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ABSTRACT
Massive open online courses (MOOCs) continue to see in-
creasing enrollment and adoption by universities, although
they are still not fully understood and could perhaps be sig-
nificantly improved. For example, little is known about the
relationships between the ways in which students choose to
use MOOCs (e.g., sampling lecture videos, discussing topics
with fellow students) and their overall level of engagement
with the course, although these relationships are likely key to
effective course implementation. In this paper we propose a
multilevel definition of student engagement with MOOCs and
explore the connections between engagement and students’
behaviors across five unique courses. We modeled engage-
ment using ordinal penalized logistic regression with the least
absolute shrinkage and selection operator (LASSO), and found
several predictors of engagement that were consistent across
courses. In particular, we found that discussion activities (e.g.,
viewing forum posts) were positively related to engagement,
whereas other types of student behaviors (e.g., attempting
quizzes) were consistently related to less engagement with
the course. Finally, we discuss implications of unexpected
findings that replicated across courses, future work to explore
these implications, and relevance of our findings for MOOC
course design.

ACM Classification Keywords
K.3.1. Computers and Education: Computer Uses in Educa-
tion; Distance learning.

Author Keywords
MOOCs, Engagement Patterns, Course Persistence

INTRODUCTION
Massive open online courses (MOOCs) are known for their
informal nature, large enrollments, and wide-reaching audi-
ences. Resulting from this unique combination of attributes,
and by virtue of the nature of the learning platform, evaluat-
ing whether a student was successful in obtaining knowledge
or skills from the MOOC, or was able to attain the goal or
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intended benefit from participation, is of fundamental impor-
tance to instructional designers. It is also true that such an
evaluation is vastly different from determining success in for-
mal educational settings and often difficult to ascertain. To
address this need, numerous studies have investigated how stu-
dents interact with the MOOC platform and with other MOOC
students, and what learning behaviors can be inferred from
their clickstream and other participation data.

Investigations on dropout (students who initially interact with
a MOOC, but then cease interacting before the end of the
course) are important to consider. However, not all students
who enroll do so with the intention of staying in the course or
accessing more than small portions of the course [28]. One
such phenomenon has been identified by Clow [7] as the “fun-
nel of participation:” many students hear about the MOOC,
then a great deal of them register for the course, but very few
have much interaction with the course (either with the content
or with other students) after enrolling, and even less so as the
course progresses. Realizing that MOOCs are not necessarily
formal, some students might access course content to audit
or sample course materials [23]; inherently, some students
will not fully interact with the course. Because students come
to the course with different needs and intentions [36], it may
be more advantageous to consider students’ longevity in the
course, and to investigate their patterns of engagement, than
to examine when they drop out–because this positions us to
understand better what the course might be offering to them.

As an alternative to predicting dropout in MOOCs, we investi-
gate the problem of modeling engagement. Specifically, we
consider engagement as a 3-level measure of course activity
over time. By predicting what keeps a student engaged in a
MOOC, we can uncover which behaviors students exhibit to
remain active. The definition of engagement we use is based
on two cutoffs of how active a student was over the entire
course: we consider whether a student was active for at least 3
weeks, or for 6 weeks out of an 8-week course (representing
37.5% or 75% of the course). In the definition of engagement
we explore, we do not assume that student activity is linear
because it has been shown that students often do not complete
a MOOC in the chronological order specified by the instructor
or curriculum [15, 11]. Instead, we consider activity through-
out the entire duration of the course, allowing for intermittent
periods of inactivity.

Toward this end, our goal was to pinpoint which behaviors
kept students interacting with the course. Clickstream data,



derived from Coursera1, was used to capture engagement;
a student was considered engaged if at least one event was
logged during a week in which the course was live. Using
background characteristics that students submitted in a survey,
along with features derived from their clickstream data as
independent variables in an ordinal logistic regression model,
we attempted to predict engagement. Because of the large
number of features derived from the clickstream, and due to
high rates of inactivity and the presumed presence of many
different learning goals [11, 28], we employed regularization
techniques to estimate these ordinal logistic regression models.

Furthermore, to ensure that our definition of engagement is
more widely applicable than to just one course, we analyzed
data from five different MOOCs, across different disciplines,
which were offered over several iterations, because it has been
shown that findings from one MOOC do not necessarily gen-
eralize [3], and there are differences in disciplines that might
impact engagement [33]. Also, we note that our definition of
engagement is flexible and the analytic technique we used is
scalable and provides numerically interpretable results. In the
remainder of this paper, we present prior work on modeling
engagement, our selected modeling technique, specific details
of our data and analysis procedures, the findings from model-
ing our definition of engagement, and a discussion about the
implications of our findings.

