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Abstract: One of the problems regarding MOOCs (Massive Open Online Courses) is the high dropout
rate. Although dropout periods have been studied, there is still a lack of understanding of how
dropout differs for MOOCs with different levels of difficulty. A quantitative study was conducted
to determine the periods with the highest dropouts in computer programming MOOCs and the
performance of the dropouts on the course before dropping out. Four occurrences of three MOOCs,
with different durations, difficulty of the topic, and the degree of supportive methods, were included.
The results showed that dropout was highest at the beginning of all studied courses. Learners also
dropped out before the project. In the easier and shorter courses, most dropouts were successful until
they quit the course. In longer and more difficult courses, learners mainly dropped out in the week
they started due to experiencing problems with the course activities. It is suggested to recommend
that learners take courses at a level that suits them if their current course is too easy or difficult and
encourage learners to use course resources for help. It would be a good idea to provide learners with
example topics to assist them in starting with a project.

Keywords: Massive Open Online Course; MOOC; dropout; programming

1. Introduction

MOOCs (Massive Open Online Courses) have the potential to provide access to high-
quality education beyond social and geographical restrictions [1,2], allowing learners to
learn at their own pace [3,4], from anywhere [3], at any time [4] and free of charge [5].
MOOCs also create opportunities for professional development [6] and participation in top
university courses [4]. It has been said that MOOCs can provide wider access to higher
education while reducing the cost [7]. MOOCs’ popularity is reflected in the number of
participants and the number of universities providing the courses [8].

Learning in MOOCs often takes place autonomously, away from other learners and
organizers [5]. The low completion rate is a significant challenge for MOOC organizers [4,9].
Most of the learners do not complete the MOOCs [3]. Previous studies have shown
dropout rates to be even around 90% [7,10–12]. It is important to study dropouts, as
only the learners who persist with the course have the opportunity to gain the prescribed
educational experience [2].

In order to provide help to learners when they need it the most, and keeping in mind
that course completion or dropout is often contingent on learners’ performance in the
course, this study seeks to identify the periods when learners are most likely to drop
out, as well as an individual’s performance before dropping out. Research concerning
dropout rates has focused on the successive offerings of the same course [12] or different
organisations of the same course [13] and has been based on one [9,14] or multiple different
courses with different durations [11,15], and demographics [11]. It has also been studied
how course length predicts completion rates [15] and how a learners’ background data
and organisation of evaluation, among other aspects, are related to dropouts in courses
with different durations [11]. However, the duration is only one aspect regarding how
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the courses differ. Luik et al. [16] (p. 3690) defined the term “level of difficulty” for the
MOOCs on the same subject, which “refers to, besides the difficulty of covered topics, the
variety of supportive teaching methods and different course durations”. To the authors’
best knowledge, there is no research on dropout rates on courses that, in addition to the
different duration of the course, also vary in offered supportive teaching methods and
difficulty of covered topics. This study deepens the knowledge on learners’ dropout time
and their performance before dropping out, in regard to courses of varied difficulty and
duration.

2. Literature Review

In this section, an overview is given about the different definitions of dropout in the
context of MOOCs, dropout time, and the reason why learners quit the course, as well as
the specifics of the learning program.

