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a b s t r a c t

Collaboration is considered as one of the main drivers of learning and it has been broadly studied
across numerous contexts, including Massive Open Online Courses (MOOCs). The research on MOOCs
has risen exponentially during the last years and there have been a number of works focused
on studying collaboration. However, these previous studies have been restricted to the analysis
of collaboration based on the forum and social interactions, without taking into account other
possibilities such as the synchronicity in the interactions with the platform. Therefore, in this work
we performed a case study with the goal of implementing a data-driven approach to detect and
characterize collaboration in MOOCs. We applied an algorithm to detect synchronicity links based
on their submission times to quizzes as an indicator of collaboration, and applied it to data from
two large Coursera MOOCs. We found three different profiles of user accounts, that were grouped in
couples and larger communities exhibiting different types of associations between user accounts. The
characterization of these user accounts suggested that some of them might represent genuine online
learning collaborative associations, but that in other cases dishonest behaviors such as free-riding or
multiple account cheating might be present. These findings call for additional research on the study
of the kind of collaborations that can emerge in online settings.

© 2021 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Massive Open Online Courses (MOOCs) are online courses
hat cater to large numbers of students, are designed for open
articipation and can be accessed by anyone via the Internet [1,
]. MOOCs have become a promising worldwide educational
edium which have attracted much attention from different
takeholders, and many institutions have chosen to incorporate
hem into their educational programs, including for academic
redit [3,4]. The entrance of MOOCs in the higher education
ector has also facilitated the collection of large amounts of
ata from students distributed around the globe, which in turn
as helped thrive data analytics in education. The analysis of
ducational data can help improve the quality and effectiveness
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of teaching and learning, and transform the current infrastructure
into a modernized data-driven higher education. Many studies
have focused on analyzing and characterizing student behav-
iors in these courses and thus, generated inputs that can help
improve the learning process in digitally-mediated educational
environments [5,6].

On the other hand, MOOCs support the social constructivism
theory of learning that enables group interaction, mutual work,
discussion, and collaborative knowledge formation. In this way,
collaboration is considered as one of the main drivers of learn-
ing [7], and many learning theories promote the benefits of col-
laborative learning, both in face-to-face and online courses. Then,
it is no surprise that there have been numerous researchers that
have studied collaboration in MOOCs through the use of com-
munication tools such as forums, or collaborative projects [8,9].
Teachers encourage student participation in the course through
the technology and often use third-party tools and plugins to
provide additional collaboration functionalities to students, such
as social networks, messaging, or video conferencing tools [10].
Collaboration can also emerge through different student activities
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such as commenting, responding, updating and sharing through
discussion forums, increasing student participation [10,11]. In
this way, learning can also arise from the connections between
students in a spontaneous way and not only from the interaction
with content. However, few authors have studied students’ col-
laborations beyond what is visible online, for example, through
the analysis of the interaction with the courseware, such as the
course navigation, content visualization, or the submission of the
scheduled exams. Therefore, we find that this approach that tries
to reveal traces of collaboration that happen in the background,
is currently missing in the literature.

Studies on collaboration typically take place in controlled en-
ironments or online classrooms where there are small numbers
f students. However, MOOCs are a unique playground for exam-
ning how students collaborate at a larger scale [12]. Apart from
aving large amounts of data to analyze, MOOC students have
ery heterogeneous profiles, beliefs, and reasons to participate in
he courses [13]. Previous work studied how students behave in
n online course and much of the work highlights the benefits
f collaboration in learning environments. However, it has also
een found that not all collaborative student behaviors are good.
umerous unethical behaviors have been found, such as helping
riends to pass their exams, or even using different accounts to
btain feedback through multiple attempts to questions [6]. For
xample, Hellas et al. [14], Lan et al. [15], and Waters et al. [16]
dentified potential unethical collaborations through the analysis
f similarities in the scheduling of the activities taken, and the
tart and end times of take-home exams. Therefore, it is impor-
ant to better understand how students are actually collaborating
n MOOCs.

Besides, we found several previous studies on collaborative
earning in MOOC environments focused on analyzing tools for
ourse collaboration and the behavior of students in the dis-
ussion forums [10,17–19]. However, we did not find any work
hat performed a data-driven detection and characterization of
ollaborations based on students’ interaction data. This refers to
invisible collaborations’ that cannot be detected by simply look-
ng at online social interaction in forums or similar collaborative
ools. In this paper, we present a novel data-driven approach to
haracterize students’ collaborations in MOOCs. This work builds
n top of an algorithm to detect collaborations that we developed
n previous work [20], and that operationalizes collaboration
s the synchronization of students when they submitted their
uizzes to the MOOC platform. With respect to our previous
tudy [20], this work takes place within the same context of
oursera MOOCs, using the same data set, and considering sim-
lar variables (Sections 3.1, 3.2, and 3.3). Then, we re-use the
lgorithm to detect collaborators from previous work [20] in the
ame context where it was previously applied and using the same
arameters that we previously validated (Section 3.4). The new
ethodological contribution comes afterwards, by proposing a
ata-driven characterization of those accounts that were detected
s collaborators (Section 3.5), which is completely novel in the
iterature. We present insights about the types of accounts and
haracterize the different emerging associations, while also con-
ecting these findings with the current literature and theory.
he methodology presented in this paper provides new ways to
se digital trace data to understand e-learning collaboration and
otentially provide feedback to instructors and students. Further-
ore, because collaborations are not unique to MOOC courses,

he depicted methodology can be re-used in new research ap-
lied to other online learning contexts. Specifically, we have the
ollowing Research Questions (RQs):

RQ1 What are the types of students’ accounts based on their
interaction with the MOOC platform?
591
RQ2 What are the behavioral characteristics of the detected as-
sociations of accounts?

The remainder of the paper is organized as follows. Section 2
reviews the related work in the area of student behavioral model-
ing, collaboration in MOOCs, and academic dishonesty. Section 3
presents the methodology applied to conduct this research, while
Section 4 describes the results regarding behavioral characteri-
zation of the different accounts and associations. Section 5 dis-
cusses results comparing with the literature and, finally, Section 6
concludes the paper.

2. Background

In this background, we focus on presenting an overview of
the three research directions that are more closely related to our
work. First, in Section 2.1 we review studies that have applied
techniques from educational data mining and learning analytics
to model student behavior. Then, in Section 2.2 we focus on
the studies that have analyzed collaboration behavior in MOOCs.
Finally, in Section 2.3 we examine studies that tackled academic
dishonesty behaviors in MOOCs.