RELATED WORK
As mentioned previously, a great deal of work has focused
on analyzing and explaining how MOOC students interact in
the online system with course materials, other students, and
instructors. Much of this work on interaction has typically tar-
geted a single aspect of engagement, and often within a single
course. In Table 1 we highlight studies that have used predic-
tive methods to understand which behaviors are indicative of
students dropping out of or remaining engaged in MOOCs.
For example, some studies have investigated participation in
the forums or merely noting activity with the course, but few
have considered a host of activities that garner student atten-
tion and how this relates to how students remain engaged in
the course. Just as wide as the activities used to understand
engagement, the definitions of student success, the types of
data used to predict success, and the analytic techniques to un-
derstand these data are quite variable. In the next subsections,
we discuss definitions of student behavioral patterns, the dif-
ferent definitions of success in MOOCs, and, combining these,
the types of behaviors that have been indicative of success in
MOOCs.

Behavioral Patterns in MOOCs
With respect to explaining behavior, both Anderson [2] and
Kizilcec [23] used students’ behavior patterns to identify dif-
ferent types of students. Kizilcec et al. [23] found four dif-
ferent types of students in MOOCs–completers, or those who
behave similarly to students in a formal educational setting;
auditors, who watch lecture videos but do not complete assign-
ments; disengagers, or those who start the course strong by
completing much at the beginning, but little towards the end;
1https://www.coursera.org

and samplers, or those who view at least one, but might view
several, video lectures throughout the course. On the other
hand, Anderson and colleagues [2] have identified different
types of engagement styles of students–viewers (watch lec-
tures but do few assignments), solvers (do many assignments,
watch very few lectures), all-rounders (watch lectures and do
assignments), collectors (download lectures and do few assign-
ments), and bystanders (have very little activity in the course).
Both of these sets of definitions revealed differences between
students enrolled in MOOCs.

Both Kizilcec et al. [23] and Anderson et al. [2] shed light on
the diversity of students who enroll in MOOCs. Understanding
that some students who enroll in MOOCs might participate in
the course as a traditional academic student, while others might
just be browsing for courses, is helpful in contextualizing
student behaviors and understanding which activities might
influence students to engage with or to complete the course.

Although dropout, also called stop-out or non-completion, has
been relatively consistently defined in the current literature on
MOOCs, the definition of succeeding in the course, however,
has been more variably defined and we discuss these next.

Success Indicators
The informal nature of MOOCs, along with the varying goals
and motivations students have for enrolling in a MOOC (c.f.
[10, 4, 20, 36, 28]), make defining a student’s success quite
difficult. However, “success” in a MOOC is often measured
by completion. Completion has often been defined dichoto-
mously, for example whether or not a student has received
formal recognition of completing course requirements or has
indicated completion through behavioral characteristics. Alter-
natively, some studies have defined success by tracking how
long a student remains active with the course (e.g. [14, 28, 32,
35]).

Several studies have considered indicators of completion in
MOOCs that parallel traditional academic markers of success:
grades and certificates. When considering students’ grades, an
average score of 70% or higher on assignments has been used
as a proxy for passing the class [8, 9], while others have used
a student’s total score [18]. These studies analyzed data from
clickstream and language produced by students in forums to
understand predictors that were associated with passing the
classes. Overall, they found active and collaborative students
in the forums were more likely to pass the course [8, 9].

Other studies have defined success as a student earning formal
recognition of completing the course by earning a certificate.
These studies have used students’ demographic characteristics
[29, 26, 5], how the students view the usefulness of the course
[29], quiz attempts or scores [5, 21], activities in forums [26,
21], and engaging with course content [26, 5, 25] to predict
whether a student will earn a certificate.

One of these studies [29] found that some words in a students’
free-form response to a question about the utility of the course
were predictive of students earning a certificate. Others have
used features derived from clickstream data and specific activ-
ities because background information about students is not as
helpful to predict earning a certificate as clickstream activity is



Reference Courses Prediction Channels Outcome Measure
de Barba et al. [4] 1 Logged activity, survey Binary completion, final grade

Brooks et al. [5] 1 Logged activity, demographics Binary completion

Crossley et al. [8] 1 Discussion forum text Binary completion

Crues et al. [10] 1 Reasons for enrolling, forum activity Three levels of engagement

Greene at al. [14] 1 Demographics, survey Binary completion per week

Halawa et al. [16] 16 Logged activity Binary completion

He et al. [18] 1 Logged activity Binary pass/fail

Jiang et al. [21] 1 Logged activity, forum activity,
university enrollment Binary completion, high/low level

