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ABSTRACT
Massive Open Online Courses (MOOC) became popular in 2012. Today, MOOCs have evolved
from single courses to programs that consist of a series of courses, and one or more proctored
exams. Once completed, these programs open doors to career advancement and even master's
degrees from renowned universities across the globe. Despite the increasing popularity and benefits
of such programs, the dropout rate is surprisingly high. The purpose of this thesis is to build
accurate predictive models of student dropout in MOOC-based programs as well as identify which
factors are correlated with dropout.
For this study, we focused in a MOOC-based program known as a MicroMasters. We chose the
first ever created MicroMasters: the MITx MicroMasters® in Supply Chain Management. We
collected data from more than 10,000 students, 25 courses and used Logistic Regression to build
our predictive models.
Results show that there are different factors associated with dropout depending on where in the
program ladder the student is at. For students in initial courses, grades, gender, and level of
education are correlated with dropout. Our models reached recall values as high as 0.98 and
precision values as high as 0.93. For learners who have completed four or more courses, our models
are not highly predictive, suggesting that external factors outside of the scope of this study, such as
personal reasons or day-to-day duties, prevented learners from finishing the program.
Finally, several high-level strategies were developed in order to guide a plan to reduce learner
dropout at any point in the MicroMasters. The results found in our research, in conjunction with
a solid implementation plan, is the first step to decrease program attrition.
Thesis Supervisor 1: Dr. Chris Caplice
Title: Executive Director, MIT Center for Transportation & Logistics
Sr. Lecturer, MIT
Thesis Supervisor 2: Dr. Eva Ponce
Title: Executive Director, MITx MicroMasters in Supply Chain Management
Research Scientist, Center for Transportation & Logistics
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1
1.1

INTRODUCTION
BACKGROUND
Education keeps changing and evolving, not only in its content but also in the way it is

delivered to learners. With the help of a disruptive technology like the internet, education is now
accessible through online platforms in what is known as MOOCs. MOOCs stand for Massive Open
Online Courses. They are massive because they are taken by thousands of learners at a time. They
are open because they are available to learners all over the world without the need for these learners
to officially be accepted by the university providing the course. Such features facilitate accessibility,
and therefore, millions of learners have been able to access content from top educational
institutions such as MIT, Harvard, Stanford, and Georgia Tech, among others.
In 2012, MIT and Harvard founded edX, one of the first online platforms to provide
MOOCs. All courses are offered for free, while verified identity certificates are offered for a fee.
Due to its massive success and engagement from learners in the past few years, MIT developed an
innovative program credential known as MicroMasters®in which learners are expected to take a
series of MOOCs on edX and one or more proctored exams in order to qualify'. The MOOCs
required to obtain the program are graduate-level courses which not only helps professionals in
their career paths but also opens doors to those who wish to pursue further graduate- level studies,
as learners can then apply for an accelerated Master's degree at MIT or other top universities

The MITx MicroMasters® in Supply Chain Management (also known as SCM MM) is the
first ever created MicroMasters program and was officially launched in 2015. There are now 52
MicroMasters programs around the world and 3,287 certificates issued so far 2 which evidences the
growth and widespread acceptance of stand-alone programs like this one. MITx MicroMasters®
in Supply Chain Management specifically has, from its creation in 2014 to May 2019, issued 1,592
certificates, and 87 students have completed or are currently pursuing the subsequent Master's
degree in Supply Chain Management at MIT. Despite the positive perspectives on the future of
the MicroMasters programs, the high dropout rate constitutes one of the main challenges in
MOOC-based programs 3 . Therefore, the goal of this study is to identify the relevant factors that
influence program dropout and to develop a supervised machine learning model that would allow

9

us to predict student dropout before it happens so actions can be taken in order to reduce dropout.
High-level strategies to reduce dropout based on the results of our study are also discussed.

The remainder of this paper is organized as follows. In Section 2, we provide an overview
of the MicroMasters® in Supply Chain Management which includes its structure, content and type
of learners enrolled. In Section 3, we review our problem statement, goals, and scope. In Section
4, we will introduce our methodology. In Section 5, we review related literature. In Section 6, we
provide descriptive analytics on dropout and certificate holder students. In Section 7, we run our
predictive model and its results. In Section 8, we present a set of strategies to address student
dropout. Finally, Section 9 presents our conclusions on this study and opportunities for future
research.
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2

2.1

OVERVIEW OF THE MICROMASTERSO IN SUPPLY CHAIN
MANAGEMENT
PROGRAM STRUCTURE OVERVIEW
The program consists of 5 Massive Open Online Courses plus a Comprehensive Final

Exam (CFx) in order to earn the SCM MM Credential. These courses cover topics related to
logistics and supply chain management and they are:
*

SCOx: Supply Chain Analytics

"

SC lx: Supply Chain Fundamentals

"

SC2x: Supply Chain Design

"

SC3x: Supply Chain Dynamics

*

SC4x: Supply Chain Technology and Systems

"

CFx: Comprehensive Final Exam

Each course and the exam are offered on a continuous basis. While there is a recommended
sequence of the courses (start with SCOx and ending with SC4x), it is neither required not enforced.
Therefore, learners enroll in each of the five courses (SCOx-SC4x) in the order they prefer. In order
to be eligible to take the final exam, they first need to pass the 5 verified courses. Below is a table
that details the dates each course has been offered and completed as of March 31st, 2019 which
totals 26 SCx courses plus 4 Comprehensive Final Exams.

11

Start
11/2/16
3/22/17
9/13/17
4/4/18
9/5/18
9/24/14
6/10/15
2/17/16
1/11/17
6/14/17
12/27/17
6/26/18
9/30/15
5/18/16

End
1/4/17
6/21/17
12/13/17
7/4/18
12/5/18
12/10/14
9/2/15
5/11/16
4/12/17
9/13/17
3/28/18
9/26/18
12/23/15
8/10/16

SC2x

4/5/17
9/6/17
3/28/18
9/19/18
8/24/16

7/5/17
12/6/17
6/27/18
12/19/18
10/26/16

SC3x

6/28/17
1/3/18
6/20/18
1/25/17

9/27/17
4/4/18
9/19/18
4/12/17

SC4x

9/20/17
4/11/18
9/12/18
5/19/17

12/20/17
7/11/18
12/12/18
5/22/17

CFx

2/2/18
8/24/18
2/22/19

2/5/18
8/27/18
2/25/19

Course

SCOx

SC1x

Table 1: Course Schedule Offered in the SCM MM Program

2.2

COURSE CONTENT OVERVIEW
Although the content taught in each of the 5 SCx courses varies, all of them share the same

structure. There are 13 weeks out of whichl is an introductory week, 8 are content-based weeks,
2 are preparatory weeks (no content, preparation for the exams), and 2 weeks are destined to the
midterm and final exam (one week for each of them). Each of the content-based weeks has supply
chain related content plus a graded assignment (GA) which has a weight on the final grade. The
mid-term and final exams bear the highest percentage of the final grade.

Table

2 summarizes the

course structure and the type of assignments due. This table was adapted from a work done by
.

Ponce and Caplice2
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Week #

Assigment
due

Type

% of total
grade

0

Introductory week

1

Content based wek

GA

2.50%

2
3

Content based wek
Content based wek

GA
GA

2.50%
2.50%

4

GA

2.50%

5

Content based wek
Off-week

6
7

Mid-term exam
Content based wek

Exam
GA

2.50%

8
9
10

Content based wek
Content based wek
Content based wek

GA

2.50%

GA
GA

2 5

11

Off-week

12

Final Exam

-

--

%

35

-

. 0%
2.50%

Exam

45%

Final Grade

100.00%

Table 2: SCx Course Structure

2.3

TYPE OF LEARNERS
Learners who enroll in the program can be classified into two groups: Verified and Audit.

Verified learners are students who enroll, pay a fee and will get a Verified Identity Certificate at
the end of the course as proof of completion if the successfully complete the course. The passing
threshold for each of the SCx courses is 60%, including the Comprehensive Final Exam. Audit
learners are, on the other hand, students who enrolled in the course for free and will not receive
the certificate of completion. As a consequence of a recent change in the edX platform, only
verified learners have access to the Graded Assignments and Exams.
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3
3.1

PROBLEM DEFINITION, GOALS AND SCOPE
PROBLEM STATEMENT
As part of the SCM MM Program, 17,871 learners have registered in at least one course

as a Verified student since 2014. However, each course is taken independently and therefore, not
everyone continues the path to the MicroMasters credential; some stop along the way. Below is a
graph that shows the students' journey to obtain the Micromasters credential. As highlighted in
the graph, a learner can dropout from the program at any time before they take the
Comprehensive Final Exam (CFx).

Student's Journey
Course

1

course 2

Course 3

Course 4

course 5

xCredential

Potential Dropout
Figure 1: StudentsJourney to obtain the SCM MM Credential.

Statistics show that out of the 17,871 learners that have registered so far, only 8.90% of
students complete the program. Although pursuing fewer than the 5 required courses is not
necessarily a bad outcome, and keeping into account that research shows that completion rates
around 5 %- 10% in most MOOCs 2, 4, 5, 6, it is our aim to understand what factors influence dropout
and develop a machine learning model that help us predict the likelihood of dropout for current
and future students based on the previous learners behavior who have either completed the
program or dropout out from it in the past.

3.2

WHY DOES IT MATTER?
The importance of this study relies on the fact that most of the previous studies have focused

on understanding and building mathematical models to predict course dropout, not program
dropout. In a study done by Ponce and Caplice 2, they reflect on the differences between a MOOCbased program and a residential program or an isolated MOOC. They conclude that "most
14

attrition occurs between, not within, courses in a MicroMasters sequence" and that dropout rate
is so high because the cost of dropping from an online program (especially a program in which
each course in independent) is almost zero 2. Therefore, it is our aim to understand what factors
affect specifically this type of programs and develop a machine learning model that adapts to its
needs.

3.3

GOALS AND OBJECTIVES
"

Goal: Develop a supervised machine learning model to predict the likelihood of a
learner to drop out from the SCM MM Program.

*

Specific Objectives:
o

Identify relevant factors that influence program dropout

o

Develop high-level strategies to reduce program dropout

Achieving the aforementioned goals and objectives, three main benefits are expected
from this study:

*

Knowledge: We will know with statistical confidence which factors are correlated
with student's dropout.

