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Abstract
This study investigates stopout patterns in MOOCs to understand
course and assessment-level factors that influence student stopout
behavior. We expanded previous work on stopout by assessing the
exponential decay of assessment-level stopout rates across courses.
Results confirm a disproportionate stopout rate on the first graded
assessment. We then evaluated which course and assessment level
features were associated with stopout on the first assessment. Find-
ings suggest that a higher number of questions and estimated time
commitment in the early assessments and more assessments in a
course may be associated with a higher proportion of early stopout
behavior.
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1 Introduction
Massive Open Online Courses (MOOCs) have been widely used
for delivering educational content to a global audience [14]. Over
the past decade, there have been over 19,000 courses and more
than 200 million MOOC users around the globe [10]. Despite their
accessibility and flexibility, MOOCs face a significant challengewith
high dropout rates, which undermines their educational impact [9].
Understanding why students drop out at various stages of a course
is essential for improving course design and increasing retention.
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To achieve a more granular understanding of dropout behavior,
this study focuses on the assessment-level stopout rate—the percent-
age of students who drop out of the class after completing a specific
assessment within a MOOC. More specifically, we are interested
in exploring general stopout patterns across different courses and
identifying common course-related features that may influence
these patterns.

In doing so, we address two key research questions:

(1) Does stopout inMOOCs follow patterns of exponential decay
similar to those found by Botelho et al. (2019) within middle
school math assignments?

(2) What course and assessment-level features are associated
with stopout in MOOCs?

2 Background
Dropout has historically been recognized as a significant challenge
in Massive Open Online Courses (MOOCs), with completion rates
often below 15% [6, 9]. Recent studies confirm that this trend per-
sists, including a 2025 systematic review and a 2024 comparative
study highlighting continued low completion rates [1, 3]. Further-
more, studies have found that students tend to dropout of MOOCs
within the first few assessments [7]. This behavior is often called
stopout [8, 11, 12]. Thus, understanding which MOOC assessment
features drive stopout behavior may help MOOC designers build
courses that improve student retention.

This has led to considerable investigation into why students stop
out, including efforts to understand the timing and context of disen-
gagement, as well as differences in students’ prior knowledge [8, 11].
For instance, Taylor et al. [11] demonstrated the effectiveness of
predicting student stopout in MOOCs using the first four weeks of
historical data. Matcha et al. [8] examined different stopout patterns
among learners with varying levels of prior knowledge.

Moreover, assessment-level features have been shown to shape
stopout behavior [14]. Early assessments influence students’ per-
ception of course difficulty and workload. If these assessments are
too complex or demanding, students may disengage prematurely.
Botelho et al. [2] observed an exponential pattern of disengagement
over time on digital math learning platforms, but this pattern has
not yet been thoroughly examined in MOOC contexts.

This study investigates how general course and assessment-level
features contribute to stopout patterns, with the goal of informing
course design strategies to reduce early stopout.
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3 Research Context and Data
3.1 Research Context
The current study examines a collection of MOOCs offered through
Coursera by the University of Pennsylvania from 2015 to 2025. This
collection includes over 200 courses and has been used by over 5.7
million individual users. The courses cover a diverse range of sub-
jects, including mathematics, business, law, computer science, and
English. The flexibility of enrollment and course completion has
made MOOCs accessible to a global audience, but student engage-
ment remains highly variable, contributing to significant stopout
rates.

3.2 Data Preparation and Cleaning
We used Penn Coursera MOOC data through the MORF repository
database [4], collected from September 2015 to February 2025 on
courses whose structure remained consistent during that time pe-
riod. Additionally, courses with missing values in the engineered
features (discussed below) were excluded, resulting in a final dataset
of 90 courses with 5,370,635 student enrollments. For our analyses,
we focused specifically on required, graded quizzes or tests of the
course, which we refer to as assessments, because students need
to complete these components to complete the course. In total, our
dataset includes 469 graded assessments across all courses, with an
average of 6.26 assessments per course. Individual courses had be-
tween 3 and 26 graded assessments. The data cleaning and feature
engineering scripts used in this study are available online.1

