
exams_interacted 3.090 1.654 2.397 1.816 2.195 0.03** 
lectures_started 10.113 6.868 7.306 5.983 2.308 0.02** 
lectures_completed  10.272 5.812 7.886 6.410 2.147 0.03** 
lectures_interacted 20.386 10.912 15.193 11.184 2.556 0.01** 
suppl_started  0.590 1.299 0.113 0.512 2.346 0.02** 
suppl_completed 0.954 1.627 0.636 1.620 1.060 0.29 
suppl_interacted 1.545 2.415 0.750 1.858 1.918 0.059* 

Grade 0.498 0.310 0.359 0.317 2.237 0.02** 
     Note. *p < 0.1; **p < 0.05; ***p < 0.001. 
 

TABLE VII 
ENGAGEMENT PATTERNS MODELLED USING THE SRL, NMP AND GRADES  

Indicators SRL NMP Grade SRL/ 
NMP 

SRL/ 
Grade 

NMP/ 
Grade 

All 

exams_interacted  *** ***   **  
lectures_started  *** ***   *  
lectures_completed   *** ***     
lectures_interacted * *** ***   *  
suppl_started    *     
suppl_completed   ***   *  
suppl_interacted  * ***     
effect_interaction  NA  NA * NA NA 
s_c_interaction  NA ** NA  NA NA 
note_interaction  NA * NA  NA NA 
goal_interaction   NA *** NA  NA NA 
time_vis_interaction  NA  NA  NA NA 
nmp_interaction  NA *** NA  NA NA 
Note. *p < 0.1; **p < 0.05; ***p < 0.001. 

TABLE IV 
LEARNERS’ ENGAGEMENT WITH NMP GROUP  

 Passed Did not pass   
Indicators mean sd mean sd t p 

exams_interacted 4.692 0.970 2.400 1.455 8.738 0.0001*** 
lectures_started 13.653 6.254 7.415 5.653 4.415 0.0001*** 
lectures_completed  16.000 4.882 8.184 5.428 6.676 0.0001*** 
lectures_interacted 29.653 8.606 15.600 9.476 6.832 0.0001*** 
suppl_started  1.153 1.804 0.246 0.729 2.485 0.02** 
suppl_completed 1.115 1.773 0.538 1.250 1.514 0.13 
suppl_interacted 2.269 3.231 0.784 1.662 2.227 0.03** 
effect_interaction 0.961 4.902 0.061 0.348 0.935 0.358 
s_c_interaction 0.923 2.544 0.030 0.248 1.784 0.086* 
note_interaction 3.692 7.341 2.584 6.043 0.682 0.499 
goal_interaction  1.807 2.154 0.984 1.397 1.802 0.080* 
time_vis_interaction 0.923 4.316 0.307 1.951 0.698 0.490 
nmp_interaction 20.730 39.536 8.338 14.274 1.558 0.130 

# Learners 26 65   
Grade 0.929 0.056 0.322 0.215 21.002 0.0001*** 

     Note. *p < 0.1; **p < 0.05; ***p < 0.001. 
 

TABLE VI 
ENGAGEMENT OF LEARNERS WITH HIGH SRL 

 NMP  
GROUP 

NONMP 
GROUP 

  

Indicators mean sd mean sd t p 
exams_interacted 3.021 1.738 2.352 1.950 2.024 0.04** 
lectures_started 8.340 5.982 6.835 6.096 1.374 0.17 
lectures_completed  10.553 6.855 7.282 6.788 2.634 0.01** 
lectures_interacted 18.893 11.512 14.117 11.909 2.254 0.02** 
suppl_started  0.425 1.117 0.117 0.473 1.800 0.07* 
suppl_completed 0.468 1.195 0.552 1.665 0.338 0.73 
suppl_interacted 0.893 2.179 0.670 1.917 0.587 0.55 

Grade 0.501 0.353 0.357 0.331 2.29 0.02** 
     Note. *p < 0.1; **p < 0.05; ***p < 0.001. 
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sessions. Along these lines, one learner commented: “This tool 
has helped me to identify my free time during the study session, 
and to create plans to improve my use of time”. Other learners 
valued the note-taking functionality as a support to organizing 
their work: “This tool has been useful to me for making 
summary cards of the advanced topics.” Finally, other leaners 
commented that NMP was useful as a self-evaluation tool, as 
well as in terms of following up on their performance, 
controlling their course progress, and obtaining feedback about 
their own activities. For example, one learner stated: “NMP is 
a great thermometer for assessing whether progress is right and 
for taking steps to ensure timely compliance” while another 
commented: “It (NMP) has allowed me to focus and be more 
effective in my studies.” 