*

Early Detection: If a model with high accuracy is developed, it will be possible
to detect students at risk of dropout and intervene at an early stage.

"

Business Strategies: Based on the results, develop strategies to reduce the
dropout rate for current and future students.

3.4

PROJECT BOUNDARIES
This study will cover the development of a machine learning model as well as high-level

strategies that could be implemented upon a more in-depth analysis. This work does not include
the implementation phase of the above-mentioned strategies. Figure 2 is a graphical representation
of the project scope.
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-

- - - - - - -- - - - -- - - - - - - - - - -- - - - - --- - -

Project Boundaries

Implementation
Figure 2: Boundaries for the Project
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4

LITERATURE REVIEW
A study done in 2018 estimated that 101 million students have registered for at least one

MOOC 7 in different platforms such as Coursera, edX, and Xuetangx, among others. Due to its
popularity, extensive research has been done on developing models that can predict student success
4
in individual MOOCs. Such models include simpler forms as Logistic Regression , 8,9,10,11,12,13,

14,15,16

or Tree-based models13,

14,17,

or more complex algorithms as Neural Networks

18,19,20

and

Support Vector Machines (SVN) 2 1, 14, 13. The outcomes that any of these models set as a target
varies as well, and includes grades' 6 , 22,
26, 27,

18,

dropout 21 , 14,

19, 20, 4, 11, 23,

pass/fail 24, 25, and completion

among others. Finally, the type of features used in a model also differ widely. These could

include clickstreams 11, 24, 27, 20,
demographics

23, 15, 28, 12, 18.

19, 15, 26, 28,

forum participation 11,

19, 22, 26,

assignments 9, 11,

15,23 ,

and

Gardner and Brooks (2018) provide what is probably the most

comprehensive summary of the work that has been done in this area with a detailed explanation
of the models, targets, and features utilized by 87 previous studies on this topic. Results of their
research show that there is no "best" predictive model as none of the algorithms consistently
outperform others. However, they do agree that simple models like linear regression or tree-based
models are widely used due to their strong predictive power. Their findings also show that most of
the work done on this topic relies on activity-based features, such as clickstream, to predict different
outcomes, which makes sense as MOOCs offer the possibility to gather rich, granular data that
would be otherwise almost impossible to extract. Furthermore, they conclude that supervised
.

machine learning models are dominant in this field 2 9

Diving a little deeper in our desired outcome, dropout, we noticed that the most common
method to predict dropout is using Logistic Regression, followed by Support Vector Machines,
and Neural Networks. Taylor et al. (2014) conclude in their study that the quality and type of
features extracted are more important than the modeling technique. The model chosen can make
a difference only when the sample is small (less than 400), otherwise, the accuracy is consistent
across techniques 4 . Another important element associated with dropout-related studies is the
usability of the algorithm and the results. The goal of most of these studies is to provide a framework
that could be used to identify future dropouts. Therefore, when choosing which models and

17

explanatory variables to use, researchers should be mindful of the fact that data collection is often
.

time-consuming and resource expensive 23

,

Several studies agree that predicting dropout from an online course is a tractable problem, 4
30, 23,

14 and student performance can be predicted even with only 1 week of data 31 . It is worth

mentioning that these studies have been done on different platforms, different numbers of courses,
different sample sizes, and using different data sources, which makes their conclusions even more
robust and increases their credibility and usefulness in the online education ecosystem. Different
metrics have been used by these studies to show their results. The most common metrics used are
Accuracy, Precision, Recall, and Area under the Curve (AUC). Each metric has different
advantages as it provides specific information about a model performance. That is why reporting
just a single metric is discouraged. For instance, Accuracy expresses the number of dropouts
correctly predicted out of the total population and it is widely used since it is easy to understand.
However, it might provide misleading measures as it only looks at the proportion of predicted
dropouts, leaving the false positive and false negative values unanalyzed. That is where Precision
and Recall come into play. Precision looks at the false positive and true positive values and is a
useful metric when the goal of the study is to provide rigorous and exhaustive interventions to
potential dropouts 29 . Recall measures the probability of detection by looking at the true positive
and false negative values. It proves to be useful when the goal of the study is to prove simple
interventions to learners. Finally, the Area Under the Curve is widely used metric but harder to
interpret as it measures performance over all possible thresholds.

In terms of feature importance, studies include different explanatory variables and obtain
different results. Taylor et al. (2014) found that features related to problem submission engagement
are the best estimators of dropout 4 . Similarly, Jiang et. al (2014) conclude that assignment
performance is a strong predictor of dropout3 1 . Kotsiantis et. al (2003) reached high levels of
accuracy with demographics variables

23 .

Sharkey and Sanders (2014) found that activity-based

measures such as minutes spent in the platform are high predictors of dropout3 2 . This statement is
supported by Vitiello et al. (2017) who concludes that session length, timespan clicks, requests, and
active time are highly correlated to whether a learner will drop out or not. Furthermore, they state
that discussion forums are marginally important and seldom used 21 . The studies mentioned are

18

examples of the many possible explanatory variables used to predict a single target, while still
achieving levels of accuracy. It might be the reason why experts call predictive modeling both a
science and an art 33,34, 35 36. Despite the extensive research done in MOOCs, to the best of our
knowledge, there are no studies that focus on predicting dropout from a MOOC-based program
as opposed to predicting dropout from a MOOC, a residential program or a traditional online
master's program.
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5

METHODOLOGY
The first step in our analysis is to lean on descriptive analytics to understand who our

learners are. The second and most important step is to create a supervised machine learning model
to predict the likelihood of a learner to drop out of the MicroMasters. Once that is done, we can
analyze the results and determine which factors matter in dropout. Finally, we will develop some
high-level strategies targeted to reduce student's dropout. Figure 3 presents a graphical
representation of the steps we will follow in this study.

Supervised
Machine
Learning
Model

Descriptive
Analytics

Analysis of
Resuilts

High Level
Strategies

Figure 3: Methodology Approach
To build our machine learning model, we have decided to use a simple yet powerful
method in predictive analytics: Logistic Regression. This algorithm has the property to fit the data
reasonably well while keeping its simplicity in modeling and interpretation. Outputs of a logistic
regression provide coefficients that measure the magnitude, direction and significance of the
relation between input and output variables

29.

We believe that using this model will provide the

necessary information, both in terms of statistical robustness as well as interpretability and
actionability. Also, extensive research has been done to prove that they are a good fit for the type
of problem we are trying to solve (refer to Section 4 for more information on related studies).
A logistic model requires a binary choice equation as follows:

y

=

bo + b1 X1 + b1 X1 + b 2 X 2 + b3 X3

I)c endht V\:iab;hh

Y is Binary
1 =Yes = Dropped
0 = No = Didn't drop

+ bnXn

FlXpliaanr\ ](16,Inc-dent) Varliables
n = Number of variables gathered for the model. These variables
include:
0
0
S

Demographics
Community Participation
Content Consumption

20

0
0
S

Course Performance
Enrollment Data
Additional Data

-- I

Y is a binary variable which is equal to 1 if the learner has dropped out from the program,
0 otherwise. The explanatory variables are related to demographics, community participation,
content consumption, course performance, and enrollment data. A more in-depth explanation of
the different variables used for the model can be found in Section 6. 1.

Running our model is just one step in the process of creating a machine learning model.
The entire process is comprised by 5 main steps which have been summarized in Figure 4. First,
we will start by gathering the data for all learners under study. Second, we will clean and prepare
the data so it has the correct format and structure to feed our model. Third, we will continue to
train our data with

70 %

of the available data points. Next, we will test the predictive power of our

models in a test data set which corresponds to 30% of the collected data points. Finally, we will
evaluate the performance of our model.

Gathering
Data

Cleaning &
Preparing Data

Training the
Model

Testing the
Model

Evaluating Model
Performance

Figure 4: Steps to Build a Machine Learning Model

In order to measure model performance, we will lean on two different metrics: Recall and
Precision. Recall calculates how many of the Actual Positives the model captures through labeling
it as Positive (True Positive)37 . In other words, how many dropouts out of all the existing dropouts,
have been correctly predicted. On the other hand, Precision measures how many out of the
predicated Positive values are actually Positive. In our case, how many of the predicted dropouts
are actually dropouts. The formulas for each metric can be found below:
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Recall

=

True Positive
True Positive + False Negative

Precision =

True Positive
True Positive + False Positive

Once we know the methodology that we will deploy, it is important to define what a
dropout is in our context.

5.1

DROPOUT DEFINITION
It is important to first define who is a dropout. We have categorized our learners into 3

categories based on the following criteria:

1. Dropout: Our data shows that 11,700 learners fall in the dropout this category. We
define dropouts as learners who have taken, but not necessarily passed, at least 1 verified
course with the SCM MM Program but had no activity for at least 1 year or more since
their last course. This criterion was selected as this is the maximum time that learners
take to come back for their next course. This threshold applies to all students that have
completed 0-4 courses.

For those learners who have completed 5 courses, their dropout threshold is 1.8 years
because our data shows that it can take more time for learners to take the Final
Comprehensive Exam. Let's remember that the final exam is pure assessment, new
content is not introduced and it is only offered two time per year.

2. Completer/Certificate Holders: This bucket includes

learners who have

successfully completed the 5 required courses and the Comprehensive Final Exam.
They have earned the Micromasters credential and we will sometimes refer to them as
holders. According to our statistics, 1,592 students fall into this category.
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3. Learner in Process: This bucket includes learners who have taken at least 1 verified
course with the SCM MM Program, and their last course was taken within the last year.
It is assumed they are still engaged, and therefore it would be misleading to call them
dropouts or completers. According to our statistics, 4,579 students fall into this
category.

Figure 5 summarizes the 3 types of learners that were described above:

AND
,

Hasn't taken a course
as a verified student
for a year or more

Ha take

I.

aousea

Figure 5: Type of Learners in the SCM MM Program

Once we have clearly defined the 3 categories any given learner can fall into, we can
proceed to understand what is the distribution within each category.

