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Abstract
Big data in education offers unprecedented opportunities to support learners and advance research in the learning
sciences. Analysis of observed behaviour using computational methods can uncover patterns that reflect
theoretically established processes, such as those involved in self-regulated learning (SRL). This research addresses
the question of how to integrate this bottom-up approach of mining behavioural patterns with the traditional topdown approach of using validated self-reporting instruments. Using process mining, we extracted interaction
sequences from fine-grained behavioural traces for 3,458 learners across three Massive Open Online Courses. We
identified seven common distinct interaction sequence patterns. High-SRL learners were more likely to watch
multiple video-lectures and solve multiple assessments in a sequence than low-SRL learners. Specifically, high-SRL
learners who completed the course were more likely to watch video-lectures before passing an assessment than lowSRL learners who completed the course. By contrast, low-SRL completers were more likely to take assessments
instead of watching video-lectures. We discuss challenges that arose in the process of extracting theory-based
patterns from observed behaviour, including analytic issues and limitations of available trace data from learning
platforms. Harnessing learners’ detailed behavioural records, unlike questionnaire data, can provide an objective
longitudinal account of learning and enable real-time support and feedback.
Keywords: Massive Open Online Courses, Interaction Sequence Patterns, Self-Regulation, Process Mining,
Learning Sequences, Big data

1.- Introduction
In recent years, masses of fine-grained educational records became available to researchers and fuelled the
nascent science of learning analytics (Dietze, Siemens, Taibi, & Drachsler, 2016). Digital learning platforms such as
Massive Open Online Courses (MOOCs) collect detailed records of each learner’s behaviour, performance, and
other types of interaction. Nevertheless, despite the large amount of data that MOOCs are collecting, this
information may not be sufficient to understand theory if it is not processed and analysed carefully. In fact, as Lodge
& Lewis (2012) state, we only have access to certain limited kinds of data, and this data does not necessarily offer
valuable information about learners’ behaviour and learning processes. Large amounts of data allow us to extract
patterns about what learners do through data-driven methods, but these methods are not enough to understand more
deeply what these patterns mean and how they relate with theory. Furthermore, the data collected become more
valuable when combining the data from platforms (capturing the learners’ actual interactions) with learners’ selfreports (e.g. through surveys that allow us to capture what they say they do) (Eynon, 2013). Therefore, there is a
need to explore new ways to connect data-driven methods with learners’ self-reported data and theory to get a better
understanding of how learners behave and learn in digital environments (Lodge & Corrin, 2017).
Nowadays, MOOC platforms reach thousands of learners worldwide (Breslow et al., 2013; Cooper and
Sahami, 2013; Daradoumis et al., 2013), becoming one of the biggest sources of learners’ recorded behaviour. They
can be used to gain new knowledge about how learners behave in online environments. In this paper, we use MOOC
data to advance the research of self-regulated learning (SRL) online. Recent studies show that in order for MOOC
learners to achieve their objectives, they must have the capacity to regulate their own learning (Hew & Cheung,
2014; Kizilcec & Schneider, 2015). Self-regulated learners are characterised by their ability to initiate cognitive,
metacognitive, affective and motivational processes (Boekaerts, 1997). Moreover, SRL research indicates that
successful learning is associated with the active deployment of regulatory activities during the learning process, such
as goal-setting, planning or monitoring (Bannert, 2009; Johnson, Azevedo, & D’Mello, 2011). The ability to develop

these strategies is an essential skill in order to succeed in an open context such as a MOOC, where the learner should
advance independently without support from a tutor or professor. However, how people self-regulate in a MOOC is
still an open question.
In the last 30 years, a large number of models have been developed that explain how the process of SRL
develops amongst learners (Boekaerts, 1999; Borkowski, 1996; Pintrich, 2004; Winne & Hadwin, 1998;
Zimmerman, 2015). These models served as a foundation for developing methods to study the use of SRL strategies
in the learning process. They can be categorised as component models and process models (Wirth & Leutner, 2008).
Component models describe SRL in terms of different strategies that promote or encourage self-regulation, which
are seen as long-lasting characteristics of a person. These models describe self-regulation strategies independently of
the stage in the learning process at which they are necessary. Examples of these models are those developed by
Boekaerts (1999) and Pintrich (2000). In comparison, process models can describe the "ideal" SRL process as a
series of phases that occur during the learning process. Process models describe typical requirements that learners
have to meet in different phases of the cyclical learning process, but they do not specify the strategies necessary to
meet those requirements (Zimmerman, 1998). Examples of these models are those developed by Zimmerman
(2000), Borkowski, (1996), and Winne & Hadwin (1998). Depending on the model that is used as a reference, SRL
in a MOOC can be studied from these two perspectives: either as an aptitude if component models are used, or as a
process if process models are used (Winne, 2010).
In online environments, the most common approach is to study SRL as an aptitude. Many instruments have
been developed over the last decade to measure which SRL strategies learners use in online environments, including
think-aloud protocols (a type of interview) and learning diaries (Roth, Ogrin, & Schmitz, 2015; Wirth & Leutner,
2008). Yet self-report questionnaires are the most common type of assessment of learners’ SRL profiles (Roth et al.,
2015). Recent studies have adapted and applied questionnaires to determine the level of self-regulation among
MOOC learners (Beheshitha et al., 2015; Littlejohn et al., 2016; Kizilcec et al., 2016; Jansen et al., 2016). These
studies offer an account of learners’ self-regulation profiles in a MOOC and how they relate to their results in the
course using a variety of instruments and methods (e.g. clustering, penalized regression). However, none of them
have analysed SRL from a process perspective.
The study of the SRL in online environments as a process has gained attention from researchers in the past
several years. Researchers have moved from an aptitude-oriented approach to a process-oriented approach. Since
SRL can be conceived as a set of events or actions that learners perform (as a process), rather than descriptions of
those actions or mental states that these actions generate (Bannert, Reimann, & Sonnenberg, 2014), Process Mining
(PM) is a suitable approach for studying SRL in online environments. PM is ideally suited for the analysis of
behaviour from a process perspective. In particular, PM facilitates the discovery of learning process models, which
represent the workflow of learners’ interactions with course materials (van Der Aalst et al., 2011). PM also provides
robust ways of extracting, analysing and visualising learners’ interaction traces (Mukala, Buijs, & van Der Aalst,
2015b; Romero et al., 2016; Jivet, 2016). These interaction traces are temporal sequences of events of learners’
behaviour in the online environment that allow tracing of aptitudes in natural settings (Winne, 2014). Researchers
have developed controlled online environments in order to study SRL as a process. For example, Hadwin et al.
(2007) examined the performance of eight learners across two study sessions on the gStudy platform. They
compared traces of actual study activities to self-reporting on SRL and found that students’ self-reports may not
align with actual studying activity. More recently, Beheshitha et al. (2015) examined the relationships between 22
undergraduate learners’ self-reported SRL aptitudes—such as achievement goal orientation and learning
approaches—and the strategies they followed in a learning environment on the nStudy tool. They found differences
in transitions between the SRL cognitive strategies performed by both deep and surface learners. Sonnenberg and
Bannert (2015) analysed sequential patterns in the learning process of learners in an online environment. They found
that using metacognitive prompts to support learners’ SRL had an effect on the order in which they participated in
learning activities. In a recent experiment in an online environment designed to support SRL at the workplace,
Siadaty, Gašević, and Hatala (2016) analysed trace data to build a transition graph of learning actions. The results
show that promoting social awareness had the highest correspondence with the SRL processes of the learners.
In MOOCs, PM is becoming an increasingly common technique that provides important mechanisms for
understanding learning processes from learners’ activity trails obtained from MOOC platform logs (Mukala et al.,
2015a). This approach has been used in other online learning environment studies, but with a restriction on the
number of participants in the study (generally samples under 30 participants and controlled environments) and
homogeneity of the learners. A MOOC environment provides a considerable sample size and adds the heterogeneity

