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Abstract. In the past years, predictive models in Massive Open Online Courses
(MOOCs) have focused on forecasting learners’ success through their grades.
The prediction of these grades is useful to identify problems that might lead to
dropouts. However, most models in prior work predict categorical and continu-
ous variables using low-level data. This paper contributes to extend current pre-
dictive models in the literature by considering coarse-grained variables related to
Self-Regulated Learning (SRL). That is, using learners’ self-reported SRL strat-
egies and MOOC activity sequence patterns as predictors. Lineal and logistic re-
gression modelling were used as a first approach of prediction with data collected
from N =2,035 learners who took a self-paced MOOC in Coursera. We identified
two groups of learners: (1) Comprehensive, who follow the course path designed
by the teacher; and (2) Targeting, who seek for the information required to pass
assessments. For both type of learners, we found a group of variables as the most
predictive: (1) the self-reported SRL strategies ‘goal setting’, ‘strategic plan-
ning’, ‘elaboration’ and ‘help seeking’; (2) the activity sequences patterns ‘only
assessment’, ‘complete a video-lecture and try an assessment’, ‘explore the con-
tent” and * try an assessment followed by a video-lecture’; and (3) learners’ prior
experience, together with the self-reported interest in course assessments, and the
number of active days and time spent in the platform. These results show how to
predict with more accuracy when students reach a certain status taking in to con-
sideration not only low-level data, but complex data such as their SRL strategies.

Keywords: Self-Regulated Learning, Prediction, Massive Open Online Courses,
Sequence Patterns, Achievement, Success.

1 Introduction

The massive and open nature of Massive Open Online Courses (MOOCs) contribute to
attract a great diversity of learners, who have seen in MOOCS an opportunity for their
personal growth. Most of the learners who enroll in a MOOC decide which parts of the

© Springer-Verlag Berlin Heidelberg 2017



course content they choose to engage with, and eventually only a small proportion of
these enrollees complete the course (typically less than the 10%) [8]. This has aroused
the interest on studying the causes why learners complete or drop out a MOOC.

Prior research shows that self-regulation is one of the critical skills needed to
achieve personal learning goals in a MOOC [20]. Self-regulated learners are character-
ized by their ability to initiate cognitive, metacognitive, affective and motivational pro-
cesses [4]. Moreover, recent research in self-regulated Learning (SRL) suggests that
successful learning and academic achievement are associated with the deployment of
regulatory activities such as goal-setting, planning or monitoring [2].

MOOC enrollees present a diversity of behaviours depending on: learner’s previous
knowledge, prior experience, intentions and motivations [18, 25]. Ina MOOC platform,
this behaviour is recorded as the interactions of the learners with the course content,
generating a great deal of information that offers an opportunity for identifying patterns
and predict trends [11]. Actually, using all these data to run predictions about learner’s
success in a MOOC is of special relevance. Understanding enrollees’ learning behav-
iour can help to detect learners who “probably” will not pass the course [29]. Moreover,
this analysis could be used to better understand how learners work in the course and
what kind of support he/she may need, anticipating problems which may lead to learn-
ers’ dropouts.

Several studies have tried to predict attrition, retention and completion in MOOC:s.
Most of these studies have been carried out in cohort MOOC settings (e.g., instructor
based), where time is typically structured, learners follow a fixed schedule, and course
materials are released at specific times. However, in self-paced MOOC:s, this prediction
models may be more critical. On the one hand, the success in self-paced courses, with-
out the support of an instructor, depends on the ability of enrollees to be able to self-
regulate their behaviour [21]. On the other hand, learners’ behaviour could be more
variable, since students do not follow a strict schedule, all materials are released when
the course starts, and dates for assessments are flexible [15].

As a consequence, to detect and predict trends in self-pace MOOC:s is still a chal-
lenge that have been addressed in prior works with different approaches. For example,
authors in [27] developed a grade predictive method that uses learner activity features
to forecast whether or not a learner may get a certificate. Authors in [5] developed a
predicting model to understand when learners will answer a question correctly. In [26],
authors analysed the relationship between interactions and the number of days in which
learners interact with the content.