Kloft et al. [24] 1 Logged activity, forum views, country Binary completion

Mullaney and Reich [25] 1 Logged activity, forum activity Binary completion

Qiu et al. [26] 11 Logged activity, forum activity, demographics Binary completion

Ramesh et al. [27] 3 Logged activity, forum activity, forum text Binary completion

Reich [28] 9 Logged activity, demographics, survey Binary completion overall/per week

Robinson et al. [29] 1 Demographics, survey Binary completion

Sunar et al. [30] 1 Forum activity Binary completion per week

Wen et al. [32] 3 Forum text Binary forum participation per week

Whitehill et al. [33] 40 Logged activity, forum activity,
survey, demographics Binary completion per week

Yang et al. [35] 1 Forum activity Binary completion per week

Table 1: Summary of exemplary studies that included course engagement prediction.

[5]. Additionally, quiz scores [21], along with forum activity
and time spent engaging with the course by doing assignments
and watching videos [26], were statistically related to earning
a certificate in various MOOCs.

Although measures such as grades on assignments and/or earn-
ing a certificate are convenient proxies for completion, and
certainly indicate success for some students, these rely on the
assumption that students intend to be either “completers” [23]
or “all-rounders” [2]. In fact, it was found that less than 70%
of students enrolled in a MOOC intended to earn a certificate,
and, of those, less than 30% of the students who intended to
earn a certificate actually did so [29]. To address this potential
shortcoming, that completion may not be the best metric of
success, we have expanded how we consider student behaviors,
beyond dropping out.

Behaviors Indicative of Success in MOOCs: Predicting
Dropout Using Derived Features
Recognizing that a minority of all MOOC students earn cer-
tificates, some students are only interested in viewing lectures
and not in completing assignments, and students take MOOCs
for many different reasons, other measures to identify comple-
tion of a course have been developed. These generally take
into account the last action logged by the student or whether
the student had an extended absence (i.e., lack of activity) in
the MOOC. Various features derived from clickstream data,

interactions with other students, and survey data have been
used to predict if or when a student might drop out.

Clickstream data have been used to explain behavior and pre-
dict when a student might stop engaging with the course via the
online system. One study defined dropout as watching fewer
than half of the videos in the MOOC or being cumulatively
absent for four weeks [16]. The study examined students’
viewing habits, whether they skipped an assignment, scored
poorly on quizzes, and whether the students were lagging be-
hind (viewing lectures two weeks after they were released), to
predict whether they would drop out. A different definition
of dropout was proposed by Kloft and colleagues [24], where
they defined dropout from the clickstream as no activity during
a week in the course, followed by no activity during any later
week. Here, views of certain pages and viewing videos were
used to predict dropout.

Others have sought to predict when a student might stop being
an active participant in the course by using forum activity and
the text of students’ forum posts. Given that active forum
participation generally relates to longer persistence or achiev-
ing success in MOOCs [10, 26], and because Wen et al. [32]
found that students who were engaged and motivated by the
content of forum posts were active in the forums longer, it can
reasonably be hypothesized that those who show engagement
and motivation in the forums are likely to be persistent in the
course. More generally, viewing forums has been identified



as a relevant predictor of staying engaged throughout all peri-
ods of the course, while active forum participation is a strong
predictor of remaining in the course during later stages of a
MOOC [27]. Beyond measuring engagement and motivation,
or activities with the forums, others have found that social
positioning within a MOOC shares a relationship with comple-
tion of the course [30, 35]. Alongside features derived from
clickstream data, others have used survey responses to predict
student behavior in MOOCs.

Students’ responses to surveys in MOOCs have been used to
understand why students enroll in the course, its perceived
usefulness, and to assess student backgrounds [10, 14, 22]. In
several studies, the responses to surveys have been used with
clickstream data to glean insight into who persists in a MOOC.
One study asked students whether they stopped participating
in a MOOC before the course was completed and found that
women and students from Africa, Latin America, and Asia had
lower rates of persistence than men and students from other
regions, and the students who left did not have enough time
to devote to the course [22]. With respect to time, students
who intended to devote time to a MOOC were found to have
a lower likelihood of dropping out than those who did not
[14]. Finally, another study considered students’ reasons for
enrolling in a MOOC to determine whether these were related
to persisting in the MOOC; it was found that the reasons for
enrolling did not share a statistically significant relationship
with persisting in a MOOC [10].

Regardless of the method and data used to understand why
a student might drop out during the course, exploring which
behaviors keep students engaged with a course has not been
the focus of many of the previously described studies. Gen-
erally, these studies have posited ways to predict dropout or
reveal the reasons that students might not remain engaged in a
MOOC. In the next section, we describe a method to examine
which behavioral and background characteristics predict our
definition of engagement.