2.1. Analysis of student behavior in MOOCs

There is a high diversity in the kind of work published within
the context of student modeling in MOOCs. Much of it has been
focused on modeling students’ motivations to participate in these
courses and their preferences [21–23]. A number of studies have
specifically focused on students’ motivation with gamification
features, for example, to analyze their perceptions toward earning
badges in a gamified MOOC [24] or to propose metrics to infer
which students are earning badges intentionally [25]. These stud-
ies aim to better understand the motivations of MOOC learners in
order to adapt the materials and better cater to learners’ needs
and interests.

Another predominant purpose of modeling students’ behavior
has been to predict learners’ attrition in MOOCs. For example, Ha-
lawa et al. [26] presented a dropout predictor based on the
interaction activity of students with the MOOC platform that
can provide a trustworthy dropout risk factor. Ramesh et al.
[22] also presented a framework for modeling and understanding
student engagement in online courses based on trace data, using a
probabilistic model to connect student behavior with course com-
pletion. These studies have sought the possibility to implement
systems that can help improve MOOC completion.

Moreover, another key research line in MOOCs has been the
investigation of which behaviors affect learning outcomes. For ex-
ample, Al-Shabandar et al. [27] conducted two experiments to an-
alyze which behavioral features were related to engagement lev-
els and positive learning outcomes. In addition, Ruipérez-Valiente
et al. [28] conducted a study on a Khan Academy instance build-
ing a prediction model of learning gains that included different
activity indicators and behavioral data. They found a number of
behaviors positively correlated with learning gains (e.g., students
who follow recommendations made by course instructors), while
others were negatively correlated (e.g., unreflective behaviors).
Results from these kind of studies can help understand instructors
and researchers which behaviors can have a positive or negative
impact on learning outcomes, and thus enable the possibility of
promoting or discouraging certain behaviors.

A large body of clustering studies in MOOCs have applied these
techniques to find different behavioral profiles of students based
on how they interacted with the activities [25,29–31]; there are
nuances between these studies, for example [25] aimed to infer
profiles of engagement with respect to the gamification features
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of Khan Academy, Chen et al. [31] focused on extracting self-
regulated learning strategies patterns, and both [29] and [30]
focused on extracting different subpopulations of learners based
on how they engaged with the activities. Other studies have
applied clustering for alternative purposes; for example, Li and
Li [32] used clustering approaches to provide personalized rec-
ommendations of MOOCs to users based on their characteristics
or [33] applied it to study different profiles of participation in
MOOC discussion forums. Moreover, clustering has also been
used within MOOC studies for group formation purposes. For
example, Lynda et al. [34] used it to group learners with similar
profiles for the peer-review process and Sanz-Martínez et al. [35]
used it to group alike learners for collaborative learning activities.
As we see, the majority of the studies have used clustering either
to find profiles of students in MOOCs, for recommendation pur-
poses, or for group formation in order to develop some sort of
activity between peers. However, to the best of our knowledge,
clustering has not been applied within MOOCs for the purpose of
characterizing collaborations.

The studies mentioned in this subsection have demonstrated
iverse purposes to perform behavioral modeling of MOOC learn-
rs. However, even though student collaboration is one of the
utstanding opportunities in MOOCs, few papers reported re-
ults regarding behavioral modeling that is performed to detect
r characterize collaboration in MOOCs; our research study is
ocused in this direction.

.2. Collaboration in MOOCs

Although numerous studies have focused on analyzing how
tudents behave in MOOC environments, only few of them have
elved into students’ collaborations. In this direction, Claros et al.
36] presented several reflections about monitoring and assess-
ent processes from two collaborative learning systems: The first
ne was defined with the aim of engaging students in a social
rocess around the composition of interactive multimedia learn-
ng objects, while the second one sought to help the instructors
n the design of collaborative learning scenarios with a set of
ervices embedded into Moodle. By experimenting with these
wo collaborative learning approaches, the authors provided rec-
mmendations on how to apply these approaches to MOOCs in
rder to reduce instructors’ workload. However, they did not
nalyze the collaborations and interactions between students that
ook place in the courses.

On the other hand, the majority of MOOC platforms offer
imited technical functionality for collaborative work. After ex-
mining the collaboration support across Coursera, edX, Udacity,
nd MiriadaX MOOC platforms, Staubitz et al. [17] encouraged
uture work to improve features to support collaborative learning
n MOOCs. Based on the analysis, the authors implemented a set
f tools that can support collaboration on the OpenHPI MOOC
latform. This set of tools consisted of a general virtual space for
ollaborative online learning, which supports study groups, topic-
entered learning, and teams in both public and private working
roups. For online communication, a combination of synchronous
nd asynchronous tools was added, such as a lab collaboration
pace that provides learning groups with the opportunity to
hare artifacts. Staubitz and Meinel [37] continued this line of
ork by examining the practical implications of some forms of
ollaborative learning that were implemented in the OpenHPI
latform. The most important conclusion of their study was that
he number of participants contributing to the forum increased
onsiderably when instructors participated in the collaborative
rocess. Their results also confirmed that forum participation in
OOCs actually works better with a large number of participants,
s both students and instructors are more active because there
re more interactions in the forums.
592
Several studies have looked into the effects that collabora-
tion may have on different learning outcomes in MOOCs. In this
sense, Brooks et al. [38] investigated whether participating in
a MOOC with friends or colleagues can improve both course
completion and student social interaction during the course. In
this study, they sent surveys to students to analyze those who
enrolled with friends, and the results suggested that enrolling
in a MOOC with peers correlated positively with course com-
pletion rate, level of achievement, and use of the discussion
forum. They demonstrated that there was a positive effect on
student academic achievement and an increased online interac-
tion when students enrolled with friends or colleagues. Li et al.
[39] investigated the benefits of collaborations in MOOCs through
an inverted classroom case study. Their results suggested that
students in MOOCs prefer to study in groups, and that social
facilitation within study groups can make learning difficult con-
cepts a more enjoyable experience. The students reported a high
overall satisfaction with this study group learning approach and
the research revealed that students liked to be in sync with
the group while watching the MOOC videos and completing the
assessments. However, neither of these two studies analyzed the
actual behaviors that these students performed in the MOOC
platforms while collaborating together.

