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Predicting Dropout in Programming

MOOCs through Demographic

Insights. Electronics 2023, 12, 4674.

https://doi.org/10.3390/

electronics12224674

Academic Editors: Miguel Morales,

Roberto Barchino, José Amelio

Medina-Merodio and Antonio

Moreira Teixeira

Received: 16 October 2023

Revised: 10 November 2023

Accepted: 15 November 2023

Published: 16 November 2023

Copyright: © 2023 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

electronics

Article

Predicting Dropout in Programming MOOCs through
Demographic Insights
Jakub Swacha * and Karolina Muszyńska
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Abstract: Massive Open Online Courses (MOOCs) have gained widespread popularity for their
potential to offer education to an unlimited global audience. However, they also face a critical
challenge in the form of high dropout rates. This paper addresses the need to identify students at risk
of dropping out early in MOOCs, enabling course organizers to provide targeted support or adapt the
course content to meet students’ expectations. In this context, zero-time dropout predictors, which
utilize demographic data before the course commences, hold significant potential. Despite a lack of
consensus in the existing literature regarding the efficacy of demographic data in dropout prediction,
this study delves into this issue to contribute new insights to the ongoing discourse. Through an
extensive review of prior research and a detailed analysis of data acquired from two programming
MOOCs, we aim to shed light on the relationship between students’ demographic characteristics
and their likelihood of early dropout from MOOCs, using logistic regression. This research extends
the current understanding of the impact of demographic features on student retention. The results
indicate that age, education level, student status, nationality, and disability can be used as predictors
of dropout rate, though not in every course. The findings presented here are expected to affect the
development of more effective strategies for reducing MOOC dropout rates, ultimately enhancing
the educational experience for online learners.

Keywords: MOOC; dropout; prediction; demographic features

1. Introduction
1.1. Motivation

A Massive Open Online Course (MOOC) is “an online course open to anyone without
restrictions, usually structured around a set of learning goals in an area of study, which
often runs over a specific period of time on an online platform which allows interactive
possibilities that facilitate the creation of a learning community” [1] (p. 2). Thanks to its
advantages, such as theoretically unlimited participation and open access via the Internet
for anyone in the world [2], MOOCs attracted millions of online users even prior to the
COVID-19 pandemic [3], which further increased their popularity tremendously [4].

While MOOCs’ ability to improve academic achievements has been confirmed by nu-
merous research reports (see the meta-analysis performed in [5]), so has its main weakness:
poor student retention, which manifests as very high dropout rates. While these rates vary
from course to course, typically, numbers around 95% are reported (see [3] and works cited
therein), which means every 19 out of 20 students who started a course do not finish it.

Although there are various reasons for which students may leave a course (see Sec-
tion 2.2 in [6] for a discussion of such reasons), some of them impossible to cope with in any
way (e.g., becoming sick or heavily burdened with family responsibilities [7]), many could
be addressed by an intervention from respective course organizers (see, e.g., [8]) and/or
better adaptation of the course contents to students’ expectations (see, e.g., [7]).

In this context, it is highly desirous to be able to identify particular students who are
at high risk of dropout so that the course organizers can focus more on supporting them,
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or at least identify groups of students who are at high risk of dropout so that the course can
be provided in an adaptable form, with such groups of students receiving a version that
differs in scope or form to the baseline version. Dropout predictors for time period tn...n+1
can be based on the student’s behavior in time period tn−m...n−1, and any variable whose
value is known in the time period t0...m can be considered as an early dropout predictor.
Knowing that students may drop out of the course at its very beginning (see, e.g., [8,9]),
there is a special value associated with variables whose value is known before the course
begins, i.e., at the time point t0. We call these zero-time dropout predictors. Although they
cannot be based on the student’s prior behavior in a particular course, as the course has not
started yet, there are other data sources available.

In this paper, we focus on a particular type of zero-time dropout predictor that is
of demographic character. As we shall reveal in the subsequent subsections, there is no
agreement in prior literature on whether students’ demographic data are of any use for
dropout prediction. In this paper, we strive to present new findings which enrich the
existing discussion on this topic.