METHODS

Description of Courses and Data
We used data from five MOOCs that were hosted on Coursera
and were created at a large research university in the United
States. The five courses were: Creative, Serious and Playful
Science of Android Apps (Android); Introductory Organic
Chemistry (Ochem); Subsistence Marketplaces (Subsistence);
Introduction to Sustainability (Sustainability); and e-Learning
Ecologies (Elearning). Each course lasted eight weeks2. Fol-
lowing from this, we define engagement for student i as

(engagement)i =

{ 0 # of weeks active ≤ 2
1 3≤ # of weeks active ≤ 5
2 6≤ # of weeks active ≤ 8

.

2We note that one offering of the Android MOOC had a 3-week
holiday in the middle of the course. For our purposes, although data
were obtained during the holiday, we only considered weeks where
new content was presented (i.e., we excluded the holiday break when
considering weekly activities, and only analyzed the eight weeks in
which content was presented).

This definition can be applied to other MOOCs of different
lengths by using fractional boundaries (of 0.375 and 0.75)
for the course’s duration, optionally rounded to the nearest
week or appropriate unit of time. We defined this outcome at
multiple levels, rather than as binary, and, focusing on what
behaviors predict longevity in the course, refer to this outcome
as engagement rather than dropout.

For student i to be considered active during week w, this
student needed only to have any behavior that was logged
by the Coursera platform during that week, regardless of the
activity that was logged. This could be just one click during
the week or participating in multiple activities, and could
come in consecutive weeks or sporadically throughout the
eight weeks of the course. Given the informal nature of these
courses, we took the act of exhibiting any activity during a
week of the course to indicate engagement. Table 2 contains
longitudinal data with the mean and median number of events
logged per student during each week of the course, as well as
the distribution for our definition of engagement.

We posit that this definition of engagement can capture rel-
atively subtle information about students enrolled in these
MOOCs, particularly students who are not in the course to
earn high scores or a certificate. Likewise, some students
might not have been interested in some topics of the course,
and thus we did not assume that each student had a continu-
ous, linear progression during the course. We decided to use
the cut-points of 3 and 6 weeks to capture the difference be-
tween students who were interested in only a few lectures, i.e.,
engagement = 0 from those students who were fairly inter-
ested in the course and made contact with the course during 3,
4, or 5 weeks, whom we have categorized as engagement = 1,
and from those who appeared more like a student in a tradi-
tional classroom, where engagement = 2.

Structurally, the courses had many similarities with respect
to their design. Each of the courses had video lectures that
presented new material each week, and students either down-
loaded or streamed these lecture videos, which allowed us to
capture students whom Anderson and colleagues described–
specifically, the “collectors” [2], who download the lectures
versus streaming them. With the exception of the Elearning
course, all classes had quizzes that assessed retention of course
material, and these quizzes were given weekly. Each course
had a forum where students could interact with each other.
Additionally, students were asked to complete a survey that
contained a few questions, which asked about their demo-
graphics. In each course, students could earn a Statement
of Accomplishment (SOA), which is a formal recognition of
completing course requirements.

Table 3 presents all of the features we used to model en-
gagement. The course-level and survey features were invari-
ant throughout the course. The courses we considered were
session-based, meaning they were offered over a specified pe-
riod of eight weeks, and the section variable denotes in which
session of the course the student enrolled. The earned-an-SOA
feature denotes whether a student earned an SOA from their
activities. In the demographic survey, students were asked to
(1) identify their age within seven different age bands, and



Course Events by Week Engagement Level
One Two Three Four Five Six Seven Eight 0 1 2

Android 10/78.83 0/40.05 0/27.61 0/35.17 0/31.92 0/23.37 0/20.72 0/14.77 9649 3442 2774

Ochem 2/67.07 0/52.26 0/46.51 0/36.58 0/31.59 0/26.46 0/26.01 0/17.56 1207 369 569

Subsistence 3/46.15 0/31.84 0/29.27 0/28.24 0/18.15 0/15.53 0/12.01 0/8.67 1461 437 456

Sustainability 16/74.18 8/61.71 1/47.25 0/42.03 0/47.22 0/41.6 0/45.5 0/43.74 4802 1754 3503

Elearning 3/42.88 0/26.67 0/17.37 0/12.95 0/12.64 0/11.4 0/9.25 0/7.64 1122 395 311

Table 2: Summary statistics by week for all students. The first number in each week is the median number of events and the
second number is the mean number of events. The right side of the table includes counts for the number of students within each
level of engagement.

(2) identify their gender. We excluded students who did not
provide both gender and age information. Furthermore, we
were also given students’ time-zone information and nearest
major city from their web browser settings; we reduced this
information to the student’s continent for analysis.