3.3 Stopout Definition
The primary response variable in this study is the stopout percent-
age at the assessment level. Following Taylor et al. [11], we define
a student’s stopout point as the assessment after which the learner
fails to submit any further graded assessments. For instance, if
a student’s last graded assessment is the third assessment, their
stopout point is considered to be the third assessment. The stopout
percentage for each assessment was the number of students who
dropped out after that assessment divided by the total course en-
rollment. If no dropout events were observed for an assessment, a
stopout percentage was zero. Since a student cannot drop out of a
course after completing the last assessment, we exclude last graded
assessments in each course from our data.

3.4 Course and Assessment-Level Feature
Extraction

To explore how course and assessment designmay influence stopout
behavior, we extracted a range of features from the dataset at both
the course and assessment levels. At the course level, we computed
several indicators identified in previous research as predictors of stu-
dent performance and engagement in MOOCs [13]. These included
the total number of assignments (e.g., essays, projects, viewing
course content) in the course, the expected course length in days,
the number of assessments (quizzes/tests) in a course, and the re-
quired number of reviews in peer-graded assignments. We also
measured student engagement by counting the number of forum

1https://github.com/davidhhhhhhh/MoocFeatureAnalysis.git

posts and comments. To account for potential submission or grad-
ing type influence on engagement rate, we count the total number
of submission and grading types. These indicators were averaged
across all branches (updates) of each course to create consistent
course-level features.

Since our analysis examines assessment-level stopout, we also
evaluated which assessment-level features were associated with
stopout. At the assessment level, we collected detailed information
on the graded assessments within each course. Assessment-level
features included the number of questions, the distribution of ques-
tion types (e.g., multiple choice vs. numeric etc.), and the estimated
time commitment to complete the assessment.

4 Analysis 1: Assessing Stopout Trend
4.1 Method
To evaluate whether stopout behavior in MOOCs follows an expo-
nential decay pattern, we estimated two generalized mixed-effects
models with a gamma distribution and a log link. The gamma dis-
tribution is suitable for modeling positive, skewed data such as
stopout rates, and the log link captures the exponential nature of
the relationship between stopout percentage and the sequence of
graded assessments.

Similar to Botelho et al.’s [2] models, we fit one model with all
assessments and another model excluding the first assessment. Both
models included a variable for the ordered assessment sequence
within the course, which captures the exponential decay rate. How-
ever, our method differs from Botelho et al. [2] in also including
course-based random intercepts to account for variability across
different courses. We then compared the model fit using the de-
viance statistic and conditional 𝑅2, which measures the proportion
of variance explained by both fixed and random effects.

4.2 Results

Table 1: RMSE comparison with and without the first assess-
ment

With 1st Without 1st

all assessments 0.070 0.084
assessment ≥ 2 0.029 0.029

The generalized mixed-effects model demonstrated a strong fit
to the data, with a conditional 𝑅2 of 0.49, as shown in Figure 1. The
results confirmed an exponential decay pattern in stopout rates
across graded assessments, with a 12% decrease in stopout rate
for every additional assessment completed (estimate = −0.12, SE =
0.009, 𝑝-value < 2 × 10−16). However, the stopout rate at the first
graded assessment was disproportionately high and did not follow
the general exponential decay trend.

When the first graded assessment was included in the model,
the deviance statistic was 349.14, indicating a poorer fit compared
to excluding it (deviance = 228.76). We further examined the Root
Mean Square Error (RMSE) of the two models on datasets with and
without the first assessment. These results are shown in Table 1.

https://github.com/davidhhhhhhh/MoocFeatureAnalysis.git
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Table 2: Linear regression results for first-assessment stopout across three models: course-level features, assessment-level
features, and all features combined