2.1. Definition of Dropout

Dropping out is frequently considered as the non-completion of a course, with an
indication of the timeframe of when the dropping out took place [17]. However, there is
no single definition of dropout in the context of MOOC [17,18], and different researchers
define dropout based on the design of the course and used environments. This makes it
challenging to compare dropout rates in different studies [17]. For example, when trying to
predict a dropout, it is important to consider the learner’s activity on the course. However,
activity is difficult to define. It may be that the learner is taking part in any activity, such
as either just watching videos [19] or only completing mandatory activities [13]. Chen
et al. [20] and Fei and Yeung [18] have gathered definitions from different authors and
divided them into three groups. The first definition concerns learners’ engagement in the
last week of the course, i.e., whether the learners perform relevant course activities. This
approach provides an overview of whether the learner stays to the end of the course or not.
Determining dropouts based on the second definition gives researchers information about
a learner’s last week of engagement and reviews if the current week is the last week when
a learner had any defined activities. Dropouts can be identified in both cases at the end of
the course [18] and the course organisers are not able to intervene during the course in the
learners’ activities based on this information. The third definition is related to the ongoing
state and checks if learners have activities in the next week. For example, if a learner has
activities in the first and third learning weeks, he/she is considered to be a dropout in the
first and third weeks, as there is no activity in the second and fourth weeks. The learner is
not considered to be a dropout in the second week, if he/she has performed activities in
the next, third week. This definition enables this study to define whether the learner has
dropped out or not with a time lag of one week, and the course organisers can provide
timely feedback to learners during the course [18]. Additionally, in the case of a self-based
MOOC, an inactivity period has been chosen to define a learner who has dropped out. If a
learner is inactive during that period, he/she is considered to have dropped out, as it is
unlikely that the learner returns to the course and can complete it [3].

Some researchers have found that dropouts from MOOCs should be measured against
learners’ personal goals and not against completing all the course’s mandatory activities
and earning the certificate [21,22]. It is proposed to consider learners as successful if they
do as they intended, or do more, and as dropouts, if they do less than they intended or
quit during the MOOC’s runtime [21]. This is because learners’ individual goals may
not coincide with the course organizers’ goals [21,22]. For example, learners may simply
want to use course materials later and not in relation to the MOOC [22], or just familiarise
themselves with the course without intending to complete it [1]. The downside of this
approach is that learners must always be asked for information about their goals in addition
to learning analytics. However, it is almost impossible to obtain such data from all learners,
as not all learners may answer the questionnaires. This kind of emphasis on learners’
perspective in dropout definition would also impact the dropout rates. According to the
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example of Henderikx et al. [21], success rates were 6.5% and 5.6% when course completion
was taken into account, and 59% and 70% when measured from the learners’ perspective.

2.2. Dropout Time and Reasons

Previous studies are contradictory about the periods of MOOCs when the dropout
rate is the highest. There are a group of learners who do not interact with the course after
registration and abandon the course before it starts [1,7,12]. It has been found that learners
who start with the course activities earlier in a learning week are more likely to stay until
the end of the course [23]. It is concluded that the number of learners who completed
learning activities decreased each week [8,10]. Multiple MOOCs lasting 6–10 weeks have
shown that the dropout rate was high before or at the mid-point of the course [2,4] or
after the second quartile, usually during the second or third week or module [5]. Other
studies have found that dropouts in the case of 4–11-week MOOCs is most problematic
at the start of the course [1,11], especially in the first week [11]. Quick stabilisation of
the number of active learners occurs in the case of 4–7-week courses [1]. During longer
courses, stabilisation takes place from the sixth week [9]. When learners do not have a
weekly schedule and can finish the modules at their own pace, most learners drop out
during the first module. The dropout rate decreases in the second module and stabilises
afterward [14].

At the beginning of the course, learners may not know enough about the curricu-
lum [23] and have different expectations for the course content [24]. They may discover
that the course is not suitable for them [13,23,24], for example, learners realise that the
course requires too much time to complete [13]. Learners may choose to only engage with
the learning materials and never perform any mandatory activities [12]. They may also
be simply curious about the course, without any motivation or interest to complete the
course [7]. During the last weeks of the course, learners are also at risk of dropping out [11].
At the end of the course, learners may choose to leave the course because of the final course
activities, such as the final exam [23]. On the other hand, it has been shown that some
learners become more active during the final days of the course to try to obtain the course
certificate [12].

Previous studies have pointed out that some of the reasons for learners dropping
out are related to the organization of the course. Although there have been learners
who claim that dropout is not highly impacted by the actions of course organizers [24],
some learners have had issues with the structure of the course, lack of a tutorial to guide
learners [25], monitoring mechanism [4] and feedback [1,4,6]. Sometimes, a course can be
too easy or too difficult [24]. The difficulty level of assessments that is consistent with the
learners’ level of knowledge and skills helps learners finish the course [1] as learners may
drop out if the content is too hard [24]. Learners’ learning skills impact success during
the course [24,26]. Related to the course, learners have also criticized the quality of the
learning materials [25], such as unconsolidated materials [6]. Social aspects of MOOCs,
such as the lack of communication between [4] and support from [1] learners and course
organizers, affect learners’ retention on course. Although MOOCs provide the possibility
for communication, many learners do not take advantage of it [26].