5.2

GENERAL STATISTICS
17,871 learners have registered in an SCx course as a verified student in one of the 26 SCx

courses offered until March 2019. Out of this population,
completed the program which corresponds to

8 9

. %.
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1,592 learners have successfully

11,700 have dropped out of the program

before finishing it, which corresponds to 65.5% of our population. Finally, 4,579 learners are
considered "In Process". This corresponds to a total of 25.6 % of our population. Learners in "In
Process" mode will not be used in our model data set since it is not possible to categorize them as
dropouts or completers with certainty. The following graph shows the status of the 17,871 learners
in the MicroMasters journey:

17,871 learners registered
in a SCx course as verified

since 2014

* In process: 1,624
" Dropped: 6,327

7,951 learners completed 0 SCx
courses

4,525 learners completed
courses

1SCx

1,460 learners completed
2SCx courses

859 learners
completed 3 SCx
courses

9

Dropped
0= No
1= Yes

" In process: 491
" Dropped: 969
In process: 486
* Dropped: 373
* In process: 206
* Dropped: 206

412 learners
completed 4
SCx courses
S1072 learners
completed 5
SCx courses

9 In process: 1,165
* Dropped: 3,360

Courses
6
0
1
2
3

In Process

0
1
2
3

465
1624
1,165
491

486
206

607
Grand Total

1592
Credential
Holyers

Figure 6: Student Pipeline in the MicroMasters Program since its creation in 2014
17, 871 learners have enrolled as verified learners and 1592 have completed the Program so far.

Our populations of interest for this study are learners who have dropped and those who
have completed the program. Therefore, let's look at the same funnel as in Figure 6 but focus only
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on dropouts and holders:
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program
6,327 learners dropped before completing any SCx
courses
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4 SCx courses
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Figure 7: Student Pipeline for Holders and Dropouts in the MicroMasters Program
since Creation in 2014. 13,292 learners are part of this population and
11,700 have dropout out of the program in 3 years.

As we can see in Figure 7, dropouts and holders constitute 13,292 learners. Only 1,592
have completed the program and 11,700 have dropped out after taking one or more courses. Most
of the students drop out during the early faces of the program which could be explained by the fact
that some learners only come for some introductory courses, others sign up but never commit to
the course and finally, some learners finish the course but fail to obtain a passing grade. Figure 8
summarizes the percentage out of the 13,292 learners who drop after a 1-5 courses (shown in red),
as well as the percentage of students out of the 13,292 learners who completed the entire program
(shown in green). The graph is followed by some important insights drawn frort it:
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Figure 8: Percentage of Dropout and Certificate Holders of Population under Study

*

47.60% of learners drop without even finishing the first course. This includes people
that verified for the course but failed the class or students that verified for the class but
had no activity at all.

*

25.3% of learners drop out after taking I course. One reason why learners drop out
afterjust one course could be that they got discouraged due to bad grades or high level
of course difficulty. Another plausible reason is that their motivation was not to take the
entire MicroMasters but to take a stand-alone course. Actually, 434 out of the 3,360
who dropped out after 1 course (- 13%) are learners who took the first run of SC lx in
2014 (See Table 1 for the course schedule). At the time, only SClx was offered and
they probably were only interested in completing this course or didn't learn about the
program which was officially launched in 2015.

*

The percentage of dropout decreases as the number of courses increases (up to 4
courses). This makes sense as learners who take more courses are investing more time
in passing the courses and obtain the certificate, and therefore are less likely to drop out
of the program.

*

An interesting value is that 3.50% of learners drop out after 5 courses. This value is
higher than the dropout after 3 or 4 courses which sounds counterintuitive since these
learners are closer to obtain their Credential. However, let's remember that these are
students who need to take the Comprehensive Final Exam which is of higher
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complexity than completing a course, and therefore students might lose motivation to
do it if too much time passes. Another reason is that some learners might not necessarily
want to obtain the MicroMasters certificate, so completing 5 courses provides the
necessary education they were looking for.
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6
6.1

DESCRIPTIVE ANALYTICS
DATA DESCRIPTION
The general statistics presented in Section 5.2 were based on 26 courses and 4 Final

Comprehensive Exams. However, for the rest of our study, we omitted students' data from the first
course ever offered (i.e., SClx: Supply Chain Fundamentals, offered between 9/24/14 and
12/10/14) since descriptive data was not available for this course. Our final data set consists of 25
courses and 4 Final Comprehensive Exams which translates to 12,803 learners: 1,592 holders
(completers) and 11, 211 dropouts.

We gathered a total of 14 variables for each learner. 10 of them are numeric variables, 3
are factors and 1 binary. Table 5 presents the data gathered for each learner:

Data Type

Description
Age

Gender

Region

Level of
Education

Numeric

Factor: Male
Female, Other

Factor: Africa, Asia,
Europe, North America,
South America, Oceania

Factor:
Bachelor,
Masters, Other

Enroll time
Numeric

Verify time
Numeric

Order
Binary (Yes = 1, No= 0)

threads
Numeric

responses
Numeric

Content
Consumption

# of hours
solving PPs
Numeric

# of hours
watching videos
Numenc

Course
Performance

# missed
assignments
Numeric

Demographics

Enrollment Data
Community
Participation

# of forum comments
Numeric

Final Grade
Numeric

Table 3: Data Description

Below we provide some clarifying information for some variables that may be
unknown/unclear to the reader:
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*

Level of Education: Bachelors represents 42% of our sample, Masters

3 4 %,

Other corresponds to 10% of our sample population and it is divided as follows:
High school andJunior High School 6%, Associate degree 2.3%, Primary School
1.6%, 0. 1 % for a doctorate. Finally, 14% of students didn't disclose their education.
*

Enroll time: Number of days before or after the course start date when the learner
enrolled in the course. 0 = start of the course. Days before the course start are
negative values and days after the course start date are positive values.

*

Verify time: Number of days before or after the course start date when the learner
verified in the course. 0 = start of the course. Days before the course start are
negative values and days after the course start date are positive values.

*

Order: Value is equal to 1 if a learner has taken their courses in order, and 0
otherwise. Let's remember that learners are not forced to take the courses in order
to obtain the MicroMasters credential.

*

# offorum threads: Number of new posts that were created in the forum.

*

# offorum responses: Number of responses to a thread.

*

# offorum comments: Number of comments to a response.

It is important to mention that there was a lot of data cleaning and processing involved
before we were able to get a data set with the information presented in Table 3. For cleaning and
processing data, we used R Studio. The code is available to be used in future research upon request.

6.2

DESCRIPTIVE ANALYTICS
We proceeded to calculate the mean, median, standard deviation, and coefficient of

variation for all numerical variables, differentiating between holders and dropouts.
presents the values obtained for the 10 numerical variables available:
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Table 4

Holders (0)

Dropouts (1)
Type of learner

Demographics

Age
# of forum threads
# of forum responses

Connunity

Mean

Median

36.23

35.00
0.00
0.00

0.48
0.43

Standard Coefficient of
Deviation
Variation
8.92

0.25

1.85
5.65

3.85
13.04

Mean

Median

Standard
Deviation

Coefficient of
Variation

35.81

34.00

8.31

0.23

0.92

0.00

3.69

3.99

1.86

0.00

16.56

8.91

# of forum comments

0.50

0.00

5.26

10.51

1.60

0.00

12.72

7.95

Content
Consumption

# of hours watching videos
# of hours solving PPs

16.87
4.16

12.24
1.69

17.25

1.02

21.59

19.21

16.74

0.78

5.84

1.41

5.16

2.81

6.03

1.17

Course
Performance

# missed assignments
Final Grade

2.21
0.47

0.00
0.59

3.04

1.38

0.27

0.00

1.03

3.78

0.36

0.76

0.83

0.88

0.16

0.20

Enroll time

-49.29

-22.23

70.94

1.44

-82.01

Verify Time

1.82

11.25

38.83

21.29

0.65

-51.25
9.82

88.77
39.45

1.08
60.78

Table 4: Descriptive Statistics.
Values are.per Course.

As we can see, dropouts and holders have on average the same age (36 years old). Dropouts
have slightly lower values in terms of community participation as compared to holders, although
both groups have low levels of participation. In terms of content consumption, dropouts spend on
average 16.87 hours watching video lessons per course, while holders watch 21.59 hours per
course, on average. Dropouts spend on average 4.16 hours solving practice problems per course,
and holders spend on average 1 more hour than dropouts. In terms of course performance, holders
perform on average much better than dropouts. The average grade for holders is
average grade for dropouts is

4 7 %.

8 3%

while the

Along these lines, holders miss on average less than 1

assignment per course, while dropouts miss more than 2 assignments course. Finally, in terms of
verification and enrollment time, holders verify and enroll earlier than dropouts. Holder's average
enrollment time is 82 days before a course starts, while the average enrollment time is less than a
day after a course starts. Dropouts, on the other hand, enroll on average 49 days before a course
starts, and verify on average 2 days after a course starts.
Regarding the factor variables (gender, region, and level of education), we proceeded to
calculate the percentage of dropouts and holders that fall in each category. Results can be found
in Table 5. In term of Region, distribution is similar in both groups of interest, except for Europe,
South America, and Not disclosed region. There is a bigger proportion of holders that come from
Europe and South America. Also, 1 7 .6 4 % of dropouts do not disclose their region while 6 .8 5 % of
holders don't disclose this information. In terms of gender, there is a bigger proportion of males
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than finish the program as compared to dropouts. Also, there is a bigger proportion of females and
learners that don't disclose their gender, who drop out.
Variable

Dropouts (1) Holders (0)
Region
% of total

% of total

North America

33.72%

35.18%

Europe

16.11%

20.60%

Asia

17.55%

19.66%

South America

8.79%

11.18%

Not Disclosed

17.64%

6.85%

Africa

4.77%

4.71%

Oceania

1.43%

1.82%

Gender
% of total

% of total

Male

64.39%

78.52%

Female

20.06%

14.76%

Not Disclosed

15.40%

6.47%

Other

0.15%

0.25%

Level Of Education
% of total

% of total

Masters

32.16%

44.60%

Bachelor

41.08%

43.53%

Not Disclosed

15.40%

6.34%

Other

11.36%

5.53%

Table 5: Descriptive Statistics Categorical Variables
As shown in Table 4, there are several key differences between the mean values for dropouts
and holders. However, in order to draw robust conclusions, we need to test if there is a statistically
significant difference between the means. In order to choose the right method to test for mean
difference, we first need to test for normality. We used R and relied on the

Q-Q plots to test

for

normality. For both populations (dropouts and holders), we tested all the variables presented in
Table 4. Figure 9 presents the results for the # of hours watching videos. The other plots can be

found in Appendix 1.