Model 1: Course Level Model 2: Assessment Level Model 3: All Features

Feature Coefficient 𝑝-value Coefficient 𝑝-value Coefficient 𝑝-value

Course Level Features
Intercept 0.187 <0.001 0.187 <0.001 0.187 <0.001
Number of Assignments -0.056 0.019 – – – –
Expected Course length (days) -0.029 0.036 – – -0.015 0.183
Number of Assessments 0.062 0.011 – – 0.032 0.017
Number of Non-Graded Assessments – – – – -0.082 0.115
Number of Peer Reviews Required – – – – 0.071 0.156

First Assessment Features
Reflection Questions (%) – – -0.025 0.024 – –
Fill-In Numeric Questions (%) – – 0.032 0.018 0.037 0.002
Expected Time Commitment – – – – -0.0495 0.060
Number of Questions – – 0.069 <0.001 0.073 <0.001

Second Assessment Features
Expected Time Commitment – – 0.024 0.071 0.078 0.002
Number of Questions – – – – – –
Fill-In Numeric Questions (%) – – 0.030 0.044 – –

AIC -345.48 -380.82 -381.61

Multiple 𝑅2 0.117 0.450 0.494

Figure 1: Exponential decay in stopout percentage for the
first ten assessments in order, with/out the first assessment.

For all assessments excluding the first, the model trained without
the first assessment fits slightly better than the model trained with
it. However, when the first assessment is included, the RMSE for
both models increases substantially. This suggests that stopout
behavior at the first assessment is driven by a different underlying

mechanism compared to subsequent assessments, aligning with the
findings of Botelho et al. [2] in a distinct learning context.

5 Analysis 2: First Assessment Stopout Rate
Building on the findings from Analysis 1, we explored what fea-
tures are associated with the disproportionately high stopout rate
in the first graded assessment. The average stopout rate at the first
graded assessment across all courses was 18.71%, compared to an
average of 7.27% for all other graded assessments. This large dis-
crepancy suggests that early disengagement may be influenced by
both course design and assessment characteristics.

5.1 Method
To model the predictors of first-assessment stopout, we standard-
ized all continuous variables and estimated three multivariate linear
regression models where the dependent variable was the stopout
percentage at the first graded assessment.

The first model includes only the course level features, and the
secondmodel includes assessment level features on both first assess-
ment (which students stop on first assessment complete) and the
second assessment (which students stop on first assessment did not
complete). The third model contains both course and assessment-
level features to explain the first assessment stopout rate.

For assessment-level features, we used the percentage of total
question types within each assessment: multiple-choice questions
(72.9% on average), checkbox questions (14.0%), numeric questions
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(6.2%), and reflective questions (2.5%). The percentage of multiple-
choice questions was excluded from the model to prevent collinear-
ity.

For all three models, we applied stepwise Akaike Information
Criterion (AIC) selection using the MASS library in R to maximize
model fit while minimizing overfitting. Statistical significance of
predictors was evaluated using 𝑡-tests, and overall model fit was
assessed using the multiple 𝑅2 value.

5.2 Results
Table 2 presents the final coefficients from three linear regression
models that predict first-assessment stopout rate. Model 3, which
includes both course-level and assessment-level features, achieved
the highest multiple 𝑅2 (0.494), compared to Model 1 (course-level
only, 𝑅2 = 0.117) and Model 2 (assessment-level only, 𝑅2 = 0.450).
In what follows, we discuss the statistically significant features (i.e.,
those with 𝑝 < 0.05) for each model.

InModel 1, three course-level features emerged as significant pre-
dictors of first-assessment stopout. First, the number of assignments
was negatively associated with stopout (𝛽 = −0.056, 𝑝 = 0.019),
suggesting that students in courses offering a greater number of
assignments to practice are less likely to leave the course early. Sec-
ond, the course designer’s expected time commitment (in days) was
also negatively related to stopout (𝛽 = −0.029, 𝑝 = 0.036), indicating
that longer courses tend to retain learners through the first assess-
ment. Third, the number of assessments was positively associated
with stopout (𝛽 = 0.062, 𝑝 = 0.011), suggesting that courses with
more assessments may deter students from progressing beyond the
first assessment.