Personal reasons, such as sickness [24], a bad experience with the topic, online format
of the course [27], family responsibilities [10,24,25], and employment situation [10,27] can
also have a negative impact on the completion of a course. Dropouts have more conflicts at
home and work as they attend the course [28]. In other cases, working has also increased
the odds that the course will be completed [25] as learners use the working time for the
course activities [28]. From learners’ characteristics, lower education levels decrease the
chances of success in the MOOC [25,27]. Learners’ self-efficacy, perceived effectiveness [4],
and motivation [4,24] positively impact course completion. It has been found that not all
motivation-related factors differ between dropouts and completers [29]. Learners who use
the knowledge gained from the MOOC at work or in everyday life [25] or believe that the
course content will be useful in their future careers are less likely to drop out. Ineffective
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time management [24] and finding time for MOOC activities [6,24,27] have a negative
impact on the MOOC completion, as learners who drop out are more likely to experience
problems finding time for the MOOC compared to completers. Even weather can influence
the time available for the course [28].

Some suggestions have been made on how to reduce dropping out. For example,
design the course according to the needs of learners from different backgrounds [26]
and with different motivations [29], improve the course activities [4], add weekly update
videos [24], and add courses to university accredited programs [2]. At the beginning of
the course, a test could be conducted among learners, which would give feedback to the
course organizers and learners on how well learners would handle the course materials [8].
Adding content supplemented by multimedia, gameplay, and improving social interaction
can increase the number of completed learners [1].

2.3. Learning to Program

Programming is a difficult subject [30] and learning to program is especially problem-
atic for students who lack previous experience [31]. In general, learners have different prior
knowledge, and it is not easy to design a course that would be interesting and challenging
for all the participants [30]. Even learners with previous programming experience do not
feel assured with self-directed programming activities [32].

Learners struggle with understanding code [32,33], learning to code [30,32], and
debugging [30,34]. The ability to read code is the basis for writing code [33]. Learners
and instructors have found error handling, recursion, and pointers to be challenging to
learn. Learners also have pointed out problems with syntax errors and variables. Ac-
cording to teachers’ opinions, learners have issues with operators, conditional statements,
loops, arrays, and functions [35]. Understanding abstract concepts [30], logical reasoning,
problem-solving skills [36], and knowledge of mathematics [36,37] are needed to be suc-
cessful in learning to program. Reading theory, coding, and learning in groups positively
impact and improve programming skills [38].

The basis for success in a course is to succeed at the beginning of the course [33] as
this is the period when learners tend to drop out from regular programming courses [34]
and programming MOOCs [13]. If learners have problems at the start of learning to
program, they are less motivated and may have to quit the course [37]. Collaboration
helps to improve motivation [33]. Another common dropout period is at the project phase.
According to learners’ opinions, the reasons for failing to finish the project are that the
course did not prepare them enough to complete the project or they had issues with time
management [34].

2.4. Aim and Research Questions

To provide support to learners, it is necessary to know in which period of MOOCs
learners are most likely to drop out and how they perform before dropping out. Previous
studies have not shown consistent results. First, this may be due to a different definition
of dropout, which researchers define according to their research criteria [17]. In addition,
MOOCs differ in the level of difficulty, subject, and organisation. The level of difficulty
is used in the same sense in the current study as defined by Luik et al. [16]. Previously
described aspects may make it difficult to compare dropout data between different studies.