of the learners in an uncontrolled environment, which allows us to extend previous findings. For example, Mukala,
Buijs, & van Der Aalst (2015a) applied PM in order to understand learning processes based on learners’ interaction
in a MOOC with 43,218 learners. The goal was to produce insights to improve the quality of the course (Mukala,
Buijs, & van Der Aalst, 2015a). In another study, the same authors used PM techniques to analyse learners’ learning
patterns in MOOCs. This analysis showed that (1) successful students perform better because they follow the videos
and submit quizzes in a more structured way than unsuccessful students; and that (2) regularly watching successive
videos in batches had a positive impact on learners’ final grades, and a correlation with the interval of time between
successive videos they watched (Mukala et al., 2015b).
These studies show the advantages of using PM techniques to understand the behaviour of MOOC learners
and relate them to learners’ success in courses. However, as a recent study by the MOOC Research Institute
indicates, such research is still scarce (Gasevic, Kovanovic, Joksimovic, & Siemens, 2014). Moreover, in the context
of SRL and MOOCs, there are still no studies that use PM techniques to learn more about how learners with
different SRL profiles perform in courses in terms of their learning sequences.
In order to make progress in this area, the conceptualization of these two approaches to learning (as an
aptitude and as a process) makes suitable for study the patterns in observed learner behaviour that reflect
theoretically established processes in SRL. In a recent article, we worked on a first approach toward this aim
(REFERENCE REMOVED FOR BLIND REVIEW). In this research, we offered an analysis of the relationship
between self-reported SRL and actual behaviour in six MOOCs. We found that learners who reported engaging in
more SRL behaviour were more likely to achieve their course goals (e.g. completion) and they were more likely to
review course materials that they had studied in the past (e.g. reviewing previously attempted assessments).
However, in this prior work we studied behaviour at the level of individual interaction (using transition probability
to pass from one interaction to another) to obtain a basic process model. However, a deeper approach that considers
more complex sequences is needed to understand SRL in MOOCs as a process.
In this paper we extend our previous findings using formal PM techniques in order to go deeper (looking
for broad interaction sequences) and understand the relationship between theoretical self-reported SRL strategies
and behavioural patterns on large-scale MOOC platforms. Prior work suggests that learners interact with videolectures, assessments and other MOOC contents week by week, identifying loopbacks, deviations and bottlenecks.
We also provide insights in terms of students’ learning and assessment submissions behaviour at a high grain scale.
However, we found no evidence on how these student activity trails are related with SRL strategies. We therefore
pose the following three research questions:
●
●

●

RQ1. What are the most frequent interaction sequences of learner behaviour in MOOCs?
RQ2. Is there any difference in the interaction sequences of learner behaviour between those who complete
a course and those who do not?
RQ3. Do interaction sequences of learner behaviour differ between learners with a high-SRL versus a lowSRL profile?

An analysis of the learners’ sequences behaviour in a MOOC from a PM perspective will allow us to
advance our understanding of SRL in MOOCs, providing insights about how observed interaction sequence patterns
are aligned with SRL strategies. To address these research questions, we present the results of an exploratory study
carried out in three Coursera courses1. The results show that watching video-lectures and solving assessment
exercises was significantly more common among learners with a high-SRL than a low-SRL profile. In the following
sections, we describe the context of the study, the instruments employed and the PM techniques used for the
analysis.

2. Method
This section presents the exploratory study we performed in three MOOCs to address the research
questions. Specifically, we present the characteristics of the learners’ sample (section 2.1. Sample) and the courses
analysed in the study (section 2.2. Courses). We also present the self-reported questionnaire used as an instrument to

1

Coursera courses: Aula constructivista, Electrones en acción and Gestión de organizaciones.

identify the learners' SRL profiles (section 2.3. Measures), and the procedure developed for analysing the Coursera
learners’ traces data using PM techniques (section 2.4. Procedure).

2.1. Sample
The final study sample included N = 3,458 online learners in three different MOOCs. This sample was a
subset of 4,871 learners who answered the initial questionnaire from the total of 54,935 that registered for the
MOOCs. 1,413 responses were removed for various reasons (e.g. questionnaires taken more than once, incomplete
answers in the questionnaire). The target audiences of these courses were high school students, college students and
professionals in subject-related industries. Based on the demographic data captured during the registration process
on the platform, the average age was 32.0 (SD = 11.07). One quarter of learners were women and 88% held a
bachelor’s degree or higher (14% a master’s or Ph.D.). Data collection occurred between August 2015 and June
2016.

2.2. Courses
This study encompassed three courses offered by Pontificia Universidad Católica de Chile on Coursera.
The courses were taught in Spanish on topics related to engineering (N = 2,035), education (N = 497) and
management (N = 926). The course materials were organized into different modules, each one composed of several
lessons. Each lesson included 9 to 17 video-lectures and assessment activities. Table 1 shows the number of enrolled
learners, passing rate, modules, lessons, video-lectures and assessment activities in each course. The courses
followed an on-demand format in which course materials were available all at once without specific predefined
deadlines. Figure 1 illustrates the structure of each course.
***********************************************************
Table 1 Overview of the MOOCs in our study.
***********************************************************
***********************************************************
Fig. 1 MOOCs Structure. The courses are structured in modules, and each module is composed of lessons. Each lesson includes
video-lectures and assessment activities. The ‘*’ represents a video-lecture or assessment activity in each lesson.
***********************************************************

2.3. Measures
Learners in the three MOOCs completed an optional questionnaire at the beginning of the course. The
questionnaire included items related to demographic measures (age, gender, education) and learners’ intentions in
the course (to watch all lectures or only some of them). In addition, the questionnaire included the Online Learning
Enrollment Intentions (OLEI) scale (Kizilcec & Schneider, 2015) translated into Spanish 2 and a measure of SRL3.
The questions related to SRL were adapted from multiple established instruments (Littlejohn & Milligan, 2015;
Barnard et al., 2008; Pintrich et al., 1991; Warr & Downing, 2000; Rigotti, Schyns, & Mohr, 2008). In total, the
questionnaire included 24 statements related to six SRL strategies. Learners rated statements using a 5-point scale
(coded from 0 to 4). The strategies were goal-setting strategies (4 statements), strategic planning (4), self-evaluation
(3), task strategies (6), elaboration (3) and help-seeking (4). An example of a statement is, “I read beyond the core
course materials to improve my understanding.” The reliability of the final questionnaire was established in a
previous study (REFERENCE REMOVED FOR BLIND REVIEW).
To categorise the students according to their SRL profiles, we used the K-Means clustering algorithm based
on the similarity of students’ scores in the SRL self-reported in the questionnaire. This approach grouped learners
with similar SRL characteristics. Two groups of learners were identified: students with a low SRL profile (cluster 0)
and students with a high SRL profile (cluster 1). The centroid obtained for cluster 0 was 2.634 and for cluster 1 it
was 3.468. Similar classification techniques were employed in prior studies, which also classified learners into high
and low SRL profiles according to the scores obtained in a self-reported questionnaire (Littlejohn et al., 2016; Valle
et al., 2008; Romero et al., 2016).