Collaboration in MOOC discussion forums has also been a
common topic in the literature [18,40]. For example, Cohen et al.
[18] used learning analytics methods to retrieve and analyze
data of students’ interaction with the course forums. The authors
showed that 20% of the students were collaborating in the forums
throughout the course and they were responsible for 50% of the
total posts. Similarly, Ezen-Can et al. [40] presented a study of
MOOC discussion forums with the aim of automatically extracting
the structure of discussions posts to understand how students
collaborate with each other.

Most studies on collaboration in MOOCs explored how stu-
dents interacted through a collaboration tool or what benefits are
gained from these collaborations. However, our approach is very
different from these studies, as we use a data-driven algorithm to
detect and characterize students’ accounts that are collaborating
when there is no specific encouragement to collaborate or addi-
tional tools to do so. We seek to know how students collaborate
and whether these collaborations are learning-oriented or geared
towards effortlessly obtaining a certificate; no approaches like
this one have been reported in the literature thus far.

2.3. Academic dishonesty in MOOCs

While collaboration has been depicted as a great opportunity
to improve online learning [41], there is also a delicate line be-
tween healthy collaborations and academic dishonesty. Previous
work has been exploring this issue, for example [16] presented
a framework for detecting collaboration between students in
online or take-home tests, which depending on the course rules
could be labeled as academic dishonesty. The authors developed
a method to detect collaborations by making use of the SPARFA
(SPARse Factor Analysis) framework. With this, Lan et al. [15]
proposed two Bayesian hypothesis tests to detect collaboration
in educational data sets. The first test examines the number of
matches between couples of students given by SPARFA and uses
this information to infer the probability of collaboration. The
second test examines the sequence of joint responses by couples
of students using a specific model of collaboration and assesses
the probability that such patterns will emerge independently.
However, this method has not been tested in MOOCs.

Academic dishonesty in MOOCs has received much attention
in the literature, where several authors have proposed algorithms
for the detection of CAMEO (Copying Answers using Multiple
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Existences Online) behaviors [6,42–44]. CAMEO is one of the
reported methods of cheating in MOOCs, where harvester (fake)
accounts are used to get correct answers using the automatic
feedback of the system, which are then used by a master account
to achieve the grade that allows the student to get a certifi-
cate. Bao [42], Northcutt et al. [43], and Alexandron et al. [6]
presented algorithms for identifying student submissions that
were performed applying this CAMEO method; the algorithms
were based on several heuristics that make use (among other
things) of the IP addresses of the students and the timestamps
of the submissions. Moreover, Ruipérez-Valiente et al. [44] pre-
sented a supervised machine learning algorithm that detected
CAMEO without using IP addresses by using a previously labeled
sample of CAMEO submissions. This algorithm used as input
several features about the submissions, students, and the design
of the problem to predict the likelihood of a submission being
completed using CAMEO.

Following the line of data-driven detection of academic dis-
onesty, Ruipérez-Valiente et al. [20] proposed an algorithm that
etects collaboration links between students in online learning
nvironments, which is the one that we use in this study. Specif-
cally, the study presented a method developed to detect links
etween students based on the students’ temporal closeness or
ynchronization when submitting their quizzes [20]. The study
ound that the detected students needed significantly less activity
ith the courseware to get a certificate of completion. However,
he authors concluded the paper indicating that more work was
eeded in the future to characterize students’ behaviors based on
he interaction data with the platform to determine whether stu-
ents were involved into any behaviors that can be characterized
s dishonest, which is our goal in this study.
Overall, we have detected a consistent gap in the literature

hat warrants a need to propose a data-driven method to charac-
erize collaborations in MOOCs. This can be particularly important
o differentiate between fruitful collaborations and dishonest be-
aviors that can lead to free-riding [45,46]. In this manuscript, we
ddress this gap by implementing the aforementioned method
o detect collaborations [20], and then we perform a novel data-
riven characterization of the different associations that we have
etected.

. Methodology

.1. Context of the study

The data used in the study comes from two MOOCs offered
n Coursera platform by a large research university in the United
ingdom. First, Introduction to Philosophy (PHIL), which presents
he main areas of research in contemporary philosophy, and
undamentals of Music Theory (MUSIC), which introduces students
o the theory of music providing basic skills to read and write on
estern music notation.
From an instructional design perspective, both courses imple-

ented auto-graded quizzes ever week, lasting seven and five
eeks respectively. Both courses had one graded quiz per week,
ith around 6–12 (PHIL) and 10–14 (MUSIC) questions per quiz.
ince our algorithm relies on finding synchronous submissions to
uizzes, the fact that both MOOCs have weekly quizzes and large
umbers of students, were our primary reasons to select them.
he passing grade of PHIL was 50 points and the one for MUSIC
5 points, over a total of 100 possible points in both cases. The
tudents did not receive any specific instructions to encourage
ollaboration, and therefore we assume that students either knew
ach other beforehand or met while taking the course.
593
3.2. Data collection

We used Coursera’s raw student interaction data, which in-
cluded actions and clicks performed by the student while in-
teracting with the MOOCs. Coursera provides raw SQL exports,
clickstream logs, and demographic data for session-based courses.
The SQL exports of the course can be imported into a relational
database and queried via traditional SQL statements.

A total of 53,831 and 89,896 students enrolled in PHIL and
USIC MOOC respectively. Since the focus of the study is to
etect collaboration across the course, we filtered out those stu-
ents that did not persist through it. We operationalized this by
electing a sub-sample of only those students that submitted all
he quizzes in a course. The final amount of students that passed
his criteria and are included in the study are 2359 (4.38% from
otal) and 5159 (5.73% from total) students from the PHIL and
USIC courses, respectively.

.3. Considered variables

We implemented scripts to perform feature engineering based
n the raw data provided by Coursera. We decided to imple-
ent metrics related to different dimensions: the academic en-
agement (grades and submissions) and behavioral engagement
ith the platform (general activity levels, interaction with videos
nd discussion forums). The rationale to select these dimensions
as based on having different aspects to characterize the col-

aborations. The initial selection of features was based on the
xperience of the co-authors in MOOC research. For the academic
ngagement we implemented the following features:

• FinalGrade: The final numeric course grade (between 0
and 100).