This study aims to find out the periods of different computer programming (CP)
MOOCs in which the dropout is the highest, and how the dropouts performed in the
course before dropping out. The basis of the dropout definition in the current study is
the second definition of dropout by Chen et al. [20] and Fei and Yeung [18] that relies
on the course completion and last week of engagement. This approach provides a more
detailed view of the learner’s progress compared to relying only on the completion or
non-completion of the course. Depending on the environments used to conduct the courses,
engagement is based on the mandatory activities. A learner is considered to have dropped
out if he/she did not complete all mandatory course activities, and the dropout week is
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defined as the last week when he/she submitted at least one of the mandatory activities.
When a learner skipped a learning week and later returned to the course, the last week
of activity is considered to be the dropout week. The dropouts were identified after the
course.

The following research questions are addressed in this paper:

1. What are the periods of CP MOOCs with different levels of difficulty in which dropout
is the highest?

2. How did the dropouts perform during the dropout week and the weeks before in
terms of successful completion of weekly activities in CP MOOCs with different levels
of difficulty?

3. Methodology
3.1. Context of Study

The Institute of Computer Science at the University of Tartu has organised three
CP MOOCs. These courses have different levels of difficulty [16] but share the adopted
teaching methodologies and are organised by the same group of people. The first course
is a four-week course called “About Programming” (in Estonian, “Programmeerimisest
maalähedaselt”, hereafter AP) and the second an eight-week course “Introduction to Pro-
gramming 1” (in Estonian, “Programmeerimise alused”, hereafter IP1). Both are designed
for learners with little or no previous programming experience. The third course lasts for
eight weeks and is called “Introduction to Programming 2” (in Estonian, “Programmeer-
imise alused 2”, hereafter IP2). It is for learners with previous programming knowledge.
Respectively, the courses had over 11,800, 7100 and 2700 registrants and more than 7300
(around 62%), 3900 (around 55%) and 800 (around 33%) successful completions. The
completers receive 1 ECTS for the “About Programming” and 3 ECTS for the other courses.

To complete the AP and IP1 courses, learners had to perform mandatory programming
exercises and take a quiz every week. In the case of IP2, the first six weeks were similar to
the other courses, but a project was assigned in the last two weeks of the course. To support
learners, a forum [16] and troubleshooters [39] for programming exercises were available
and, in addition, the learners in “About Programming” and IP1 could contact a helpdesk
24/7. These courses have been described in more detail by Luik et al. [16]. The topics of the
“About Programming” course include variables, data types, conditional statements, strings,
loops, functions, and regular expression. The materials of IP1 contain similar topics as
“About Programming”, but they are covered in more detail. In IP2, learners are introduced
to two-dimensional arrays, nested loops, data structures, data analysis, recursion.

3.2. Data Collection and Sample

The courses relevant for this study were “About Programming” and “Introduction
to programming” and ran in the autumn of 2018 (this “About Programming” hereafter
referred to as AP18), and “About Programming” and “Introduction to programming 2”
from the spring of 2019 (this “About Programming” hereafter referred to as AP19). The
sample of this study consists of learners who started the courses. In the current case, it
means that they submitted at least one mandatory exercise or quiz in Moodle. The number
of these learners and their background data is presented in Table 1. Learners’ personal data
came from the Study Information System of the university through which they signed up
for the course. The data about learners’ activities during the course were gathered from
Moodle, which was the main learning environment.
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Table 1. Learners’ background data.

Course AP18 AP19 IP1 IP2

Enrollers 1278 1028 1552 745
Completers 773 (60.5%) 596 (58.0%) 828 (53.4%) 253 (34.0%)
N (learners) 1042 841 1375 605

Gender (female) 570 (54.8%) 459 (54.6%) 697 (50.6%) 282 (46.6%)
Age range 10–70 10–72 10–74 11–74

Average age 32.50 (SD = 10.86) 33.25 (SD = 11.05) 32.69 (SD = 10.29) 33.65 (SD = 10.15)

Students were asked to mark their location on a map. It showed that there were learn-
ers not only from Estonia but also from Africa (e.g., Cabo Verde), Asia (e.g., Afghanistan,
Qatar), Australia, Europe (e.g., Serbia, Spain, United Kingdom), North America (e.g.,
Canada, USA), and South America (e.g., Brazil, Columbia).