2.4. Procedure
We used the Process Mining PM2 method (van Eck, Lu, Leemans, & van Der Aalst, 2015), which is a
simpler and more flexible adaptation of other PM methods such as the L*Life-cycle model (van Der Aalst, 2011).
The PM2 method is structured into four stages (Figure 2): (1) extraction, (2) event log generation, (3) model
discovery and (4) model analysis. This method was selected because it is the one used in disciplines such as
healthcare and business to understand users’ interactive workflows within a particular system (Arias-Chaves &
Rojas-Cordoba, 2014; Rojas, Munoz-Gama, Sepúlveda, & Capurro, 2016). It is also suitable for the analysis of both
structured and unstructured processes (van Eck, Lu, Leemans & van Der Aalst, 2015).
***********************************************************
2
Fig. 2 Stages for the generation of the process model using the PM methodology. Figure adapted from van Eck et al. (2015).
***********************************************************

2.4.1 Extraction Stage. In this stage, we extracted the trace data from Coursera’s database in order to study the
interaction sequences of learners in the MOOC. Coursera is a large platform that keeps track of almost all details of
student interactions. This raw data is organized into three categories: general data, forums and personal data. It
comprises 86 tables of information. For the purpose of this study, we have limited our analysis by selecting only
tables (13) that contain relevant information about students’ behaviour. The datasets extracted include course
information, course content, course progress, assessments, course grades and learner demographics (based on user
surveys).
2.4.2 Event Log Generation Stage. In this stage, we defined the event log we used in the PM algorithm. This event
log is like the file collecting the information on the learners’ interactions within the MOOC as well as their SRL
profiles, as well as other information necessary to perform the analysis. The first step for generating the event log

2
3

Spanish translation of the OLEI scale is available at http://dx.doi.org/10.6084/m9.figshare.1585144
The original versions of the SRL measure questionnaire in Spanish and English are available at http://dx.doi.org/10.6084/m9.figshare.1581491

file was to define different concepts to refer to the trace data registered in the Coursera databases. Specifically, we
defined the concepts of interaction and session as follows:
●

●

An interaction is an action recorded in the Coursera trace data that registers the interaction of a learner
with a MOOC object. We defined six types of interactions depending on the objects that learners interact
with: start a video-lecture, complete a video-lecture, review a video-lecture already completed, try an
assessment, pass an assessment, and review an assessment already passed. In addition to these interactions,
we also included a label to identify the first and last interaction of the learner with the course as begin
session and end session, respectively. All interactions of the learners with the MOOC content extracted
from the events log are listed in Table 2.
A session is a period of time in which the Coursera trace data registers continuous activity of a learner
within the course, with intervals of inactivity no greater than 45 minutes. This definition of session was
adopted from the prior works by ovanović et al. (2015) and Liu et al. (2015).
***********************************************************
Table 2 Definitions of interaction with course materials to characterize consecutive learner behaviour
***********************************************************

In addition to the interactions, the event log file included the learners’ SRL profiles that we extracted from
the cluster indicating whether they were High or Low self-regulated learners. Finally, the event log also included
whether the learner completed the course or not: a) True (finished the course), or b) False (did not finish the course).
All this information is included in the event log for each session and learner. Therefore, the result of this stage is a
log of events documenting the learners’ interactions with the course content within a session, their self-regulated
profiles, completion of the course, and other complementary data to identify the session ID, the event ID and the
timestamp in which each registered event was produced. Table 3 shows an example of the event log generated.
***********************************************************
Table 3 Example of the event log generated for the process analysis.
***********************************************************

2.4.3. Discovery of the model. We processed the event log with a discovery algorithm to obtain a process model
representing the behaviour of the learners within the MOOC. In the PM literature there is a wide range of discovery
algorithms that can be used to identify interaction patterns (van Der Aalst, 2016). Given our situation, we selected
the Disco algorithm (Günther and Rozinat, 2012) and Celonis algorithm and their implementations in the Disco 4 and
5
Celonis commercial tools. With some differences, both algorithms are based on the Fuzzy algorithm concept
(Günther & van Der Aalst, 2007) combined with some characteristics from the Heuristic algorithm family (van Der
Aalst, 2011). Both algorithms were specially designed to handle complex processes, such as learner interactions in a
MOOC, and they result in process-map models that can be operated and understood by domain experts with no
previous experience in PM (Günther and Rozinat, 2012). Finally, both commercial tools integrate a set of metrics
and filtering options to adapt the event log to the specific questions and to analyse the process interactively. We used
Disco and Celonis to generate initial process models for analysis.
2.4.4. Model analysis. Once the process model was generated, we analysed and identified learners’ most frequent
interaction sequences. An interaction sequence is defined as a set of concatenated interactions (from one
interaction to another) of the same learner within a session. That is, the path that a learner follows through the
MOOC content within a session.
As a result of applying the algorithms, we obtained a spaghetti process model (Figure 3). The spaghetti
process model is a term used in the PM field to refer to a model with so many arcs and crossings that it is difficult to
understand or observe patterns. This process model is composed of a start-point and an end-point represented with a
4
5

Disco Tool: http://www.celonis.com/en/product/
Celonis Tool: https://fluxicon.com/disco/

white hexagon with a play image and a stop image inside, respectively. The interactions in Table 2 are represented
with a coloured filled hexagon. The arcs and arrows connect two or more interactions into what we call interaction
sequences that were repeated by different learners. For example, an interaction sequence would be from Begin
session to (→) Video-lecture-begin to (→) End session, which indicates that a learner began a session, then watched
a video-lecture and then ended a session; or from Begin session to (→) Video-lecture-begin to (→) Assessment-try to
(→) End session, which indicates that a learner began a session, then began a video-lecture, then attempted an
assessment and then ended a session. Figure 4 shows a subset of interaction sequences extracted from the main
process model to provide a better explanation about its semantics. The process model also contains numbers next to
each hexagon. These numbers indicate the number of times the interaction indicated in the hexagon was repeated
across all sessions in the dataset. For example, Figure 4 shows that the event log contains 13,714 Begin session
interactions; that is, there were 13,714 sessions registered in the dataset. The numbers over the arcs with arrows
indicate the number of interaction sequences from the two interconnected interactions that have been identified
within a session, and the arrows indicate the direction. Figure 4 shows that the interaction sequence from Beginsession to (→) Video-lecture-begin was performed 9,162 times. This means that from the 13,714 sessions that that
were initiated, only 9,162 interaction sequences were performed toward Video-lecture-begin.
***********************************************************
Fig. 3 Spaghetti process model containing all interaction sequences of 3 MOOCs by sessions.
***********************************************************
***********************************************************
Fig. 4 Representation of interaction sequences extracted from the full process model.
***********************************************************

Once the process model was generated, we applied filters to the event log in order to obtain more specific
process models and extract information to answer the three research questions:
●

●

●

RQ1. What are the most frequent interaction sequences of learner behaviour in a MOOC? To answer
this question, we analysed the process models in the model analysis stage to identify the most frequent
interaction sequence patterns. First, we analysed the models, considering all the data from the three courses.
Second, we analysed the data from each course separately.
RQ2. Is there any difference in the interaction sequences of learner behaviour between those who
complete a course and those who do not? To answer this question, we ran the same analysis as in RQ1,
but filtered completing and non-completing learners for comparison. Also, we analysed the time spent on
each interaction sequence pattern by completers and non-completers.
RQ3. Do interaction sequences of learner behaviour differ between learners with a high-SRL versus
a low-SRL profile? To answer this question, we ran the same analysis as in RQ1 but filtered high-SRL and
low-SRL profile learners for comparison. Also, we analysed the time spent on each interaction sequence
pattern by high-SRL and low-SRL learners.

