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This study investigated the relationship between uninterrupted time-on-task and academic success of
students enrolled in a Massive Open Online Course (MOOC). The variables representing uninterrupted
time-on-task, such as number and duration of uninterrupted consecutive learning activities, were mined
from the log ﬁles capturing how 4286 students tried to learn Newtonian mechanics concepts in a MOOC.
These variables were used as predictors in the logistic regression model estimating the likelihood of
students getting a course certiﬁcate at the end of the semester. The analysis results indicate that the
predictive power of the logistic regression model, which was assessed by Area Under the Precision-Recall
Curve (AUPRC), depends on the value of off-task activity threshold time, and the likelihood of students
getting a course certiﬁcate increases as students were doing more uninterrupted learning activities over
a longer period of time. The ﬁndings from this study suggest that a simple count of learning activities,
which has been used as a proxy for time-on-task in previous studies, may not accurately describe student
learning in the computer-based learning environment because it does not reﬂect the quality, such as
uninterrupted durations, of those learning activities.
© 2018 Elsevier Ltd. All rights reserved.
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Since Carroll (1963) proposed a model of school learning, timeon-task, the amount of time students are actively engaged in
learning, has been considered an important variable that can
explain academic success of students. Earlier studies conducted
with undergraduate students in traditional face-to-face courses
found that self-reported days of study per week (Allen, Lerner, &
Hinrichsen, 1972) and self-reported hours of study per week
(Wagstaff & Mahmoudi, 1976) were positively correlated with the
GPA of students. Similarly, Wagner, Schober, and Spiel (2008) reported that secondary school students who spent more time
working on homework obtained a better grade.
Although self-reported survey is the most common form of data
collection method employed in the research investigating time-ontask, it inherently contains errors because students report their
time-on-task after they completed the learning tasks, instead of
while performing them. Creating a journal of time-on-task while
performing the learning task can improve the accuracy of selfreported time-on-task to some extent. This approach, however,
may generate a different type of error because creating a journal
entry disrupts the natural ﬂow of learning processes of students. To
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address these issues, researchers started analyzing log ﬁles of
computer-based learning environments when they need to estimate time-on-task of students. Since computer-based learning
environments, such as Massive Open Online Courses (MOOCs), can
capture learning behaviors of students in detail without interrupting their learning processes, it is relatively easy to estimate the
time-on-task of students. Wellman and Marcinkiewicz (2004) used
a frequency of accessing Web pages of an online course as a proxy
for the time-on-task of college students, and found that it was
positively correlated with the achievement of students measured
by pre- and post-tests. Similarly, Cho and Shen (2013) reported that
the amount of time spent in the Learning Management System
(LMS) is positively correlated with the total points students earned
in the course although they did not explain how the LMS computed
the time-on-task values they analyzed in their study.
Even though log ﬁle analysis allows researchers to better estimate the time-on-task of students in computer-based learning
environments, it also presents a new challenge. If students stop
using the learning environment, engage in an alternative task for a
while, and return to what they were doing, the log ﬁle would not be
able to recognize this off-task activity because the learning session
in the system is preserved as long as the Web browser window
remains open. In order to address this issue, time-on-task values
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longer than a pre-determined threshold, which typically ranges
from 10 to 60 min, are often discarded from the analysis (Ba-Omar
& Petrounias, 2007; del Valle & Duffy, 2007; Munk & Drlík, 2011;
Wise, Speer, Marbouti, & Hsiao, 2012). Although Kovanovi
c et al.
(2015)'s experiments show that the threshold value for determining off-task activities has an impact on the subsequent data
analysis, many studies analyzing log ﬁles of computer-based
learning environments did not take into account off-task activities when they examined the relationship between time-on-task
and students' academic success. In addition, most studies
focusing on time-on-task were descriptive in nature, and did not
investigate whether time-on-task can predict the academic success
of students.
The study reported in this paper analyzed the log ﬁles of a
MOOC to infer uninterrupted time-on-task of students by excluding