The lecture and quiz activity features captured quantitative
information about how students interacted with the lectures
and quizzes over the entire course, not during specific weeks.
To this end, we used information captured about the length
and percentage of lectures students watched over the entire

Course Level Features
Section Earned an SOA

Survey Features
Age Group Gender

Timezone

Lecture & Quiz Activity
AnyLectureActivity TotalDownloadOnly

TotalStream TotalLecturesWatched

LengthLecturesWatched PercentLecturesWatched

PercentLengthWatched NumQuizzesAttempted

PercentQuizzesAttempted MaxScoreTotal

FirstScoreTotal PercentMaxScore

PercentFirstScore

Forum Activities
ForumViews ForumComments

ForumPosts

Summary Measures of Interaction
NumActiveDays PercentDaysActive

DaysActiveWeek

Table 3: Features extracted and analyzed in this study.

course, as well as whether they had any interaction with the
lectures. For the courses that had quizzes, we considered the
number and percentage of quizzes attempted, as well as the
maximum score a student achieved on a quiz and the student’s
score on the first quiz3.

Finally, we included weekly and summary measures of activi-
ties in these MOOCs. For each of the eight weeks, we included
each student’s count of the number of forum views, posts, and
comments. We also included a count of the number of days in
each of the eight weeks a student was active within the course.
This also relates to the summary measures of interaction: the
total number of days a student was active and the percent of
days that student was active.

Using all of these potential predictors of engagement, the
purpose of our analyses was to uncover what behaviors were
related to our definition of engagement. This encouraged us
to explore methods that take into account the ordinality of
engagement.

Data Analysis Procedure
Because our definition of engagement goes beyond predicting
a binary outcome, we considered methods that could accom-
modate outcomes with three or more possible outcomes. In
previous work, ordinal logistic regression has been used to
predict persistence in MOOCs [10]. Because our definition
of engagement is ordinal, in the sense that we consider more
engagement to be better than some engagement or little en-
gagement, we used an ordinal logistic regression model.

The specific ordinal logistic regression model we used is a
form of the proportional odds model, which is defined by
Agresti [1] as:

logit[P(Y ≤ j)|x] = β0 j +β
′x, (1)

for j = 1,2, ...,J−1. In our case, we have J = 3, correspond-
ing to the different levels of engagement. Assuming the model
maintains the proportional odds assumption, we have J− 1
intercepts, but one coefficient for each independent variable;
that is, the slopes are equivalent for each level of engagement,
3Jiang and colleagues [21] found that the week one quiz scores was
predictive of receiving a certificate in a biology course to prepare
for college; although the feature had a slightly different goal in their
analyses, we considered it here.



but their intercepts are different. We used a penalized form of
the proportional odds model; we investigated various levels of
penalty, which shrink coefficients for unimportant independent
variables towards, and eventually to, zero. Our goal was to
reduce complexity and maximize interpretability to make our
models actionable.

To build these models, we used the ordinalNet package in R
[34] which estimates ordinal logistic regression models using
the elastic net penalty. Models estimated using the elastic
net penalty are well suited to situations when data are sparse
[17], which is particularly accommodating to the data we have–
where students might not be very active and might have very
little information recorded for the variables in Table 3. When
training each of these models, we needed to determine the
quantity of the elastic net penalty, α , which ranged between
0 and 1. When α = 0, the technique is called the Ridge re-
gression [19], and when α = 1, the technique is called the
least absolute shrinkage and selection operator (LASSO) [31].
After α was determined, we then needed to determine the opti-
mal tuning parameter, λ . To determine the optimal parameters
α and λ , we analyzed each course separately and tuned the
parameters using 10-fold cross validation.

In our analyses, we experimented with seven different val-
ues for the elastic net penalty. For each α value, λ values
were tuned to achieve the maximum average out-of-sample
loglikelihood. For all courses except Elearning, the maximum
average was obtained using α = 1; for Elearning, α = 0.9
had a slightly larger maximum average than when we used
the LASSO penalty, but the average out-of-sample misclas-
sification rate was smaller when using the LASSO penalty.
Given that the LASSO has desirable properties of shrinking
coefficients and selecting important variables [13], and that
the results from our empirical investigations show that when
al pha = 1, the average out-of-sample log-likelihood is maxi-
mized, we used the LASSO penalty to further refine λ .

After assuming α = 1, we used 10-fold cross validation to
determine the λ that maximized the average out-of-sample
log-likelihood. We tested 50 λ s, starting with the harshest
λ for each MOOC model, which shrinks all but one coeffi-
cient (except the intercepts) to zero. The lambda values are
sequentially smaller than the previous λ values; thus, as λ

gets smaller, there are more nonzero coefficients. We used
the one-standard-error rule [17] to determine the λ used in
our final model. That is, we used a larger λ than the one that
maximizes the average out-of-sample log-likelihood.