3. Results

This section presents the analysis of the process models generated with the event log and the results
obtained. We have organised the results according to the three research questions addressed. For each research
question, we have also included an appendix consisting of a table with a set of findings, the evidence supporting the
result and supporting data.
3.1. What are the most frequent interaction sequences of learner behaviour in a MOOC? (RQ1)
We began by analysing the process model (Figure 3) in the model analysis stage to identify the most
frequent interaction sequence patterns. This process model allowed us to observe the learner behaviour as a result of
the interaction with the MOOC content in a session. We found seven distinct interaction sequence patterns extracted
by PM:

(1) Only Video-lecture: interaction sequence pattern dedicated only to watching video-lectures, in which the most
common interaction sequences are Begin session to video-lecture-begin or video-lecture-complete or videolecture-review and combinations of them before End session (Figure 5).
***********************************************************
Fig. 5 Only Video-lecture sessions
***********************************************************

(2) Only Assessment: interaction sequence pattern dedicated to working only with assessments in which the most
common interaction sequences are Begin session to assessment-try or assessment-pass or assessment-review
and combinations of them before End session (Figure 8 – included in the Appendix).
(3) Assessment-try to Video-lecture: interaction sequence pattern where the most common interaction sequences
observed are (a) Begin session to Assessment-try (with the intention of trying to solve an assessment) then to
Video-lecture-begin (looking for information in a new video-lecture) then to Assessment-try and End session,
(b) Begin session to Assessment-try then to Video-lecture-complete (consuming the video-lecture information)
then to Assessment-try and End session, and (c) Begin session to Assessment-try then to Video-lecture-review
(looking for specific information) then to Assessment-try and End session (Figure 6 – included in the
Appendix).
(4) Video-lecture to Assessment-pass: interaction sequence pattern where the most common interaction sequences
observed are (a) Begin session to Video-lecture-begin then to Assessment-pass and then End session, (b) Begin
session to Video-lecture-complete then to Assessment-pass and then End session, (c) Begin session to Videolecture-review then to Assessment-pass and then End session, and (d) Begin session to Video-lecture-begin then
to Assessment-try then to Assessment-pass and then End session (Figure 11 – included in the Appendix).
(5) Video-lecture-complete to Assessment-try: interaction sequence pattern where the most common interaction
sequences observed are (a) Begin session to Video-lecture-complete then to Assessment-try (without achieving it
and with no more attempts to complete it) and then End session (Figure 9 – included in the Appendix).
(6) Explore: interaction sequence pattern composed of an assessment-try and a video-lecture-begin, where learners
only superficially inspect the contents without any intention to complete them (Figure 7 – included in the
Appendix).
(7) Composite: interaction sequence pattern where we observed the combination of the interaction sequences
mentioned before. The most common interaction sequences observed are (a) Begin session to various Videolecture-begins then to Assessment-try and then End session (Figure 10 – included in the Appendix).
The analysis was performed considering all the data from the three courses (Table 4) and considering the data
from each course separately (Appendix – Table 11). As a result, we could confirm that the structure of the MOOC
(based on its content: video-lectures and assessments) was reflected in the amount of interaction sequence patterns
per session that learners performed (Appendix – Table 11).
The four most common patterns of interaction sequences among MOOC learners (93,26% of the sessions
registered) are as follows, in order of frequency. (1) Only Video-lecture (45.25% of the sessions follow this type
of pattern). The most common interaction sequence in this type of interaction pattern is Begin session, then Videolecture-begin, then End session without completing the video-lecture (Appendix – Table 12 – Finding F1). (2)
Assessment try → Video-lecture: 21.58% of the sessions follow this type of pattern, with the most common
interaction sequence of this interaction pattern being a loop between Begin session → Assessment-try → Videolecture-begin → Assessment-try → Video-lecture-complete → Assessment-try → End session (Appendix – Table 12
– Finding F2). (3) Explore: 15.67% of the sessions follow this type of pattern, in which the most common behaviour
of the learners is to follow a disorganized interaction sequence in which they go from one type of content
(assessments or video-lectures) to another without completing them (Appendix – Table 12 – Finding F3). (4) Only
Assessment: 10.76% of the sessions follow this type of pattern, in which the most common interaction sequence is
Begin session → Assessment-try → End-session without completing the assessment (Appendix – Table 12 – Finding
F4). Finally, Video-lecture → Assessment-pass (1.10%) and Composite interaction sequence patterns are the least
common (1.10% and 2.32% of the sessions, respectively) (Appendix – Table 12 – Finding F5). These patterns help
us to understand how learners behave in a session, whether they complete the course or not. So, this is the starting
point to study how learners with distinct profiles perform distinct interaction sequence patterns in a MOOC. In the

next section, we will analyse how distinct types of learners (categorised by course completion and SRL profile)
perform these interaction patterns that provide insights about SRL strategies used throughout the course.
***********************************************************
Table 4 Proportions of the interaction sequence patterns based on the number of sessions performed by learners in 3 MOOCs and
derived from the MOOC process models.
***********************************************************

3.2. Is there any difference in the interaction sequences of learner behaviour between those who complete a
course and those who do not?
After having identified the most common interaction sequence patterns among MOOC learners in a session,
we analysed how these patterns vary according to whether or not the group of learners complete the course.
Specifically, we looked for differences in interaction sequence patterns that completers perform, which should help
reveal how their behaviour impacts their learning and how it relates with SRL strategies. We analysed interaction
sequence patterns per session and its related time. First, we found that completers perform a higher number of
assessment sessions than non-completers. Completers’ sessions mainly consist of: (a) taking one assessment after
another (called Only Assessment) or (b) taking an assessment and then watching a video-lecture (called Assessment
try → Video-lecture) or (c) watching video-lectures and taking an assessment without completing either (called
Explore) or (d) combining several of the interaction sequences mentioned before (called Composite). By contrast,
non-completers’ sessions consist of watching one video-lecture after another (called Only Video-lecture). We found
statistical differences between the percentage of sessions of each type performed by these two types of learners
(Table 5). In Appendix – Table 13 – Finding F6 and Finding F7, we detailed other interaction sequence loops that
characterize the behaviour of these two types of learners.
***********************************************************
Table 5 Proportions of the interaction sequence patterns based on the number of sessions performed in 3 MOOCs derived from
the process models for Completers and Non-Completers
Note 1: * Reject Ho: p1 = p2 and accept Ha: p1 < p2 / Note 2: ** Reject Ho: p1 = p2 and accept Ha: p1 > p2

***********************************************************

Second, we found statistically significant differences between the duration of the interaction sequence
patterns of completers and non-completers. While completers spend more time in sessions with assessments,
non-completers invest their time in sessions focused on watching video-lectures (Table 6). Completers dedicate
more time to interaction sequence patterns with a duration less than 5 minutes that consist of: (1) taking an
assessment and then watching a video-lecture (called Assessment try → Video-lecture), (2) exploring video-lectures
and assessments (called Explore), and (3) carrying out a complex combination of different interaction sequences
(called Composite). They also dedicate more time to performing interaction sequence patterns (less than 5 to 10
minutes) that consist of (4) taking one assessment after another (called Only Assessment). Inversely, non-completers
invest more time in interaction sequence patterns that consist of: (5) watching one video-lecture after another (called
Only Video-lecture) in periods less than 5 minutes, between 5-10 minutes and over 15 minutes. The time invested in
the different interaction sequence patterns is a measure to understand which actions learners put more effort into.
Also, this information can help us relate interaction patterns with SRL strategies like effort regulation or elaboration.
More detailed findings related to the time invested in each interaction sequence pattern are provided in Appendix –
Table 13 – Findings 8 and 9.
***********************************************************
Table 6 Interaction sequence patterns’ duration for Completers and Non-Completers distributed per pattern.
* Statistically significant difference between proportions
** C = Completer / NC = Non-Completer
*** T1 = t ≤ 5 min / T2 = 5 min < t ≤ 10 min / T3 = 10 min < t ≤ 15 min / T4 = t > 15 min
***********************************************************

3.3. Do interaction sequences of learner behaviour differ between learners with a high-SRL versus low-SRL
profile?
We studied which interaction sequence patterns characterize those learners who self-reported high- and
low-SRL profiles in the SRL questionnaire. We found differences in how SRL learners with high- and low-SRL
profiles behave. First, high-SRL learners perform a significantly higher number of sessions that include
completing a video-lecture and then taking an assessment (called Video-lecture complete → Assessment try) and
carrying out a complex combination of different interaction sequences (called Composite) than their
counterparts. We did not find any other statistically significant differences in other interaction sequence patterns
between high- and low-SRL learners (Table 7; Appendix – Table 14 – Finding 10).
***********************************************************
Table 7 Proportions of the interaction sequence patterns based on the number of sessions performed in 3 MOOCs derived from
the process models for High and Low Self-Regulated Learners
Note: * Accept Ha: p1>p2 and reject Ho: p1=p2