off-task activities from the analysis, and examined the effect of
uninterrupted time-on-task on the academic success of students in
the MOOC. More speciﬁcally, this study has two research questions:
(1) Does the threshold value determining off-task activities have an
impact on the predictive power of the model estimating the likelihood of students getting a course certiﬁcate in the MOOC?; and
(2) What is the relationship between uninterrupted time-on-task
inferred from the log ﬁles of a MOOC and students’ success in
getting a course certiﬁcate? The rest of the paper is organized as
follows. After reviewing related work, the method section describes
the MOOC and its log ﬁles analyzed in this study, and explains in
detail how the predictive models estimating the likelihood of students getting a course certiﬁcate were developed. The results section compares the predictive power of the developed models, and
examines the relationship between uninterrupted time-on-task
and the likelihood of students getting a course certiﬁcate, followed by discussion.
1. Related work
1.1. Completion rate and attrition in MOOCs
Completion rate and attrition in MOOCs have been extensively
studied in recent years. Breslow et al. (2013) examined how
154,763 students who signed up for a physics MOOC in spring 2012.
They found that 15% of registrants tried to complete the ﬁrst
homework assignment, 6% of them passed the midterm exam, and
only 5% of them earned the course certiﬁcate at the end of the
semester. Similarly, Ho et al. (2014) reported that about 5% of registrants were able to earn the course certiﬁcate when they examined the completion rate of students enrolled in seventeen
HarvardX and MITx MOOCs between fall 2012 and summer 2013.
Jordan (2015) investigated the completion rates of more than
hundred MOOCs having a different grading scheme and varying
length of study. She found that the completion rate of MOOCs
varied widely (from 0.7% to 52.1%), depending on the length of
study (higher completion rates for shorter MOOCs), start date
(higher completion rates for recent MOOCs), and assessment type
(higher completion rates when MOOCs adopt an automatic grading
scheme). When Goldberg et al. (2015) investigated the relationship
between participants' level of education and engagement in their
completion of a MOOC on dementia, they found that 38% of registrants were able to complete the course, and the discussion board
activity was a signiﬁcant predictor for their course completion.
Crossley, Paquette, Dascalu, McNamara, and Baker (2016) examined
whether students' online activity and the language they produce in
the discussion forum can predict the course completion. Of 320
students who completed at least one graded assignment and produced at least 50 words in discussion forum, 187 students were able
to complete the course successfully (completion rate ¼ 58%). In
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Hone and SaidEl (2016)'s survey study of 379 participants, 32% of
survey respondents were able to complete an entire course, and
there was no signiﬁcant difference in the course completion rate by
gender, level of study (undergraduate or postgraduate) or MOOC
platform used by students. In Pursel, Zhang, Jablokow, Choi, and
Velegol (2017)'s study, 5.6% of students who registered for a
MOOC on creativity and innovation were able to complete the
course with a statement of accomplishment. They also found that
registering after the course launch date is negatively correlated
with the course completion while the frequency of watching a
video, posting a message and providing a comment are positively
correlated with the course completion.
Several studies indicate that study time or time management is
the most common reason for disengaging from MOOCs. Nawrot and
Doucet (2014) reported that about 70% of the survey respondents
(N ¼ 508) indicated that bad time management (e.g., bad time organization, conﬂicting real life responsibilities, too much time
consuming course, left behind due to illness or work) was the main
reason for their MOOC withdrawal decision. Kizilcec and Halawa
(2015) analyzed the survey responses of 1968 students who were
sampled from twenty MOOCs to investigate reasons for attrition.
Their analysis revealed four reasons for disengaging: time issues,
course difﬁculty, format and content, and goals and expectations
(in the order of signiﬁcance). 84% of survey respondents mentioned
that they did not have enough time for the course, and half of those
respondents also indicated that they are easily distracted from the
course. Zheng, Rosson, Shih, and Carroll (2015)'s interview with 18
students taking a MOOC revealed that high workload, challenging
course content, lack of time, lack of pressure, no sense of community, social inﬂuence and lengthy course start-up were the factors
€hr
relevant to course drop-out. Similarly, Eriksson, Adawi, and Sto
(2016) found that the learner's ability to ﬁnd and manage time
was the most frequently mentioned reason for course drop-out
when they interviewed 34 students selected from two MOOCs
