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Abstract 

Although Massive Open Online Courses (MOOCs) on programming are considered a proven way of 
teaching this difficult subject to large audiences, they also suffer from high dropout rates, often exceeding 
90%, which leads to ineffective allocation of instructors’ effort, wasted on providing support to students 
who are not willing to finish the course anyway. This paper analyzes course progress data gathered from 
students attending a MOOC on introduction to programming in Python to pinpoint the course sections at 
which learners most often drop out as well as investigate the correlation between the students’ performance 
at earlier course sections and their dropping out at the later sections. The key findings include: large 
differences in dropout rates among respective course sections; the lack of course sections that the students’ 
low performance at which could be used as a good predictor of their later dropout; and the relatively high 
variety in the predictability of dropout at respective course sections depending on the students’ performance 
at the earlier course sections. The findings bring practical implications for both MOOC developers and 
instructors. 

Keywords: Student dropout analysis, student dropout prediction, programming MOOC, MOOC 
management. 

1. Introduction

Massive Open Online Course (MOOC) is defined as “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” (EC, 2014, p. 2). The MOOC’s advantages made it a highly popular form of 
distance learning, with over 220 million users worldwide having enrolled in at least one MOOC in 2024, 
according to a recent report (MGR, 2026). Although it has been confirmed that MOOC-based education is 
capable of significantly improving academic achievements and motivation (Wang and Li, 2022), it has a 
weak side, which consists in the high dropout rate (Huang, Jew, & Qi, 2023), which may be as high as 95% 
(Alghamdi, Soh, & Li, 2025, and works cited therein). Despite this phenomenon has been the subject of 
many versatile studies (Cișmașu, Cibu, Cotfas, & Delcea, 2025), there are many aspects that require further 
investigation. This paper contributes to this vein of research, taking into focus the example of a computer 
programming MOOC, and investigating students’ progress in the course to reveal: the topical sections at 
which learners most often drop out and the potential relationships between students’ low performance at 
specific course sections and their later drop-out decision.  

2. Data and methods

2.1. Data source 
The study is based on course progress data obtained from a MOOC on introduction to 

programming in Python 3 whose design and evaluation has been described in our earlier work (Swacha, 
2021). The MOOC runs on the Open edX platform (Open edX, 2026) which provides access to individual 
grades attained by every student at the end of each course section. In the course, there are 14 modules, titled 
respectively: First contact with the Python language, Character strings, Programs, Sequences, Loops, Sets 
and dictionaries, Functions, Object-oriented programming, Python standard modules, Data processing, 
Algorithms in Python, Storage of data, Use of PYPI modules, and Python in practical applications. 
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Although as of February 2026 there is an eighth edition of the course ongoing, due to updates of 
the platform, which is maintained by a third party, access to a part of the student progress data has been 
lost. Consequently, we were able to retrieve complete data of two course editions only and one edition’s 
partial data, altogether comprising 5542 registered participants.  

 
2.2. Data preprocessing 

As is the case with many other MOOCs, most of the participants leave the course early, not passing 
even its first section. While such cases can be interesting for research, e.g., in the context of zero-time 
dropout predictors (Swacha, Muszyńska, 2023), they are of no use to this study, which seeks to identify 
course sections where the students’ performance at can be a good indicator of their later dropping out. 
Consequently, all records of such early dropouts have been removed from the database, leaving 1326 
student records for the analysis; these include 974 students who dropped out before the final test. The 
overall dropout rate in the course dataset analyzed (including the early dropouts) was 87.5%. 

 
2.3. Data analysis 

Data preprocessing and analysis have been performed using scripts written in the Python language. 
The main results were obtained using visual analysis of charts generated with the help of Python’s Pyplot 
and Seaborn libraries. To visualize the heatmap, the Pearson correlation coefficient has been calculated 
using Python’s Pandas library. The Python code for data preprocessing and visualization has been 
developed with the assistance of Microsoft Copilot. 
 
3. Results 
 
3.1. Dropouts per course section 

Figure 1 presents bars indicating the number of students dropping out of the course at its specific 
sections and a line indicating the percentage of students dropping out at a specific section, considering only 
the students still remaining in the course at that point. Note that the chart begins with section 2 as the early 
dropouts (which happened at section 1) have been removed during data preprocessing (and their inclusion 
in the chart would make it unreadable due to the out-of-proportion number of early dropouts). 
 