• GotCertificate: Boolean variable indicating whether a
given student obtained a certificate in a given course or not.

• SubmissionCount: The total number of submissions to
graded assignments that a particular student attempted.

• SubmissionUnique: The number of submissions to differ-
ent graded assignments that a particular student attempted.

• SubmissionAverage: The average number of submissions
per graded assignment attempted.

Then, for the behavioral engagement, we implemented the
ollowing features for the general activity levels, videos, and
iscussion forums:

• ActiveDaysCount: The total number of days that a partic-
ular student was active in the course.

• ActiveWeeksCount: The total number of weeks that a
particular student was active in the course.

• DistinctVideoCount: The total number of unique lecture
videos accessed or downloaded by a given student.

• VideoSeekCount: The total number of video seek events
generated by a given student.

• VideoPauseCount: The total number of pause events gen-
erated by a given student.

• DistinctThreadCount: The total number of unique dis-
cussion topics accessed by a given student.

• DistinctThreadsPosted: The total number of threads of
discussion posted in the forum.

• DistinctCommentsPosted: The total number of
comments posted in threads of discussion.

Fig. 1 shows a boxplot visualization with the distribution of
ll these features per course and divided for those that acquired
certificate or not. Moreover, we also computed the variables
ubmissionTimes for the detection algorithm, and Order for
he community characterization. These variables are defined as
ollows:
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Fig. 1. Boxplot visualization of the continuous variables considered for this study separated by GotCertificate and computed for each course separately.
a

D

• SubmissionTimes: The list of timestamps of all submis-
sions to course graded problems by a given student.

• Order: For a pair of collaborator accounts, this variable
ranges from −1 to 1 indicating the order in which the
submissions were done. A value of 1 signals that the first
account always submitted the quizzes before the second
account and analogously, a value of −1 indicates that the
first account always submitted the quizzes after the second
account. The values in between indicate relative difference
between these two extremes.

3.4. Overview of the detection of collaborators

3.4.1. Definition of collaboration in this study
As we have seen in the related work, collaboration and col-

laborative learning have been defined and operationalized in
many different ways. In this study, we focused on the previously
reported notion of temporal synchronicity as a state in which the
activities of a collaborating group are synchronized across time,
that is, when group members are working on the same activity
at the same time, we have that a collaboration is emerging [47].
A systematic literature concluded that the temporal analysis in
collaborative learning can help increase scholar understanding in
terms of theory and potential methodologies [48], which presents
a strong alignment with our work. In our case scenario, we
detected this synchronicity via students’ timestamps when they
submitted their quizzes. The rationale is that the statistical likeli-
hood of two or more accounts submitting their quizzes at almost
the same time every week is very low, specially given that these
courses do not have due dates. For example, given that MUSIC
course had seven quizzes, the probability of finding by chance a
community of four students that always submitted their quizzes
around the same time window of five minutes is extremely low
given that the tests did not have due dates. We refer to this
as ‘invisible collaborations’ that cannot be detected by simply
looking at online social interaction in forums or other social tools.
These are the underlying conceptual foundations of the algorithm

that we detail next and the rationale why we selected it.

594
3.4.2. Algorithm
The algorithm that we implemented is based on the previous

work by Ruipérez-Valiente et al. [20] and consists on identifying
user accounts on the MOOC platform that always submit their
assignments very close in time. The algorithm provides a system-
atic approach to detect synchronicity between students, which
can be an indicator of collaboration, and can be easily applied to
any online environment where students have to complete certain
learning activities.

The algorithm is based on the comparison of the timestamps
of all quiz submissions done by a student with respect to the rest
of the students of the course and calculating how close they are
in time, thus obtaining a distance matrix DS. The algorithm uses
dissimilarity matrix DS ∈ RNxN as follows:

S =

⎛⎜⎜⎝
ds1,1 ds1,2 ds1,3 · · · ds1,N
ds2,1 ds2,2 ds2,3 · · · ds2,N

...
...

... · · ·
...

dsN,1 dsN,2 dsN,3 · · · dsN,N

⎞⎟⎟⎠ (1)

Each entry dsi,j is a real number representing the dissimilarity
between students i and j based on the differences in their assign-
ment submission times and where N is the number of students in
the course. Each element of matrix DS is calculated by a chosen
dissimilarity function diss( ⃗spi, ⃗spj) ∈ R which operates on vectors
of student submission timestamps, with ⃗spi defined as:

⃗spi = [spi,1 spi,2 · · · spi,M ], i ∈ {1 · · ·N} (2)

where spi,1 would be the timestamp of the submission to quiz 1 of
the student i computed based on the variable SubmissionTimes
andM is the number of quizzes in that course. After the DS matrix
with the distances between all course participants is computed,
we establish a threshold to classify a couple of students a collab-
orators. Then, we extract from matrix DS all unique entries di,j
where the value of the cell is below said threshold.

3.4.3. Collaborators detected
In this study, the dissimilarity measure is the mean absolute

deviation (MAD), since it provides a comprehensive value to un-
derstand how closely two students submit their exams. The MAD
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Fig. 2. Boxplot visualization that shows differences in the selected indica-
ors for those accounts detected as collaborators and the rest, separated by
otCertificate and computed for each course separately.

easure is defined as follows:

issMAD( ⃗spi, ⃗spj) =
1
M

M∑
k=1

|spi,k − spj,k| (3)

We used a MAD threshold of 30 min, which is based on exper-
imenting with different thresholds and dissimilarity measures in
our previous study [20]. Based on this procedure, we detected the
following collaborators:

• MUSIC: 30 couples, two three-member communities, one
four-member community, three five-member community,
and one 14-member community. Overall, 99 different stu-
dent accounts.

• PHIL: 11 couples and one four-member community. Overall,
26 different student accounts.

Fig. 2 shows a comparison of the selected indicators between
those accounts detected as collaborators and those that are not
detected. The differences between the two types of accounts are
statistically significant, therefore confirming that we are detect-
ing a different subpopulation of accounts.