with a different completion rate. Other reasons for disengagement
include the learner's perception of course content, the learner's
perception of course design, and the learner's social situation and
characteristics.
1.2. Effect of time-on-task on academic performance in computerbased learning environments
In the last decade, researchers studied the effect of time-on-task
on academic performance of students learning in the computerbased learning environment. Lustria (2007) found that college
students who spent more time in using interactive Web sites
containing health related information performed better in the
comprehension test. Louw, Muller, and Tredoux (2008) examined
the importance of various predictors such as pre-existing level of
mathematics ability, degree of access to computers outside of
school, time spent on computers both inside and outside of school
and on the computer-based tutoring system used in the study,
computer literacy, conﬁdence in using information technology,
motivation for mathematics, degree of enjoyment of learning
mathematics, intention to study after school, language used at
home and parental encouragement. Of these predictors, they found
that time spent on the computer-based tutoring environment was
the strongest variable predicting the academic success of high
school students participating in their study. When Krause, Stark,
and Mandl (2009) investigated how 137 college students learned
statistics in the computer-based learning environment, they found
that the time-on-task is signiﬁcantly positively correlated with the
learning outcome of students. Macfadyen and Dawson (2010)'s log
ﬁle analysis of an LMS showed that number of log-ins and time
spent in the LMS can explain more than 30% of variance in the ﬁnal
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grade of college students. Cho and Shen (2013) reported that timeon-task logged in the LMS, along with effort regulation, can predict
students' academic achievement in the course. Goldhammer et al.
(2014) investigated how the effect of time-on-task on the
learning performance in the computer-based learning environment
is moderated by task difﬁculty and student skill using linear mixed
models. When students were solving problems in the computerbased learning environment, time-on-task increased with task
difﬁculty, and was positively related to the performance of students. However, the positive effect of time-on-task decreased as
skill levels of students is increasing. Landers and Landers (2015)
studied the effect of time-on-task in the gamiﬁed learning environment. They reported that college students who learned in the
gamiﬁed learning environment spent much more time using the
learning environment than students who used non-gamiﬁed
learning environment, which in turn improved their academic
performance in the course. Although these studies reported timeon-task as an important predictor for academic success of students learning in the computer-based learning environment, none
of them took into account off-task activities of students, which may
have an impact on the predictive power of time-on-task.
2. Method
2.1. Context
This study analyzed the log ﬁles that captured how 12,981
students who signed up for a MOOC called “edX 8.MReVx Mechanics Review (hereafter, 8.MReVx)” interacted with various
learning resources during the Summer 2014 semester. 83% of
12,981 registrants were male and 17% of them were female. Age of
registrants varied from 15 to 75: 45% of them were under 26, 39% of
them were in the range of 26 and 40, and 16% of them were age 41
and above. 25% of registrants had an advanced degree, 35% of them
had a college degree, and 38% of them had a secondary diploma or
less. Geographic distribution included the US (27% of registrants),
India (18%), UK (3.6%), Brazil (2.8%) and others.
8.MReVx, which was offered by MIT, is designed to provide a
comprehensive overview of Newtonian mechanics and greater
expertise with problem-solving. 8.MReVx provides various learning
resources, such as e-texts, videos, discussion boards, wiki, checkpoints, weekly homework problems, quizzes, midterm exam and
ﬁnal exam, to help students learn Newtonian mechanics concepts.
Students did not need to use an external resource, such as textbook,
because the course was designed to be self-contained; it provided
all required information through its e-texts and wiki. Checkpoints
are easier problems embedded within e-texts as formative assessments whereas homework problems, quizzes, midterm exam
and ﬁnal exam are more difﬁcult problems provided throughout
the 12-week long semester as summative assessments. Students
were given a week to work on formative and summative assessment problems which were due on Sunday at midnight. The
achievement of students was determined by checkpoints (8%),
homework problems (34%), quizzes (36%), midterm exam (7%) and
ﬁnal exam (16%), and students who scored more than 60% of the
maximum possible points received a course certiﬁcate. For further
explorations of course structure and available learning resources,
see the archived course at https://courses.edx.org/courses/MITx/8.
MReVx/2T2014/info.