1.2. Problem Setting

There are different ways in which dropout can be defined [10]. In this paper, we
understand this term as not obtaining a course completion certificate during its entire
period of availability (i.e., from the time of course opening till its closing). This means
the dropout rate includes, among others, students who passed through all units of the
course but failed to pass the final test, or users who merely browsed through the course
content looking for specific information they desired without actual intention to attend the
course. Nonetheless, most of dropouts are usually attributed to students who joined the
course with an attempt to complete it, but for some reason, did not do it, so it is generally
assumed that high dropout rates in MOOCs are something undesirable and reasons for that
phenomenon need to be examined and appropriate interventions undertaken to minimize
dropout. Dropout prediction is a necessary means to direct such interventions to students
who are at the highest risk of dropping out.

There are many studies devoted to the topic of dropout prediction in MOOCs. They
apply different approaches and methods in an attempt to attain the highest possible
prediction accuracy and usually benchmark their results against previously developed
models [11–16]. Across the literature, different aspects influencing dropout are studied, and
they can be grouped into three main categories: participant factors (including academic
background, experiences, skills, and psychological attributes), course factors (including
course design, institutional support, and interactions) and environmental factors (including
work commitments and a supportive study environment) [17]. One of the most commonly
indicated influencing factors is clickstream, which depicts participants’ activity (interac-
tions, behavior) in the online course [13,14,18–20]. Another important aspect influencing
the dropout rate is the features of the course (e.g., quality and content [17,21], difficulty
and length [6,11]). Less frequently studied aspects include gamification [22], the relation of
registration date to the course start date [23], course start date, course length or assessment
type [24], and social factors (posts on the forum) [25]. In some cases, the dropout rate
was predicted based on the responses to a survey taken by course participants which,
among others, indicated their interests, previous knowledge, and motivations for study-
ing the MOOC [26]. Several studies take into account both behavioral and demographic
features to increase the accuracy of online courses dropouts prediction [15,27–34]. There
are also studies showing the impact of user information and course attributes on dropout
prediction [16,35–38]. Throughout the analysis of the studies, behavioral (log data) fol-
lowed by demographic data were the most widely used in both dropout prediction and
performance prediction. Learning behavior was also the most widely utilized set of features
for predicting learner dropout; demographic and assessment features were less frequently
used [39].
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1.3. Approach

In this paper, we put the focus on demographic characteristics of students, which are
a convenient type of zero-time dropout predictor for several reasons. They are usually
easily available to acquire (as course registration forms usually include some demographic
questions), do not require access to external data (in contrast to, e.g., data on a student’s
prior behavior in other courses), and do not require students to answer any dedicated
survey forms.

Such an approach, making use of demographic characteristics of MOOC participants,
such as age, gender, nationality, or employment status, has been tried in many prior studies;
however, their findings are not conclusive, with large differences among them regarding
the reported relationship between demographics and dropout rates [17]. Some studies
(e.g., [3,27,29,40,41]) prove that demographic features impact the dropout rate. On the other
hand, other research (e.g., [42–44]) claims that they have no influence. This discrepancy is
the primary reason we consider this research topic still worthy of our attention.

Table 1 lists identified literature sources that took into account demographic predictors
influencing the dropout/completion rate in MOOCs and online courses.

Table 1. Studies including demographic predictors influencing the dropout/completion rate in
MOOCs and online courses.

Source Sample
Size Gender Birthdate/Age Domicile/

Nationality
Employment

Status
Education

Level Other Predictors

[16] 269 X X E1, E2, E3, E5, H2, S2, S3
[34] 597,692 * X X X E3, U1, U3, U5, U8
[36] 379 X X X X C1, C2, U4
[45] 2338 X X X X X D9
[37] 67,333 X X X X A1, A4, H1, U5, U6, U7
[46] 79 X X X D10
[30] 32,593 ** X X X X B9, D1, D11, E4, U1, U2, U7
[27] Unspecified X X X X X D2–D8, H1, S1, S2
[3] 668,017 *** X X X C1, U1, U5, U9, U11

[47] 624 X X X X X A3, A4, D6, D9, H3
[28] 32,593 ** X X X X D1, D11, E4, U1, U2, U7
[38] 1069 X X X X A4, H1, H4, S4, S5
[48] 1038 X X X A3, A4, H1, S4, U11
[29] 14,791 X X X D10, S2, U7, U9, U11
[49] 154,763 X X X D9, U1, U7, U9, U14

* HarvardX, ** OULAD, *** XuetangX.