Despite of the predictive power of the models proposed, these models raised some
discussions in the community. On the one hand, some researchers argue that frequency
and events count are not the best metrics to obtain practical indicators to explain indi-
vidual differences in online learning [28]. On the other hand, existing models are based
on the use of low-level indicators of learners’ interaction with the course, but this makes
it difficult to obtain meaningful patterns of more complex behaviours, such the use of
SRL strategies[28]. Therefore, there is an opportunity to improve these predictive mod-
els by considering both, data informing about the heterogeneity of learners (e.g. self-
reported data about learning strategies) and more complex behaviours represented by
activity sequences instead of individual events.



As a first proposal in this line, we present an exploratory study that uses SRL
behavioural patterns related with learners’ success as coarse-grained data to predict
their behaviour in a self-paced MOOC. Specifically, we investigate whether or not
learners pass the course based on these patterns together with demographic variables,
SRL self-reported strategies and learners’ intentions. As a result, we identified new
factors to improve predictive models of learners’ success in self-paced MOOC:s.

2 Prior Work

2.1  Prediction in MOOCSs and Self-Regulated Learning

MOOCSs have special features that differentiate them from other online courses. First,
the big amount of global data that can be collected about learners’ activity with the
course content. Second, the variety of this data, in which we can identify heterogeneous
profiles in terms of personality, learning preferences, education, etc. And third, the
number of the interactions related to intensive use of video-lectures and assessments,
less frequent in traditional online courses [23]. All these data have been used to discover
predictive patterns of persistence or attrition through MOOC success and completion.
Specifically, the data sources used in previous work is usually: (1) learners’ demo-
graphic data, (2) learners’ self-reports data (as intentions regarding the course), (3)
clickstream data, (4) forums and social media data and (5) other clickstream traces [14].
In the past years, recent studies started considering not only learners’ demographic data
for predicting behaviour, but also self-reported data related with more complex stu-
dents’ learning strategies. For example, studies [6, 7] found positive relationship be-
tween learners’ self-reported SRL strategies and academic achievement. According to
these studies, the use of SRL strategies affects the learning outcomes achieved and is
typically associated with better academic performance in both traditional and online
learning situations. In study [10, 19] authors found 15 learning strategies were correlate
with learners’ academic performance (final grades) in online environments, and 5 were
found to predict learners’ grades. In another example with 50,000 learners[13], authors
found significant differences in the scores obtained by learners who were already fa-
miliar or working in fields related with the MOOC content, with higher self-efficacy,
than their counterparts. In another study with 4,831 learners [14], authors found that
goal setting and strategic planning predicted attainment of personal course goals. Fur-
ther, in [9] in a study with 2,439 learners, authors found that having a particular help
seeking strategy predicts better performance in the course.

Regarding clickstream, data with video-lectures, assessments and forums have been
used in predictive models. For example, studies [14, 20] use video-lectures actions re-
lated to pause, play, stop video, watch, complete or review as a method for measuring
learners’ engagement the course content. Results of these studies showed that the
amount of video-lectures intended and completed are predictors of course completion
and showed that it is not necessary for learners to watch video-lectures from the begin-
ning to the end to demonstrate its predictive effect [26]. In relation to assessment, dif-
ferent types of clickstream such as trying or completing an assessment, have been found



to be predictors of course completion [20]. Researchers in [3], for example, found that
the number of assessments’ attempts is predictor of course completion; even more,
those who try the first assessment were 30% less likely to drop out the course. Regard-
ing the activity recorded in forums, the study [26] found that the number of forum pages
viewed, or activities within the forum, such as voting up or down, were found as pre-
dictors of MOOC completion and persistence. Finally, some others clickstream traces
have been found as predictors to MOOC persistence and completion, such as the num-
ber of active days that learners spent in a MOOC and the learners’ pace through the
contents [23].