activity for earning a certiﬁcate in this course; in 8.MReVx, all
available points were allocated to solving formative and summative
assessment problems. Of these 4286 students who solved at least
one assessment problem, only 434 students earned a course certiﬁcate at the end of the semester.
Fig. 1 shows a snippet of log ﬁles analyzed in this study. Each
row is a timestamped database transaction representing a speciﬁc
learning activity experienced by one particular student enrolled in
the MOOC. One can easily see that the student solved a problem
([check_problem_correct] in row 14 in Fig. 1), watched the same
video twice ([play_video] in row 15 and 17 in Fig. 1), and then
solved another problem ([check_problem correct] in row 19 in
Fig. 1). In total, there were 12,981 log ﬁles like the one shown in
Fig. 1 because each log ﬁle captured what one student did while
taking the course. These log ﬁles were imported into an SQLite
(https://www.sqlite.org) database, and Python (https://www.
python.org) and R (https://www.r-project.org) scripts were developed to pre-process the merged log ﬁles in the imported database.
Pre-processing of the merged log ﬁles consists of the following
steps. First, examine “Event” and “Resource Name” columns in the
database to create a list of unique problems available in the entire
course. Second, for each student in the database, examine how
many problems he or she tried to solve. Third, select a subset of
students who attempted to solve at least one problem. Fourth,
compute the time-on-task for all learning activities of selected
students (e.g. [play_video] in row 17 in Fig. 1), by subtracting its
timestamp value (e.g., 6/24/14 16:05:21.327 in row 17 in Fig. 1) from
the timestamp value of the subsequent learning activity (e.g., 6/24/
14 16:13:28.982 in row 18 in Fig. 1). Finally, using the computed
time-on-task values, create variables representing the frequency
and the duration of uninterrupted time-on-task such as (1) number
of learning chunks per week (NLC); (2) number of learning activities
per week (NLA); (3) duration of all learning chunks per week (TLC);
and (4) median of duration of learning chunks per week (MedTLC).
Figure 2 explains how these variables are deﬁned and computed
in this study. Each row in Fig. 2 represents a speciﬁc learning activity, such as solving a problem or watching a video, one particular
MOOC student experienced during one week period. A learning
chunk is deﬁned as a group of consecutive learning activities not
interrupted by an off-task activity, an activity whose time-on-task
value is larger than a predetermined threshold value (e.g., 10, 30
or 60 min). Fig. 2 indicates that the student had three learning
chunks this week (NLC ¼ 3) that are separated by two off-task activities. Number of learning activities per week is the count of individual learning activity whose time-on-task value is smaller than
the predetermined off-task activity threshold time (NLA ¼ 10 in
Fig. 2). Duration of all learning chunks can be obtained by summing
up the duration of individual learning chunk observed in the week
(i.e., TLC ¼ TLC,1 þ TLC,2 þ TLC,3; TLC,1 ¼ TOT1 þ TOT2 þ TOT3;