Since the data is not normal, a better approach is to use a nonparametric method, such as
the Wilcoxon-Mann-Whitney U-test. In addition, we decided to apply the t-test since the literature
indicates that an important property of the t-test is its robustness against assumptions of population
normality. In other words, with large samples, t-tests are often valid even when the assumption of
normality is violated.
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Normality tests for Non-Dropouts:
# of hours watching videos

Normality tests for Dropouts:
# of hours watching videos
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Figure 9: Normality Tests for Number of Hours Watching Videos for Dropouts and Holders
The table below shows the results for both tests. In most cases, the values for p are less than
0.01 and therefore, we can conclude that the means are not equal. This is not the case for age, and
verification time. Both tests conclude that there is no statistical significant difference in age among
both groups. For verify time, the results are not conclusive and therefore, we can't conclude that
the means are equal.
Dropout mean Holder mean
Demographics

Participt

Ratio

U-test Value

t-Test P Value

Age

36.23

35.81

0.99

0.027

0.21

# of forum threads

0.48

0.92

1.93

0.00***

0.00***

# of forum responses

0.43

1.86

4.29

0.00***

0.00***

0.00***

0.00***

# of forum comments

0.50

1.60

3.20

Content
Consumption

# of hours watching videos
# of hours solving PPs

16.87
4.16

21.59

1.28

0.00***

0.00***

5.16

1.24

0.00***

0.00***

Course
Performance

# missed assigments
Final Grade

2.21
0.47

0.27

0.12

0.00***

0.00***

0.83

1.77

0.00***

0.00***

Enroll time

-49.29

-82.01

1.66

0.00***

0.00***

Verify Time

1.82

0.65

0.36

0.00***

0.024

Enrollment Data

***result is significant at p < .01
Table 6: Levels of Activity Comparison between Holders and Dropouts.

For the categorical variables presented in Table 5, the procedure is different because we are
using percentages. The right approach is to analyze statistical difference using proportions. To do
that, we apply a Two-Proportions Z-Test. Results as follows:

32

Region

Gender

Level of
Education

Dropout

Holder

percentage

percentage

North America

33.72%

35.18%

1.04

0.25

Europe

16.11%

20.60%

1.28

0.00***

Asia

Ratio

z-Test P Value

17.55%

19.66%

1.12

0.04

South America

8.79%

ll.18%

1.27

0.00***

Not Disclosed

17.64%

6.85%

0.39

0.00***

Africa

4.77%

4.71%

0.99

0.91

Oceania

1.43%

1.82%

1.28

0.22

Male

64.39%

78.52%

1.22

0.00***

Female
Not Disclosed

20.06%

14.76%

0.74

0.00***

15.40%

6.47%

0.42

0.00***

Other

0.15%

0.25%

1.66

0.36

Masters

32.16%

44.60%

1.39

0.00***

Bachelor
Not Disclosed

41.08%

43.53%

1.06

0.06

15.40%

6.34%

0.41

0.00***

Other

11.36%

5.53%

0.49

0.00***

***result is significant at p < .0 1

Table 7: Proportion Comparison between Holders and Dropouts.

Results in Table 7 show that there is a statistical difference in the region among holders and
dropouts from Europe, South America, and Not disclosed. In terms of gender, there is a statistical
difference among holders and dropouts for Male, Female and Not disclosed. Finally, the difference
in proportion in the level of education are statistically different among dropouts and holders when
it comes to Masters, Other and Not disclosed.

We summarize some of the main insights obtained from Table 6 and Table 7 below:
1. Holders post on average 329% more responses than dropouts. Potentially, this could
be due to the fact that holders are more engaged with the MicroMasters or that they
are more proficient with the concepts taught, which could be deducted per insight 8.
2. Holders post on average 220% more comments than dropouts. Similar to insight 2, it
could be that holders are more engaged with the program itself and therefore, interact
more with the rest of the learners.
3.

Holders start on average

9 3%

more forum threads than dropouts. Holders tend to be

more involved in their learning experience and by asking questions or starting
discussions, they will solidify their knowledge.
4.

Holders spend on average 28% more hours watching the course videos than dropouts.
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5. Holders spend on average 2 4 % more hours completing Practice Problems than
dropouts.
6.

Holders miss 88% fewer assignments than dropouts. Graded Assignments count toward
their final grade and therefore, holders tend not to miss them to obtain better grades
and pass the courses.

7. Holders obtain on average a 77% better grade than dropouts. This is, of course, a
consequence of their effort but could also serve as a motivator'to continue the courses
and complete the program.
8. Holders enroll on average

66

% earlier than dropouts. Again, this could be linked to

their engagement with the program. Holders enroll almost 3 months before the start of
a course while dropouts enroll 1.5 months earlier.
9. Holders verify for a course

65%

earlier than dropouts. This could be linked to their

initial motivation to pass the course and eventually the program.
10. More women tend to drop from the program while more men to complete the program.
11. More people from Europe and South America tend to complete the program as
compared to dropouts.
12. Learners who do not disclose their level of education, region, or gender tend to drop as
compared to holders. This might suggest that people who do not fill out this information
is less engaged with the program in general.

6.3

CORRELATION MATRIX
The next step in selecting which variables are important to add in our predictive model is

to build a correlation matrix. The purpose of the matrix is to analyze which variables (from the
numeric variables) are highly correlated to one another. Correlation values above +-0.5 reflect a
high level of correlation, and this means that we should only add one of the correlated variables in
the predictive model in order to avoid multicollinearity. The correlation matrix was done using R
and the results are presented in. Figure 10.

34

verifytime

enroll_time
Grade

totvideohours_mO

-0.2 0.1

-0.8 0.2 -0.1

1.0

-0.3 0.3 0.1 0.1

0.5

numberofmissed assignments
tot-pp_hours_m0

0.3

0.6 -0.4 0.4 0.1 0.1
-0.5

forumthreadevents_mO
forumresponseevents_mO
forumcommentevents_mO
age

0.1

0.2 0.2 -0.1 0.1

0

0

0

0

0

0

0

0.8 0.5 0.1

0.1

0

0

0

0

0

0.1

0

0

0

-0.1

0.1

0.3

0

0.1

Figure 10: Correlation Matrix

Analyzing the results, we can see that the following variables are highly correlated:
forum commentevents

with

forumthreadeventsm0

forum.responseevents
(0.5),

totvideohours_mO

(0.8),
with

forum.commentevents

with

totpphours-m0

(0.6),

number of missed assignments with Grade (-0.8). Therefore, we will take out forum.comment events,
totpphoursand number of missedassignmentsfrom the model in order to avoid multicollinearity.

6.4

COMPARISON BY COURSE
It is important to mention that although every course has the same structure, the content

is understandably different. Therefore, in order to make a fair comparison among the variable
values while accounting for the differences in courses (e.g. Comparing grades between SCOx and
SC lx), it is necessary to use a common scale, in other words, a "common currency". To do that,
we use a widely used and accepted approach: Normalization. The formula used is Z = (X - M)/S,
where: z refers to the z-score, M is the estimate of the samples' mean, S is the estimate of the
samples' standard deviation, and X is an individual score within the distribution having mean M
and standard deviation S. Once all values are normalized, we can make direct comparisons and
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take advantage of averages. For now, we aim to see if there are important differences in metrics
among courses so we can account for them in our predictive model:

6.4.1 Enrollment per course
Figure 11 displays the distribution of normalized enrollment data for each of the five
courses required in the MicroMasters. There is not an apparent trend in enrollment time. SCOx
and SC2x show the more compact data, meaning that most learners enroll around the same time.
On the contrary, SC lx, SC3x, and SC4x show more dispersed values, which suggest that there is
more variation in their enrollment time. All in all, based on this graph, it seems that no major
differences happen across courses in terms of enrollment time.
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Figure 11: Enrollment Data Grouped by Course.
This includes 25 courses and 12,803 learners

6.4.2 Verify time per course
Figure 12 displays the distribution of normalized verification data for each of the five
courses required in the MicroMasters. Data is more dispersed in SC lx and SC2x when looking
from the first to the fourth interquartile. However, there are many more outliers in SCOx. This
could be explained by the fact that this is the first recommended course in the MicroMasters and
therefore, many people tend to enroll much earlier.
Another interesting element is the fact that the most compact box plots appear in SC3x
and SC4x. Most of the learners in these 2 courses have already taken a previous course in the
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program so they are similarly well acquainted with the verification process and deadlines. This
could explain the reduction in variation.
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Figure 12: Verify Data Grouped by Course.
This includes 25 courses and 12,803 learners

6.4.3

Number of hours watching videos per course
Figure 13 shows the distribution of normalized video hours for each of the five courses

required in the MicroMasters. Data is very compact across courses suggesting that differences in
this metric among courses will not be relevant to predict dropout.
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Figure 13: Number of Video Hours per Course
This includes 25 courses and 12,803 learners
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6.4.4 Number of hours working on Practice Problems per course
Figure 14 displays the distribution of normalized hours spent on Practice Problems for each
of the five courses required in the MicroMasters. Data is very compact across courses suggesting
that differences in this metric among courses will not be relevant to predict dropout. The only
value that brings our attention is SC3x where the distribution is much smaller. This could be
explained by the fact that SC3x is a very qualitative course and therefore, it requires less practice
from learners to successfully understand the concepts while other courses can be heavy in math or
require technical skills and therefore, require much more practice.
7

0

0

Figure 14: Number of Practice Problem Hours per Course
This includes 25 courses and 12,803 learners
6.4.5 Number of Forum Threads /Comments / Responses
Figure 15 displays the number of forum threads per course. Figure 14 displays forum
comments per course and Figure 17 shows the number of forum responses per course. They are
being shown together since they are part of the forum interaction, but they also share more
similarities. First, none of them show important differences among courses. Second, student activity

in each of these variables is on average very low, as indicated by the almost non-perceptible
boxplot. Only the upper tails can be seen, which are formed by outliers. In summary, the majority
of learners do not interact much on the forum, while a few students interact a great amount.
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Figure 15: Number of
Forum Threads per Course

Figure 16: Number of
Forum Comments per Course

Figure 17: Number of
Forum Responses per Course

6.4.6 Grades
Figure 18 displays the distribution of normalized final grades for each of the five courses
required in the MicroMasters. This data is very interesting. Let's take a look at SCOx and SC lx.
The first and third interquartiles are spread, which suggests that there is a high variation in the
grades among students. This makes sense since SCOx and SC lx are introductory courses and share
some commonalities. They are heavy in math, and therefore learners may struggle more to learn
the concepts, as evidenced by their grades. Another similarity is that most learners start their
the
journey in the MicroMasters with one of these courses. Some of these learners will invest
necessary time to learn the concepts and pass the course. However, other students have enrolled
to get a flavor of the course and the program. If they feel it is too difficult or not the right fit, they
will either immediately drop or not invest enough time in the course which will translate into not
passing the course due to bad grades or missed assignments.