For Model 2, assessment-level features for both the first and
second assessments significantly predicted stopout. A higher pro-
portion of numeric fill-in questions in the first graded assessment
was positively associated with stopout (𝛽 = 0.032, 𝑝 = 0.018), and
a similar effect was observed for the second graded assessment
(𝛽 = 0.030, 𝑝 = 0.044). These results imply that more numeric fill-in
questions in assessments increases the likelihood of early stopout.
In contrast, a higher percentage of reflection questions in the first
assessment was negatively associated with stopout (𝛽 = −0.025,
𝑝 = 0.024), indicating that a greater emphasis on reflection encour-
ages students to stay in the course. Additionally, the total number
of questions in the second graded assessment was positively related
to stopout (𝛽 = 0.069, 𝑝 < 0.001), suggesting that lengthier second
assessments may further deter students from continuing the course.

In the hybrid Model 3, both course-level and assessment-level
features play a role in predicting stopout. At the course level, the
number of assessments remains positively associated with stopout
(𝛽 = 0.032, 𝑝 = 0.0165), indicating that more assessment-intensive
courses may discourage students from continuing. At the assess-
ment level, the number of questions in the first graded assessment
is positively related to stopout (𝛽 = 0.073, 𝑝 < 0.0001) and a higher
proportion of numeric fill-in questions in the first assessment is
linked to increased stopout (𝛽 = 0.037, 𝑝 = 0.0023). This suggests
that students may find numeric questions more challenging than
multiple-choice questions (the baseline). Additionally, the course
designer’s expected time commitment for the second graded assess-
ment significantly influenced stopout (𝛽 = 0.078, 𝑝 = 0.001).

6 Discussion and Conclusion
The findings suggest that stopout in MOOCs generally follows an
exponential decay pattern across graded assessments, but the dis-
proportionately high stopout rate at the first graded assessment
indicates that early disengagement follows a different underlying
mechanism. This extends the findings from Botelho et al. [2], who
found the exponential decay pattern in an intelligent tutoring sys-
tem, to MOOCs. At the course level, higher assessment counts were
linked to increased stopout rates at the first graded assessment,
suggesting that more intensive course structures may overwhelm
students early on. This is content with Xing et al. [13]’s finding
that students were more likely to drop out of courses with fewer
assignments and more quizzes.

This paper extends the evaluation of course features to focus on
assessment-level features. We find that a higher proportion of fill-in
numeric questions, more questions, and greater time commitments
expected for subsequent assessments appear to deter students from
progressing past the first graded assessment. Students tend to stop
out when they are expected to provide numeric fill-in answers,
although this may be due to differential dropout rates by content
type. This finding may also be caused by the greater difficulty of fill-
in problems compared with multiple-choice questions [5]. Notably,
the expected time spent on the first assessment was negatively
correlated with stopout, while the expected time on the second
assessment was positively associated with stopout. This may reflect
that students lose motivation to complete long assessments as the
course progresses.

These findings highlight the importance of early course design
and assessment strategy in improving student retention. Overall,
lengthening the course completion time and increasing the number
of non-graded assignments may help students stay in the course
for longer. Furthermore, shorter assessments, specifically early on
in the course, may also delay stopout. Increasing opportunities for
reflection may also be helpful.

7 Limitations
Although this study presents evidence that course level and as-
sessment level features may influence stopout behavior, there are
some key limitations. First, this correlational study does not fully
account for some potential confounders, such as course topics. Fu-
ture work should use experimental or quails-experimental methods
to evaluate which features cause students to drop out. Second, the
current study focuses on assessments (quizzes/tests) in MOOCs,
but students may also stop out due to the features of assignments
(e.g., essays, forum discussions) and course content. These possi-
bilities should also be explored in future work. Finally, while this
project uses data from almost a hundred courses, all of these were of-
fered through one learning management system (Coursera), which
may have specific design elements that influence the iteration be-
tween course features and dropout. Future work should look across
learning management systems to test the generalizability of these
findings.
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