2.2. Procedures
Of 12,981 students who registered in 8.MReVx, this study
focused on students who solved at least one assessment problem
(N ¼ 4286) because problem solving is the most important learning

Fig. 1. An example of 8.MReVx log ﬁles analyzed in the study.
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Fig. 2. Learning chunk (LCi), off-task activity, time-on-task (TOTi), and duration of
learning chunk (TLC,i) identiﬁed in the log ﬁle.

TLC,2 ¼ TOT4 þ TOT5 þ TOT6; TLC,3 ¼ TOT7 þ TOT8 þ TOT9 þ TOT10).
Finally,
median
of
duration
of
learning
chunks
(MedTLC ¼ Median({TLC,1, TLC,2, TLC,3}) captures, on average, how long
students were engaged in meaningful learning activities before
getting distracted by an off-task action.
Log transform was applied to these variables in order to mitigate
heavy skewness and incompatible ranges. Table 1 summarizes
descriptive statistics of unscaled and log-transformed variables
pre-processed with different off-task activity threshold values.

2.3. Predictive models estimating likelihood of students getting
course certiﬁcate
In order to answer the research questions, three logistic
regression models (base, main effect and interaction) were developed. The response variable of logistic regression model was
whether or not students earned a course certiﬁcate at the end of the

Table 1
Mean, median, standard deviation and interquartile range of unscaled and logtransformed variables representing the frequency and the duration of uninterrupted time-on-task.
Variable

Mean

Off-task threshold ¼ 10 min
NLC
8.75
NLA
112.48
TLC
6826.12
MedTLC
658.48
log(NLC)
0.82
log(NLA)
1.83
log(TLC)
3.55
log(MedTLC)
6.12
Off-task threshold ¼ 30 min
NLC
5.40
NLA
116.35
TLC
10638.27
MedTLC
1501.39
log(NLC)
0.69
log(NLA)
1.84
log(TLC)
3.70
log(MedTLC)
6.88
Off-task threshold ¼ 60 min
NLC
4.53
NLA
117.30
TLC
13134.35
MedTLC
2029.12
log(NLC)
0.65
log(NLA)
1.85
log(TLC)
3.77
log(MedTLC)
7.18

Median

SD

IQR

5.00
66.00
3626.35
491.57
0.78
1.83
3.56
6.20

10.13
121.73
7947.68
618.97
0.37
0.46
0.54
0.93

9.00
135.25
8041.12
543.15
0.60
0.75
0.79
1.08

3.50
67.94
5265.48
1159.74
0.65
1.84
3.72
7.06

5.51
126.34
13310.41
1371.65
0.31
0.46
0.59
1.08

5.00
137.62
12161.47
1461.46
0.43
0.75
0.83
1.28

3.00
68.00
6316.93
1583.05
0.60
1.84
3.80
7.37

4.24
127.53
17047.45
1914.13
0.28
0.46
0.61
1.14

4.00
138.75
14899.79
2152.61
0.37
0.75
0.86
1.37
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semester. The base model predicts a probability for getting a course
certiﬁcate based on two explanatory variables, number of learning
chunks per week (NLC) and number of learning activities per week
(NLA). The base model uses frequencies of uninterrupted learning
activities as a proxy for the time-on-task of MOOC students as was
done in the previous study. The main effect model includes two
additional duration-based explanatory variables, duration of all
learning chunks per week (TLC) and median of duration of learning
chunks per week (MedTLC), in order to investigate whether the
duration-based time-on-task variables proposed in this study can
improve the predictive power of logistic regression model. Finally,
the interaction model adds interaction terms to the main effect
model in order to examine the importance of interactions between
main effect explanatory variables. To investigate the effect of offtask threshold value on the predictive power of logistic regression model, each model was ﬁt to data sets pre-processed with
three different off-task activity threshold values frequently used in
educational data mining research (10, 30 and 60 min). Table 2
summarizes the resulting nine predictive models compared in
this study in terms of the off-task threshold value and the
explanatory variables.
3. Results
3.1. Effect of off-task threshold value on predictive power of logistic
regression model
In order to investigate whether an off-task activity threshold
value has an impact on the predictive power of logistic regression
model, data sets pre-processed with three different off-task activity
threshold values (10, 30 and 60 min) were divided into training and
test sets, each logistic regression model (base, main effect and
interaction) was ﬁt to the three training sets, and the predictive
power of each model was evaluated on the three test sets. When
creating training and test sets, which consist of 80% and 20% of the
original data sets, stratiﬁed random sampling was used to ensure
that the ratio of positive (students who earned a course certiﬁcate)
to negative instances (students who did not earn a course certiﬁcate) in both sets is similar. Since the test sets were not used in
building logistic regression models, which were ﬁt only to the
training sets, they can play a role of future unseen data providing an
unbiased measure of predictive power of the model.
Accuracy and Area Under the receiver operating characteristic
Curve (AUC) are two most frequently used performance metrics
when comparing predictive power of binary classiﬁcation models.
However, accuracy and AUC are not appropriate performance
measurements for the data set analyzed in this study because it is
heavily imbalanced to negative instances. Because only 434 students, out of 4286 students who solved at least one problem, got a
course certiﬁcate, the proportion of negative instance, students
who did not earn a course certiﬁcate, is approximately 0.90 in both
training and test sets. Therefore, a simple model that always predicts everyone will not get a course certiﬁcate will achieve a 90%
accuracy. Despite the high accuracy, however, such a model is
useless because it does not provide any meaningful information
about who will get a course certiﬁcate. Likewise, AUC is not an
appropriate performance measure because it would give an overly
optimistic result based on the high percentage of correct classiﬁcations of the majority class. In order to address these issues, this
study used Area Under the Precision-Recall Curve (AUPRC) (Davis &
Goadrich, 2006) when comparing the predictive power of logistic
regression model.
Table 3 compares AUC and AUPRC of nine logistic regression
models tested in this study. As explained above, AUC values do not
change much because of the large number of negative instances in
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Table 2
Nine logistic regression models compared in the study.
Model