3.5. Overview of the community characterization

3.5.1. Clustering method and metrics
We used the IBM SPSS Statistics Two-Step clustering method

[49]. As part of the options of the algorithm, we selected the
Euclidean distance as distance measure, we let the algorithm
decide the optimum number of clusters automatically (range 2–
15), and we used as clustering criterion the Bayesian Information
Criterion (BIC). We pre-scaled the input variables by computing
the z-scores of each variable (i.e. z =

x−µ

σ
where µ is the mean

nd σ the standard deviation of x). The algorithm automatically
performs the following two steps:

• First, it identifies the appropriate number of clusters through
agglomerative hierarchical clustering. In order to select the
appropriate number of clusters, it will maximize the sil-
houette coefficient value, as described by Kaufman and
Rousseeuw [50].

• Second, it applies k-means with the identified optimal num-
ber of clusters and Euclidean distance as dissimilarity metric
to assign each one of the students to a cluster.
595
Fig. 3. Bar plot of the relative variable importance after running the clustering
method with all the continuous considered variables. Blue denotes that the
variable was selected for the final clustering analysis.

We used the relative variable importance as provided by IBM
SPSS Statistics Two-Step to evaluate the importance of each pre-
dictor, where for certain variable i we have that:

VIi =
−log10(sigi)

max
j∈Ω

(−log10(sigj))
(4)

where Ω denotes the set of features introduced to the clustering
algorithm, and sigi is the significance or p-value computed from
applying a t-test or ANOVA when appropriate [49].

3.5.2. Selected variables
To avoid over-fitting of the relatively small data set, we de-

cided to perform a feature selection to optimize the modeling.
We made an initial run of the IBM SPSS Statistics Two-Step [49]
with all of the continuous considered variables in Section 3.3; the
algorithm was run separately for each one of the MOOCs. Then,
we plotted their relative variable importance as shown in Fig. 3.

We decided to keep the variable with the highest importance
for each one of the dimensions that we indicated before; based
on what we see in Fig. 3 and our own judgment as experts
in this area, we selected FinalGrade, SubmissionCount, Ac-
tiveDaysCount, and DistinctVideoCount. We did not select
any of the variables related to forum activity because all of them
have low importance, and as we see in Fig. 1, the majority of
learners did not interact with the forum.

3.5.3. Characterization of the couples and communities
Once we have detected those accounts that are collabora-

tors, our first RQ is to characterize these accounts. To solve this
problem, clustering techniques are normally applied when we do
not have a clear idea of the underlying groups in a population,
and subjects are then clustered on the basis of some inherent
similarity among them [51]. Therefore, we apply the clustering
methodology in Section 3.5.1 to find different types of student
accounts based on their engagement with the learning platform.
This clustering process is applied separately to PHIL and MUSIC
ollaborators. The silhouette coefficient value for PHIL is 0.7 and
or MUSIC 0.6, which can be considered as good values [50],
nd thus we conclude that the final clusters are valid. This kind
f clustering approaches to find different profiles of students in
OOCs have been used in previous studies successfully [25,29–
1].
Then, we represent the student collaborations on a network

raphic, where the nodes represent students, the edges link two
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Fig. 4. Clustering results showing a boxplot visualization of the input variables separated by cluster and course.
tudents detected as collaborators, and the color of the node cod-
fies the cluster assignment. This way, we represent collaborators
n communities depending on how many accounts they were
ollaborating with. Finally, we analyze the indicators and clusters
f the detected associations, connecting them with previously
eported literature in order to perform a theory-driven validation
f our findings.

. Results

.1. RQ1. Types of accounts based on the clustering analysis

We applied the clustering methodology as described in Sec-
ion 3.5 to classify student accounts based on their interactions
ith the MOOC platform. Fig. 4 shows a boxplot with the clus-
ering results where each input indicator is separated by cluster
on the x-axis) and by course (top row for MUSIC and bottom row
or PHIL). The highest relative variable importance for clustering
ied in the variables FinalGrade and DistinctVideoCount.
ubmissionCount had the lowest importance. As shown in the
lot, the variance of SubmissionCount was the highest of all,
nd thus it was not the one defining the clusters. The three
lusters obtained are described below:

• Cluster 1: This group is composed of 34.6% of the PHIL
course accounts and 41.41% of the MUSIC course accounts.
The accounts that belong to this cluster had a high Fi-
nalGrade and the highest median values for the Active-
DaysCount and DistinctVideoCount variables. Addition-
ally, the variable SubmissionCount had a very high vari-
ance, thus there were different types of accounts regard-
ing the amount of submissions. Overall, since this clus-
ter had the highest values for the two activity variables
(ActiveDaysCount and DistinctVideoCount), and also
a high value of FinalGrade variable, these accounts put
effort and invested time on the course achieving high grades
and obtaining certificates of completion.

• Cluster 2: A total of 42.3% accounts of the PHIL course
belonged to this cluster and 42.42% of the accounts of MUSIC
course. This cluster contains accounts that also had a high
596
value of the FinalGrade variable. However, there were
important differences in comparison to cluster 1 regarding
the rest of the variables. Most importantly, we found that in
terms of DistinctVideoCount, accounts in cluster 1 had
a very high use of videos (most of the videos were seen
by the users of the accounts in this cluster), whereas in
cluster 2 this was quite the opposite case, where the users
of most accounts watched very few videos. Additionally,
the value of SubmissionCount and ActiveDaysCount
variables were also lower than in cluster 1. Therefore, the
users of the accounts in this cluster achieved high grades
and obtained certificates, and they were able to accomplish
this by watching very few videos, being active fewer days
and with fewer submissions than the users of the accounts
in cluster 1. Therefore, our hypothesis is that either the
students running these accounts already had prior knowl-
edge regarding the topic of the course and they just solved
the required activities to get the certificates, or they might
have been performing some illicit actions as part of the
collaboration that had facilitated their way into obtaining a
certificate without much effort.

