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Abstract. Massive Open Online Courses (MOOCs) have become an important
online learning tool for educators and learners, but one of the major issues are
the high drop-out rates. Recent research suggests not only to identify and
support learners at-risk to drop-out but also to differentiate between the group of
healthy attrition (intentionally leaving the MOOC) and unhealthy attrition
(struggling to complete the MOOC). In this paper, we focus on two research
questions: Firstly, can we already identify learners at-risk to drop-out a MOOC
in an early stage? Secondly, can we differentiate between the group of healthy
attrition and unhealthy attrition? Experimentation with Support Vector Machi-
nes based on learners logs from eleven MOOCs on the Telescope platform show
first promising results.

Keywords: MOOC � Learning analytics � Attrition � Retention � Dropout
prediction

1 Introduction

Information and communication technologies (ICT) have broadly changed the way
how we learn and teach. Over the last decades, a movement has emerged which started
with open source and provided a wide range of tools for the educational sector. This
has been followed by open content and open courseware, the second important pillar of
free and open education. Finally, open online courses, as the next logical step, have
opened formal courses in educational institutions for virtually all potential learners over
the globe without any restrictions. Due to the broad interest and need of open edu-
cation, a big number of learners have enrolled such open online courses and the term
Massive Open Online Courses (MOOCs) have been coined [3, 4, 17, 19].

Over the last years, MOOCs raised a lot of attention by learners, educators, edu-
cational institutions, and researchers. It was praised as a new form of education for the
mass with a high potential. Advantages include free and open education without
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restrictions for everyone, even for the unprivileged and poor ones. It opens up courses
from high renowned universities and enables self-guided learning. Very soon, also
issues and challenges have been recognized and reported. This includes a big effort in
coaching and technical support, and the feeling of isolation and the lack of commu-
nication and interaction with peers and tutors. Due to the lack of entry barriers, a great
variety of pre-knowledge, computer literacy and expectation caused high drop-out
rates, and attrition is reported as one of the major issues [3, 4, 17, 19].

Research in attrition has been an active research field for a very long time. Firstly, it
focused on brick-and-mortar institutions and continued in computer-based and online
learning. [19] Over the last years, research has increasingly focused on MOOC settings.
Research varies from understanding user behavior and uncovering learner groups to
models and predictions of learners at-risk to drop-out and leave the MOOCs [1, 2, 5–8].

Seeking a better understanding of the learning processes and learners’ behavior, in
particular to mitigate attrition issues, a collaborative research between University of
Galileo in Guatemala, Curtin University of Technology in Australia, and Graz
University of Technology in Austria has been established. Attrition research in MOOC
settings and data analysis combined with users’ questionnaires revealed three groups of
risk for leaving a MOOC, which are (a) the personal learners’ factors, (b) factors of the
educational institutions and MOOC design, and (c) environmental factors influencing
the learners. Narrowing down to the intention of enrolling and accessing a MOOC,
questionnaire results indicate that not all enrolled users have as primary goal the
completion of a MOOC. Rather, these users enrolled to have access to learning content
or to just selectively participate in activities without formal completion. These situa-
tions can be described as healthy attrition, because the final completion of the course is
not indented. In contrary, unhealthy attrition subsumes all other situations, in which
users want to successfully pass the course but fail for various reasons. Based on these
results, the Attrition Model for Open Learning Environment Setting (AMOES) has been
proposed in order to better understand and differentiate reasons for learners at-risk to
drop-out [3, 4].

As follow-up research, we have initiated the European project MOOC maker [18].
As part of this project, we are interested in modeling and predicting user behavior,
identifying in an early stage learners at-risk to drop-out, uncovering features which
indicate drop-out risks and developing support for learners accordingly. Related work
aims at identifying and making early predictions on possible drop-out of learners [5–7].
Complementarily, there are different researches trying to develop strategies to increase
learners’ engagement by the use of game-based learning, social networks and effective
communication within groups [8–11]. Our preliminary results on data of five MOOCs
revealed that predicting learners at-risk to drop-out is feasible by taking into account
the first half of activities of the MOOC with sufficient accuracy. Also, support vector
machines classifier performs better than the K-means approach [15].