Type

Off-task Threshold

Explanatory Variables

M1
M2
M3
M4
M5
M6
M7
M8
M9

Base
Base
Base
Main effect
Main effect
Main effect
Interaction
Interaction
Interaction

10 min
30 min
60 min
10 min
30 min
60 min
10 min
30 min
60 min

log(NLC),
log(NLC),
log(NLC),
log(NLC),
log(NLC),
log(NLC),
log(NLC),
log(NLC),
log(NLC),

log(NLA)
log(NLA)
log(NLA)
log(NLA),
log(NLA),
log(NLA),
log(NLA),
log(NLA),
log(NLA),

log(TLC),
log(TLC),
log(TLC),
log(TLC),
log(TLC),
log(TLC),

log(MedTLC)
log(MedTLC)
log(MedTLC)
log(MedTLC), log(NLC):log(NLA), log(NLC):log(TLC), log(NLC):log(MedTLC)
log(MedTLC), log(NLC):log(NLA), log(NLC):log(TLC), log(NLC):log(MedTLC)
log(MedTLC), log(NLC):log(NLA), log(NLC):log(TLC), log(NLC):log(MedTLC)

Note. “:” in the explanatory variable name indicates an interaction between the corresponding main effect variables.

the data. All nine logistic regression models show a very similar
AUC value ranging from 0.922 to 0.938 regardless of the off-task
activity threshold value or the explanatory variables included in
the model. On the other hand, AUPRC values are comparable only in
the same model type (base, main effect and interaction). In addition, prediction models including more explanatory variables achieve a larger AUPRC value. On average, AUPRC of the main effect
models is about 32% larger than that of the base models, indicating
that the two duration-related time-on-task variables proposed in
this study (TLC and MedTLC) are important in discriminating students who earned a course certiﬁcate from students who did not.
On the other hand, the difference between main effect and interaction models is smaller. On average, AUPRC of the interaction
models is approximately 4% larger than that of the main effect
models.
3.2. Relationship between uninterrupted time-on-task and
students’ success in MOOC
This study elects to examine the importance of explanatory
variables in the interaction model with 60-min threshold (M9) in
relation to the student's success in getting a course certiﬁcate
because this model achieved the largest AUPRC value. The results
from logistic regression analysis suggest that the more learning
activities (NLA) and learning chunks (NLC) students have and the
longer their average learning chunk (MedTLC) is, the more likely
they will earn a course certiﬁcate; when log(NLA), log(NLC) and
log(MedTLC) increase by one standard deviation, the log odds of
students getting a course certiﬁcate increase by 2.27, 1.37 and 0.62,
respectively (see Table 4).
Of three interactions, only the interaction between number of
learning chunks per week and number of learning activities per
week, log(NLC):log(NLA), is statistically signiﬁcant. The large, negative value of the interaction coefﬁcient indicates that students are
less likely to get a course certiﬁcate if they are engaged in many
learning activities in a large number of learning chunks. Rather,
their chance of getting a course certiﬁcate will increase when they
are engaged in many learning activities in fewer learning chunks.
This is a sensible result because number of learning chunks is also