3.3. Data Analysis

Quantitative research was used. In the case of the first research question, descriptive
statistics were used to find the weekly number of dropouts. McNemar’s test was used
to compare the number of dropouts in different weeks to find the week with the highest
dropout rate. To compare the number of dropouts between different courses during the
period of the highest dropout, the Z-test was used. For the second research question,
the number of learners whose performance in terms of successful completion of weekly
activities differed during the dropout week and the weeks before was found using descrip-
tive statistics. The largest group of dropouts each week based on their performance was
determined with the Z-test.

4. Results
4.1. Last Week of Activities

Figure 1 describes the learners’ last week in both of the “About Programming” courses.
In AP18 and AP19, most learners dropped out in weeks one and two. In AP18, 83 learners
(8%) submitted their last mandatory activity in the first week and 95 (9.1%) in the second
week. In AP19, 92 (10.9%) and 74 (8.8%) learners dropped out in the first two weeks of
the course, respectively. For both courses, there was no statistically significant difference
between these two weeks when the percentages of dropped-out learners were compared
(p > 0.05). Weeks one and two were both statistically significantly different from weeks
three and four (AP18: chi-squared between 9.42 and 17.99, AP19: chi-squared between 5.12
and 29.27, p < 0.05).
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Figure 1. Last week of activities in the “About Programming” courses.

Figure 2 describes the learners’ last week in the “Introduction to Programming”
courses. In the case of IP1, a comparison between weeks shows that more learners per-
formed their last activities in the course in weeks one and two compared to weeks six to
eight (chi-squared between 6.97 and 46.04, p < 0.05). A statistically significant difference
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was also found between weeks two and three (chi-squared = 4.76, p < 0.05), five and six
(chi-squared = 4.14, p < 0.05) and weeks six and seven (chi-squared = 5.32, p < 0.05).
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In IP2, 95 (15.7%) and 86 (14.2%) learners dropped out in the first two weeks of the
course, respectively. Weeks one and two had more dropped out learners compared to
weeks three to five and seven (chi-squared between 16.07 and 81.82, p < 0.05). In week six,
68 (11.2%) learners submitted their last mandatory activities. Week six had a statistically
significant difference with weeks five (chi-squared = 14.89, p < 0.05) and seven (chi-squared
= 55.13, p < 0.05). The dropouts of weeks seven and eight are grouped under week seven,
as learners worked on the project in both of these weeks. In these weeks, the least learners,
4 (0.7%) dropped out from the course (chi-squared between 17.46 and 81.19, p < 0.05).
The result of the Z-test showed that more students dropped out of the PA2 course in
the first two weeks compared to the “About programming” courses (chi-squared = 86.82,
p < 0.05) and PA1 course (chi-squared = 63.15, p < 0.05). There was no statistically significant
difference between the “About programming” courses and PA1 (p > 0.05).

4.2. Completing the Week of the Dropout and Previous Weeks

The level of completion of course activities in different weeks by dropped out learners
is presented in Table 2. The column “Completed current and all previous weeks” includes
learners who had successfully completed the activities of the dropout week and of all
previous weeks. Learners who completed the dropout week but failed to complete the
activities in some of the previous weeks, are included in the “Completed current week, but
not previous weeks” column. The column “Completed previous weeks, but not current
week” shows learners who had completed their activities in all previous weeks but failed
to complete them in the dropout week, while the column “Did not complete current and
at least one of the previous weeks” is for learners who did not complete the activities of
the dropout week and at least one, but not all, of the previous weeks. Learners who failed
to complete the activities in any of the previous weeks and also in the dropout week are
presented in the “All weeks not completed” column.

In this study, the dropout week was defined as the week when the dropouts submitted
their last mandatory activity. In AP18 and AP19, the dropout group of the first week
included more learners who completed all the mandatory activities than those who did not.
More than half of the second week’s dropouts had completed the first and second weeks
successfully but did not continue in the third week. In the third week, the largest group of
dropouts had completed previous weeks but failed to complete the third week.
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Table 2. Completion of different course weeks by dropped-out learners.