In this paper, we focus on two research questions: Firstly, can we already identify
learners at-risk to drop-out a MOOC in an early stage? Secondly, can we differentiate
between the group of healthy attrition and unhealthy attrition? To this end, logs from
eleven MOOCs offered on the Telescope platform are considered [12]. Further related
research and more detailed findings and best practices are covered in the MOOC maker
deliverable [19]. The remainder of this paper is organized as follows: Sect. 2 gives an
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overview of the eleven MOOCs and the experimentation setup, followed by data
analysis and findings in Sect. 3 and future perspectives in Sect. 4.

2 Experimental Setup

The experiments and studies are based on 11 MOOCs offered by Universidad Galileo
on their Telescope platform and are briefly described in Table 1. Each of these MOOCs
has a fix 8 weeks duration. In order to obtain a positive grade, learners have to
successfully complete weekly activities (in form of quizzes or assignments) and,
eventually, a final project and exam. Self-assessment activities are also planned for
some MOOCs, but these do not influence learners’ final grade. For each MOOCs a log
file was created. These files reported each interaction taking place on the platform, and
included information as the timestamp of the interaction, the ID of the learners and the
particular tool the request referred to. The logs of the MOOCs in our dataset included a
total of 21 different tools. However, out of these 21, more than 99% of the total
interactions was accounted by 8 tools only, which are listed in Table 2.

We did the experiment based on the above listed MOOCs (see Table 1) and run 2
classification experiments. As all MOOCs have the same 8 weeks duration, we first
analyze the logs on a weekly base and try to classify learners as either likely to
complete a MOOC (completers) or at risk of dropping out (non-completers). For this

Table 1. Description of analyzed MOOCs

MOOC Target Completers Non-completers Drop-out
rate

Android Students 77 516 87%
Cloud based learning Professionals,

Teachers
123 156 56%

E-learning Professionals,
Teachers

81 164 67%

Community manager Professionals 320 501 61%
Medical urgencies No specific

target
49 69 58%

Client Attention Professionals 60 31 34%
Cloud based learning
(EDU)

Professionals,
Teachers

99 83 45%

Cloud based learning
(Tools)

Professionals,
Teachers

131 186 59%

Digital interactive TV Professionals 63 58 47%
E-learning (Tools) Professionals,

Teachers
101 156 60%

User experience Students 62 127 67%
Combined – 1166 2047 58%
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first experiment, we combine data from all MOOCs together and use this as our dataset.
We refer to this setting as completers experiment.

As second experiment, we attempt to investigate the non-completers class and
further categorize the samples within this one as either healthy or unhealthy attrition
(see also Sect. 1 and [3, 4]). This second experiment is therefore a multi class clas-
sification aimed at finding the reasons that brought non-completers to eventually drop
out of the course. In this case, the MOOCs are analyzed individually, without the
weekly base split (we use the whole available interactions for each MOOC). We call
this setting attrition experiment. In the following subsections, we first describe the
general approach for features construction and then we specify each setting in details.

As second experiment, we attempt to investigate the non-completers class and
further categorize the samples within this one as either healthy or unhealthy attrition
(see also Sect. 1 and [3, 4]). This second experiment is therefore a multi class clas-
sification aimed at finding the reasons that brought non-completers to eventually drop
out of the course. In this case, the MOOCs are analyzed individually, without the
weekly base split (we use the whole available interactions for each MOOC). We call
this setting attrition experiment. In the following subsections, we first describe the
general approach for features construction and then we specify each setting in details.

2.1 Preprocessing and Features Creation

As first step, we clean the original log files removing any noisy record. Particularly, we
remove interactions with inconsistent timestamp or wrongly tool entry. Interactions
recorded with blank user id or tool id are also not considered. The considered learners
for each MOOCs are those reported in Table 1. As first step, we sort the interactions of
each user chronologically and calculate the sessions (i.e., a list of actions) of every
users. Whenever the timespan between two actions is larger than 30 min, we create a
new session for the corresponding user. From these sessions we compute the following
features for our classification experiment: number of sessions, number of requests,
average number of requests per session, total session length, average session length,