***********************************************************

Second, we found that high-SRL learners who complete the course behave differently than those
learners with low-SRL profiles who also complete the course. High-SRL completers perform more Videolectures before passing an assessment. This behaviour suggests that high-SRL completers make an effort to
understand the content of the course. On the other hand, low-SRL completers perform more assessments than
video-lectures. This suggests that these learners are more focused on passing the assessments than understanding
the course content (Table 8; Appendix – Table 14 – Finding F11).
***********************************************************
Table 8 Comparison of proportions of interaction sequence patterns performed by high-SRL and low-SRL completers
Note: * Accept Ha: p1>p2 and reject Ho: p1=p2 / Note 2: ** Reject Ho: p1 = p2 and accept Ha: p1 < p2

***********************************************************

Third, we found statistically significant differences between the duration of the interaction sequence
patterns of high-SRL completers and low-SRL completers (Table 9). High-SRL completers dedicate more time
to interaction sequence patterns with a duration of less than 10 minutes that consist of: (1) performing Only Videolecture interaction sequence patterns (where the most common interaction sequences are Begin session to videolecture-begin or video-lecture-complete or video-lecture-review and combinations of them before End session) and
(2) performing complex combinations of different interaction sequences with a duration of more than 10
minutes (where the most common interaction sequences are Begin session to various Video-lecture-begins then to
Assessment-try and then End session – called Composite). Low-SRL completers, on the other hand, dedicate more
time to interaction sequence patterns with a duration of less than 5 minutes that consist of: (4) taking an assessment
and then watching a video-lecture, with the most common interaction sequences being (a) Begin session to
Assessment-try (with the intention of trying to solve an assessment) then to Video-lecture-begin (looking for
information in a new video-lecture) then to Assessment-try and End session; (b) Begin session to Assessment-try
then to Video-lecture-complete (consuming the video-lecture information) then to Assessment-try and End session;
and (c) Begin session to Assessment-try then to Video-lecture-review (looking for specific information) then to
Assessment-try and End session (called Assessment try → Video-lecture; Table 9; Appendix – Table 14 – Finding
F12).
***********************************************************
Table 9 Interaction sequence patterns’ duration for High-SRL Completers (H) and Low-SRL Completers (L)
distributed per pattern.
* Statistically significant difference between proportions
** H- High SRL Completer / L – Low SRL Completer
*** T1 = t ≤ 5 min / T2 = 5 min < t ≤ 10 min / T3 = 10 min < t ≤ 15 min / T4 = t > 15 min

***********************************************************

4.- Discussion

This is an exploratory study in which PM techniques were applied to investigate the relationship between
learners’ self-reported SRL profiles and their interaction sequences captured in their interactions with the MOOC

(trace data). The incorporation of both data sources (self-reported and data traces) provides a proper measure of
learners’ interactions on the MOOC platform. This section presents an attempt to relate theoretical-based patterns of
SRL strategies (4.1) with observed behaviour and to discuss the theoretical, practical and methodological
implications (4.2).
4.1. Relating theoretical-based patterns of SRL strategies with observed behaviour
We have identified 7 interaction patterns which were defined by the most frequent interaction sequences
observed from the trace data. Table 10 summarizes the relationship between these observed patterns and SRL
theory.
***********************************************************
Table 10 Theory-based patterns from observed behaviour related to SRL strategies
***********************************************************

It is our understanding that this is the first study that makes an effort to relate behavioural patterns
observed from trace data with SRL strategies in a MOOC environment. In Table 10, we have identified 7 interaction
patterns. Two of these interaction patterns (Only Video-lecture and Only Assessment) are composed of either
interactions with video-lectures or with assessments. The other five patterns (Assessment try→Video-lecture, Videolecture→Apass, Video-lecture-complete→Assessment try, Video-lecture-complete→Assessment try, Explore and
Composite) consist of combinations of interactions including video-lectures and assessments.
The interaction pattern Only Video-lecture could be related with three SRL strategies: (1) Study SRL
strategy (Garavalia & Gredler, 2002), (2) Rehearsal SRL strategy (Broadbent, 2017) and (3) Repeating SRL
strategy (Sonnenberg & Bannert, 2015). These SRL strategies are of the cognitive type. High-SRL Learners that
complete the course spend periods of time between 1 and 5 minutes in this sequence pattern, which implies a kind of
learning involving recall of the information rather than an effort to achieve a deep understanding of the content
(Broadbent, 2017). This pattern could be complemented with information provided from an external resource
(capturing trace data outside the platform), which will give us insights into whether learners take notes, draw or
outline a concept map, trying to understand or better process the content. As Veletsianos et al. (2016) state,
“automatically collected data by learning platforms does not necessarily offer a comprehensive and complete
representation of learners’ behaviour.” This could lead to us to unveil an Organisation SRL strategy.
The interaction pattern Only Assessment could be related with two SRL strategies: (1) Elaboration SRL
strategy (Weinstein et al., 2011) and (2) Evaluation SRL strategy (Sonnenberg & Bannert, 2015). This interaction
pattern is most frequent among low-SRL learners that complete the course. Elaboration SRL strategy is of the
cognitive type. The interaction pattern found in this study that relates with this SRL strategy needs to be
complemented with more information about what actions learners perform in order to connect their prior knowledge
with the new information. This will give us insight into their intentions in relation with how they process the
information in a non-superficial way. Also, complementing this information with the time invested in the interaction
with the content could led us to a better understanding of the learners’ engagement with the course.
The interaction pattern Assessment try→Video-lecture could be related with Help-seeking SRL strategy
(Karabenick & Dembo, 2011; Corrin, de Barba, & Bakharia, 2017). This pattern is the most common for lowSRL
learners that complete the course. Help-seeking strategy aids learners when they look for help. Help seeking in
online environments is generally related to looking for human help through forums, chats or other online
communication mechanisms (Broadbent & Poon, 2015). But help could also come from other internal (e.g. videolectures, forums, assessments) or external (digital or physical material outside the platform) resources. So, in order
to gain a better understanding of this strategy, we need to collect invisible information that is missing in current
MOOC platforms. This information could drive us to understand how the use of internal or external resources
impacts learners’ behaviour.
The interaction pattern Video-lecture→Apass could be related with Reviewing record SRL strategy
(Zimmerman & Pons, 1986). This pattern is the most common for high-SRL learners that complete the course. This
pattern is what MOOC teachers and instructional designers usually expect; students need to pass a video-lecture and
then complete and pass an assessment. It could also be associated with Organization SRL strategy.
The interaction pattern Video-lecture-complete→Assessment try could be related with Self-evaluation SRL
strategy (Zimmerman & Pons, 1986). This pattern is performed by High SRL learners. This SRL strategy is of the
metacognitive type. The use of this SRL strategy implies that learners are proving themselves, checking their
progress on the course. With the appropriate feedback, it would be possible to develop a mechanism of selfmonitoring that could regulate the way in which learners arrange their learning process.