 

VI. DISCUSSION 

A. Summary of Results 
In this study, we analyzed the relationship between SRL 

strategies and engagement with the MOOC resources of 
learners with different SRL profile. We presented the results of 
an observational case study conducted with 263 learners from 
two MOOCs complemented with the NoteMyProgress (NMP) 
tool, designed as a complement to the MOOC platforms to 
support learners’ self-regulation strategies [18]. We associated 
each of the functionalities in NMP with one SRL strategy 
defined in the SRL model by Pintrich [20], [23]: goal setting 
and strategic planning, organization, self-evaluation, and time 
management. We collected different types of data from several 
sources, including MOOC and NMP log files and surveys on 
learners’ self-perception of their self-regulatory abilities and the 
NMP tool. The main objective was to study how scaffolding 
SRL strategies with a tool that complements the MOOC was 
associated with learners’ engagement with the course content, 
their performance and their SRL profile. 

Results show that learners’ self-reported levels of SRL do not 

relate to their engagement levels. In addition, an analysis of the 
engagement patterns that consider SRL, the NMP condition and 
course grades show a positive correlation between learners’ 
final grades and NMP functionalities that support goal setting, 
organization (note taking) and self-reflection (social 
comparison) SRL strategies. Furthermore, models for 
predicting learners’ grades using engagement patterns, SRL 
profiles, and individual NMP interactions show that, following 
learners’ interactions with exams and lectures, their interactions 
with these aforementioned functionalities were the most 
important predictive features. Finally, the results of the EFLA 
Questionnaire show that learners have a positive perception of 
the NMP tool and that they value it as a solid support for 
planning and organizing their studies, as well as it acting as a 
useful self-awareness tool with which they are able to reflect on 
their course progress.  

B. Discussion 
The results of this study have theoretical and practical 

implications around SRL in digital environments. Here we 
discuss the two main findings in relation to prior work. 

First, scaffolding goal setting, strategic planning and 
organization SRL strategies may have an impact on learners’ 
performance, since learners’ interactions with functionalities in 
NMP related to these strategies constituted three of the five 
most important features for predicting learners’ final grades. 
Prior work shows similar results, whereby intervening with an 
SRL scaffold to support goal setting in a MOOC has been 
shown to increase learners’ engagement with lectures and 
assessments [14]. Previous studies also find [15] a positive 
effect in supporting learning with a social comparison 
functionality. In NMP, the social comparison functionality was 
initially disabled. In order to compare their performance with 
that of other learners, students had to activate the feature. The 

TABLE VIII 
EVALUATION OF NMP BY LEARNERS 

Dimension Item (Q) 
Average 

Item 
Value 

Dimensional 
Score (0 -100) 

Data 

Q1: It is clear what data is 
being collected for this LA 

tool. 
6.638 

65.367 Q2: It is clear why the data is 
being collected for this LA 

tool. 
7.128 

Awareness & 
Reflection 

Q3: This LA tool helps me to 
understand my current 

learning situation. 7.745 

68.533 

Q4: This LA tool helps me to 
forecast my possible future 
learning situation given my 

(un)changed behavior. 6.681 
Q5: This LA tool stimulates 

me to reflect on my past 
learning behavior. 7.289 

Q6: This LA tool stimulates 
me to adapt my learning 
behavior, if necessary. 6.958 

Impact 

Q7: This LA tool stimulates 
me to study more efficiently. 7.630 

67.822 
Q8: This LA tool stimulates 

me to study more effectively. 7.577 
 

 
 
Fig. 2.  Scaled importance of each feature to predict learner grades using 
individual engagement, SRL and NMP items. SRL_G=Goal Setting, SRL_A= 
Self-Efficacy, SRL_O=Organization, SRL_SEM=Study Environment 
Management, SRL_HS=Help-Seeking, TM=Time Management 
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fact that learners did activate the feature suggests that this 
functionality has a positive impact on learners’ engagement. 
Although we did not find a positive effect of the time 
monitoring panel functionality, we observed that time use 
related to visualizations was the most commonly used 
visualizations among learners. We therefore hypothesize, on the 
basis of the learners’ perception results, that learners’ 
interaction with those visualizations were useful for boosting 
their awareness of the use of the other functionalities such as 
goal setting. These results suggest that the interactions with the 
NMP’s functionalities that support goal setting and strategic 
planning, organization, and self-evaluation strategies had a 
positive effect on learners’ engagement with the MOOCs’ 
learning activities, as suggested in prior work [13], [14]. We 
also found a positive relationship between the use of NMP and 
final grades, thereby confirming the findings of prior works in 
which learners with an SRL scaffold performed better [14], 
[37]. 