Codes used in Table 1 in the “Other predictors” column:
E—Educational background (E1—ACT Comp Score, E2—high school GPA,

E3—current college GPA, E4—studied credits, E5—credits completed);
U—course usage (U1—no. of clickstream events, U2—no. of visits , U3—viewed/explored

features, U4—interaction with the instructor, U5—videos watched, U6—assessments at-
tempted, U7—grades achieved/assessment scores, U8—no. of chapters read, U9—no. of
forum postings, U10—no. of previous attempts, U11—completed activities, U12—learning
achievements, U13—no. of in-course activities, U14—time devoted);

D—Other demographics (D1—disability, D2—mother tongue, D3—current job
role/occupation, D4—years of experience in the role/occupation, D5—average amount
of daily working hours, D6—level of English language skills, D7—current digital profi-
ciency, D8—number of underage children, D9—online experience, D10—marital status,
D11—Index of Multiple Deprivation (IMD));

H—Student online learning history (H1—prior MOOC attendance/experience,
H2—previous drops, H3—participation in online groups, H4—use of chat tools);

S—Student context (S1—available study hours per week, S2—financial aid status,
S3—degree seeking status, S4—programming experience, S5—Python experience);
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A—Attitude towards course (A1—intended hours per week to spend on the course,
A2—satisfaction with the course, A3—motivation for taking MOOC, A4—intention of
completing the course);

C—Course-specific data (C1—MOOC course content, C2—MOOC platform).

1.4. Contributions

Our contribution is threefold. First, we extend the existing collection of reports on
the suitability (or not) of predicting dropout with the help of students’ demographic data.
Second, we identify those demographic variables that were found to be most promising
in this role, according to our research results. Third, we compare results based on two
similar programming MOOCs, finding outstanding differences between them, which allows
conclusions to be drawn at a higher level of abstraction.

The paper is structured as follows. In the following section, we present the two pro-
gramming MOOCs (one on Python, the other on JavaScript) from which the dropout data
were acquired, the demographic data of their participants, and the applied research proce-
dure. Next, we report the results of zero-time prediction of MOOC dropouts for Python
and JavaScript, respectively. In the final section, the most important results are discussed.

2. Materials and Methods
2.1. Data Sources

The “Introduction to programming in Python 3” MOOC (later referred to as the Python
course) was designed as an open educational resource with contents suitable for university
students, as well as high school students and self-learning programming enthusiasts.
The course was developed in two language versions—Polish and English—to make sure
it was also available for English-speaking students (e.g., international exchange students
studying in Poland). The course structure comprises three levels: modules (each ending
with a module summative test), lessons, and units. Moreover, it includes an introduction
with an opening test to assess the level of knowledge of Python programming at the
beginning of the course and a conclusion with a closing test to assess the level of knowledge
at the end of the course. No elements enforcing the pace of learning were used—the only
limitation was the general time frame of the course (its beginning and end date). The list of
modules constituting the Python course is presented in the second column of Table 2.

Table 2. Python and JavaScript course modules.

Lesson
No. Python Course Modules JavaScript Course Modules

1 First contact with the Python language Introduction to programming in Javascript
2 Character strings Setting up programming environment
3 Programs The Hello World! Program
4 Sequences Variables
5 Loops Data types
6 Sets and dictionaries Comments
7 Functions Operators
8 Object-oriented programming Interaction with the user and dialog boxes
9 Python standard modules—overview Conditional execution
10 Data processing Loops
11 Algorithms in Python Functions
12 Storage of data Errors and exceptions
13 Use of PYPI modules Testing your code
14 Python in practical applications Cross-sectional task

It is worth mentioning that modules 1–9 cover the introductory Python curriculum,
whereas modules 10–15 were included to provide students with a glimpse of Python
programming practice, in the form of solving typical computing tasks using Python and its
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libraries, and to make the students aware of what they need to learn to become capable of
dealing with more complex tasks.

The basic form of content presentation in the course is textual (using different text
formats), sometimes with illustrations. There are also code fragments intended to be
executed in the Python interactive mode. One hundred and two course units selected
as crucial for achieving the learning objectives are enriched with instructional videos.
The audio track of each of these films corresponds to the basic text of a given unit and,
possibly, parts of neighboring units, for which no separate films were recorded. All videos
are provided with subtitles. A discussion forum is provided as an element of cooperative
learning among the course participants.