Course Week Number of
Drop-Outs

Completed
Current and
All Previous

Weeks

Completed
Current

Week, but
Not Previous

Weeks

Completed
Previous

Weeks, but
Not Current

Week

Did Not Complete
Current and at

Least One of the
Previous Weeks

All Weeks
Not

Completed

AP18 1 83 56 (67.5%) * x x x 27 (32.5%)
2 95 55 (57.9%) * 7 (7.4%) 23 (24.2%) x 10 (10.5%)
3 44 4 (9.1%) 0 (0.0%) 29 (65.9%) * 6 (13.6%) 5 (11.4%)
4 47 x 7 (14.9%) 8 (17.1%) 16 (34.0%) 16 (34.0%)

AP19 1 92 55 (59.8%) * x x x 37 (40.2%)
2 74 47 (63.4%) * 1 (1.4%) 17 (23.0%) x 9 (12.2%)
3 48 11 (22.9%) 1 (2.1%) 23 (47.9%) * 7 (14.6%) 6 (12.5%)
4 31 x 6 (19.4%) 3 (9.7%) 11 (35.5%) 11 (35.5%)

IP1 1 90 42 (46.7%) x x x 48 (53.3%)
2 110 24 (21.8%) 0 (0.0%) 81 (73.6%) * x 5 (4.6%)
3 79 21 (26.6%) 1 (1.3%) 44 (55.7%) * 11 (13.9%) 2 (2.5%)
4 66 25 (37.9%) * 6 (9.1%) 24 (36.4%) * 10 (15.1%) 1 (1.5%)
5 82 22 (26.8%) 2 (4.4%) 37 (45.1%) * 20 (24.4%) 1 (1.2%)
6 57 20 (35.1%) 1 (1.8%) 21 (36.8%) 14 (24.5%) 1 (1.8%)
7 34 7 (20.6%) 0 (0.0%) 15 (44.1%) 12 (35.3%) 0 (0.0%)
8 29 x 0 (0.0%) 13 (44.8%) * 13 (44.8%) * 3 (10.4%)

IP2 1 95 31 (32.6%) x x x 64 (67.4%) *
2 86 8 (9.3%) 0 (0.0%) 72 (83.7%) * x 6 (7.0%)
3 40 7 (17.5%) 2 (5.0%) 20 (50.0%) * 9 (22.5%) 2 (5.0%)
4 29 13 (44.8%) 0 (0.0%) 7 (24.1%) 8 (27.7%) 1 (3.4%)
5 30 7 (23.3%) 2 (6.7%) 14 (46.7%) 6 (20.0%) 1 (3.3%)
6 68 38 (55.9%) * 0 (0.0%) 17 (25.0%) 12 (17.6%) 1 (1.5%)
7 4 x 4 (100%) 0 (0.0%) 0 (0.0%) 0 (0.0%)

*—largest group(s) of dropped-out learners in the respective week based on the Z-test (p < 0.05).

In the IP1 course, almost three-fourths of the learners whose last week was week two
completed the previous week but failed to complete the dropout week, and the same was
true for over half of the learners who quit after week three. The same pattern occurred
also in week five where over one-thirds of the dropouts had finished all previous weeks
successfully, but not week five. In IP2, over two-thirds of the dropped-out learners in
week one were not able to complete the week. In the second and third weeks, the largest
group of dropouts included learners who had completed the previous weeks but failed to
complete the dropout week. More than half of those who dropped out in the sixth week
had completed six weeks successfully but did not continue the course in the following
weeks.