Table 3
AUC and AUPRC of nine logistic regression models compared in this study.
Model

AUC

AUPRC

M1
M2
M3
M4
M5
M6
M7
M8
M9

0.925
0.923
0.922
0.935
0.931
0.932
0.936
0.934
0.938

0.547
0.522
0.517
0.701
0.696
0.692
0.704
0.731
0.739

Table 4
Summary of logistic regression analysis for variables predicting students’ success in
getting a course certiﬁcate.
Explanatory Variable

Estimate

Standard Error

p-value

log(NLC)
log(NLA)
log(TLC)
log(MedTLC)
log(NLC):log(NLA)
log(NLC):log(TLC)
log(NLC):log(MedTLC)

1.37
2.27
0.78
0.62
1.45
0.30
0.24

0.33
0.32
0.44
0.24
0.25
0.24
0.16

<0.0001*
<0.0001*
0.078
0.011*
<0.0001*
0.21
0.12

Note. *p < .05; “:” in the explanatory variable name indicates an interaction between
the corresponding main effect variables.

proportional to the frequency of off-task activities and students are
less likely to be engaged in meaningful learning when they are
frequently distracted by other tasks.
Of three interactions, only the interaction between number of
learning chunks per week and number of learning activities per
week, log(NLC):log(NLA), is statistically signiﬁcant. The large, negative value of the interaction coefﬁcient indicates that students are
less likely to get a course certiﬁcate if they are engaged in many
learning activities in a large number of learning chunks. Rather,
their chance of getting a course certiﬁcate will increase when they
are engaged in many learning activities in fewer learning chunks.
This is a sensible result because number of learning chunks is also
proportional to the frequency of off-task activities and students are
less likely to be engaged in meaningful learning when they are
frequently distracted by other tasks.
4. Discussion and future works
Uninterrupted time-on-task is closely related to Self-Regulated
Learning (SRL) because it involves allocating time and effort to
improve learning performance. Students with higher SRL ability
would have longer time-on-task that is uninterrupted by off-task
activities than students who do not possess enough SRL ability.
Previous studies found that SRL is important for students to be
successful especially in the computer-based learning environment
where there is no instructor or peers who can guide and support
their learning processes (Puzziferro, 2008; Sun & Rueda, 2011).
These studies used survey instruments, such as Motivated Strategies for Learning Questionnaire (MSLQ) (Duncan & McKeachie,
2005), which include questions measuring SRL ability of students
(e.g., I make good use of study time for this course). However, selfreported survey instruments may not be able to estimate uninterrupted time-on-task accurately because they are relying on students’ perception of their self-regulatory processes aggregated over
more than one learning activity (Zimmerman, 2008). One contribution of this study is that it operationalized SRL ability of students
in terms of observable learning behaviors and examined how these
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learning behaviors are correlated with the academic performance
of students by analyzing log ﬁles of a computer-based learning
environment.
This study found that students who did more learning activities
and had more and longer learning chunks per week were more
likely to get a course certiﬁcate, which is not a surprising result.
However, what is interesting is the interaction between number of
learning activities and number of learning chunks per week; the
likelihood of getting a course certiﬁcate increases when the same
number of learning activities occurred in fewer learning chunks.
Since most LMS provide statistics on how many times students
accessed a speciﬁc learning resource in the course, number of
learning activities students are engaged in (e.g., number of clicks on
the Web page containing a speciﬁc instructional material) is often
used as a proxy for their time-on-task. The ﬁndings from this study
suggest that frequency of learning activities alone does not provide
enough information about how students self-regulate their
learning and their time-on-task. Rather, it is important to examine
how learning activities are grouped to form more meaningful
learning experiences as students are interacting with learning resources in the computer-based learning environment.
In most MOOCs (and other learning environments), important
learning activities have a due date and time. For instance, students
taking 8.MReVx were required to complete all assigned learning
activities by Sunday at midnight each week. A recent study that
examined a problem completion rate of students enrolled in a
MOOC found that students who were able to successfully complete
the course started working on their weekly homework problems
very early (Lee, Y, 2018), suggesting that uninterrupted time-ontask of students may change over the one-week assignment cycle.
Thus, as a future work, it would be meaningful to investigate