• Cluster 3: This group is composed of 23.1% of the PHIL
course accounts and 16.16% of the MUSIC course accounts.
The last cluster of user accounts is clearly distinguishable
from the other two clusters by its FinalGrade, which was
much lower than in the other two with the median value of
50%. This means that most accounts in this cluster did not
achieve a certificate of completion. The value of Active-
DaysCountwas also the lowest one of all clusters, with very
few days active. It is also interesting to see that the median
value of SubmissionCount was higher than those of the
other clusters in PHIL and higher than that of cluster 2 in
the case of MUSIC. Therefore, although these accounts did
not receive certificates and were active only very few days,
they did make many submissions, in fact, this cluster has
the highest median value of submissions in PHIL course.
Finally, for the DistinctVideoCount variable, in the case
of PHIL, the median value was 0 and none of those accounts
watched any videos; in the case of MUSIC the variable had

a high variance and the median value was higher than that
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Fig. 5. Network graph of the couples and bigger communities detected by the algorithm and colored based on their cluster assignment. Each node represents an
account, and the edge between two of them indicates the collaborating relationship.
Table 1
Examples of couples for each of the cluster associations found.
Association Cluster MAD Order Final Grade Sub. Count Act. Days

Count
Dist. Video
Count

Fruitful
collaboration

1 2.65 +0.14 100 92 26 35
1 100 12 16 32

Free-riding 1 17.07 +1 81 74 7 37
2 98.6 16 19 1

Illicit
collaboration

2 2.64 +0.71 97.1 7 5 0
2 91.4 18 5 1

CAMEO helper 1 1.21 −1 94 28 11 38
3 49 58 5 0

CAMEO
premeditated

2 1.27 −1 96.4 7 14 0
3 48.5 32 4 0
for cluster 2. Our hypothesis is that this cluster of accounts
represents the harvesting accounts that have been reported
in previous research about CAMEO [6,43]; these accounts
were created for the mere purpose of harvesting correct
solutions by using exhaustive search (i.e., each quiz item has
several attempts available and students receive feedback on
the correctness after the submission). The correct solutions
can be used later in the main account that would receive a
certificate. This hypothesis is plausible since the accounts in
cluster 3 did not achieve a certificate, were not very active
in the course but still made many attempts to the quizzes.

Finally, Fig. 5 shows networks of the couples and bigger com-
unities that were detected by the algorithm. In these networks,

he circle (node) represents each one of the accounts, and the
ine (edge) linking the accounts indicates that those two accounts
ere detected as collaborators. Additionally, the color of each cir-
le represents the cluster assignment. For example, on the top-left
etwork of the PHIL course, we see four accounts collaborating

together, three from cluster 3 and one from cluster 1, and all of
them are connected with each other. This way, we are able to see
the different cluster associations in the couples and communities.
Next Sections 4.2.1 and 4.2.2 report the findings for the couples
and communities detected, respectively, based on their cluster
assignment and associations between accounts.
597
4.2. RQ2. Behavioral characteristics of the detected associations of
accounts

4.2.1. Couples of accounts
This subsection describes the associations between the cou-

ples of accounts regarding their cluster assignment. Table 1 ex-
emplifies each cluster association with the variables of one the
detected couples per association:

• Association 1 ‘‘Fruitful collaboration’’ (cluster 1 and cluster
1 — PHIL 3/11 and MUSIC 5/30): This association repre-
sents two students from cluster 1 working together. As
we reported in the previous subsection, the users of the
accounts from cluster 1 put considerable amounts of effort
on the platform to achieve certificates, with high values of
ActiveDaysCount and DistinctVideoCount. Therefore,
this association might represent two students that were tak-
ing the course seriously, and were collaborating reciprocally
with each other in order to achieve better grades. In the
example of this association in Table 1, the two accounts
obtained the highest possible grade.

• Association 2 ‘‘Free-riding collaboration’’ (cluster 1 and clus-
ter 2 — PHIL 1/11 and MUSIC 11/30): This association rep-
resents one student of cluster 1 and one of cluster 2, which
might be a genuine association between two real students;
however, this relationship is not equitable. According to the
chosen clustering variables, cluster 1 has a higher platform
interaction than cluster 2, but in both clusters, high grades
are achieved. In this association, the student of cluster 1
would put effort in their work on the platform, whereas
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student of cluster 2 did not make much effort but still would
get a certificate with the help of the student of cluster
1. The value of the Order variable for the ‘‘Free-riding’’
collaboration was close to 1. That means that the account of
cluster 1 almost always submitted the assignments before
the peer, and we can see exactly that in the example of
Table 1.

• Association 3 ‘‘Illicit collaboration’’ (cluster 2 and cluster
2 — PHIL 1/11 and MUSIC 5/30): In this association both
accounts belong to cluster 2, therefore this case represents
two accounts that did not demonstrate much effort in the
course in terms of videos watched or active days, but still
were able to receive certificates of accomplishment.

• Association 4 ‘‘CAMEO helper’’ (cluster 1 and cluster 3 —
PHIL 1/11, MUSIC 6/30): This association represents one
account from cluster 1 and one from cluster 3. In this case,
we have one account that achieved a certificate investing a
significant effort, and the second one that could potentially
be a harvesting account based on previous literature [43,44],
since it did not achieve a certificate, watched only few
videos, and made many submission attempts.

• Association 5 ‘‘CAMEO premeditated’’ (cluster 2 and cluster
3 — PHIL 5/11, MUSIC 3/30): This association represents one
account from cluster 2 that was able to achieve a certificate
with little effort and one from cluster 3 that could poten-
tially be a harvesting account [6]. In both ‘‘CAMEO helper’’
and ‘‘CAMEO premeditated’’, the Order variable tended to
be close to −1, meaning that the account from cluster 3
almost always submitted the quiz first to get the correct
responses. We can see this in both examples of Table 1.

• Association 6 (cluster 3 and cluster 3 — PHIL 0/11, MUSIC
0/30): We found no associations of two accounts of cluster 3.
This makes sense as we generally label accounts from cluster
3 as harvesting accounts and hence it would not have a lot
of sense to find two of them coupled (unless the student
dropped the course).

4.2.2. Communities of more than two accounts
In the case of the communities of accounts, it was harder to

present an overall view, since the size and associations between
the different members of the community varied from one case to
another. Therefore, it was difficult to provide a systematic general
approach to describe all communities. Instead, we delve into the
specifics of two community examples. The extracted indicators
for each member of the selected communities can be seen in
Table 2:

• Community 1: The first community in Table 2 belongs to
PHIL and is composed by three accounts from cluster 2
and one account from cluster 1. The account of cluster 1
watched all the videos in the course, whereas the rest of
accounts watched fewer videos. They had similar values for
FinalGrade, ActiveDaysCount and SubmissionCount.
Additionally, we can support our hypothesis with Fig. 6,
where each quiz is represented on the x-axis and the time
difference between the submissions of the accounts for that
quiz on the y-axis. The plot shows that for Community 1,
the submissions of all accounts for each quiz were always
done within a 5 min timeframe (except for the submission
of account 1 to Quiz 1). They always met one day each week
(either a Monday or a Tuesday) and solved together the
weekly quiz.