5. Discussion

The first research question aimed to find out the periods of CP MOOCs with different
levels of difficulty at which dropout is the highest. Regardless of the level of difficulty
of the course, learners dropped out more at the beginning of the course in the case of all
courses. Dropout stabilised in the second half of AP18 and AP19 and the middle of IP1 and
IP2. Another high dropout period in IP2 was the sixth week. Previous studies have also
found the highest dropout period to be at the beginning of the course [1,11,13,14] followed
by stabilisation of the weekly dropout rate [1]. However, when comparing these results, the
different approaches to dropout have to be taken into account. The criteria used by Ihantola
et al. [13] for determining dropped-out learners were quite similar to those in the current
study. In other studies, however, learners who enrolled but did not start the course could be
included [1], learners who learned at their own pace could be excluded [11], the completion
of mandatory activities could be used as the basis of calculating the last learning week [1,14],
or learners could unsubscribe from the course after enrolling [14]. These aspects may affect
the number of dropouts in a given week. Other criteria to be considered when comparing
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courses in different studies are the activities and methodologies used in the course. For
example, in some courses learners do not have direct contact with course organisers [1],
but in AP and IP1 courses in the current study, learners were able to contact organisers via
helpdesk. There are also different ways to use the same activities, such as quiz, for which
the number of attempts can be limited to a certain number of times [1,14] or be unlimited
such as in the courses in the current study.

The second research question aimed to determine how the dropouts performed in the
dropout week and the weeks before in terms of successful completion of weekly activities.
In the case of AP18 and AP19, a similar pattern occurred. At the beginning of the course,
where the dropout was highest, most dropped-out learners completed the mandatory
activities of the dropout week and the previous weeks. They did not submit any exercises
or quizzes in the following weeks. This shows that these learners did not drop out due to
problems with the course content. Ihantola et al. [13] also noticed learners with similar
behaviour in their programming MOOCs and suggested that learners may have found
the future workload to be too high. As “About Programming” was a short introductory
course in programming and required about 6 h of work per week, it is rather possible that
learners may not have found this course challenging and did not see how they could use
the knowledge gained from the course for their career. Previous studies have also found
that learners drop out if the course is too easy [24] or they cannot use the learned skills in
their work or everyday life [25].

In the third week, most of the dropped-out learners could not successfully finish the
mandatory activities. One reason might be related to the loop topic covered this week.
Based on teachers’ experiences, it is one of the topics that learners have problems with [35].
Interestingly, regarding week four, over one-third of the learners who dropped out this
week were active in their last week, i.e., submitted exercises and quizzes, although they had
not completed any previous weeks. They could be the learners that Henderikx et al. [21]
and Stracke [22] described as learners who have set individual goals for the course, and
these may not include completing the course.

In the case of longer and more difficult courses, IP1 and IP2, the results show that most
learners who drop out at the beginning of the course are not able to complete the activities
of the week in which they drop out. It may indicate that the courses were too demanding
for those learners. Eriksson et al. [24] have also found that difficult content affects dropout.
Although IP1 was an introductory course, it has been pointed out that programming is
hard to learn without previous experience [31], and even learners with prior knowledge
of programming can have problems [32]. In IP2, learners may have overestimated their
previous experience with programming when registering for the course. The balance
between learners’ knowledge and skills and the course’s difficulty level helps learners be
successful [1]. Overestimating their previous experience may also be one of the reasons
why during the first two weeks more learners dropped out of the IP2 course compared to
the “About programming” and IP1 courses. In addition, in the IP2 course there was no
helpdesk. Learners may not have found the help they needed from the other provided
teaching methods, such as forum and troubleshooters, and had to drop out. As both of
the “Introduction to Programming” courses covered programming more thoroughly and
required more work with course materials and more programming exercises to be solved
compared to the “About Programming” courses, learners’ poor time management [24] and
learning skills may have had an effect on their ability to complete all activities. In addition,
learners may need more support than the current MOOC environment can offer. De Freitas
et al. [1] have also found that support from other learners and course organizers effects
learners’ success in a course.

Over half of the learners who dropped out from IP2 in week six had completed all the
required activities before the project but decided not to tackle the project. Lu et al. [23] have
also found that learners can drop out of a course because of the final course activities. One
of the reasons for this might be that learners feel that the course did not prepare them for
the project [34]. On the other hand, it may indicate that learners gained the knowledge they
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needed from the course in the first six weeks, as these were the so-called typical learning
weeks. Learners might feel that they do not need to participate in the project as it does not
add any new knowledge. This also shows that receiving a certificate might not be necessary
for these learners. Another reason not to start the project may have been the fact that
learners had to think of the idea of the project themselves. On the other hand, all learners
who submitted their project completed it successfully. This was even true for learners who
had not completed some of the mandatory activities in previous weeks. These learners
might have found the unfinished topics unnecessary or perhaps hoped to complete the rest
of the activities required for a certificate after the project but were unable to do so.