Once we determined reasonable values for the elastic net
penalty α and the tuning parameter λ , we fit models for each
of the courses. The ordinalNet package uses a coordinate
descent algorithm to obtain parameter estimates for the penal-
ized ordinal logistic regression models. When training these
models, we did not penalize the intercept term. The penalized
methods do not require the independent variables in the regres-
sion model to be independent; thus, we did not exclude levels
of categorical variables, so there are no reference categories.
This resulted in 71 independent variables for all courses except
Elearning, which had 65 independent variables (because this
course did not have any quizzes).

RESULTS
We estimated five models of engagement, one for each course.
Table 4 gives an overview of the features from Table 3 that
shared a relationship with engagement for these courses. As
a result of using the LASSO penalty, many coefficients for
the 71 (or 65 for Elearning) predictors were shrunk to zero.
The number of non-zero coefficients varied across the models:
the Android model had 22 coefficients; Ochem and Elearning
models each had 12 coefficients; the Subsistence model had
19 coefficients; and the Sustainability model had 16 coeffi-
cients. Note that because we used proportional odds models,
we have two intercepts, corresponding to P(engagement ≤ 1)
and P(engagement ≤ 2), but the coefficients for each indepen-
dent variable were the same for each level of engagement [1].
When interpreting each independent variable, we assumed all
others were held constant. To explore these patterns in more
detail, we examined how the independent variables related to
engagement for each of the five courses.

Android Course Results
The model for the Android course revealed that students who
were active many days each week (DaysActiveWeek) were
more likely to be engaged for fewer than 3 weeks or 6 weeks.
Similarly, increases in viewing lectures, the length and percent-
age of lectures viewed, the number and percentage of quizzes
attempted, and the number of days active overall all had nega-
tive log(odds), suggesting that the more students engaged in
these activities, the less likely they were to be classified in one
of the higher levels of engagement. On the other hand, hav-
ing social interaction–viewing (weeks 2 and 3), commenting
(weeks 1 and 2), and posting on the forums (week 3)–during
certain weeks was related to being engaged for at least 3 weeks
or at least 6 weeks.

Ochem Course Results
For Ochem, the model had negative coefficients for the follow-
ing independent variables: AnyLectureActivity, TotalDown-
loadOnly, TotalLecturesWatched, PercentLecturesWatched,
NumQuizzesAttempted, and PercentQuizzesAttempted. Thus,
increases in lecture activity and quiz activity related to lower
levels of engagement. Specifically, for an increase in any of
these activities by a student, the lower that student’s odds of
being engaged for at least 3 or 6 weeks. Additionally, the
more days a student was active during weeks 3, 4, 6, or 7,
or an increase in either the number or percent of days active,
resulted in that student’s odds increasing for being engaged
less than 6 weeks or less than 3 weeks.

Subsistence Course Results
The indicator for earning an SOA was negative, suggesting
that a student who earned an SOA was less likely to be en-
gaged longer. Students in different sections had differing odds
of being engaged longer or shorter, while students in North
America were more likely to be engaged less than 6 weeks or
less than 3 weeks. We found similar effects for AnyLecture-
Activity, PercentLecturesWatched, NumQuizzesAttempted,
and PercentQuizzesAttempted: increases in these activities
indicated that students tended to not be engaged for at least 3
or 6 weeks. As with the other courses, the more days active



Feature Course
Android Ochem Subsistence Sustainability Elearning

Section ± ± −
Earned an SOA −

Age Group −
Timezone − −

AnyLectureActivity − − − − −
TotalDownloadOnly − −

TotalLecturesWatched − −
LengthLecturesWatched −
PercentLecturesWatched − − −
PercentLengthWatched − −
NumQuizzesAttempted − − − −

PercentQuizzesAttempted − − −
ForumViews* + + +

ForumComments* + +

ForumPosts* + +

NumActiveDays − − − − −
PercentDaysActive − − − −
DaysActiveWeek* − − − − −

Table 4: Summary of LASSO models for engagement. + denotes a positive relationship with engagement, − denotes a negative
relationship with engagement, and ± denotes some predictors have a positive relationship with engagement and others have a
negative relationship. Entries omitted have regression coefficients equal to zero. For features that were recorded weekly (denoted
by *), at least one coefficient for one week of the course was either positive or negative.

each week (except the first week of the course) were related to
students not being engaged for at least 3 or at least 6 weeks.
Similarly, increases in the number and percentage of active
days resulted in an increase in odds of students being classi-
fied as having lower levels of engagement. Importantly, we
found social interaction to be positively related to engagement:
students who viewed the forum during the first week and those
who commented in the forum during the second week had
larger odds of being engaged in the course longer than those
who did not.