Each lesson of the course includes at least one automatically graded exercise for the
ongoing verification of the acquired knowledge. Exercises are either puzzles solved by
dragging and dropping pieces of code, open questions, or multiple-choice closed questions.
The final course grade is determined by the results obtained in the module summative tests
and the closing test. The points acquired in these tests are treated equally, and to receive
an electronic certificate of successful completion of the course, the course participant must
achieve a threshold of at least 70% [50].

The “JavaScript Fundamentals” MOOC (later referred to as the JavaScript course) was
designed as a self-study course with contents suitable for university and high school
students, as well as self-learning programming enthusiasts. Like the Python course,
the JavaScript course was also developed in two language versions—Polish and English—to
make it available for English-speaking students. The course structure comprises modules
(each ending with a test), lessons, and units (several units have the form of a lab, in which
users are supposed to write code to solve a given case problem). Moreover, it includes
an introduction with an opening test to assess the level of knowledge of the topic at the
beginning of the course and the last module with the final exam to assess the level of
knowledge at the end of the course. No elements enforcing the pace of learning were
used—the only limitation was the general time frame of the course (its beginning and
end date). The list of modules constituting the JavaScript course is presented in the third
column of Table 2.

The basic form of content presentation in the course is textual (using different text
formats), sometimes with illustrations. There are also code fragments that are intended
to be executed in the JavaScript interactive mode. The course units are enriched with
summary videos. All videos are provided with subtitles. A discussion forum is provided
as an element of cooperative learning among the course participants.

Some lessons during the course include practicing the acquired knowledge, in which
the learner is asked to write or correct a piece of code in JavaScript. Each module (except
the last one, which is a cross-sectoral task) ends with a test that is graded automatically.
These tests include single-choice and multiple-choice closed questions. The final course
grade is determined by the results obtained in the module tests (20%) and the final exam
(80%). To receive an electronic certificate of successful completion of the course, the course
participant must achieve a threshold of at least 51%.

It should be noted that course elements used in both courses are fully in line with the
results of Wong’s research on the factors influencing course completion, respectively, with
regard to [51]:

• Encouragement to learn (detailed introduction—indicated by 100% of Wong’s respon-
dents).

• Engagement (availability of multimedia—97% indications).
• Online interaction (discussion forum—100% indications).
• Consolidation of knowledge (automatically graded tests—81% indications).

To join any of the described courses, the platform user had to fill in a registration form,
which included, among others, the following information: gender, age, education level,
exact residential address (which indicated the city size), employment status, student status,
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foreigner status, and disability status. For the purpose of this study, the participants’ data
have been anonymized.

2.2. Course Participants

Figure 1 presents demographic data regarding Python course participants (n = 793).
As can be seen, male participants dominated (61%), and 58% of all course users were 25 or
more years old. As regards the level of education, over 60% indicated higher education,
while 12% selected that they were students. In terms of domicile, 43% admitted they
live in a city with over 100 thousand inhabitants, and 87% of all learners were Poles.
The remaining 13% included foreigners, as well as those who refused to answer this
question. Unemployment status was denoted by 32% of the registered and 11% declared
themselves as disabled (this group includes those who refused to provide this information).
Finally, 86% of all registered users dropped the course and did not receive a certificate.

Figure 1. Characteristics of the Python course participants.

Figure 2 presents demographic data regarding JavaScript course participants (n = 792).
As can be seen, in this course, male participants dominated (57%), and 55% of all course
users were 25 years of age or older. As regards the level of education, 62% indicated that
they had completed higher education, while 21% selected that they were students. In terms
of domicile, 44% stated they lived in a city with over 100 thousand inhabitants, and 91% of
all learners were Poles. The remaining 9% included foreigners, as well as those who refused
to answer this question. Unemployment status was denoted by 43% of the registered
and 10% declared being disabled (this group includes those who refused to provide this
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information). Finally, 88% of all registered users dropped the course and did not receive
a certificate.

Figure 2. Characteristics of the JavaScript course participants.

2.3. Research Procedure

The performed analysis was based on the data acquired from the course registration
questionnaire, which, for both the considered courses, included: age, gender, education
level, city, nationality, student status, unemployment status, and disability.

In the data-preprocessing step, all the considered variables were encoded as binary
variables, as depicted in Table 3.

Table 3. Demographic variables considered in the model.