L5

OS

'ItA

0 nornalb.dGrs.dSK
* non..G..de_.S.s
* n.muzderd.scWS
* noa.m.cGr&d&sCb
*~m twniLndGrnd.CSM

-2
-2.5

I

-3

-3.S

Figure 18: Final Grade Among Courses
This includes 25 courses and 12,803 learners
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Figure 19 shows the distribution of the number of missed assignments in each course.
Interestingly, students tend to miss more assignments in SC lx followed by SC2x. The high number
of missed assignments in SClx could be explained by the fact that this is one of the first courses
that learners take and therefore, are unaware of the mechanics of the course, causing them to miss
several assignments. Also, SClx is the most popular course and considered and "stand-alone
course" which attracts more people, even those who are not interested in completing the program.
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Figure 19: Number of Missed Assignments Among Courses
Includes 25 courses and 12,803 learners

40

n*in*urcjim.unwM=x

7

PREDICTIVE ANALYTICS
In Section 5, we presented different statistics for dropouts and holders. Our data suggested

that there are important differences between these two populations in terms of demographics,
community participation, content consumption, course performance, and enrollment behavior.
There is also evidence that suggests that there are some key differences in how learners perform
among courses, and therefore we will have to take those differences into account in our analysis.
With that information in mind, the purpose of this section is to build a model that allows us not
only to predict student dropout but also to identify which factors are relevant when predicting
dropout.

As explained in the methodology section, we chose Logistic Regression as the preferred
tool to build our model. The rest of this section will cover the data used for the model, the
assumptions that were made, model construction, analysis, and results.

7.1

DATASET

7.1.1 Data Cleaning and Processing
Data was collected from 25 SCx courses which translates to 12,803 learners: 1,592 holders
(completers) and 11, 211 dropouts. This data was collected from 5 different origins and combined
into a single data set that could be used for analysis. We used R to clean and process our data (code
is available to be used in future research upon request).

One of the main obstacles faced when processing the data to build our machine learning
model was transforming the dataset from a long format to a wide format. In other words, we
initially obtained a dataset where each row represented a specific course a learner had taken. If a
learner had taken more than one course, we had more than one row per learner. However, it
would be erroneous to feed our model with a data set with that structure. We converted the data
set to a wide format which means that there was only one row per learner. If the learner had taken
less than 5 courses, some cells were empty.
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Finally, we would like to highlight the importance of cleaning and processing raw data.
First, the quality and accuracy of the data is imperative for building a good model. Second, in most
cases, data collecting and cleaning can be very time consuming which is why it should not be
ignored by future researchers when planning time allocation. Third, researchers should have a
clear understanding of what features will be explored so that the necessary data manipulation can
be done (e.g. aggregating or disaggregating data, labeling data points, creating dummy variables,
etc.).
7.1.2

Data Features
Our final dataset which consists of one row per learner displaying the following

information:
Gender
Demographics

Region
Level of Education

Content Consumption

# of hours solving PPs per course taken

Course Performance

Final Grade per course taken

Enrollment

Enrollment time per course taken
Verify Time per course taken

Community Participation

# of forum threads per course taken
# of forum responses per course taken
Order of course taken (I if taken in order, 0 otherwise)
First course taken (label)

Additional Data

Second course taken (label)
Third course taken (label)
Fourth course taken (label)
Fifth course taken (label)

Table 8: Variables Gathered for Each Student to be used in General Model

A combination of the variables presented in Table 8 will be used to build the predictive
models. Note that we have not added age since its p-value

= 0.027, which shows that there are no

significant differences in age among dropouts and holders (see Table 6: Levels of Activity
Comparison between Holders and Dropouts.

We have also not added total video hours or number of the missed assignments to avoid
multicollinearity since these variables are correlated with the number of hours solving practice
problems and grades, respectively (as explained in Section 6.3).

42

Let's remember that our dependent variable is "Dropout", which is a binary variable equal
to 1 if the learner has dropped out from the program, and equal to 0 if the learner has completed
the program. An assumption done in our model is for learners who took the same course more
than once. If that was the case, we chose the course in which the learner obtained the highest
grade.

For our analysis, we will use different approaches which will require different models. For
all of them, we use a training data set, and a test data set. We train our model with 70% of the data
and test the model with the remaining

3 0 %,

while keeping the proportion of dropouts between

sets.
7.2

BUILDING OUR PREDICTIVE MODEL - LOGISTIC REGRESSION
Base Model:
For our first model, we use a general approach. We will use the data for all learners (holders

and dropouts) despite the number of courses they have completed. The model used is:

+

LogisticModel (Base) =gm(dropped-gender + region +level of education + enroll time + verify-time
tot-pp hours + forum thread + Grade + forumjresponse + Order, data=train,family= "binomial')

We run our regression in R, iterating until we obtain significant variables, which are
enrollment time, verify time, grade, order, gender, and level of education. This list found in Table
9 along with their p-values and odds ratio. A screenshot of the model run in R can be found in
Appendix 2.
Significant Variables

p-value

Odds Ratio

Enroll Time

0.00***

1.58

Verify Time

0.00***

1.39

Grade

0.00***

0.09

Order

0.00***

1.66

Gender Male

0.00***

0.60

Gender Not Disclosed

0.017*

0.52

Level of Education Other

0.00***

1.73

Significance codes: *** =

0.001,

** =

0.01, * = 0.05

Table 9: Significant Variables for General Logistic Regression Model.
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The ratio presents important information regarding this model. Let's remember that an
odds ratio with values greater than 1 describes a positive relationship with the likelihood of
dropping out, while values less than 1 describes a negative relationship with the likelihood of
dropping out. Below, we list the most important insights obtained from the odds ratio:

"

Every 1 unit increase in "enroll time" increases the odds of dropping out by a factor of 1.58,
holding all other independent variables constant.

*

Every 1 unit increase in "verify time" increases the odds of dropping out by a factor of 1.39,
holding all other independent variables constant.

*

Every 1 unit increase in "grade" decreases the odds of dropping out by a factor of 0.91,
holding all other independent variables constant.

*

Every I unit increase in "Order" (taking the courses in order) increases the odds of dropping
out by a factor of 1.66, holding all other independent variables constant. Unfortunately,
this cannot be considered a robust conclusion since the first run of SCOx started in 2016
while there were several runs of SC lx and SC2x before that. This causes some discrepancy
on what "Order" means for each learner as students who enrolled before 2016 may have
taken courses in what was considered "In Order" back then.

*

Every 1 unit increase in "Male" (going from Female - 0 to Male -1, in other words being a
male) decreases the odds of dropping out by a factor of 0.40, holding all other independent
variables constant.

*

Every 1 unit increase in "Level of Education Other" (going from Level of Education
Bachelors - 0 to Level of Education Other -1) increases the odds of dropping out by a factor
of 1.73. Let's remember that the "Other Category" includes people with a maximum level
of education of High School, Associate degree, or Primary School. Therefore, what this is
really saying is that people high lower level degrees have higher odds to drop out of the
program.
The next question that arises is: How good is the model at predicting? To find an answer

to this question, we look at the confusion matrix shown in Table 10. Results show that the model
is better at predicting those that will drop out (2979 from 3376 - 88%) from the test dataset but it
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is not as good at predicting if the student will get the certificate (228 out of 464 - 51%). The model
also shows a recall of 0.882 and precision of 0.927.

Predicted Non- Predicted
Dropout
Dropout
Actual Non Dropouts
228
236
Actual Dropouts
397
2979

Total
464
3376
3840

Table 10: Confusion Matrix - Base Model

Metric
Recall
Precision

Value
0.882
0.927

Table 11: Recall and Precision Metrics - Base Model

The model is highly accurate, which is positive. From the results, we can say that grades
are especially a high predictor of dropout. However, there is room for potential bias due to the
high number of learners who took just one course and did not pass (more than 6,000). Their
behavior is different from learners who are higher in the program journey (especially relating to
grades). In fact, each subpopulation is different from the others. In other words, people who took
1 course might be different from learners who took two courses and they are different from learners
who took three courses and so on. By way of example, a bad grade might not mean the same to
someone after their first course as it means to a learner who has completed 4 courses and has only
one left before being eligible for the Final Exam. Therefore, although our initial model is highly
accurate, we want to confirm if the relevancy of the variables presented in the general model hold
true once we compare holders in the different subpopulations. To do that, we will run 5 different
Logistic Regression Models, which are explained as follows:

*

Model 1 includes holders and learners who have taken 1 course. Students with 1
course have only data for their first course. Therefore, we will compare it with the
first course ever taken from the holders (despite which course it is).
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"

Model 2 includes holders and learners who have taken 2 courses. Students with 2
courses have data for their first and second course. Therefore, we will compare it
with the first and second course taken by holders (despite which course it is).

"

Model 3 includes holders and learners who have taken 3 courses. Students with 3
courses have data for their first, second, and third course. Therefore, we will
compare it with the first, second, and the third course taken by holders (despite
which course it is).

*

Model 4 includes holders and learners who have taken 4 courses. Students with 4
courses have data for their first, second, third and fourth course. Therefore, we will
compare it with the first, second, third, and fourth course taken by holders (despite
which course it is).

*

Model 5 includes holders and learners who have taken 5 courses. Students with 5
courses have data for their first, second, third, fourth, and fifth course. Therefore,
we will compare it with the first, second, third, fourth, and fifth course taken by
holders (despite which course it is).