whether incorporating daily uninterrupted time-on-task into the
prediction model can improve its predictive power.
This study focused on the relationship between the amount of
uninterrupted time-on-task and students’ success in acquiring a
course certiﬁcate in the MOOC. Although getting a course certiﬁcate
is important, especially from the perspective of MOOC instructors
and providers, not all people take MOOCs to earn a certiﬁcate
(Kizilcec, Piech, & Schneider, 2013). Therefore, it would be important to investigate how uninterrupted time-on-task is related to
other variables of success, such as participation in discussion or
problem solving in subsequent weeks. Similarly, it would be
interesting to compare uninterrupted time-on-task of students
having a different intention of enrollment.
In this study, the variables representing uninterrupted time-ontask were averaged over weeks. As a result, these variables do not
capture how uninterrupted time-on-task of MOOC students are
changing over the course of the semester. As a future work, we plan
to extend the statistical model developed in this study into a
multilevel model in which regression coefﬁcients vary by week. By
comparing logistic regression coefﬁcients from each week, we will
be able to better understand how the effect of uninterrupted timeon-task changes over time, and how it is related to the success of
students in the MOOC.
5. Limitations of study
Learning is a complex cognitive activity that can take many
different forms depending on the subject matter. Solving homework and quiz problems on the physics concepts covered each
week was the most important learning activity for students
enrolled in the MOOC examined in this study. Although problem
solving is not limited to mathematics and science, because any
higher-order thinking can be considered a problem solving activity
(Veresov, 2004, 2010; Vygotsky, 2012), solving mathematics or
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science problems in the computer-based learning environment is
different from applying higher-order thinking skills in other subject
domains, such as literature or social studies, emphasizing different
pedagogies (e.g., socio-constructivism). First of all, mathematics or
science problems students are trying to solve in MOOCs almost
always have one correct answer whereas problem solving in other
subject domains may have more than one correct answer. Second,
while solving mathematics or science problems in MOOCs, students
are allowed to submit their answer only a few times, and their
incorrect answers are often penalized, which is usually not the case
in solving problems in other subject domains. In MOOCs on
mathematics or science, moreover, students are expected to solve
problems without getting external helps because of the honor code
of MOOCs. On the other hand, students enrolled in MOOCs on
literature or social studies are expected to develop their understanding by engaging in meaningful discussions with their peers
and the instructor. Problem solving in this case must be studied in
connection with higher mental functions, such as abstract thinking,
logical memory and voluntary attention (Veresov, 2004, 2010;
Vygotsky, 2012), by carefully observing the entire learning processes of students. Consequently, the ﬁndings from this study may
not be generalized to other subject domains in which collaboration
with other people are encouraged because different learning activities and pedagogies would affect how students interact with
learning resources in MOOCs.
In this study, only 434 out of 12,981 registrants were able to get
a course certiﬁcate, which falls on the lower end of the range of
completion rates Jordan (2015) reported in her study. Since students taking MOOCs with a higher completion rate may show
different learning behaviors, the ﬁndings from this study may not
be applicable to such MOOCs, either. It would be interesting to
conduct a similar study examining uninterrupted time-on-task of
students who are learning in the MOOC with a higher completion
rate.
In determining uninterrupted time-on-task, this study used offtask activity threshold values frequently used in educational data
mining research (10, 30 and 60 min). Since the choice of these
values is not based on a strong theoretical foundation, care should
be taken when interpreting the ﬁndings from this study. Depending
on the nature of content knowledge being acquired and the pedagogies employed in the course, different off-task activity threshold
values could result in an optimal predictive power of the model.
More in-depth replication studies in different subject domains are
warranted to better understand the effect of off-task activity
threshold values on the predictive power of the model incorporating uninterrupted time-on-task as a predictor variable.
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