In all of the courses, there were dropouts in each week who had completed all the
mandatory activities by the end of the dropout week. This indicates that learners may have
also had personal reasons to quit the course. This can include, for example, work [10,27] or
family [10,24,25] responsibilities that prevented them from focusing on the course activities.
Learners could suddenly become ill [24]. In addition, in the spring course, learners had
difficulties finding time for the course because of the good weather [28].

6. Conclusions

Four occurrences of three different CP MOOCs with different levels of difficulty were
included in this study. Regardless of the differences between the courses in the level of the
difficulty, the findings show that dropout was highest at the beginning of all the studied
courses and then stabilised. Therefore, we suggest that the beginning of the course needs
more attention such as more attractive tasks and materials to maintain learners. The main
difference in dropout periods between courses was related to the course activities. In IP2,
learners also dropped out before the project at the end of the course. To help learners
start with the project, we suggest giving them example topics for the project if they do
not have a good idea of their own. This would help learners understand the scope that is
acceptable to do as a project, but they would still have to figure out how to do it. The fact
that there were learners who finished the project even if they had not completed previous
weekly activities or were active in the last week of the course without completing any of
the preceding weeks shows that not all learners are interested in a course certificate.

Learners who dropped out of the shorter and easier courses, AP18 and AP19, in the
highest dropout periods, were mainly learners who had succeeded in the course until
the end of the dropout week. To motivate learners to stay in the course, we suggest
providing more complex additional activities to challenge those who would find the
introductory courses too easy otherwise. If possible, learners could be encouraged to take
more challenging courses. In the current case, learners for whom the “About Programming”
course was too easy could have been transferred to IP1.

In longer and more difficult courses, learners mostly dropped out when they faced
problems with the course activities. Therefore, we recommend motivating learners to make
more use of different course tools, such as a forum, to find help and support. Simpler
courses may be recommended to learners. For example, with the current courses, if learners
had issues with IP1, they could have taken “About Programming” instead.

The current study results can be useful for MOOC organisers. For all courses, dropout
was higher at the beginning of the course, but looking at learners’ activities before dropping
out, our results indicate that learners in courses with different levels of difficulty and
different learning weeks may not need similar support. On easier courses, the difficulties
learners face is not so much related to course content as to other factors, such as illness.
In this case, the course should be flexible enough to adapt to learners’ needs. In addition,
learners may participate in easier courses out of curiosity and simply come to explore the
course. When they found the course not suitable for them or their curiosity was satisfied,
they dropped out of the course. In this case, learners do not need help from the course
organisers, and course organisers do not have to pay so much attention to the number of
dropouts as learners met their personal goals. In courses with a higher level of difficulty,
learners have more problems with successfully performing the course activities. Therefore,
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support should focus on making the topic more understandable for learners, for example,
adding more examples to learning materials and providing different options for support
for learners, especially at the beginning of the MOOC. If the course includes a project,
learners need more help starting the project than for successful completion. It may also be
considered to make the project voluntary. Learners may not want to start with the project
as it does not give them any new knowledge, only implementing the previously gained
knowledge.

There are some limitations related to this study. The number of participants is smaller
than usual for MOOCs but still considerable in the Estonian context. In addition, only
four occurrences of three different MOOCs were addressed. As this study is based on CP
MOOCs, the results may not be generalisable to MOOCs on other topics.

This study provides other researchers with an initial overview of dropping out of
courses with different levels of difficulty. In the future, it will be possible to expand the
research, including MOOCs with other topics, and increase the number and heterogeneity
of participants. In addition, as the main dropout period was at the beginning of all studied
courses, then learners’ difficulties at the beginning of the course and learning skills should
be studied to provide the needed support. As there were learners who continued the
course activities even if they could no longer obtain the certificate due to the previously
uncompleted activities, then in the future, it would be interesting to examine dropouts in
terms of a learners’ personal goals.
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