By way of example, we will show below what Model 5 looks like in terms of an equation:

+

+

+

+

Logistic Model (ModeL5) =gm(dropped- gender + level ofteducation + Region + Order + first grade + first-enrolled time
first verify time + first totpp hours + first forum thread+ secondgrade + second enrolled time + secondverify time
second tot pphours + second forumthread + thirdgrade + third enrolled time + third verify time + third toLpp hours
third forumthread+fourth grade + fourth enrolled time + fourthverify time + fourth to pp hours + fourth forum thread
fifthgrade + fifth_enrolled time + fifth_verify time + fifth totpp hours + fifth forum_ thread, data=train, family="binomial')

The rest of the models share a similar structure, but will have a smaller number of variables
since the number of courses being compared are smaller (e.g. 4 courses in Model 4, 3 courses in
model 3, and so on). We will now proceed to show the results obtained in each model. With the
objective of concision and practicality, we will provide, for each model, a table that summarizes
the significant variables, the p-value, and odds ratio. The screenshots for the different logistic
regressions' outputs run in R can be found in Appendix 3. We will also provide the confusion
matrix along with the precision and recall metrics for the five models. Finally, we will provide the
main insights based on the results obtained.
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Model 1: One course taken
Significant Variables:
Model 1
Significant Variables

p-value

Enroll Time First Course
Verify Time First Course
Grade First Course
Order

Rati

0.026*

1.12

0.00***

1.35

0.00***

0.04

0.00***

2.29

Gender Male

0.00***

0.49

Gender Not Disclosed

0.004**

0.60

Ievel

0.00***

2.12

of Education Other

Table 12: Significant Variables for Logistic Regression- Model

1

Accuracy:
Model 1
Predicted Non- Predicted
Dropout
Dropout

Model I

Total

Dropouts

158

325

483

Recall

Value
0.983

Actual Dropouts

41

2309

2350
2833

Precision

0.877

Actual Non

Metric

Table 13: Confusion Matrix - Model

1

Table 14: Recall and Precision Metrics - Model 1

What is important:
* Logistic Regression Model 1 has high predictive power. It shows 98% recall and 87%
precision, making it a reliable model.
"

Learners who enroll and verify later in the course, have higher odds of dropping out, 12%
and

3 5 %,

respectively.

*

Being a male reduces the odds of dropping out as compared to a female by 51 %.

*

Learners who have an education lower than a bachelors have 112% higher odds of
dropping out than learner with a bachelors.

*

Every unit increase in grade reduces the probability of dropping out by 96%.
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Model 2: Two courses taken
Significant Variables:
Model 2
Significant Variables
Enroll Time First Course

p-value

ado

0.00***

1.61

Enroll Time Second
Course

0.004**

0.83

Verify Time Second
Course

0.00***

1.53

Grade First Course

0.00***

0.31

Grade Second Course
Order

0.00***
0.00***

0.12
2.27

Level of Education Other

0.003**

1.79

Table 15: Significant Variables for Logistic Regression- Model 2

Accuracy:
Model 2
Predicted Non- Predicted

Actual Non
Dropouts
Actual Dropouts

Model 2

Total

Dropout
324

Dropout

139

463

84

470

554

Metric
Recall
Precision

Value
0.848
0.772

1017

Table 16: Confusion Matrix - Model 2

Table 17: Recall and Precision Metrics - Model 2

What is important:
*

Logistic Regression Model 2 has high predictive power. It shows 85% recall and 77%

precision, making it a reliable model.
"

Learners who have an education lower than a bachelors have 79% higher odds of dropping
out than learners with a bachelors.

*

Order matters. Taking the courses in order seems to increase the likelihood of dropping by
a factor of 2.27.

*

For learners who have taken two courses, their performance in both courses matters but
their performance in the second course matters more. Every unit increase in their second
course final grade decreases their odds of dropping out by 89%, while every unit increase
in their first course decreases their odds of dropping out by 70%.
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Model 3: Three courses taken
Significant Variables:
Model 3
Significant Variables

p-value

Odds
Ratio

Enroll Time First Course
Enroll Time Second
Course
Enroll Time Third
Course

0.004**

1.33

0.00***

0.70

0.008**

1.26

.00***

1.55
0.44
0.09
0.57
0.50
0.46
2.41

Verify Time Second

Course
Grade First Course
Grade Second Course
Grade Third Course
Gender Male
Gender None
Level of Education Other

0.00***
0.00***
0.002**
0.00***
0.013*

0.00***

Table 18: Significant Variables for Logistic Regression- Model 3

Accuracy:
Model 3
Predicted Non- Predicted
Dropout
Dropout

Model 3

Total

Actual Non
Dropouts

423

49

472

Actual Dropouts

46

149

195

Metric

Value

Recall

0.764

Precision

0.753

667

Table 19: Confusion Matrix - Model 3

Table 20: Recall and Precision Metrics - Model 3

What is important:
*

Logistic Regression Model 3 has high predictive power but its performance is lower than
the one obtained in Models 1 and 2. It shows

7 6%

recall and 75% precision, making it a

reliable model.
*

Grade continues to be a high predictor of dropout. Performance on their 3 courses matter,
although it seems that their performance on their first and second courses matter the most,
as compared to grade in their third course. This could be due to the fact that as people
continue their journey (increase the number of courses), the differences in grades are
smaller. In other words, in their third course, people will start converging towards good
grades, while in the first courses, there is more variability in their grades.

*

Male students have

5 0 % lower

odds than dropping out than females.
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*

At this point in the program's journey, the order is no longer significant. These learners
show more motivation and determination and therefore, have done a bigger effort to pass
the initial courses.

*

Learners who have an education lower than a bachelors have 141% higher odds of
dropping out than learner with a bachelors at this point.

"

Verification time does not seem to be a good predictor of dropout. It is correlated but does
not impact significantly. Also, verification at different stages in the program seems to be less
impactful.

"

Enrollment time seems to be a strong predictor but there is not a clear trend which makes
it harder to draw robust conclusions.

Model 4: Four courses taken
Significant Variables:
Model 4
Significant Variables

p-value

Odds

Ratio

Enroll Time Second

Course
Grade Second Course

Enroll Time Third
Course

0.00***

0.52

O.OO***

0.06

0.006**

1.31

Level of Education Other

0.07.
1.71
Table 21: Significant Variables for Logistic Regression- Model 4

Accuracy:
Model 4
Model 4

Predicted Non- Predicted
-Total

Dropout

Dropout

Actual Non
Dropouts
Actual Dropouts

41

Table 22: Confusion Matrix

55
--

ivieric

V alue

Recall

0.573

Precision

0.598

96
589

Model 4

Table 23: Recall and Precision Metrics - Model 4
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What is important:
"

Logistic Regression Model 4 has a medium-low predictive power. It shows

5 7 .3 %

recall

and 59.8% precision.
*

As we can see from the model, the significant variables are very dispersed across the
different courses taken by learners. It is hard to draw conclusions from these results. Also,
it would be biased to draw conclusions with an accuracy that is not as high as we would
expect. However, what is actually interesting is the fact that these results mean that these
populations are very similar to each other, and therefore there are small differences among
them that allow us to successfully predict what is making them drop out. In other words,
the current variables that we are listing are not a good predictor of their dropout, which
means that there must be other reasons why these learners do not continue their journey.
Plausible explanations could be that these learners no longer have the time to dedicate to
the courses and therefore decide to leave the program. Another explanation could be
related to motivation. Some learners may only want to take a few courses and therefore,
will perform very well in all of them but will only take 4 instead of the entire program.

Model 5: Five courses taken
Significant Variables:
Model 5
Significant Variables
Grade Second Course
Verify Time Second
Course
Enroll Time Fourth
Course
Grade Fifth Course

p-value

Odds

O.005**

0.58

0.003**

1.34

0.00***

0.72

0.00***

0.18

Table 24: Significant variables for logistic regression- Model 5

Accuracy:
Model 5

Model 5
Total

Metric

Value

Dropout

Recall

0.532

443

Precision

0.575

Predicted Non- Predicted

Dropout
Dropouts

375

68

Actual Dropouts

81

92

173
616

Table 26: Recall and Precision Metrics - Model 5

Table 25: Confusion Matrix - Model 5
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What is important:
"

Logistic Regression Model 5 has a medium-low predictive power. It shows 53.2% recall
and

*

5 7 .5 % precision.

Similar to Model 4, the reliability of this model is not as high as expected. But that is not
bad news. In fact, based on the results obtained in Model 4, it is quite intuitive to obtain
these results. The model is not highly predictable because both populations are quite
similar. Grades in their last course seem to matter a little bit, meaning that some learners
will drop out after getting bad grades in their last course, but there are also a good number
of students who drop even with good grades. This suggests that there are other external
reasons why their learners do not complete the program although their behavior is quite
similar to the ones who earned the credential. Plausible explanations could be learners who
are not interested in the credential and therefore, feel satisfied with the completion of the 5
courses. Also, it could be that some learners do not have time to study for the final
comprehensive exam, which means that they will not take it. Finally, another plausible
explanation is that learner wait too long to take the final exam and might get discouraged
after too much time has passed.

Table 27 shows a summary of recall and precision for the 6 models that we analyzed in this
study. As we can see in the results, model performance is high for the base model, model 1, 2 and
3 as their recall and precision values go above

75 %.

On the other hand, models 4 and 5 do not

hold strong predictive power. Their precision and recall values are less than

6 0 %.

Base Model

Model 1

Model 2

Model 3

Model 4

Model 5

Recall

0.882

0.983

0.848

0.764

0.573

0.532

Precision

0.927

0.877

0.772

0.753

0.598

0.575

Table 27: Summary Metrics from Models Run

7.3

CONCLUSIONS AND DISCUSSION FROM THE PREDICTIVE MODELS
The base model is a simple, straightforward way of predicting dropout, with high predictive

power. However, it might not be the best option since we have noticed that some populations are
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different than others and their special characteristics might be lost in a general model. The five
separate models that we developed seems to be a great way of creating models tailored for the
different subpopulations. As results showed, recall and precision are high for models 1, 2, and 3.
These models are reliable and they tell us important information: Grade, gender (male vs female),
and level of education (bachelors vs a non-bachelors), matter in dropout. However, these variables
do not hold their predictive power when we test on a subpopulation who have completed 4 or 5
courses. The reason for that is that these 2 subpopulations are very different from the rest of the
population under study. These learners are very similar in behavior to holders but there are
external factors such as lack of time, personal events, etc., outside the scope of this study, that could
explain why they do not continue the program. This also explains why recall and precision for
models 4 and 5 are low.
Diving a little deeper into learners who have completed 3 or fewer courses. Results suggest
that the lower the grades they obtain, the more likely they are to drop out of the program. This is
intuitive as lower grades will demotivate students to either repeat the course (in case of a grade
lower than 60%), or to continue their courses when their last course reflects bad performance.
Furthermore, gender seems to play an important role in this model. Males seem to have higher
probabilities than females to remain in the program. Females that enroll in the program have lower
chances of finishing it. This study highlights the existence of gender gaps but we are unable to
explain why that happens without further research. Finally, the level of education also plays an
important role. People who have a degree level lower than a bachelors are more likely to drop out.
There are no dramatic differences between bachelors and masters students. These 3 factors have
been summarized in Figure 20.
Grades

Gender

Educat

on

Figure 20: Relevant dropout factor for students with 3 or fewer courses
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8

STRATEGIES
Results in Section 7 showed that there are several factors that are correlated with student

dropout, such as Grade, Level of Education and Gender for learners who have taken less than 4
courses. The purpose of this section is to develop some high-level strategies around these factors
that could allow us to decrease the probability of dropout from current and future students. In the
second part of this section, we will propose a different set of actions that could be taken to address
dropout from learners with 4 or 5 courses. The need for a different set of strategies for group 2 is
that they seem to have different reasons to drop out than group 1, as explained in Section 7.3.