Variable Description Reference Value (0)

Gender Participant’s gender Female
Age Participant’s age Younger than 25 years old

Education Participant’s higher education No higher education
City Participant’s place of living City of less than 100,000 inhabitants

Student Participant’s ongoing education Not a student
Unemployed Participant’s employment status Employed

Foreigner Participant’s country of origin Poland
Disabilities Participant’s disabilities None
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In order to analyze the relationship between demographic data of the Python course
participants and the probability of completing the course, logistic regression was used [52].
Logistic regression is one of the most popular approaches to this kind of predictive problem,
and has been successfully used for dropout prediction in the past [53,54]. A significance
level of 0.05 has been assumed in the model.

All the data processing and calculations were performed using Python 3.8.2 and its
pandas and statsmodels libraries.

3. Results
3.1. Zero-Time Prediction of Python MOOC Dropouts

The logistic regression model for the Python course dropout based on the eight
demographic variables has a LLR p-value of less than 0.00001 which means it fits the data
better than the null model. The model explains 10.7% of the dependent variable’s variance.
While this looks like a small number, considering it is based on zero-time predictors only, it
actually supports the notion that the demographic predictors are useful for their intended
purpose. Note that a result of 100% would mean that we could know if a person completes
or drops out of the course based merely on their eight demographic descriptors, which
would be an obvious absurdity.

In Table 4, the detailed prediction results obtained for the Python course are reported.
Note that the table lists coefficients of the logistic regression model as the odds ratios,
whereas in the text below it, we interpret the probabilities calculated from these results
using the formula: ex/(1 + ex).

Table 4. Results for the Python course.

Coef Std Err z P >|z| [0.025 0.975]

const −1.3583 0.309 −4.398 0.000 −1.964 −0.753
Gender 0.4457 0.235 1.899 0.058 −0.014 0.906
Age −0.7256 0.256 −2.833 0.005 −1.228 −0.224
Education −1.0213 0.265 −3.859 0.000 −1.540 −0.503
City 0.3790 0.216 1.759 0.079 −0.043 0.801
Student −1.1476 0.385 −2.978 0.003 −1.903 −0.392
Unemployed 0.1680 0.273 0.616 0.538 −0.367 0.703
Foreigner 0.7724 0.347 2.226 0.026 0.092 1.453
Disabilities −0.8490 0.424 −2.001 0.045 −1.681 −0.017

The model indicates that the probability of completing the Python course by a par-
ticipant who is a female, under 25 years of age, with no higher education, who is not a
student, is employed and not disabled, hails from Poland, and lives in a city with less than
100 thousand inhabitants equals to 20.45%.

The obtained results show that holding all other predictor variables constant, the proba-
bility of course completion decreased by 32.62% for users 25 years of age or older compared
to younger users. Also, those who reported a higher education level were 26.48% less likely
to complete the course compared to learners with lower education levels. Declaration of
being a student also had a negative correlation with the probability of obtaining the course
certificate (a 24.09% decrease in completion probability). A similar negative impact was
observed for the disabled participants (a 29.96% decrease). The only predictor variable
increasing the odds of course completion was being of a non-Polish nationality (which led
to a 68.40% increase).

3.2. Zero-Time Prediction of JavaScript MOOC Drop-Outs

The logistic regression model for the JavaScript course dropout based on the eight
demographic variables has a LLR p-value of 0.06021, which means it does not fit the
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data better than the null model. Moreover, it explains merely 2.5% of the dependent
variable’s variance.

In Table 5, the detailed prediction results obtained for the JavaScript course are re-
ported. The established threshold for statistical significance (0.05) has been met for none of
the considered variables. These results mean the demographic variables are incapable of
predicting the probability of the JavaScript course completion.

Table 5. Results for the JavaScript course.