The interaction pattern Explore could be related with Task exploration SRL strategy (Van Der Linden,
Sonnentag, Fresen, & van Dyck, 2010). This pattern is mainly performed by low-SRL learners that complete the
course. This seems to be a strategic behaviour, consisting of jumping between video-lectures and assessments
without completing them to investigate how the topics and the materials are organised.
The interaction pattern Composite could be related with Effort Regulation SRL strategy (Carson, 2011;
Cho & Shen, 2013; Puzziferro, 2008). This pattern is commonly performed by high-SRL learners that complete the
course. These learners tend to work for more than 10 minutes in this kind of interaction pattern, combining different
interaction sequences over time and making an effort to stay engaged (focus) with the course contents. This SRL
strategy is of the resource management type.
As we can see from the previous analysis, high-SRL learners that complete the course tend to follow
rehearsal/repeating/study; reviewing record (organization); self-evaluation and effort-regulation SRL strategies.
These learners usually follow the sequential structure proposed in the MOOC instructional design, performing more
organized sessions that aim for a deep understanding of the MOOC content. Also, high-SRL completers go back and
forth over the course content to review video-lectures before and after completing an assessment, behaviour that
aligns with what has been called in the literature a retrieval SRL strategy (Johnson & Mayer, 2009; Roediger &
Butler, 2011; Davis et al., 2016). Conversely, low-SRL learners that complete the course tend to use a kind of
evaluation/elaboration; help-seeking and task-exploration SRL strategies. These learners are more strategic than
their counterparts, since they look for specific information that will help them pass the course assessments. Finally,
our results revealed that high-SRL completers also worked on the course content more intensively in terms of
repetition (more interaction sequences per session) compared with low-SRL completers.
4.2. Theoretical, practical and methodological implications.
Regarding the theoretical implications, the diversity in theoretical SRL definitions and models in the last 30
years, which have attempted to describe how SRL is developed, has produced a lack of clarity in regard to SRL
strategies terminology and definitions in the literature (Winters, Greene, & Costich, 2008). For example, the
Assessment try→Video-lecture review behaviour could be associated with two kinds of SRL strategies: repeating and
rehearsal. It will depend upon the theoretical SRL model adopted (e.g. the socio-cognitive model by Zimmerman
and the SRL framework by Pintrich or the information process model by Winne & Hadwin). This show us that it is
desirable to develop a new integrated model that includes and considers the different aspects from the existent SRL
models, but is specific to the MOOC model. This new model could help developers in the design of new learning
systems (such as MOOC platforms) capable of supporting the processes of SRL developed by the new integrated
model.
Regarding the practical implications, the actual MOOC platforms provide trace data as a result of the
learner interaction with the course content. These platforms register a great quantity of trace data, which was filtered
and processed to define events that are relevant to this study’s research questions. The trace data provided is not
clear at all, and a great effort is needed in order to understand it (e.g. extraction and cleaning methods are required
before can use the trace data). MOOC platforms should provide enriched semantic data that allow researchers to
extract more understandable information about the types of interactions that learners perform on the MOOC
platform, and it should be scalable for further analysis with regard to how to support SRL. Here, the level of
granularity specified is an important issue for analysing SRL strategies. For example, micro-level data could
improve the analysis of the development of coding schemes when learners process the content delivered in a
MOOC, and macro-level data could provide insights about the process of self-regulation and the phases with which
it is related. On the other hand, these levels of granularity should provide more information about SRL processes,
where SRL strategies can be observed directly (rather than indirectly). A detailed taxonomy of SRL processes could
support researchers in studying the role of each SRL strategy under different learning conditions (Azevedo, 2009).
Thus, it is possible to build up taxonomies of different types that help us to improve our understanding of SRL from
trace data. Also, common units of measure (e.g. defining a session as a period of time in which a learner develops a
self-regulated process, or considering the time frame as a week or the entire course duration) are needed in order to
compare the SRL processes between MOOC platforms. What’s more, there should be common log files to make this
comparison easier.
Regarding the methodological implications, common processes defined around SRL let researchers study it
through analytical tools. These tools should complement the data obtained from self-reporting measures. This

approach is necessary and complementary; in this way it is possible to determine if what learners have self-reported
is coherent and correlates with actual behaviour on the MOOC platform. Also, this information could be
complemented with eye-tracking data, a seamless learning plug-in that extends the data collection to include actions
that learners perform outside the platform. Both sources of data could be correlated with learning outcomes and used
to quantify effective applications of SRL strategies. Harnessing learners’ detailed behavioural records, unlike
questionnaire data, can provide an objective longitudinal account of learning and enable real-time support and
feedback. It can also help in future implementations to build tools that promote SRL in MOOCs. As Kizilcec &
Brooks (2017) state, “diverse big data and experimentation provide evidence on ‘what works for whom’ that can
extend theories to account for individual differences and support efforts to effectively target materials and support
structures in online learning environments.” In conclusion, MOOCs need to move from being content-oriented
toward becoming process-oriented platforms that can better support SRL of learners.

5.- Limitations and conclusions

In this study, we have addressed three research questions to identify and characterise learners’ behaviour in
a MOOC focusing on SRL. We identified the following interaction sequence patterns (RQ1) as the most frequently
repeated by learners in a MOOC: (1) watching one video-lecture after another; (2) taking one assessment after
another; (3) taking an assessment and then watching a video-lecture; (4) watching a video-lecture and then passing
an assessment; (5) completing a video-lecture and then taking an assessment; (6) watching video-lectures and taking
an assessment without completing either; and (7) carrying out a complex combination of the different interaction
sequences mentioned before. Based on these interaction patterns, we found that completers perform a higher number
of sessions with assessments compared with non-completers (RQ2). Also, we found statistically significant
differences between the duration of the interaction sequence patterns of the completers and non-completers. In
regard to the types of SRL learners (RQ3), high-SRL learners perform a significantly higher number of sessions that
include completing a video-lecture and then taking an assessment and carrying out a complex combination of
different interaction sequences than their counterparts. Also, high-SRL learners who complete the course differ in
their behaviour compared with those learners with a low-SRL profile who also complete the course. High-SRL
completers perform more video-lectures before passing an assessment. This behaviour suggests that high-SRL
completers make an effort to understand the content of the course. Conversely, low-SRL completers perform more
assessments than video-lectures. This behaviour suggests that low-SRL completers are more strategic.
In this paper we have proposed a first attempt to relate actual observed behaviour with theory. This study
is, as far as we know, the first to combine an aptitude approach with a process approach to study SRL in MOOCs
and propose a theory-based pattern from observed behaviour and related to SRL strategies. To achieve this, our
proposal consists of using self-reported surveys to determine learners’ SRL profiles and PM techniques to analyse
their interactions with the course content, extracting theory-based patterns from observed behaviour. This proposal
benefits from the intersection of SRL and PM to understand how learners self-regulate in an authentic environment
(Roll & Winne, 2015). This complex analysis allowed us to advance the understanding of SRL in MOOCs and to
support some of the results that other researchers have observed in prior studies.
The generalisation of these results is subject to the limitations of the methodology employed in the study.
Considering other data and defining the events on another level of granularity or in a distinct way could lead to
different results. As in any study in which PM techniques are used, the results are directly related to the data that is
taken as a base for the study and the analysis carried out for its interpretation (Bose et al., 2013). In this article, we
have worked solely with one specific selection of data from Coursera. In a future project, we plan to perform the
same analysis on other platforms to understand the extent to which SRL strategies are conditions of the
technological environment. Recent studies point to this having an effect on learners’ behaviour, but it has never been
analysed on a process level to confirm it (Conole, 2015).
However, despite the inherent limitations of the methodology employed, this article contributes a new
perspective and further understanding of the study of SRL in MOOCs. This study is the first to attempt to transform
the information collected by a MOOC platform into event logs that register learners’ interactions with the course
content as events that are related to SRL strategies based on process models. Although this had been previously
proposed in online studies, it has never been done in MOOCs, where the amount of data and the variety of learners
is higher and more heterogeneous than in other online environments. Secondly, this is the first study that strives to
transform the data from information facilitated by a platform that has not been intervened with. Until now, most
research on SRL and processes carried out in online environments has been performed on platforms that were either

manipulated or adapted to support SRL, by adding functionalities that were directly associated with a self-regulated
strategy (Sonnenberg & Bannert, 2015; Beheshitha, Gašević & Hatala, 2015). This study, however, is based on
information from a platform that has not been manipulated for this aim. Lastly, both the definition of events and
applied methodology were presented with the necessary accuracy to be reproducible. The aim of this study is to
serve as a reference for other researchers who would like to analyse their courses, combining an aptitude and PM
approach to further the understanding of how students learn in MOOCs. This exploratory study opens the discussion
to the theoretical, practical and methodological implications for developing these kinds of studies.
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Table 1 Overview of the MOOCs in our study.
MOOC 1

MOOC 2

MOOC 3

(n=497)

(n=2,035)

(n=926)

Enrolled

18,653

25,706

10,576

Passing Rate

1,40%

8,40%

11,40%

Modules

9

4

7

Lessons

9

17

13

48

83

51

7

16

6

Video-lectures
Assessments

Table 2 Definitions of interaction with course materials to characterize consecutive learner behaviour
Interaction

Definition

Begin session

First interaction with a MOOC object in a session.