• Community 2: The second community represented in Ta-
ble 2 is more complex than community 1 and belongs to
MUSIC. There is one account from cluster 1, three from

cluster 2 and one from cluster 3. With the exception of the 2
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Table 2
Description of the extracted indicators for each member of the two selected
communities of accounts.
Community Cluster Final

Grade
Sub.
Count

Act. Days
Count

Dist. Video
Count

1

2 92.14 14 8 15
1 91.79 14 8 38
2 91.55 16 7 7
2 88.57 14 12 13

2

1 56.47 71 8 20
2 69.86 21 6 2
2 79 5 10 0
3 38.55 19 1 0
2 80 27 25 4

account from cluster 1 that watched 20 videos, the rest of
the accounts watched none or very few of them. For this
community we found that, all 25 submissions made by the
5 accounts, were done in a interval of time of only 68 min
during the same day.

5. Discussion

The section is divided in two parts, first, Section 5.1 discusses
the results of the different types of associations that have been
found and Section 5.2 the potential implications.

5.1. Different types of associations

In the current study, we detected different collaboration be-
haviors among accounts, and we hypothesized that some of them
could be strongly related to academic dishonesty in MOOCs, while
others might be beneficial for students. We first applied the
algorithm described in Section 3.4 to detect collaborators, and
then implemented the clustering approach in Section 3.4 to char-
acterize the collaborations. We remark that the main underlying
idea for this characterization was that couples or communities
of students detected by our method had always submitted their
assignments very close in time to each other; therefore, this time
closeness represents a suspicious and possibly an illicit behavior.
One important finding was that despite the fact that we applied
the cluster analysis to both MUSIC and PHIL courses separately,
we obtained the same cluster types for courses of different topics,
suggesting that this finding could generalize beyond the data
set used in the current study. However, the transferability of
the clustering results to other courses should be analyzed more
deeply since just two courses were used in this study. In addition,
we can observe some differences on the values of variables in
both courses for some clusters, e.g., regarding the grade values.
This could be due to the fact that the course difficulty in MUSIC
nd PHIL are different. Therefore, the course characteristics such
s the difficulty of the topic should be taken into account when
hanging the context.
The clustering method detected three different clusters with

ifferent characteristics. The accounts in cluster 1 received a cer-
ificate by investing a great effort, they watched most videos, and
ere active many days. The accounts in cluster 2 made a small
ffort, they almost did not watch videos, were active a moderate
mount of days, and made few submissions. Still, they managed
o get high scores and received certificates. Finally, the accounts
n cluster 3 were active few days and did not watch any videos,
ut they still made many quiz submissions and did not receive
ertificates. Thus, we were able to identify three different types
f students’ collaborations in the form of couples (associations 1,

, and 3 presented in Table 1). We did not consider associations
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Fig. 6. Time difference between the submissions of each one of the accounts of the community for each quiz. For example, in the case Community 2, the Accounts
3 and 4 submitted first the Quiz 1, and Accounts 1 and 2 submitted 10 and 12 min later respectively.
4 and 5 as real collaborations; instead, we hypothesized these to
be CAMEO [6,42,43], and hence both accounts in associations of
type 4 and 5 were likely run by the same student. The discussion
delves into these findings now.

Associations 1 ‘‘Fruitful collaboration’’ are composed of ac-
ounts that potentially worked together and had high degrees
f commitment according to the variables ActiveDaysAccount
nd DifferentVideoCount. These associations can potentially
epresent two students who made an effort in the course by
atching videos, they tried to learn and understand the contents,
nd met to submit their assignments together, potentially solving
ogether in a collaborative way the quizzes in a sort of equi-
able relationship. The motivation here can be the ambition to
mprove the grades, and we might argue that this relationship
oes not represent a severe problem for the learning process of
hese students. The two accounts would work together to achieve
igh grades and in the same way, they showed an effort on
he platform. This is the only type of association that demon-
trated a behavior that has the more positive characteristics of
ollaborative learning [52].
Associations 2 ‘‘Free-riding’’ might represent an inequitable

ollaboration. In this case, there was a less balanced interaction
here students from cluster 1 potentially have a passive attitude
nd pass the answers to the students from cluster 2 (potentially a
riend or acquaintance), so that this latter account could obtain a
ertificate without investing much effort in the course, practicing
he behavior known as free-riding [45,46]. Indeed, the literature
as reported that one typical behavior toward cheating is that,
ne copies from the other (‘active’), and the other allows the
thers to copy (‘passive’) [53]. This definition resembles quite
ell this situation where the student of cluster 1 would usually
ubmit an assignment before the student in cluster 2 as the
ariable Order has values close to 1. Additionally, letting others
o copy from you is regarded as less severe than actually copying
rom others [54]. In the case of this specific association, the
mpact on the learning process of the students from cluster 2 is
bviously more severe.
In a similar way, in associations 3 ‘‘Illicit collaboration’’, the

ccounts had very limited interaction with the platform but both
btained a certificate. Thus, we can assume that these associ-

tions performed some kind of strategy that allowed them to
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get answers to exam questions without studying the contents
of the course. In this case, students might have been applying
‘‘gaming the system’’ strategies, where a learner attempts to
succeed in an educational environment by exploiting properties
of the system’s help and feedback rather than by attempting to
learn the material in order to accomplish a passing grade without
investing the necessary effort [55]. This kind of behavior can be
severe for the learning process, since in several studies authors
found gaming the system behaviors to be associated with poor
learning outcomes [56,57]. This can also affect the future beliefs
and attitudes of these students, as they might come to think that
they are able to accomplish goals without putting much effort.

Finally, we have associations 4 ‘‘CAMEO helper’’ (cluster 1 and
cluster 3) and associations 5 ‘‘CAMEO premeditated’’ (cluster 2
and cluster 3). As cluster 3 had low level of interaction with
the content on the platform, many submission attempts and
low scores without receiving certificates, the hypothesis that we
described was that these were harvesting accounts as described
extensively in the CAMEO literature [6,42,43]. Since accounts
from cluster 3 were present in both associations, most probably
these were CAMEO associations. Therefore, we can conclude that
in these two association types, both accounts were managed
by the same student. First, the association between a cluster 1
account and a cluster 3 account might represent a slightly less
severe situation, because the cluster 1 account invested an effort
to study on the platform and might be using the harvesting
account to secure and achieve a passing grade without struggle.
This association is closer to the idea of applying CAMEO as a
‘‘helper-mode’’ that was reported by Alexandron et al. [6]. The
second scenario is an association of group 2 and group 3 accounts,
which could represent a more severe situation, since the student
is managing to receive a certificate without investing any effort
and seems to be closer to the ‘‘premeditated-mode’’ that was
reported by Alexandron et al. [6].