8.1

ADDRESSING DROPOUT FOR LEARNER WITH 1-3 COURSES
As results have shown, dropout for learners with less than 4 courses can be effectively

predicted with the models developed. Their dropout is correlated with their gender, level of
education, and grade. We will develop a set of strategies that could decrease dropout based on
these factors:

8.1.1 Level of Education
Results showed that learners with lower levels of education than a bachelors have at least
70% higher odds of dropping out. This is understandable as this is a graduate level course from
one of the most prestigious institutes in the world, and therefore the course difficulty is known to
be high. This means that people with lower levels of education will struggle to complete the
program. Since the level of the courses cannot be lowered, in order to reduce dropout, it would be
advisable to implement a minimum level of education requirement.

This suggestion seems counterintuitive at first but let's think more about it. Graduate school
is only open for people who have finished their bachelors because learners are expected to have a
certain level of knowledge before they join graduate school. The same applies for the program on
edX. Learners with a bachelors are prepared to complete the program. This suggestion may rise a
different conflict in terms of the accessibility of courses on edX since this platform was created with
the goal to offer free education to people all over the world. However, as online education has
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evolved to the stage of offering programs like the MicroMasters, it is necessary that the conditions
change accordingly.

If no minimum requirement is or can be implemented, there could be a bigger emphasis
on the concepts that students are expected to master before joining the program. For instance,
marketing and course leads could work toward a strong communication plan so that prerequisites
are widely known and understood among aspiring learners. In case these prerequisites are not met,
we could provide suggestions on which courses learners should take (in edX or somewhere else)
that could prepare them to start theirjourney with us.

Another option is to offer an entrance exam for learners who are taking their first course in
the program. This exam would not serve as an impediment to taking the course but rather as a
way of providing feedback to students on their mastery of basic concepts (prerequisites) and how
ready they are to take one of our courses. If low scores are achieved, we could suggest or require
learners to enroll in specific courses beforehand.

Strong
Define a minimum
level of education
requirement

communications
pn regarding prerequisites to take
SCM courses.

Take an entrance
exam to measure

how prepared
learners are to tak.
our courses.

Figure 21: Potential Actions to be Taken to Reduce Dropout Related to Level of Education

8.1.2 Grades
Grades are one of the most important factors related to dropout. Every unit increase in a
learner's grade decreases their probability of dropout in at least 43%. These results are intuitive as
grades are the only single metric measured to pass courses and grant certificates. Now let's think
about how grades affect learners. We assume two types of learners: 1) Learners who want to take
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some of the courses offered in the MicroMasters and 2) Learners who want to earn the credential
and apply to the MIT Master's Program.

For learners in group 1, low grades might discourage them from continuing to take courses
as they reflect poor performance, no mastery of the concepts, or high level of difficulty of the
courses being offered. In case of failing a course, might also lose motivation as they will not receive
a certificate and will have to pay the fee again in case they want to retake the course. Learners in
group 1 might decide to come back but in Audit mode (for free), or decide to stop taking these
courses altogether. Regarding learners in group 2, if they get low grades along the program, they
might eventually quit as low grades will affect their chances to be admitted into the MIT Masters
Blended Program. Some of these learners might eventually finish the 5 required courses to obtain
the necessary knowledge, but will no longer make the effort to take the Final Exan.

The goal would be to help students obtain higher grades. However, this requires a better
understanding of what factors cause low grades in students. Therefore, our suggestion is that future
research is done to identify which factors are correlated to grades so that a more actionable plan
could be developed. In our research, we did find that missed assignments were highly correlated
with grades. This makes sense as graded assignments count for 20% of their final grade. One way
to address that would be to allow learners to drop the graded assignment with the lowest grade so
that it is not accounted for their final grade.

Another option would be to allow learners to retake the course for a discounted fee. This
would motivate students, who were not able to finish or pass the course for different reasons (e.g.
lack of time, health issues, work related matters, etc.) to retake it if they are really interested in the
program. However, this strategy is not encouraged until more research has been done on why
learners obtain low grades. If we are able to identify the root cause of the problem and suggest a
specific way of solving it, the effect would be much more promising than the above-mentioned
strategy.

We strongly believe that these strategies could help reduce dropout in a large percentage.
We should not forget that our population is formed by learners who paid a fee ($200) to pass a

56

these or other
course. In other words, they do have some level of motivation to finish it. Therefore,
and not lose
initiatives might provide the necessary support to help learners to get better grades
motivation to continue with the program.

Allow learners to
drop their lowest
grade on an
assignments

Allow learners to
retake a failed
course for a lower
fee.

Further research on
reses
Fhr
learners to obtain
rades
le

Figure 22: Potential Actions to be Taken to Reduce Dropout due to Grades

8.1.3 Gender
Gender proved to be a factor correlated with dropout. Females have higher odds of dropout
analysis.
from the program. It is hard to explain why that is the case without a more in-depth
who have
However, some initial strategies could include sending surveys to males and females
in their responses. We
dropped from the program and analyze if there are significant differences
feel
could also rely on focus groups with female learners to gather more information on how they
the cause of
about their experience with the courses. Data and modeling are great ways to analyze
who are much
many events. However, we should never forget that we are dealing with humans
more complex to analyze. Therefore, close interactions with learners can provide meaningful
information that could have otherwise not been gathered through other means.
are
Results of these different strategies could shed some light on the reason why females
to the course
less likely to complete the program and with that, some modifications could be done
content, structure, etc., based on learners' responses.
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Survey male and female
dropouts on the reason
why they dropped out to
see If there are
significant differences

Run focus groups with
females learners to learn
more about their
experience with the SCM
MM Program

Figure 23: Potential Actions to be taken to Reduce Dropout Related to Gender

8.2

ADDRESSING DROPOUT FOR LEARNERS WITH 4-5 COURSES
Our models suggested that there are other factors external to the current scope of this study

that could explain why learners leave the program at this point. Previous studies suggest that the
significant reasons for student dropout are related to personal or time constraints, satisfaction with
the course structure/format, satisfaction with the course content, motivation, satisfaction with
technology or satisfaction with e-learning in general 39, 40, 41, 42. Also, a survey conducted in one of
the courses as part of the MITx MicroMasters in SCM (more specifically in SC lx - Supply Chain
Fundamentals) revealed that there were external elements that impacted student's performance
such as health issues, increasing work responsibilities, travel commitments, and/or family events.
Based on these results, the best way to get more reliable information on why these learners have
dropped is by surveying them to obtain answers applicable to our program.

We have developed a set of questions that could be used in such survey. These questions
will target 5 main areas: Gender, Education, Number of Courses taken, Motivation for enrollments
in the SCx courses, and reasons for dropout (see Figure 24). In fact, this survey could also be used
with learners in Group 1 (with 3 or fewer courses) to gather more information about their reasons
for dropout. However, we want to highlight that the importance of keeping these two groups
separated and collecting results independently.
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Figure 24: Focus Areas in Student Survey to Investigate Reasons for Dropout
The survey would be comprised of 6 different questions. Question 1 focuses on gender.
Question 2 is related to level of education. Question 3 would reveal the number of courses taken
by a learner and which courses were taken. Question 4 provides information on the initial
motivation for enrollment. Question 5 is targeting our main question which is the reason related
to dropout. We have provided 5 possible explanations which have been chosen based on literature
review from similar studies 39 ,40, 41, 42. Finally, Question 6 is an open question also looking for some
information regarding reasons for dropout. This question was added in order to provide space for
students to provide extra information on their decision to stop. on Figure 25 shows the six different
questions that would be part of the survey. Results to this survey could provide some very important
information on why learners drop out of the program after investing a big amount of time and
effort in it. In the same context, focus groups could also be used to gather more qualitative
information.
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Gender related questions

o Female
o Male
o

Other

o Prefer not to say

Education related questions

0 Bachelor
0 Masters
0 PhD
0 High School, Junior High School
0 Associate Degree
0

Primary School

0 No formal education
0 Other

Number of courses taken

U SCOx

o SCIx
o SC2x
o SC3x
L SC4x
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Motivation for enrollment

o Passing stand alone courses
o Obtaining the MicroMasters Credential
o Applying for the MIT Blended Program or
similar
o Other:

Reasonfor Dropout

o Personal reasons (e.g. lack of time, family Issues,
health issues)

o Job related (e.g. workload, travel)
o Content related (e.g. content did not meet my
expectations, course too demanding)
o Course structure (e.g. responsiveness of staff.

number of graded assignments, grading)

o Technology related (e.g. platform or connectivity
issues)
o Other:

Open Question

(Open Question)

Figure 25: Potential Survey to be Used for Learners who Dropped after 4-5 Courses
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9
9.1

CONCLUSIONS AND FUTURE RESEARCH
CONCLUSIONS
This research has found that dropout in MOOC-based programs such as the MicroMasters

is a tractable problem. Results from our prediction models reveal that learners are more likely to
leave the MITx MicroMasters in Supply Chain Management after the first few courses (1-3).
Grades, level of education and gender are highly correlated with learner dropout. We suggested
some potential initial interventions which could be highly valuable as a starting point. However, in
order to optimize these interventions, future research that focuses on understanding the reasons
that affect lower grades, and the reasons why level of education and gender are related with student
dropout will be required.