Despite of their demonstrated predictive power, these models have some limitations.
On the one hand, the use of these data sources as indicators for predict success in a
MOOC are not always the more adequate. Learners’ self-reported data captures only
the intentions of the learners regarding the course, but not their actual behaviour. Since
SRL is a continuous process rather than a single picture in time, considering indicators
that come from the learners’ activity within the course could be a better potential indi-
cator. On the other hand, frequency counts of events from clickstream data and other
clickstream traces that are obtained directly from low-level data are limited for detect-
ing learners more complex behaviour in a MOOC for suggesting learning guidance.
Moreover, as other studies already demonstrated, clickstream data in isolation do not
necessarily build better predictive models [29]. Therefore, predictive models could be
improved by adding variables built on longer activity sequences resulting from learn-
ers’ interaction with the course content. That is, to propose new indicators that represent
how learners adhere to the designed paths of the course, such as activity sequences
extracted from coarse-grained data. This idea is built upon previous studies, which in-
vestigated the relationships between interaction sequences and learning outcomes using
methods such as transition graphs, process mining, sequential pattern analysis, and
Markov models [14, 20, 24].

Therefore, and based on prior work, this paper tackles the following research ques-
tion: Which indicators of SRL obtained from self-reported questionnaires and activity
sequence extracted from trace data can predict course success in self-paced MOOCs?

3 Methodology

3.1 Context: Sample and MOOC

This study uses data from one MOOC on Electronics' offered by Pontifical University
Catholica of Chile in Coursera. The course was taught in Spanish and the materials
were organised in four modules. In total the course included 17 lessons, 83 video-lec-
tures and 16 summative assessments. The course followed a self-paced delivery mode
in which course materials were available all at once, and without specific predefined
deadlines. Data collection occurred between April and December of 2015.

A total of 25,706 learners registered for the MOOC, but the study sample is N = 2,035
which corresponds with those learners who answered a self-reported SRL questionnaire
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that was introduced at the beginning of the course to define SRL learners’ profile.
Learners’ average age was 30.7 years (SD = 11.06); and the 11% were women.

3.2 Measures

The instrument used to define learners’ SRL profile was already validated in previous
studies. It contains 35 questions about learners’ intentions with the MOOC content
(e.g., hours expected to be dedicated to the MOOC, interest in the topic, etc.), demog-
raphy (e.g., age, gender, employment status, etc.) and a measure of SRL [14]°. The SRL
measure consisted of 24 statements related to six SRL strategies: goal-setting strategies
(4 statements), strategic planning (4), self-evaluation (3), task strategies (6), elaboration
(3) and help seeking (4). Learners rated statements using a 5-point scale (coded from 0
to 4), where a total average of 4 means a high SRL profile. The SRL measure exhibited
high reliability for all strategy subscales with Cronbach’s alpha of at least 0.70.

For this study, we also defined success in a self-paced MOOC based on the grades
that learners achieve in the course. Therefore, success learners include any enrollee who
meets one of the following two conditions:

1. obtains at least the minimum score to pass the course (80%) independently if
he/she tackle most of the course materials (most common form of success),

2. obtains at least the minimum score to pass the course attempting at least 50%
of the videos in the course materials

This choice is based on the common patterns that learners follow in a MOOC that
were found in a previous work [20].

3.3 Procedure

In order to extract sequence patterns from a self-paced MOOC, we used the Process
Mining method that was reported in [20]. This process is structured into four stages
(see Fig. 1):

Fig. 1. Stages for extracting sequence patterns using Process Mining method.

(1) Extraction stage. In this stage, the data is extracted from the Information System
databases (Coursera in our case). We obtained the trace data from Coursera database in
order to study the interaction sequences of learners in the MOOC. This raw data is
organised into three categories: (a) general data, (b) forums, and (c) personal data that
contain relevant information about learners’ behaviour.

2 SRL measure questionnaire in Spanish and English are available at

https://doi.org/10.6084/m9.figshare.1581491.