Table 2. Description of the tools available and used for the analysis

Tool Description

Assessment Mostly quizzes. Used to test user knowledge and satisfaction in the MOOC
Assignment Link to the assignment page (e.g. tasks, projects, etc.)
Course board Page including the weekly topics of the MOOC
Evaluation Reports user’s grade for each submitted task
File Storage Link to the documents and resources of the course
Forum Link to the discussion Forum
Learning
content

Whole content of the MOOC. Includes links to files videos, audios, images
and any resources used during the course

Peer
evaluation

Tool used for the peer review of users
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total timespan within clicks, average timespan within clicks, active days, average
requests per total day, average requests per active day. We refer to this first set of
features as session information. We introduce a second set of features by considering
the tool field of the log data. Particularly, from the tools listed in Table 2, we count the
number of interactions that refers to each tool. This leads to the following 8 features:
assessment, assignment, course board, evaluation, file storage, forum, learning content
and peer evaluation. We refer to this second group of features as request per tool
information.

We want to emphasize that the way we construct all the various set of features is not
dependent on any particular domain of the MOOCs. All the features we have defined
are, in fact, derived by the timestamp and the tool information.

After creating the features, we randomly split the labeled learner data into a train
and a test set, using an 80/20 ratio and a stratified split approach, preserving the class
distribution of the overall users’ population. As an example, a random stratified split of
a dataset consisting of 100 users where 90% are non-completers and 10% are com-
pleters (9:1 ratio) with a training-testing splitting of 80/20 will create a training set
consisting of 72 non completers and eight completers and a testing set consisting of 18
non-completers and two completers.

After computing the train and test sets, we use for both experiments Support Vector
Machines (SVM) for the classification task. SVM has been widely used for classifi-
cation, with applications such as text classification [22], validation of cancer tissue [23]
and user classification in online courses in our previous research [15]. With this
classification algorithm, each users is represented as a point in a multidimensional
space in the number of features. SVM finds the decision hyperplane that best split the
examples (described in terms of different features) in the given number of classes. The
best split is the one for which the distance of the closest point of each class to the
decision hyperplane is maximized [13, 14]. We train SVM using the train set and
predict the class for the examples in the test set. In the training phase, SVM computes
the best fitting hyperplane for the examples in the train set. In the fitting phase SVM
tries to classify the examples from the test set according to the hyperplane obtained in
the training phase.

We evaluated the quality of the obtained classification using F1 score [16], a metric
defined as the harmonic mean of precision and recall. Therefore, F1 score is naturally
bounded between 0 and 1. A value of 0 indicates that every examples has been
misclassified. The higher the F1 score, the more accurate the prediction, with a value of
1 indicating that all the examples have been correctly classified.

2.2 Completers and Attrition Experiments

Our goal in the completers experiment is to verify if it is possible to obtain a correct
user classification using a limited amount of log data in the analysis. Particularly, we
investigate how the accuracy varies by considering featured collected from the first
week up to the 8 weeks total length of the MOOCs. Insights in the number of weeks
learner behaviour data would indicate potential completers and not-completers is
extremely valuable for MOOCs’ administrator and tutors. The sooner they can identify
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at-risk users, the more time they have to reach out to them before the finally leave the
course. To this end, for each week we run a separate classification experiment, con-
sidering all interactions that took place up to that week. For example, for week 2 we
consider all interactions that happened during the first 2 weeks, while for week 5 we
use all the interactions registered during the first 5 weeks. The session information and
the request per tool information as described in Sect. 2.1 are therefore created in
relation to the total amount of considered weeks.

In the attrition experiment we take a step forward and look at more detail at the
non-completers. We attempt to identify subgroups of users within the non-completers
using the AMOES model as reference [3, 4]. Particularly, we try to classify the
non-completers as healthy or unhealthy attrition (see also Sect. 1). Such classification
would help MOOCs’ administrators and operators to concentrate on and support only
those learners that are willing to complete a course but that, for some particular reasons,
are facing problems to do so. In order to do so, we use non-completers answers to a set
of surveys that was sent out at the end of each course, to label them as either healthy or
unhealthy [17]. For non-completers who did not complete the surveys, no labeling was
possible and, therefore, those users are excluded from this experiment. Table 3 sum-
marizes the number of students per MOOC according to their labelling.

With this setting, the session information and the request per tool information, are
calculated using the whole interactions for each MOOC. Thus, we consider the course’s
whole duration but run experiments for individual MOOCs and also for the combined
data set.