Second, learners perceived NMP as a solid support for 
organizing, planning and self-evaluating their SRL strategies 
and performance in the course. According to the results 
collected via the EFLA instrument, learners agreed that NMP 
was effective in helping them to analyze their time efficiency 
on the course and study sessions, thus enabling them to organize 
and plan their study goals. Participants also found that the 
information displayed through interactive visualization was 
useful by providing them with an overview of their performance 
and, therefore, enabling them to reflect about their learning 
strategies. These results contrast with those obtained by Milikic 
et al. [15], who found no relationship between the number of 
interactions with a self-awareness functionality that showed 
their course progress and the goal setting strategy. Thus, further 
experiments to compare the two approaches should be 
conducted. Furthermore, the results from the learners’ 
perceptions show that learners value functionalities related to 
time management (time spent on course activities vs time spent 
on other activities) and activity progress to improve study 
planning.  

Since our study was conducted with a group of participants 
who were non-randomly assigned, we cannot demonstrate 
causality. However, we obtained certain results that suggest that 
scaffolding learners’ SRL strategies may affect learners’ 
performance on the course. Specifically, our results show that 
interactions with functionalities of NMP related to goal setting, 
social comparison and note taking were strong predictors for 
students’ final grades, over and above their SRL profiles or 
other interactions with the course content, with the exception of 
exams and lectures, which were the most important features. On 
the other hand, and despite prior work having found differences 
in learners’ engagement on the basis of their SRL profiles [6], 
[24], [25], we found no relationship between learners’ self-
reported SRL profiles and engagement. Moreover, no 
significant differences were found between learners with high 
and low SRL profiles in the NMP group. This is an interesting 
result, since prior work suggests that SRL scaffolds may 
support learners with difficulties in self-regulating their 
learning [51], [52]. In part, it may be possible to explain these 

results by the level of education of the participants (88% having 
a higher education degree), and no differences were observed. 
Alternatively, it could be a natural consequence when 
intervening with a more a highly educated population which, 
according to prior research, may benefit to a greater extent from 
these types of interventions [13].  

C. Limitations of the Study 
This study has two major limitations. The first is the 

characteristics of the participants’ data sample. For 
methodological purposes, in this study we only considered as 
participants those learners who completed the SRL survey. This 
reduced the data sample from the 19,052 learners enrolled in 
the courses to 263. Moreover, the study sample comes from two 
MOOCs deployed on the Coursera platform for Latin America. 
Therefore, our sample comes from Spanish-speaking countries 
and, particularly, from Latin America. This limitation may be 
considered when conducting similar experiments in different 
countries, since prior work has shown that sociocultural context 
has consequences for how learners perceive and engage with a 
course  [53]–[55].   

The second limitation concerns the self-selection bias of the 
data sample. In this study, the participants sample was not 
randomly selected and, therefore, no generalizable conclusions 
can be drawn from its findings. However, we combined 
different sources of data and carefully selected the analytical 
methods in order to isolate this self-selection bias as much as 
possible. On one hand, we used the SRL questionnaire as a 
control instrument to compare participants under a similar 
parameter. On the other hand, we conducted a predictive 
analysis to identify the features that better predict grades and 
better distinguish the effect of the intervention from other 
aspects. Finally, we also conducted a questionnaire asking for 
learners’ perceptions of the tool, in order to complement 
quantitative results with qualitative data that would help us 
understand the effect of the intervention.  

VII.  CONCLUSIONS AND FUTURE WORK 
This study contributes to laying the groundwork for the study 

of SRL scaffolds and engagement in digital environments. Until 
recently, the majority of studies analyzing SRL scaffolds in 
MOOCs fell short on providing empirical evidence that relate 
learners’ behavior to SRL strategies and performance. In this 
study, we followed the third wave of measurement in the SRL 
[16] to propose a solution which complements MOOCs in both 
SRL scaffolding and measuring. By combining data sources 
and methodologies, this study provides new empirical accounts 
on the relationship between SRL scaffolds and engagement. 
This study also proposes a set of indicators in which behavioral 
and self-reported data are combined based on theoretical 
frameworks. The way in which we defined and combined these 
indicators for the analysis is also an example of how empirical 
work can be effectively connected to theory, which is one of the 
main challenges in the context of data-driven research on SRL 
[56], [57]. The resulting correlational findings that show the 
importance of scaffolding goal setting, strategic planning and 
organization strategies, permit the refinement of theory and can 
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inform new experimental research on SRL scaffolding and 
subsequent analysis connecting empirical results with theory.  

As future work, we consider expanding the indicators using 
process mining techniques. This future work will attempt to 
explore beyond the study of learners’ interactions with the 
platform for measuring engagement, to investigate patterns of 
interconnected activities showing the learning paths that 
learners perform when addressing a MOOC that is 
complemented with an SRL scaffold [25]. In addition, a new 
version of the NMP tool is planned which will support and 
analyze data from other MOOC platforms and other MOOC-
based learning contexts, such as flipped classroom approaches.  
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