Apart from identifying which factors matter in dropout, another goal was to develop a
machine learning model that could be used to predict future student dropout. Our results show
that the models developed have strong predictive power when predicting for learners in their early
phases of the program (1-3 courses). An important benefit of our models is that they are easy to
implement as they use data that is available for learners in process, which facilitates the goal of
dropout prediction and intervention.

We also found that there are fewer learners who drop out after completing four or five
courses. Our predictive models did not reach high levels of accuracy for these subpopulations,
suggesting that learners with four or five courses are similar in behavior and demographics than
holders These results also suggest that learners in this group drop out from the program due to
reasons that are external to the scope of this study. Previous research on MOOCs suggests that
personal reasons, lack of time, levels of satisfaction with the course content and structure,
motivation, and/or experience with online education are potential factors related with dropout.
Based on that, we developed a survey for learners in this group to better understand what dissuaded
them from not coming back. Results to this survey, accompanied by qualitative methods such as
focus groups, could shed some light on the reasons why learners drop out at this point in their
journey.
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Based on the results of our study, we conclude that program dropout happens both, within
and between courses. If learners fail to pass or successfully complete initial courses, it is much
harder to motivate them to continue the program due to the low cost of dropping from it. In that
case, we can say that dropout happens within courses. On the other hand, if learners drop out from
the program later in the journey (once completing 4-5 courses), their dropout is most likely
explained by external reasons, such as lack of time, day-to-day duties or personal reasons, among
others. In that case, we can say that drop out happens between courses.

9.2

FUTURE RESEARCH
Our models suggested that gender, grades and level of education are strong predictors of

student dropout. However, as we have mentioned along the discussion and conclusions, there is
much more to be discovered behind this statement before further action is taken. For instance, it
would be interesting to know if learners obtain lower grades because of the complexity of the
content itself, or due to other factors such as interest, effort, course format, etc. In relation to level
of education, it would be valuable to understand if people with lower levels of education struggle
with the courses because of their math knowledge, English language mastery, ability to perform in
a high-speed environment, dexterity with technology, etc. Finally, in relation with gender, it is
necessary to understand if gender gaps exist due to personal abilities or other elements such as time
limitations, responsibilities, accessibility to online education, etc.

Furthermore, in this study we used demographics and behavioral data to build our
predictive models. However, as we have noted in the results presented, there might be other factors
that could explain student dropout of MOOC-based programs. These variables include but are
not limited to: Learner intention, motivation, satisfaction level with the course content, satisfaction
level with the course structure, technology related issues, personal reasons such as lack of time or
health issues, andjob-related issues such as workload or travel commitments, among others. These
variables, although harder to gather, might provide valuable information to attain our goal to
reduce student attrition. Therefore, we suggest that future research is done focusing on these
features.
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Another potential area of research is to analyze the effect of time gap between courses. In
other words, analyze if the time that learners wait between the time they finish a course and enroll
for the next one matters in the likelihood of dropout. If that is the case, new strategies could be
developed in order to motivate learners to wait less among courses.

Finally, further research could include studying the effect of program enrollment in student
dropout of a MicroMasters. Program enrollment, also known as bundle enrollment, is an option
that allows learners to sign up for all courses at once, for a discounted price. However, they are
required to finish all courses in less than 24 months. Similar to our previous point, it would be
valuable to understand if encouraging students to enroll through the bundle program reduces the
dropout rate.
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Appendix 1:Normality Plots
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Appendix 2: Output of Logistic Regression - Base Model

normalized.average.verify.time + normalized..overageGrade
Order, family - 'binomial", data - train)
Deviance Residuals:
Win
IQ
-2.54830
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Appendix 3: Output of Logistic Regression - Models 1-5
Model 1
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first-enrolled.time + second..grade + second.enrolled.time
second-verify-time, family - "binomial", data - train)

+

Call:

Deviance Residuals:
Min
1Q
-2.26281 -0.68%7

Median

3Q

0.04365

0.47382

Max
2.43495

Coefficients:
Estimate Std. Error z value
0.79412
0.13425 5.915
2.936
6.58244
8.19881
6.82152
6.12241 6.711
0.15524 -7.627
-1.18401
6.267
8.07658
9.47994
-2.14075
9.12129 -17.659
6.66617 -2.889
-0.19119
6.42427
0.67976 5.3Z3

(Intercept)
level-of.educattonother
Order

first-grade
first-enrolled-time
second.grade
second-enrolled.time
second.verify-time

Signif. codes:

6

'***'

0.091

'**'

6.01

'0'

0.05

'.'

Pr(3IzI)
3.32e-09
0.66339
1.93e-11
2.41e-14
3.67e-10
< 2e-16
.99386
1.92e-07

6.1

0**
**
000
***
0*0
***

**
000

1

(Dispersion parameter for binomial family taken to be 1)
Null deviance: 3285.4
Residual deviance: 1891.5
AIC: 197.5

an 2373
on 2366

degrees of freedom
degrees of freedom

Number of Fisher Scoring iterations: 6

>

xpOcoMopeod.l))

(Untercept) levelof.edcationothtr
Z.Z124856

second-Verify-tit

1.79%39"1

Order
2.2739449

first-grade
6.396049

1.52I4761

threshPred
FALSE TRUE
6 324 139
1
84 476

74

firstenrolhd.time
1.6159641

second-grade

0.1175966

second-enrotled.ttae

9.8a59733

Model 3

Call:
+

+

glm(formula - dropped ~ gender-m + gender.none + level.of.education-other
firstgrade + first.enrolled.time + second.grade + second.enrolled.time
second.verify.tie + thirdgrode + third..enrolled-time. family - "binomial",
data - train)

Deviance Residuals:

lin
1Q Medion
-2.18767 -0.51048 -0.29913

3Q
9.04209

Max
3.14247

Coefficients:
(Intercept)
gender.-m
gender.none
level-of.education.other
firstgrode
firstenrolled.time

secondgrade

0.25618
0.19120

6.88693
-6.82180
6.28697
-2.37342
6.43861
-0.57179

0.1855

0.23Z77
"***

6.001

3.439
-4.298
2.873
-12.459
-3.453
3.688
-3.166
2.647

0.0999W
3.19049
6.10397
0.11894

-6.35898

second.enrolled.time
second.verify..time
third-grade
third.enrolled-time
Signif. codes:

Estimate Std. Error z value Pr(>IzI)
0.23362 4.067 4.76e-05 000
6.95620
-6.69042
0.20302 -3.401 0.090672 **
0.30667 -2.485 0.012940
-4.76718

0.08794
6.01

*'

*

9.05

0.090584
1.72e-05
6.04079
< 20-16
6.666555
6.666226
6.091543

9.68123

00*
0**
so
0**
***
***

00
so

'.' 6.1

(Dispersion parameter for binomial family taken to be 1)

Null deviance: 1848.42
Residual deviance: 998.54
AIC: 1626.5

on 1556
on 1546

degrees of freedom
degrees of freedom

Number of Fisher Scoring iterations: 6

>

ezp(coef0OgRaGdel))
(Intercept)

2.58622919
socond.enrolled-titws
0.695389W4

gndir.m
0.50136426
scond-verify.ttIme

1.55059566

wender-none level-af-education-other
2.41314342
0.46432159
third-.graf
third-enrolledtime

1.262085$

9,56456725

threshPred
FALSE TRUE
S
423 49
46 149
1

75

first-grade
6.43964113

ftrst-enrcled.tme

2.33238401

second-Gradt
0.09316135

Model 4

Coll:
+

glm(formulo - dropped - level-of.education.other + +second.grade
second.enrolled-time + third.enrolled.time, family - "binomial",
data - train)
Deviance Residuals:
Min
1Q Median
-2.2189 -0.5114 -0.3397

3Q

Max
2.8797

-0.2048

Coefficients:

Signif. codes: 0 1*00* 6.091

6.61

'**'

**'

0.05

e.'

Pr(>Izl)

< Ze-16
Z.6e-8
6.60581

*

*

0.6056
0.67043

*

Estimate Std. Error z value
-0.32959
0.11758 -Z.303
6.53653
S.29656
1.809
-2.76053
6.18963 -14.558
-. 65318
6.11735 -5.566
9.27316
0.09904
2.758

*

(Intercept)
level-of..education..other
second-grade
second.enrolled-time
thirdenrolledtime

0.1

'

1

(Dispersion parameter for binomial family taken to be 1)
Null deviance: 1375.87 on 1374
Residual deviance: 894.23 on 1370
AIC: 904.23

degrees of freedom
degrees of freedom

Number of Fisher Scoring iterations: 6

expccoefClogfe0Model))
(Intercept) level-of.educationother
0.71921781
1.71665647

second.jrade

0.66325829

threshPred

FALSE TRUE
6

456

37

1

41

55

76

second.enroled.time

9.52639667

third.enrolled.time
1.31411666

Model 5

Call:
+

glm(formula - dropped - +second.grade + second.verifytime
fourth.enrolled-time + fifth..grade, family - "binomial",
data - train)

Deviance Residuals:

Min

1Q

Median

-1.9043

-0.7300

-0.5389

3Q

0.12W0

Max
2.4983

Coefficients:

Signif. codes:

*

*

*

Estimate Std. Error z value Pr(>.IzI)
0.13635 -2.802 0.00507
-0.38210
0.18509 -2.974 0.60294
-0.55048
0.29402
0.09497
3.096 0.00196
-0.32315
0.05031 -6.423 1.33e-10
-1.71215
0.18763 -9.125 < Ze-16

*

(Intercept)
second-grade
second.verify-time
fourth.enrolled.time
fifth.grade

0 '***' 0.001

'**'

0.01

*0'

0.05

'.'

0.1

'

1

(Dispersion parameter for binomial family taken to be 1)
Null deviance: 1664.2 on 1436 degrees of freedom
Residual deviance: 1376.5 on 1432 degrees of freedom
(67 observations deleted due to missingness)
AIC: 1386.5
Number of Fisher Scoring iterations: 5

> exp(coef(logRe0odel))

(Intercept)

second.grade

0.6824275

9.5766728

second-verify.time fourth-enrolled-time
0.7238659
1.3418144
threshPred
FALSE TRUE
0 375 68
1
81 92

77

fifth-grade
0.1804776