(2) Event log generation stage. In this stage gathered data is modeled in terms of event
logs, defining the concepts of case (execution of a process), activities (steps of the pro-
cess), and temporal order of the activities. We defined the main event log file including
the learners’ interactions in the MOOC within a session, their SRL scores, as well as
information required to perform the analysis, such as the case id, time stamp and other
resources. In this stage, we defined the concepts of (1) session and (2) interaction.

A session is defined as 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 study session has been already adopted in prior works
[16].

An interaction is defined as an action recorded in the Coursera trace data that regis-
ters the interaction of a learner with a MOOC content. We defined six types of interac-
tions depending on the content that learners interact with (video-lectures / assessments):
e Video-lectures: (1) start a video-lecture (begin to watch a video-lecture for the

first time without completing it), (2) complete a video-lecture (watch a video-lec-
ture entirely for the first time), (3) review a video-lecture already completed (go
back to a video-lecture which was already completed)

e Assessments: (1) try an assessment (attempt to solve an assessment), (2) pass an
assessment (successful attempt to solve an assessment for the first time), (3) review
an assessment already passed (go back to an assessment that was previously com-
pleted successfully).

After defining these key concepts, we extracted the study sessions and coded as con-
secutive learning actions (interactive sequences) performed by learners when interact-
ing with MOOC resources, such as video-lectures and assessments. Finally, we defined
an event log that included a label to identify the first (begin session) and last interaction
of the learner with the course (end session). Besides the interactions with the course,
the event log also included learners’ SRL scores obtained from the self-report question-
naire. The Table 1 shows an example of the event log generated.

Table 1. Example of the event log generated.

Case ID Time stamp Interaction SRL Scores
lacc92cf40b27c8a36ea9d | 1451023929 | Begin session 3,162
lacc92cf40b27c8a36ea9d | 1448567431 | Video-Lecture.begin 3,162
lacc92cf40b27c8a36ea9d | 1448567737 | Video-Lecture.complete 3.162
lacc92cf40b27c8a36ea9d 1448568139 Assessment.try 3.162
lacc92cf40b27c8a36ea9d | 1449105157 | End session 3,162

(3) Model discovery stage. In this stage, Process Mining (PM) discovery algorithms are
applied to the event log to obtain a process model (process map). This model represents
the behaviour of the learners in the MOOC as a result of its interaction with the video-
lectures and assessments. We selected the Disco algorithm and their implementation in
the Disco commercial tool [12]. This algorithm is based on the Fuzzy algorithm concept



combined with some features from the Heuristic algorithm family [1]. We use this al-
gorithm given that the exploratory context of this study in which is necessary to handle
complex processes and the resulting models can be understood by experts in the domain
without experience in PM [10].

(4) Model analysis stage. In this stage, the discovered process models are analysed in
order to understand the observed behaviour (see Fig. 2). Once the process model was
generated, we identified learners’ most frequent interaction sequences that characterize
each session for a learner (an interaction sequence is defined as a set of concatenated
interactions, from one interaction to another one, of the same learner within a session).
That is the learner’s path followed in the MOOC within a session (see Fig. 3).

Fig. 2. Process Model obtained containing all interaction sequences by sessions.

Fig. 3. List of the 1366 sessions obtained using Disco software. Session 21 shows the begin and
the end of the session and 2 interactions (events) with 3 interaction sequences and the time as-
sociated with the duration of the session (variant 21).



3.4  Proposed approach

Once the process model was generated and in order to answer the research question, we
set up the proposed approach in two steps: (1) extracting meaningful SRL patterns, (2)
applying predictive models.