Sustainability Course Results
The model for the Sustainability course revealed that in-
creases in AnyLectureActivity, PercentLecturesWatched, and
NumQuizzesAttempted resulted in larger odds of being in a
lower level of engagement. Increases in the number of days
active in some weeks of the course, as well as the NumActive-
Days and PercentDaysActive resulted in smaller odds of being
engaged over the weeks of the course. Hence, students who
explored lectures, took quizzes, and were active many days
over the weeks of the course had larger odds of being engaged
less than 6 or less than 3 weeks. Students in one of the sec-
tions, as well as students in Africa, had larger odds of being
engaged fewer weeks. Older students (i.e., those 50 and older)
were less likely to be engaged over the weeks of the course.
As with the Android and Subsistence courses, we found social
engagement was related to longer engagement: students post-

ing in the forum during the first week of the course were more
likely to be engaged at least 3 weeks.

Elearning Course Results
For the Elearning course, AnyLectureActivity, TotalLec-
turesWatched, and PercentLecturesWatched all had negative
log(odds); hence, increases in each of these activities meant
that students were less likely to be engaged longer. For Nu-
mActiveDays and PercentDaysActive, we found that the more
days a student was active, the more likely that student was
to be engaged for fewer weeks. Furthermore, the more days
per week a student was active in weeks 3, 4, 5, 6, 7, and 8,
the larger that student’s odds of being active fewer weeks.
Students consuming lecture content and being active many
days over the course were more likely to be engaged fewer
weeks. However, for each view of the forum during week one,
a student was more likely to be engaged at least 3 weeks.

Result Summary
As is evident from the previous description of each model, and
Table 4, several patterns can be observed. Three of the inde-
pendent variables, AnyLectureActivity, NumActiveDays and
DaysActiveWeek, were associated with engagement across
all five of the courses. Thus, students who participated in the
lectures in any possible manner (i.e, streaming or downloading
lecture videos) had higher odds of being engaged in one of the
lower two engagement categories. Additionally, increases in
the number of days active, over the entire course, and during
each week, resulted in higher odds of being engaged fewer



weeks. Additionally, NumQuizzesAttempted was negatively
related to engagement in the four MOOCs that had quizzes;
hence, holding all else constant, for each quiz a student took
in these MOOCs, their odds of being engaged decreased.

Looking at the variables positively associated with engage-
ment, we found that forum activities during some weeks shared
a positive relationship with engagement in all courses except
for Ochem: students who viewed the forums in Android, Sub-
sistence, and Elearning had positive odds of being engaged
more weeks. Posting comments in response to others’ posts on
the forums was associated with higher levels of engagement in
Android and Subsistence, while posting original comments in
the forums was associated with higher levels of engagement in
Android and Sustainability. As a result, we found some types
of social involvement in these MOOCs, by way of the forums,
was associated with being engaged longer in the course.

DISCUSSION
Our findings speak to other investigations examining if or
when a student might drop out of a MOOC. Whereas many
of the studies in Table 1 considered a single course, we con-
sidered five MOOCs, from different disciplines, offered over
multiple iterations. Of the studies we referenced in Table 1,
only six explored multiple courses. Furthermore, the set of
features (in Table 3) that we used to predict engagement in-
cluded a host of prediction channels versus just a few facets
of the course. However, given that each of these studies inves-
tigated behaviors that are indicative of success (with various
definitions) in MOOCs, in this section we compare our main
findings with previous findings. Finally, we also discuss impli-
cations for MOOC design and opportunities for future work.

Main Findings
We found that students who were active in the forums (by
posting original comments, commenting on others’ postings,
or viewing the forum postings) had higher odds of being en-
gaged longer in four of the courses we considered. To this
end, participation in forums, or features derived from forum
participation, have been identified in many studies as being
related to completion or dropout in MOOCs, regardless of how
success is defined (e.g., [8, 10, 21, 26, 27, 32, 35]). In general,
many of these studies found that active participation in forums
(the primary means of collaboration between students) was
related to success (e.g., [8]). In fact, in the predictive models
of Ramesh and others [27], predictors for forum participation
were second only to lecture activity for predicting dropout.
Given our finding that forum activities were positively related
to engagement, we hypothesize that having a social connection
to others in the course is related to being engaged for more
weeks.