Coef Std Err z P >|z| [0.025 0.975]

const −1.9642 0.337 −5.821 0.000 −2.626 −1.303
Gender 0.2847 0.226 1.258 0.208 −0.159 0.728
Age 0.0417 0.251 0.166 0.868 −0.449 0.533
Education 0.0303 0.287 0.105 0.916 −0.532 0.592
City 0.0455 0.220 0.206 0.837 −0.386 0.477
Student −0.6583 0.408 −1.613 0.107 −1.458 0.141
Unemployed −0.1440 0.280 −0.515 0.607 −0.692 0.404
Foreigner −1.2818 0.668 −1.919 0.055 −2.591 0.027
Disabilities 0.1417 0.465 0.305 0.761 −0.770 1.054

4. Discussion

The results obtained for the Python course confirm that demographic variables can
be effective predictors of MOOC dropout, though not all of them. Moreover, the results
obtained for the JavaScript course show that this does not apply to all MOOCs, so their
usability as zero-time predictors should be decided on a per-course basis. While we do
not have sufficient background data to establish all reasons for the difference in results
between the two analyzed courses, we are aware of one particular distinction: the Python
course allowed only one answer per test question, whereas the JavaScript course permitted
students to attempt the test as many times as they wished. Therefore, the Python course
completion depended on both the students’ persistence in continuing the course and their
ability to comprehend the acquired knowledge, whereas the JavaScript course completion
depended only on the former. This observation alone allows us to conclude that the
prediction based on demographic data has been found to be more effective in pointing
at the students being more susceptible to failing in learning programming than to those
losing the will to continue the course. No similar (or adverse) observation has been found
in the literature.

Looking at the respective demographic variables considered, our results—in contrast
to some prior works [36,46], but in line with [3,16,28,29,37,45,47]—show that age could
be used as a predictor of course completion or dropout. In our case, however, older
participants (25 or more years old) were less likely to complete the course than younger
learners, which is in line with [28,29] but contradictory to the remaining studies, which
indicate older students are more successful [3,37,45,47].

The current work also supports most of the previous findings regarding gender, indicat-
ing that this variable has no significant impact on the completion/dropout rate [36,45–47,49],
although studies showing different results also exist. In [3] authors claim that female par-
ticipants are more likely to drop science courses, while the results of [29,37] suggest that
females are generally more likely to drop out, no matter the course topic.

Our findings concerning the level of education support those presented in [28,37,45,48],
showing that this feature can also be used as a course completion predictor but, in contrast
to those reports, our case indicates that higher education of participants decreases the
completion probability. There are also studies which have found that this variable is not
significant in relation to dropout [36,46].

The only findings regarding the relationship of disability with completion [28] are
similar to ours, indicating that disability negatively correlates with course completion.
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Our findings regarding employment status concur with one of the studies [45], in
which it was found that those who are not working are more likely to complete the course,
but are in line with [47], who stated that employment has not been found to be significant
in predicting the probability of learners’ MOOC completion.

5. Conclusions

The presented results obtained for the first course (Python MOOC) clearly indicate
that demographic data can be useful for predicting students’ dropouts in MOOCs. How-
ever, by performing the same analysis for another course (JavaScript MOOC), we have
demonstrated that this is not always the case. In line with the lack of compatibility of
results reported in prior works, this allows us to draw a conclusion at a higher level of
abstraction that the usefulness of demographic data for MOOC dropout prediction can
and should only be determined on a per-course basis. Another higher-level conclusion is
that this also applies to the set of demographic indicators that should be included in the
prediction model, as the presented differences both between our two courses and with the
other authors’ results imply that there is not a single demographic variable that could be
considered a reliable dropout predictor for all courses.

The presented study does, of course, have its limitations. Only two MOOCs were
covered, which were similar in topic and their target groups, and only data from 1585 stu-
dents were available for analysis. Nonetheless, given the character of the study outcomes
(indicating the differences between the results reported for two analyzed courses rather
than similarities), these limitations do not negate the value of the obtained results.

As for the practical implications of the presented results, the first is that demographic
data should be considered in the models predicting students’ dropout in MOOCs. This
is an important indication, considering that these data are available from the moment at
which a student registers for the course, unlike the behavior-based indicators (which can be
measured only after some period of user activity) or other indicators that require third-party
sources that may not always be available. Secondly, the decision on which demographic
indicators to follow can only be made after some data are available and the relationship
between specific variables and dropout has been confirmed or not. Note that this does not
deprive the demographic indicators of their zero-time predictive ability for students newly
joining the course; it just means that the set of effective indicators for a given course can
only be determined after some students have participated in the course for some period
of time.

The results of our study obviously indicate the direction of further research, which
should determine why certain demographic variables have predictive power in some
courses, but not in others. This line of research could presumably lead to obtaining some
meta-model of dropout prediction, suggesting relevant prediction indicators based on
other indicators.
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