(1) Extracting SRL patterns. We used Process Mining techniques following the
PM? method used in [20] to identify the most frequent interaction sequences of learners.
As a result, six interaction sequences patterns were identified: (1) only video-lectures,
(2) only assessment, (3) explore, (4) assessment-try to video-lecture, (5) video-lecture-
complete to assessment-try, and (6) video-lecture to assessment-complete. Then, the
interaction sequences patterns extracted were used as input for grouping learners with
similar behaviour. This was done through agglomerative hierarchical clustering based
on Ward’s method. This clustering technique is advisable for detecting learner groups
in online contexts [16]. To select the optimal number of clusters, we inspected the re-
sulting dendrogram and looked for different ways of cutting the tree structure, in order
to obtain a minimal number of interpretable cluster explaining user behaviour (also the
number of clusters were confirmed using the Silhouette method). As a result, the cluster
indicates different kinds of learning strategies that learners deploy when they are facing
the MOOC. Three clusters that classify learners according to their interaction sequences
patterns and SRL profile were obtained. These clusters are:

- Sampling learners (cluster 1): They have a low activity in the course. Generally,
learners in this group “sample” the course materials and then, leave the course (n =
1,530). Only 7 learners complete the course.

- Comprehensive Learners (cluster 2): These learners usually follow the path designed
by the instructor. They also invest more time watching video-lectures and then try as-
sessments for deeply learning (n = 85). Only 30 learners complete the course.

- Targeting Learners (cluster 3): They watch fewer video-lectures than comprehensive
learners, and focus on completing the assessments, thus being more strategic or goal
oriented (n = 420). Only 143 learners complete the course.

We look for statistically differences between clusters 1, 2 and 3 based only in the SRL
profile (mean) running t-tests. As a result, no statistically significant differences be-
tween comprehensive (cluster 2) and targeting (cluster 3) learners were observed based
on the SRL profile. Consequently, we selected these two as groups of interests to ex-
plore if we can find differences in the predictors of the grades between them.

(2) Applying Predictive Models. Once we identified the mined sequence patterns, we
combined these with self-reported SRL strategies, other traditional self-reported varia-
bles such as demographics, intentions, and variables that result from the activity of the
learner within the platform, in order to identify which of these variables (fine- and
coarse grained) are predictors of learners’ success in self-paced MOOC:s.

In order to assess whether the variables in Table 2 had statistically significant and
independent effects for predicting learners’ success, we conducted multiple linear re-
gression analyses and logistic regression analysis. Variables used in the predictive
model were selected by means of a stepwise regression, using the 23 predictors. Step-
wise regression uses an algorithm to select the best grouping of predictor variables that



account for the most variance in the outcome (R?); this technique is useful in explora-
tory studies or when testing for associations.

All the predictors are continuous except for gender, employment status, interest in
topic, interest in assessment and prior experience, which are dummy-coded binary pre-
dictors. Finally, with the self-reported data on SRL strategies as well as the patterns
extracted, demographic data about learners, intentions towards the course and activity
registered in the course, we built a dataset containing 23 variables that were considered
as possible predictors of success. These predictors are presented in Table 2.

Table 2. Predictors classified by categories

Category Predictors
(1a) Goal setting (1b) Strategic planning
SRL Strategies (1c) Self-evaluation (1d) Task strategies
(1e) Elaboration (1f) Help-seeking

(2a) Only video-lectures

(2b) Only Assessment

(2¢) Explore

(2d) Assessment-try to video-lecture

(2e) Video-lecture-complete to assessment-try
(2f) Video-lecture to assessment-complete
(3a) Age

(3b) Gender

(3c) Employment status (student)

(3d) Employment status (job)

(4a) Time commitment

(4b) Interest in topic

(4c) Interest in assessment

(4d) Prior experience

(5a) Active days

Activity (5b) Time spent (minutes)

(5¢) Number of sessions

Sequence patterns

Demographics

Intentions

4 Results

4.1 Regression analysis of course success

We assessed individual differences between three groups: (1) Comprehensive learners
as a group (cluster 2), (2) Targeting learners as a group (cluster 3) and (3) all learners
as one group (cluster 1, cluster 2 and cluster 3). For this assessment, we used 23 indi-
vidual characteristics, encompassing SRL strategies, sequence patterns extracted from
the behaviour of the learner with the course content, demographics, intentions and ac-
tivity with the course resources. Fig. 4 illustrates the results of the regressions, one for
each group, with estimated standardized coefficients (sign and magnitude) from each
model in each column. Blank entries in Fig. 4 indicate that the corresponding predictor
was excluded from the model. These standardized coefficients were obtained after run-
ning multiple linear regression and logistic regression. For each group, we have con-
sidered grades as a dependent variable. For multiple linear regression, the grades were