Surprisingly, we found that lecture activity and quiz-taking
activities shared a negative relationship with engagement. Al-
though it has been documented that when there are long videos
to watch each week, students tend to skip them [16], we did
not expect that consuming the lectures would be related to
less engagement. This finding suggests that students engage
in MOOCs for a variety of reasons, and may disengage with
MOOCs both for similar and for entirely different reasons

from the reasons they signed up for the MOOC in the first
place. Perhaps the students in these MOOCs were bored by
the videos or were only interested in just a small portion of
the videos in these MOOCs because it has been documented
that a significant proportion of students in MOOCs might be
there just to audit or browse [28].

Additionally, we found the number of days active, both for
the entire course, and within each of the eight weeks, shared
a negative relationship with engagement. Being active many
days in a week may relate to interest in the content for that
week, but not for other weeks; hence a students’ longevity, or
lack thereof, may be predicted by students having accessed
the content they wanted to access. Alternatively, being active
many days per week may indicate students who require more
time to learn the material, but had not planned in advance to
spend more time. This would align with the findings of Greene
et al. [14], who found that the number of hours a student
planned to commit to a MOOC was related to longevity in the
course. Furthermore, being active for many days each week
might be indicative of poor time management. In previous
studies, students who were found to be on-track [25] were
more likely to be successful, and having a “balanced behavior
pattern over the course of a week” [24] was an important
predictor of drop out. Hence, with improved time management,
students might be more engaged.

Implications for MOOC Design
The findings in this paper can inform stakeholders in these
and similar MOOCs, including universities, instructors, and
course designers. For example, some students use MOOCs to
test the waters before enrolling in a particular university [20];
thus, it may be beneficial to keep students engaged in courses
as long as possible, because it may positively influence their
perceptions when making future choices about which univer-
sities to apply to or attend. Given that forum participation
was positively related to engagement in most of the MOOCs
we considered, encouraging students to be active participants
in the forums might lead to benefits, particularly as forum
participation provides students with opportunities to become
socially engaged with the course and by interacting with fellow
students, and lead them to stay longer.

Limitations and Future Work
One limitation of this investigation was the lack of control con-
ditions in the courses evaluated. Control conditions examining
MOOCs that do not have discussion forums (or mandatory
discussion forums), for example, may illuminate reasons that
findings differed across courses. We examined five different
MOOCs and, for each of them except Ochem, increased forum
activity was related to higher odds of engagement in the course.
It is unclear from these data whether forum activity actually
drives student engagement or whether students who were al-
ready more engaged simply preferred forum activities to other
activities. However, previous investigations have suggested
that forum participation is a powerful enticement for engage-
ment in the course, and may be a powerful tool for learning [9].
Future investigations with content similar to that in the Ochem
MOOC we investigated here might include attempts to restruc-
ture forum use, thereby seeing whether students can find value



in Ochem forums or whether forums may be a distracting or
a non-useful component of a MOOC devoted to the specific
content of this MOOC, or other, related content. In sum, we
note that this investigation adds nuance to others’ findings
that participation in forums is related to improving students’
course performance [6, 12] by finding that participation in the
forums is related to the level of longevity in the course and
by adding the question of why some courses (here, Ochem)
might be different from other courses.

In addition, because of the relatively consistent and positive
findings for forum participation in relation to student engage-
ment with and success in a MOOC, we wonder how far this
realization can be taken. Even if it was only students with
particular goals who showed these positive forum participa-
tion patterns, would it be possible to encourage all students to
participate in forums, independent of their reasons for taking a
MOOC? If so, would we obtain comparable results? In other
words, are the benefits that come with active engagement in
course forums enough of a hook or enough of a satisfying
learning experience to overwhelm even those who come to a
MOOC to dabble or learn a single piece of content offered
in that MOOC? We hope to answer this question with an ex-
periment to test the impact of how the course supports forum
engagement in a future investigation.

CONCLUSION
Understanding how students engage with MOOCs is crucial
for effective development of course materials, deciding what
functionalities should be included in a course, and evaluat-
ing students beyond grades or course completion. Toward
this end, in this paper we described a measure of student en-
gagement in MOOCs, which offered advantages over past
measures that focus on dropout, and found that several pat-
terns of student engagement were consistently present across
five diverse course topics. To do this, we used the LASSO
penalty for ordinal logistic regression models, which allowed
us to ascertain which features were related to this definition
of engagement. We found, across five MOOCs, that actively
pursuing lectures, taking quizzes, and the number of days
active overall and each week were related to being engaged
fewer weeks. On the other hand, we found that students who
were involved in the forums had higher odds of being engaged
more weeks in all of the courses except one. These results
are particularly important given recent research showing that
findings in MOOCS often do not replicate across courses [3].
In the future, we will continue to explore how engagement
can be characterized in MOOCs, and apply our findings to
the design of future courses, thus moving towards providing
students with a learning environment that leads to successful
learning outcomes.
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