We also detected a number of communities with more than
two accounts collaborating together. However, it is difficult to
systematically characterize associations in each community be-
cause there were numerous accounts. Hence, we described two
examples in Table 2 from the set of communities that we found.

While in community 1 there were some associations that could
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represent genuine collaborative behaviors, the accounts in com-
munity 2 exhibited elements of explicit dishonest behavior.
Therefore, this is an analysis that needs to be performed for each
community separately.

More work will be needed to assess if students knew each
ther prior to starting the course or if they met online in study
roups [58], and then decided to engage into an ‘unethical col-
aboration.’

.2. Implications

While this work started with the aim of detecting and charac-
erizing collaborations that may arise in MOOCs, we have found
umerous behaviors that can be considered dishonest where stu-
ents exhibit a deliberate behavior with no intention of learning
he course contents. This study can be a good complement to pre-
ious work that focused on CAMEO [6,42,43]. This kind of dishon-
st collaborations probably have high prevalence due to the certi-
ication provided by MOOC-based online programs. For example,
he literature has shown that students performed CAMEO more
requently on those questions that had higher weight towards the
inal grade of a MOOC [6].

Our work has focused on characterizing a number of collab-
rations following a data-driven approach. However, we believe
hat there are some limitations in the findings reported in this
aper. We did not have a clear threshold value in our detection
ethodology, and there might be other types of collaborations

hat have not been captured by the algorithmic approach used in
his study; therefore, having a different threshold of the accounts
hat we categorized as collaborators would impact the precision
nd recall of the algorithm. Additionally, although the collabora-
ors discovered provided solid evidence since the differences are
tatistically significant, we do not have a ground truth that can
elp us refine the algorithm and evaluate its real quality. In fact,
here could be other potential explanations to the results that we
eported. Furthermore, the context may be a strong determinant
or the existence of different collaborations and behaviors [59].
he subject matter and design of the course [60], the platform
here it took place [61], and the audience to whom the course is
ddressed [62], could have an important influence that could lead
o collaborations with different behaviors than these presented
ere. Therefore, a wider study with different contexts would be
ecessary in order to generalize the findings that we report.
In the future we plan to add new data sources in our analysis

n order to improve the insights and characterization. For exam-
le, forum interactions could bring information about how stu-
ents interact in the forum and we could contrast this informa-
ion with these results. Additionally, we could detect healthy in-
eractions from a text mining analysis among a group of students
hat belong to cluster 1, giving more insights about a healthy
nd fruitful collaboration. Moreover, mixed-methods studies that
nvolve collection of qualitative data such as interviews and focus
roups could help validate some of the inferences made in this
aper. While students who were involved in dishonest behaviors
ight be reluctant to disclose details of their behavior, qualitative
tudies at least could be beneficial to corroborate findings about
ealthy collaboration links identified in this study.
The aim of this work was to shed some new light on the

nderstanding of students’ collaborations online, behaviors, mo-
ivations, and needs. This can also help to better understand
he role that online collaboration can have in learning outcomes
nd provide the teacher with tools that allow them to somehow
mprove the design and development of MOOCs to promote more
ollaboration. However, the high prevalence of collaborations
here students were clearly passing a course thanks to some
ind of ‘free-riding’ limits the positive conclusions that we can
600
draw from the study. Previous work [6] found that some course
design aspects, such as randomization, could greatly help to deter
academic dishonesty. Another easy possibility to control CAMEO,
would be to link each student account to a physical person,
instead of allowing the registration of multiple accounts [5]. There
are numerous design options that can help minimize these issues
and future work should invest time on creating helpful guidelines
for online course designers and practitioners.

The findings offer a significant novel contribution to the liter-
ature, as for the first time, this study confirms that it is possible
to characterize collaborations emerging in MOOC environments
without having previous knowledge about the existence of such
collaborations. All previous work has been centered on study-
ing collaborations that were self-reported, controlled or visible
through collaborative tools such as forums. Our study has also
shown that the majority of the students have used this anony-
mous environment to collaborate in dishonest ways, a practice
that has facilitated their way into a completion certificate. The
results that we have reported could have implications on the
design of dashboards for teachers to help them understand the
types of collaborations that are taking place. These dashboards
can provide opportunities to teachers to assess the quality of the
collaborations, intervene, and provide feedback as appropriate in
each case scenario. These findings also open the possibility of new
research built on top of the methodology proposed in the paper.
While we have applied it to MOOCs, the methodology could easily
be adapted to other online learning environments taking into
account the specific contextual characteristics, thus, opening new
research horizons on collaborative learning.

6. Conclusions

Nowadays, we frequently find that the design of MOOCs is
no longer focused on having students collaborate together to
construct knowledge. Still, many social or collaborative tools such
as forums or peer-review activities are maintained. In addition,
teachers encourage student participation in the course through
technology platforms and resources or tools available on the plat-
forms [10,63]. Moreover, collaborations in MOOCs might emerge
spontaneously because people can meet in the forums or on
virtual working groups, or because friends decide to take a course
together. However, while collaborations in MOOCs are generally
considered positive for the learning process, this work has re-
vealed that not all students’ collaborations can be considered
as good or beneficial. This phenomenon is not new, and in tra-
ditional classroom courses, researchers and practitioners have
frequently reported inequitable or dishonest collaborations [14–
16]. This study has extended the state of the art by implementing
a data-driven characterization of different collaboration types in
MOOCs.

Collaboration can be an important factor in students’ out-
comes in any type of course, since learning can arise from the
spontaneous connections between students and in many of the
works we found, the advantages of collaboration are highlighted.
However, the majority of the associations that we detected have
shown a low interest in learning the courseware and explicit
dishonest behaviors. Therefore, we argue that there is still the
need to more profoundly study the types of collaborations that
can emerge in MOOCs and other types of online courses, to
really understand which of those can be positive for the learning
outcomes of students.
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