Figure 1. Number and percentage of dropouts per course section (covering sections 2-14). 
 

 
As can be seen in Figure 1, the first five bars (representing course sections 2-6) follow a clearly 

decreasing pattern which can be caused by both the increasing difficulty of subsequent programming topics 
and the sufficient time spent in the course to realize it is not the right course for those who might have 
imagined it differently. The height of the remaining bars varies, which can be, at least to some extent, 
explained by the varied difficulty of the specific course sections. Note, e.g., the relatively high dropout 
percentage for the OO programming section and low for the Standard modules section. 
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3.2. Course section performance vs. later dropouts 
Figure 2 presents a heatmap showing the correlation between the score received by students in the 

test covering the respective course section's topical scope and the dropout happening at any of the later 
course sections. Note that negative correlation indicates that a higher score attained at a specific course 
section reduces dropout likelihood at the other section, whereas positive correlation indicates that a higher 
score attained at a specific course section increases dropout likelihood at the other section. 
 
Figure 2. Correlation between students’ learning effects at specific course section and dropout at a specific section. 

 

 
 

While the level of correlation shown in Figure 2 is very weak in most cases, an unexpected 
observation can be made: that the patterns tend to form vertically, not horizontally. This means that despite 
the key idea motivating for the presented study was the expectation that there could be course topics the 
students’ performance at which could indicate their higher probability of later dropout and no such cases 
were found in the analyzed data, instead, course topics have been identified the students’ dropout at which 
could be better predicted by their performance at previous course sections (in the studied course: Loops, 
Functions, and Standard modules). Note that, considering also Figure 1, these are not course sections for 
which the dropout rate was particularly low or high (in which case, a simple explanation for this finding 
could be provided).  

In contrast, negligible yet positive correlation is visible primarily in two columns corresponding 
to two late course sections: Storage of data and Use of PYPI modules. Such a counter-intuitive result 
suggests that dropout at these sections of the course is most probably not caused by their difficulty (as the 
students performing better in earlier course sections were slightly more prone to drop out at these sections). 
 
4. Discussion 
 

The study adds a new aspect to the prior research on MOOC dropout. While the earlier studies 
were focused on why the students drop out (Bezerra & Silva, 2017), this one strives to answer when it is 
most probable to happen. While the general trend of dropout percentage is decreasing with course progress, 
the results presented in section 3.1 clearly show its notable variation, most probably caused by the 
difference in difficulty of the respective course sections – itself confirmed by prior study on the number of 
students’ solution submissions till one was accepted (Szydłowska, Miernik, Ignasiak, & Swacha, 2022). 
This provides a practical implication for MOOC course designers that they should avoid rapid changes in 
the difficulty of subsequent course sections, as it may lead to students dropping out. 

More unexpected are the results presented in section 3.2. Regarding the very weak correlation, it 
must be noted that it is not contradictory to prior research (e.g., Panagiotakopoulos, Kotsiantis, 
Kostopoulos, Iatrellis, & Kameas, 2021) showing high correlation between assessment results and dropout, 
as those authors consider dropout anywhere in the course, not in a specific section later to the one at which 
the student’s learning progress was assessed. While the results have not indicated course topics the students’ 
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performance at which would be a particularly good predictor of their later dropout, they have indicated 
course topics the students’ dropout at which could be predicted by students’ performance at prior course 
sections easier than for other topics. This provides a clear practical implication for MOOC course 
instructors that they should identify such course sections and provide additional support for the  
low-performing students at those sections to reduce dropout risk. 
  
5. Conclusions and future work 

 
The study contributes both to the research on MOOC dropout, indicating that dropout 

predictability varies depending on course sections, and to the practice of managing MOOCs, for which it 
provides simple means for identifying course sections at which low-performing students are more prone to 
dropout and should then be given additional support. 

We believe that this study will motivate further research to confirm the presented findings (using 
data from other courses) and put them in context (by interviewing students to identify their dropout 
motives). Another interesting direction of future work is investigating the factors that contributed to the 
dropout decision at specific course section, thus extending the vein of studies which investigated the factors 
that affect MOOC effectiveness (e.g., Yu, Xu, & Sukjairungwattana, 2024; Huang, & Qi, 2025). 
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