considered as a continuous variable. For logistic regression, the grades were considered
as a binary variable (grade >= 80; grade >= 80 & proportions of video-lectures >=
50%). A number of individual differences emerged for learners who succeed in a
MOOC across different set of indicators and depending on the group in which they
were classified. For comprehensive learners, the strategic planning strategy was asso-
ciated with success in the course, while elaboration and help seeking were the strategies
associated with success for targeting learners (grade >= 80; grade >= 80 & proportions
of video-lectures >= 50%). Comprehensive learners who performed the sequence pat-
terns only assessment, explore, and assessment try to video-lecture while they were
facing the course, were more successful (grade >= 80; grade >= 80 & proportions of
video-lectures >= 50%). Targeting learners who performed the sequence patterns only
assessment and assessment try to video-lecture were more successful (grade >= 80),
while for the same group the strategy assessment try to video-lecture was associated
only with success (proportions of video-lectures >= 50%) if learners passed the course
and attempted, at least, 50% of video-lectures. Regarding activity indicators, compre-
hensive learners who spent more active days and time in the MOOC were more suc-
cessful, while targeting learners only time spent was associated with success.

To predict the final grade (as continuous), we run a stepwise method. As a result, we
obtained 3 models for (1) Comprehensive learners as a group, (2) Targeting learners as
a group, and (3) all learners as one group. Table 3 describes the regression models ob-
tained for each group.

Table 3: Summary of the models using multiple linear regressions for the three groups (grade

continuous)
Group R adj. R* df F P
(1) Comprehensive 0.8296 0.8039 73 32.31 <0.001
(2) Targeting 0.7249 0.7175 408 97.73 <0.001
(3) All 0.8559 0.8552 2026 1202 <0.001

For group (1) Comprehensive learners, the self-reported variable goal setting, the
sequences patterns only assessment, explore and assessment try to video-lecture, the
reported demographics as young learners, be women and employment status as student,
the learners’ prior experience and interest in assessment reported, the active days and
the time spent were significant predictors of the final grade. These variables explained
80.39% of the variance in the final grade (R* =.8039, F =32.31, p < .001).

For group (2) Targeting learners the self-reported variables strategic planning, elab-
oration and help seeking, the sequences patterns only assessment, video-lecture com-
plete to assessment try, explore and assessment try to video-lecture, the reported de-
mographics as young learners, the learners’ prior experience, the time spent, and the
number of sessions were significant predictors of the final grade. These variables ex-
plained 72.49% of the variance in the final grade (R* = .7249, F =97.73, p < .001).

For group (3) “All learners as one group”, the self-reported variables elaboration, and
help seeking, the sequences patterns only assessment, video-lecture complete to assess-



ment try, explore, and assessment try to video-lecture, and the learners’ prior experi-
ence reported, the active days and the time spent were significant predictors of the final
grade. These variables explained 85.5% of the variance in the final grade (R* = .855, F
=1,202, p <.001).

Fig. 4. Individual differences between 3 groups of learners (comprehensive, targeting, all) con-
sidering the grade as a continuous and binary variable (grade >= 80; grade >= 80 & proportions
of video-lectures >= 50%), examined by SRL strategies, sequence patterns, demographics, inten-
tions and activity. Blank boxes indicate predictor variables that were excluded by variable selec-
tion. Colors indicate the sign and magnitude of standardized coefficients. All regression coeffi-
cients are significant (p <.001).

The sequence patterns only assessment, explore and assessment try to video-lecture,
and the time spent were significant positive predictor for the three groups. The magni-
tude of the standardized coefficient for the predictor assessment try to video-lecture for
group “Comprehensive” and “All”, and the magnitude of the standardized coefficient
for the predictor time spent for “Targeting” were the highest. It is also worth noting that
video-lecture complete to assessment try and employment status as student were signif-
icant negative predictors for “Targeting” and “Comprehensive” respectively.