End session

Last interaction with a MOOC object in a session.

Video-Lecture begin
Video-Lecture
complete
Video-Lecture review

Begin watching a video-lecture without completing it. The video-lecture was not previously completed.
Watch a video-lecture in its entirety on the first attempt.
Go back to a video-lecture that the learner had previously watched in its entirety (not necessarily on the first
attempt).

Assessment try

Unsuccessful attempt to solve an assessment.

Assessment pass

Successful attempt to solve an assessment for the first time.

Assessment review

Go back to an assessment that was previously completed successfully (not necessarily on the first attempt).

Table 3 Example of the event log generated for the process analysis.

Case ID

Time
Stamp

Interaction

High SRL
(profile)

Course
completion

Session

c7a1821f350de427f31acc92cf40b27c8a36ea9d

1451023929

Begin session

False

False

1

c7a1821f350de427f31acc92cf40b27c8a36ea9d

1448567431

Video-Lecture.begin

False

False

1

c7a1821f350de427f31acc92cf40b27c8a36ea9d

1448567737

Video-Lecture.complete

False

False

2

c7a1821f350de427f31acc92cf40b27c8a36ea9d

1448568139

Assessment.try

False

False

2

c7a1821f350de427f31acc92cf40b27c8a36ea9d

1449103918

Video-Lecture.repeat

False

False

1

011ff41dfa7cc2cf9bb89a73fd9ac1ac74eef4d3

1449104348

Assessment.pass

True

True

1

011ff41dfa7cc2cf9bb89a73fd9ac1ac74eef4d3

1449104694

Assessment.review

True

True

2

011ff41dfa7cc2cf9bb89a73fd9ac1ac74eef4d3

1449105157

End session

True

True

1

……………

Table 4 Proportions of the interaction sequence patterns based on the number of sessions performed by learners in 3
MOOCs and derived from the MOOC process models.
Interaction sequence
patterns

ALL 3 MOOCS
No.**

%

Learners

6,206

45.25

2,495

2,96

21.58

1,271

Explore

2,149

15.67

1,195

Only Assessment

1,475

10.76

865

Video-lecture complete → Atry

455

3.32

358

Composite

318

2.32

258

Video-lecture → Apass

151

1.10

132

13,714

100%

Only Video-lecture
Atry → Video-lecture

Total

-

** No. refers to the number of sessions in which each interaction sequence pattern is present.

Table 5 Proportions of the interaction sequence patterns based on the number of sessions performed in 3 MOOCs derived
from the process models for Completers and Non-Completers
Note 1: * Reject Ho: p1 = p2 and accept Ha: p1 < p2 / Note 2: ** Reject Ho: p1 = p2 and accept Ha: p1 > p2

Interaction sequence
patterns

COMPLETER

NON-COMPLETER

No.

%

Learners

1,253

36.29

240

Atry → Video-lecture

922

26.70

Explore

610

Only Assessment
Video-lecture complete →
Atry

P-value

%

Learners

4,953

48.27

2,255

-12.23

0.000*

228

2,038

19.86

1,043

8.450

0.000**

17.67

208

1,539

15.00

987

3.729

0.000**

417

12.08

169

1,058

10.31

696

2.896

0.001**

111

3.21

77

344

3.35

281

-0.391

0.347

Composite

96

2.78

67

222

2.16

191

2.082

0.018**

Video-lecture → Apass

44

1.27

38

107

1.04

94

1.127

0.129

3,453

100%

-

10,261

100%

-

Only Video-lecture

Total

No.

Ztest

-

** No. refers to the number of sessions in which each interaction sequence pattern is present.

-

T1***

-8.83

Ztest

0.0001*

0.0001*

P-value

29.7% 28.0%

38.4% 37.8%

17.1% 19.7%

C**

1.3%

-0.11

1.75

0.92

0.31

-1.59

Ztest

0.5706

0.9097

0.0405*

0.1786

0.7602

0.1124

P-value

2.6%

7.8%

2.2%

0.4%

7.5%

2.1%

0.2%

72.9% 67.2%

C**

2.1%

10.4% 12.3%

3.7%

100%

8.6%

NC**

-

0.45

0.14

0.13

0.41

-0.79

1.62

-2.53

Ztest

-

0.6535

0.8918

0.9002

0.6798

0.4289

0.0524

0.0057*

P-value

100%

1.6%

6.4%

0.8%

0%

1.6%

C**

3.5%

8.5%

0.7%

0.7%

0.0%

89.6% 83.1%

0%

100%

3.5%

NC**

-

-0.98

-0.64

0.09

-

-

1.53

-2.12

Ztest

-

0.3269

0.5253

0.9278

-

-

0.125

0.017*

Pvalue

T4***

3.68

0.0001*

2.1%

5.7%

-0.57

0.9987

100%

T3***

49.6% 60.2%

4.1

0.0001*

5.6%

5.5%

0

-

Percentage of sessions per time

T2***

Table 6 Interaction sequence patterns’ duration for Completers and Non-Completers distributed per pattern.
* Statistically significant difference between proportions
** C = Completer / NC = Non-Completer
*** T1 = t ≤ 5 min / T2 = 5 min < t ≤ 10 min / T3 = 10 min < t ≤ 15 min / T4 = t > 15 min
Interaction sequences
patterns’ duration

13.1% 10.3%

4.83

0.2869

5.0%

2.1%

-

Interaction sequences
patterns

14.9% 11.6%

-0.56

0.0274*

2.1%

100%

Video-lecture

Apass

NC**

18.0% 13.8%

C**

2.8%

1.92

0.2001

100%

NC**

Explore

2.6%

0.7%

0.84

-

Only Video-lecture

Only Assessment

1.1%

0.6%

-

Video-lecture

Video-lecture complete
Atry

0.8%

100%

Atry

Composite

100%

Total

Table 7 Proportions of the interaction sequence patterns based on the number of sessions performed in 3 MOOCs derived
from the process models for High and Low Self-Regulated Learners
Note: * Accept Ha: p1>p2 and reject Ho: p1=p2

Interaction sequence
patterns

HIGH SRL

LOW SRL

Ztest

P-value

No.

%

Learners

No.

%

Learners

Only Video-lecture

3,267

45.26

1,272

2,939

45.25

1,223

0.063

0.9950

Atry → Video-lecture

1,537

21.29

643

1423

21.91

628

-0.878

0.3797

Explore

1,109

15.36

619

1040

16.01

576

-1.045

0.2957

Only Assessment

752

10.42

456

723

11.13

409

-1.348

0.1774

Video-lecture complete →
Atry

267

3.70

207

188

2.89

151

2.625

0.0043*

Composite

198

2.74

159

120

1.85

99

3.477

0.0003*

Video-lecture → Apass

89

1.23

78

62

0.95

54

1.559

0.0595

7,219

100%

-

100%

-

-

Total

6,495

-

** No. refers to the number of sessions in which each interaction sequence pattern is present.

Table 8 Comparison of proportions of interaction sequence patterns performed by high-SRL and low-SRL completers
Note: * Accept Ha: p1>p2 and reject Ho: p1=p2 / Note 2: ** Reject Ho: p1 = p2 and accept Ha: p1 < p2

Interaction sequence
patterns

HIGH-SRL
Completer

LOW-SRL
Completer

No.

%

No.