Table 3. Number of users according to their label for each MOOC being Completers (C),
Healthy (H), Unhealthy (U), Unlabeled (N).

MOOC Completer Healthy Unhealthy Unlabeled

Android 77 46 38 432
Client attention 60 6 3 22
Cloud-based learning 121 39 15 104
CBL (Edu) 99 16 13 54
CBL (Tools) 131 74 22 90
Community manager 320 78 59 364
Digital interactive TV 63 16 4 38
E-learning 81 27 12 125
E-learning tools 101 20 18 178
Medical urgency 49 6 4 59
User experience 62 28 10 89
Combined 1164 356 198 1555
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3 Experiment Results and Lessons Learned

The aim of the completers experiment is to verify how the accuracy of the prediction
varies when different number of week are considered. Correctly detect users at-risk as
soon as possible would allow course instructors to intervene and develop strategies to
keep the at-risk users engaged and eventually prevent them from dropping out. The
result of this experiment are presented in Table 4. Not surprisingly, we can see that the
more weeks are considered the higher is the accuracy to correctly identify completers
from the non-completers. From week 6 on, it is possible to obtain an average F1 Score
that is higher than 0.8. However, when considering fewer weeks, the predictions
exhibit a low accuracy. We believe that the reason for this is the features not providing
sufficient information to the SVM, which is unable to correctly discern between
completers and not-completers. This is due to too less interactions being available, the
fewer weeks are considered. Furthermore, some of the analyzed MOOCs are charac-
terized by the first two/three weeks with low amount of interactions, and not sufficient

Table 4. Results for the eight weeks analyzed in the experience, presenting the three metrics.

Analyzed weeks Label Result
Precision Recall F1 score

Week 1 Completer 0.75 0.60 0.67
Non completer 0.00 0.00 0.00
Average 0.62 0.50 0.56

Week 2 Completer 0.70 0.88 0.78
Non completer 0.00 0.00 0.00
Average 0.51 0.64 0.57

Week 3 Completer 0.60 0.55 0.57
Non completer 0.29 0.33 0.31
Average 0.49 0.47 0.48

Week 4 Completer 0.67 0.90 0.77
Non completer 0.60 0.25 0.35
Average 0.64 0.66 0.61

Week 5 Completer 0.76 0.57 0.65
Non completer 0.44 0.67 0.53
Average 0.65 0.60 0.61

Week 6 Completer 0.82 1.00 0.90
Non completer 1.00 0.58 0.74
Average 0.88 0.86 0.85

Week 7 Completer 0.88 0.91 0.89
Non completer 0.83 0.77 0.80
Average 0.86 0.86 0.86

Week 8 Completer 0.92 1.00 0.96
Non completer 1.00 0.85 0.92
Average 0.95 0.94 0.94
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for correctly predicting at-risk users. Thus, these MOOCs introduce a certain noise,
which subsequently cause a worsening of the overall predictions score. Weekly
combined analyses on MOOCs with different structure of the course and organization,
can therefore led to low accuracy, especially when only few initial weeks are con-
sidered. Increasing the number of analyzed weeks and, therefore, with more available
interactions, the accuracy of the predictions increases accordingly.

In the attrition experiment, we aim at further classify the non-completers as either
healthy or unhealthy. Healthy attrition indicates users enrolled that are however not
interested into complete the course. On the other hand, unhealthy attrition is typical of
those users that are motivated to complete the course but that are facing problems in
doing so. If not supported and scaffolded in time, these users would eventually abandon
the course and drop out. Because of this distinction, it is clear that instructors and
administrators of MOOCs should focus and be interested on the unhealthy attrition
group only. Table 5 reports the results of this experiment for some of the MOOCs. Due
to the small number of considered users of most of the MOOCs, some of the results
exhibit a low F1 score, which indicates that SVM misclassified most of the learners.

Table 5. Results from the SVM form five of the MOOCs and a General average for the eleven
courses evaluated in the experience.