Finally, an evaluation of the models was performed to analyze the predictive power.
The dataset was split in train and test sets (80% for training and 20% for testing) and



10-fold Cross Validation (CV) was used within the training set. The first model to pre-
dict continuous grades was evaluated through the Root Mean Square Error (RMSE),
while the other models to forecast binary variables were assessed through the accuracy,
kappa and the Area Under the Curve (AUC) (see Table 4).

Table 4: Evaluation of the predictive models

Grade Grade >= 80 Grade>=80 &
Cluster Set (continuous) (binary) prop_lectures >= 0.5
¥ (binary)

RMSE Accuracy Kappa AUC Accuracy Kappa AUC

cr 11.30 0.95 0.74 098 0.96 0.77 098
All

Test 11.85 0.95 0.70 098 0.95 0.70  0.98

cr 16.62 0.82 0.63 0.84 0.82 0.63 0.84
Comprehensive

Test 11.66 0.94 0.86 0.92 0.94 0.86 0.92

cr 17.22 0.86 0.70 092 0.83 0.63  0.92
Targeting

Test 17.86 0.80 0.57  0.90 0.90 0.79 092

* CV - Cross Validation; AUC — Area Under the Curve

Results show that the predictive power is higher with all learners. This is normal be-
cause sampler learners are also included, and their grade is easier to predict given that
sampler learners do not do the activities and they fail. As for comprehensive, some
differences are encountered between the train and test set. The reason is that there are
very few comprehensive learners and data limitations may suppose generalization is-
sues. Nevertheless, the kappa values indicate at least substantial agreement [17] in all
cases (in all groups) and AUC values are excellent [22] (excepting the AUC value for
comprehensive learners in CV, which can be considered good). These results entail that
the new variables related to self-regulated learning and sequence patterns can be useful
for predicting grades, together with the well-known activity variables.

5 Conclusions

This paper has presented an exploratory study on the variables that are good predictors
of the success (grades) for three groups of learners in a self-paced MOOC: “Compre-
hensive”, “Targeting” and “All” learners. Comprehensive learners are those who follow
the course path designed by the teacher. Targeting learners are those who seek for the
information required to pass assessments. For both type of learners, we found a group
of variables as the most predictive: (1) the self-reported SRL strategies ‘goal setting’,
‘strategic planning’, ‘elaboration’ and ‘help seeking’; (2) the activity sequences pat-
terns ‘only assessment’, ‘complete a video-lecture and try an assessment’, ‘explore the
content’ and ‘ try an assessment followed by a video-lecture’; and (3) learners’ prior



experience, together with the self-reported interest in course assessments, and the num-
ber of active days and time spent in the platform.

The variables analysed in these groups were extracted from self-reported SRL strat-
egies, mined interaction sequence patterns, traditional self-reported variables such as
demographics, intentions, and variables that result from the activity of the learner
within the platform. Multiple linear regression models were obtained for each of the
three groups of learners, which are statistically significant at 99,9% level of confidence.

The findings of this study are subject to some limitations due to the nature of data,
and methodological choices. First, the study is based on learners’ behavioural data au-
tomatically collected by the platform, and self-reported data collected from an optional
survey. Second, the study sessions are computed considering an inactivity threshold of
45 minutes, and only the interactions of learners with video-lectures and assessment
were used to extract interaction sequence patterns.

Future work will expand the study considering (1) week by week analysis instead of
per sessions, and (2) considering interaction sequence patterns mined by using other
MOOC resources such as forum messages, readings, use of dashboard, access to exter-
nal resources outside the MOOC, and formative activities. We will also consider ex-
ploring different types of courses, those that have a defined start and end date. This,
with the aim of finding other factors that affect the predictive power when forecasting
grades. The final aim is to better understand how a student reaches the status of com-
prehensive or targeting.
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