%

Ztest

P-value

Only Video-lecture

3,089

26.66

2,071

23.48

5.183

0,0001*

Atry → Video-lecture

4,524

39.05

3,641

41.28

-3.22

0.0012**

Explore

1,895

16.36

1,665

18.88

-4.698

0.0001**

Only Assessment

809

6.98

714

8.09

-2.994

0.0027**

Video-lecture complete → Atry

404

3.49

286

3.24

0.96

0,338

Composite

651

5.62

319

3.62

6.66

0.0001*

Video-lecture → Apass

214

1.85

125

1.42

2.38

0.0086*

11,586

100%

8,821

100%

Total

-

-

** No. refers to the number of sessions in which each interaction sequence pattern is present.

T2***

T3***

* Statistically significant difference between proportions
** H- High SRL Completer / L – Low SRL Completer
*** T1 = t ≤ 5 min / T2 = 5 min < t ≤ 10 min / T3 = 10 min < t ≤ 15 min / T4 = t > 15 min

T1***

Percentage of sessions per time
L**

Ztest

H**

Ztest

L**

H**

L**

T4***

Table 9 Interaction sequence patterns’ duration for High-SRL Completers (H) and Low-SRL Completers (L) distributed per pattern.

Interaction sequence
patterns’ duration
Interaction sequence
patterns
H**

0.216

Pvalue

Ztest

L**

Ztest

H**

1.24

-

1.9%

Pvalue
4.8%

-

Pvalue

0%
0.012*

0%

2.25

0.808

13.8%

-0.24

0.228

Pvalue

1.20

0.013*

90.4
%

-

2.23

89%

0%

-

0.234

47.0%

0.141

2.7%

0%

1.19

0.807

51.8%

0.087

0%

1.9%

0.24

Only Video-lecture

-1.71

0.4

0%

5.8%

0.808

-1.47
14.4%

0.8

0.786

6.9%

-0.24

-

77.9%
7.9%

0.0%

0.27

0.008*

1.9%

-

69.7%
0.963

0.6%

1.9%

2.39

1.4%

100
%

0.28
-0.05

0.273

2.4%

2.9%

0.179

100
%

-1.08
29.8%

-1.1

0.39

10.9%

1.34

-

40.5%

2.8%

-0.86

0.333

1.0%

-

0.024*

1.7%

6.3%

0.97

3.6%

100%

-1.97

0.284

5.0%

4.1%

0.273

100%

14.6%

-1.07

0.099

5.6%

-1.1

-

11.8%

18.9%
1.65

0.321

2.8%

-

Atry → Video-lecture

17.2%
2.0%

0.99

1.7%

100%

0.177

3.1%
0.9%

0.381

100
%

-1.35

Only Assessment

1.3%

0.87

-

16.0%

Video-lecture complete
→ Atry
0.6%

-

13.9%

Composite
0.9%

100%

Explore

Video-lecture → Apass
100%

19.7
%
36.9
%
29.6
%

Total

Table 10 Theory-based patterns from observed behaviour related to SRL strategies
Interaction patterns

Description

Interaction pattern dedicated to working only with
video-lectures (2 or more consecutively). The
interaction sequence patterns consist of: Begin session to
video-lecture-begin or video-lecture-complete or videolecture-review and combinations of them before End
session.

Only Video-lecture

Only Assessment

Interaction pattern dedicated to working only with
assessments (2 or more consecutively). The interaction
sequences patterns consist of: Begin session to
assessment-try or assessment-pass or assessment-review
and combinations of them before End session.

Assessment
lecture

Interaction pattern where the learner tries an assessment
and then performs a video-lecture interaction. The
interaction sequence patterns consist of:
(a) Begin session to Assessment-try (with the intention
of trying to solve an assessment) then to Video-lecturebegin (looking for information in a new video-lecture)
then to Assessment-try and End session.
(b) Begin session to Assessment-try then to Videolecture-complete
(consuming
the
video-lecture
information) then to Assessment-try and End session.
(c) Begin session to Assessment-try then to Videolecture-review (looking for specific information) then to
Assessment-try and End session.

try →Video-

SRL Strategy
The interaction sequences referring to videolecture begin and video-lecture complete could
be related to the Study SRL strategy described
by Garavalia & Gredler (2002) (e.g. "Study in
a particular order"). Video-lecture review in
isolation is related to the Rehearsal SRL
strategy described by Broadbent (2017) (e.g.
“Learner who listens to an online lecture
repeatedly”) or by Weinstein et al. (2011) (e.g.
“Go over information”). This pattern could
also be related to Repeating, an SRL strategy
defined by Sonnenberg & Bannert (2015) as
“Watching (part of) a lecture that was
completed in the past.”
The interaction sequences referring to
assessment-try and assessment-pass could be
related with the Elaboration SRL strategy
described by Weinstein et al. (2011) (e.g.
“Answering possible test questions”). When
assessment review occurs it could also be
associated with the Evaluation SRL strategy
described by Sonnenberg & Bannert (2015)
(e.g. “Look up an assessment that was
completed in the past”).

These interaction sequences (a), (b) and (c)
could be associated with the Help-seeking
SRL strategy (Karabenick & Dembo, 2011;
Corrin, de Barba, & Bakharia, 2017). This
help-seeking could be classified as internal if
the learner looks for information inside the
MOOC environment, or as external if they
look for information outside the MOOC
platform, using resources such as web pages,
digital books, learning objects, etc.

Video-lecture→Apass

Interaction pattern where the learner passes an
assessment after performing many video-lecture
interactions. The interaction sequence patterns consist
of:
(a) Begin session to Video-lecture-begin then to
Assessment-pass and then End session.
(b) Begin session to Video-lecture-complete then to
Assessment-pass and then End session.
(c) Begin session to Video-lecture-review then to
Assessment-pass and then End session.
(d) Begin session to Video-lecture-begin then to
Assessment-try then to Assessment-pass and then End
session.

The interaction sequences performed in (b)
correspond to those proposed in the MOOC
instructional design in the MOOC platform
(Video-lecture-complete→Apass). Interaction
sequences (a), (b), (c) and (d) could be
associated with the Reviewing record SRL
strategy described by Zimmerman & Pons
(1986) (e.g. “Learner initiated efforts to try,
complete or review test, notes, or textbooks to
prepare for a test”).

Video-lecture-complete
Assessment try

Interaction pattern where the learner attemptsto solve an
assessment after completing a video-lecture. This
interaction sequence pattern consists of: Begin session to
Video-lecture-complete then to Assessment-try (without
achieving it and with no more intentions made to
complete it) and then End session.

This interaction pattern could be associated
with the Self-evaluation SRL strategy
described by Zimmerman & Pons (1986) (e.g.
“Student initiated evaluations of the progress
of their work”).

→

Explore

Composite

Interaction pattern performed by lurker learners, who
only superficially inspect the video-lectures and
assessments (video-lecture begin and assessment try)
without any intention to complete them.

This interaction pattern could be associated
with the Task exploration SRL strategy
described by Van Der Linden, Sonnentag,
Fresen, & van Dyck (2010) (e.g. “The task
exploration strategies performed in order to
obtain more information and plan for learning
a new computer program”).

Interaction pattern where more than one of the
aforementioned interaction patterns are performed in
combination.

When learners perform a subset of different
interaction sequence patterns continuously for
an extended period of time, it could be
associated with the Effort-regulation SRL
strategy, which has been correlated with high
academic achievements in online learning
environments (Carson, 2011; Cho & Shen,
2013; Puzziferro, 2008).
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Fig. 1 MOOCs Structure. The courses are structured in modules, and each module is composed of lessons. Each lesson
includes video-lectures and assessment activities. The ‘*’ represents a video-lecture or assessment activity in each lesson.
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Fig. 2 Stages for the generation of the process model using the PM methodology. Figure adapted from van Eck et al.
(2015).

Fig. 3 Spaghetti process model containing all interaction sequences of 3 MOOCs by sessions.

Fig. 4 Representation of interaction sequences extracted from the full process model.

Fig. 5 Only Video-lecture sessions
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