MOOC Attrition classes Precision Recall F1 score

Digital interactive TV Completer 0.92 0.92 0.92
Healthy 0.50 0.67 0.57
Unhealthy 0 0 0
Average 0.79 0.82 0.81

E-learning Completer 1 0.94 0.97
Healthy 0.75 0.60 0.67
Unhealthy 0.25 0.50 0.33
Average 0.88 0.83 0.85

E-learning tools Completer 0.94 0.85 0.89
Healthy 0.43 0.75 0.55
Unhealthy 0.33 0.25 0.29
Average 0.78 0.75 0.76

Medical urgency Completer 1 0.90 0.95
Healthy 0.33 1 0.50
Unhealthy 0 0 0
Average 0.86 0.86 0.83

User experience Completer 1 1 1
Healthy 0.60 0.50 0.55
Unhealthy 0 0 0
Average 0.78 0.75 0.76

Global Completer 0.96 1 0.98
Healthy 0.77 0.67 0.71
Unhealthy 0.20 0.25 0.22
Average 0.83 0.83 0.83
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This is the case for the MOOC “Client Attention”, “Digital Interactive TV” and
“Medical Urgency”.

Small datasets could introduce difficulties for the classification task performed by
SVM. However, the F1 score grows for bigger datasets. Generally, the scores for the
completer’s class are always higher than those of both healthy and unhealthy class. We
can therefore conclude that users within the class of completers are more similar with
each other than users of the class healthy and unhealthy attrition group. In this scenario,
it is easier for SVM to distinguish completers from non-completers than to distinguish
users within the two subgroups of non-completers. Additionally, it could be possible
that the considered features are not good enough to further split the non- completers
into the groups of healthy and unhealthy attrition.

4 Conclusions and Future Works

In this paper, we focused based on previous research on two research questions: Firstly,
can we already identify learners at-risk to drop-out a MOOC in an early stage? Sec-
ondly, can we differentiate between the group of healthy attrition and unhealthy
attrition? Experimentation with Support Vector Machine (SVM) based on learner logs
from eleven MOOCs on the Telescope platform show first promising results but also
leave much room for further improvements.

Correct classification of users into completers and non-completers or in relation to
healthy and unhealthy attrition, is harder the fewer amount of data and weeks are
analyzed. On the other hand, the earlier it is possible to identify non-completers or
users exhibiting unhealthy attrition, the more time tutors or professors have in order to
take actions to motivate such users to continue and complete the course. Correct
identification of healthy and unhealthy attrition users is a crucial point, because in order
to mitigate the overall numbers of dropouts, the focus should be only on the latter
group. Healthy attrition users should not be accounted as dropouts, as their final goal is
not to successfully complete a course, and therefore to describe them as at-risk, is
incorrect.

Identify and construct more valuable features becomes necessary when the amount
of information available is generally low or when the amount of analyzed time only
include the first few weeks (or any short amount of time). Entry tests or graded
assignments could offer more insights and indications of user behaviors already within
the first weeks of a MOOC. Analyzing users’ scores, time needed to complete the
assignments together with the numbers of wrong or right answers are all factors that
would lead to more accurate predictions.

Encouraging social interactions through forum activities and peer evaluations also
represent potentially valid ways to increase user engagement and thus mitigate drop-
outs. Users who constantly engage in the MOOC forum, create discussions, reply to
other users’ questions, show high interest in the MOOC and therefore have higher
motivations to succeed. Trying to engage a larger number of users to participate in a
forum is advisable, but it is not a trivial task and most of the time it is not easily
achievable. However, a highly active forum, even if only animated by a few users,
could encourage other users as well, who do not actively participate, to at least
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spending time reading existing discussions and maybe finding answers to their con-
cerns. Although in this way the forum participation would not be improved, it may
however bring some improvements and more knowledge to all users. It is important to
notice that the MOOC platform and especially the content should be accessible with a
special benefit for students with disabilities as a way to increase user engagement
through usability and accessibility [20, 21].

As future work, we want to investigate further what are the most important features
to predict at an early stage learners at-risk to drop out but also to separate the group of
healthy from the group of unhealthy attrition. We also want to research ways to apply
generalize models or models for particular types of MOOCs in order to predict learner
groups, in particular learners at-risk, for individually designed MOOCs. Final, we want
to provide MOOCs’ administrators and experts with a dashboard interface to help them
individuate at risk users, and provide appropriate follow-up exploiting the results from
the SVM classification.
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