Using learning analytics to evaluate design changes
in MOOGCs : A case study on assessing course pacing
by
Ahmed Bilal
MBA, Massachusetts Institute of Technology (2018)

Submitted to the System Design and Management Program
in partial fulfillment of the requirements for the degree of

Master of Science in Engineering and Management
at the
MASSACHUSETTS INSTITUTE OF TECHNOLOGY
September 2019 |
(© Massachusetts Institute of Technology 2019. All rights reserved.

e Signature redacted

7 System Design and 2anagement Program

Signature redacted  Aueust 23,2019

Certified by..
- s ¢ Chris Caplice

Executive Director, MIT Center for Transportation & Logistics

- " Thesis Supervisor
cerified 1y Ol NALUIre redacted

Eva Ponce

T
Executive”Directog:-PvH%Hvﬁcr‘(TMQers in Supply Chain Management

. N Thesis Supervisor
Signature redacted
Accepted by ...... T

MIT LIBRARIES v Joan Rubin
- Executive Director, System Design and Management Program
MAY 05 2022
ARCHIVES
RECEIVED







Using learning analytics to evaluate design changes in

MOOCs : A case study on assessing course pacing
by
Ahmed Bilal

Submitted to the System Design and Management Program
on August 23, 2019, in partial fulfillment of the
requirements for the degree of
Master of Science in Engineering and Management

Abstract

Experimentation on course design in MOOCs can determine causal factors that pro-
mote learning and can identify aspects of the course where revision is needed. The
presence of heterogeneous samples of learners, the difficulty of defining success met-
rics, and the lack of shared cross-course data are few of the challenges course designers
face to evaluate MOOC:s.

In this thesis, we present a data-driven framework to evaluate design changes
in MOOCs. We explore a change from multiple angles -process, proficiency, and
perception- and apply various analytical methods -temporal, causal and predictive-
to map out the outcome of instruction along multiple dimensions of learning.

We demonstrate the application of this framework by evaluating course pacing on
a repeated run of a supply chain MOOC by MITx. Self-pacing caused completion
rate (-6%), pass rate (-10%), and engagement score (-7%) to drop, although students’
satisfaction with course remained unchanged. The impact of pacing on students’ out-
come was not uniform with some experiencing no change while others encountering a
steep fall. The most striking difference was seen in the longitudinal trajectories, with
instructor-paced students mostly taking the same trajectory and self-paced students
pursuing their own individually paced trajectories. We showed that these trajecto-
ries are correlated with student grade, and students with certain characteristics are
inclined to pursue a specific trajectory.

From these and other observations, we were able to provide practical guidance to
course designers on what instructional materials and practices are satisfactory and
where change is needed.
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Chapter 1

Introduction

“There is a new world unfolding, and everyone will have to adapt.”

-L. Rafael Reif, M.I.T. president, on MOOC in 2013

1.1 What is course design and why is it important?

Course design refers to content, duration, sequencing, and other relevant design char-
acteristics of the elements of a course (including course requirements, possible path-
ways, nature of the content, expected learning outcomes, assessment structure, cer-
tifications, etc.) [55]. Broadly speaking, course design can include all activities or
processes that an instructor carries out to plan for successful student outcome [1].
An effective course design has shown to increase students’ engagement, learn-
ing, and satisfaction with the course [24]. Carolyn Fellahi redesigned her residential
psychology course from a traditional lecture-driven method to a one that includes
multiple modes of learning and found an increase in the score for five of the six
learning outcomes [22]. Bill Weeks overhauled his on-campus programming theory
course from a lecture-assessment driven method to a one that uses team-based learn-
ing and found drastic improvements in students’ morale and satisfaction [72]. Black
and others measured the impact of course design on students’ outcomes in a residen-
tial marketing course and found course design to influence students’ perception and

performance [6]. Kim and others showed that a well-organized course with clear goals,
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relevant assignments, and actively facilitated discussions increased cognitive and crit-
ical thinking abilities of students [29]. Thomas Moore argued that a bad course design
could demoralize students while good design can have an opposite effect, going so far
as to claim that "good course design trump almost everything else" [51].

In spite of the importance of course design, creating efficient course design is not
straightforward and demands a lot of extensive planning and reflection. Researchers
have proposed various frameworks to help instructors with the design process. Univer-
sal design for learning provides a framework to help instructors develop a course that
is accessible to everyone [62]. Integrated course design presents a formal structure
to help instructors determine course goals, activities, and assessments when creating
an integrated course design [24]. Backward course design begins by identifying the
desired outcomes of a course and then planning teaching activities to achieve those
outcomes [15].

Our aim in this thesis is not to comment on how to design an effective course
or what design framework to use; instead, we are interested in developing strategies
to help instructors evaluate course design. Irrespective of what change is made or
what method is used, one needs to perform course evaluation to measure the impact
of a design change on the students’ outcomes and the course. Observations from
the evaluation process can identify aspects of the course where revision is desirable,
providing guidance and inspiration for instructors to kick in the design process again.
A course design is, therefore, a cyclic process in which the breadth and quality of the

evaluation process connect the cycles together [1].

1.2 Course design in MOOCs

Massive open online courses (MOOCs) have been advocated as a solution to lift people
out of poverty, to unlock a billion more brains and to disrupt higher education [26].
At the same time, MOOCSs have been criticized with researchers calling out their low
retention rate, declining enrollment, and general affluence of students as reasons of

why MOOCs don’t work [58]. Regardless of which side one supports, no one can
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deny the enthusiasm and the participation that MOQOCs have generated over the last
six years. Even if MOOCs don’t transform the higher education as was perceived
initially, they are here to stay and will continue to serve millions of learners around

the globe [42].

The digital and open nature of the MOOCs makes course design even more im-
portant. Instructors can not respond to students individually and have to embed
architectural changes in the course to keep their diverse audience engaged [26]. The
digitization of courses adds additional complexity in the design process. Instructors
need to choose how do students interact with the course and how is the material

presented.

Experimentation on course design started soon after MOOCs became popular.
The experimental research on course design to date has centered around two broader
themes: "plug-in experiments" and "complex design experiments" [57]. "Plug-in
experiments" relates to experiments where interventions are made within a course
to boost motivation, memorization, or other common facets of learning. "Complex
design experiments" involves experiments that evaluate the overarching pedagogi-
cal process in MOOCs. These experiments examine theory-based changes to course
content and course structure. In this thesis, we focus mostly on complex design ex-
periments, although the strategies discussed are transferable to plug-in experiments

as well.

Finally, we argue that the course design offers a practical way forward to improve
the high dropout rate of MOOCs. Despite several years of investment in this topic,
the completion rate of MOOCs did not increase [58]. Most research on improving
dropout has centered on demonstrating a positive correlation between student activity
and success [66, 69, 53]. However, these studies have failed to provide instructions
on what can be done to improve learning [57]. Experimentation on course design can
determine causal factors that promote learning and can identify aspects of the course
where revision is desirable. Given that such changes are in the hands of instructors,

design changes can improve teaching and reduce dropout.
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1.3 Evaluating course design in MOOCs

MOOCs offer an unprecedented opportunity for educationalists and researchers to
evaluate course design at a scale and depth never done before. It is for this reason
that the chief executive of EdX has dubbed MOOCs as the "particle accelerator for
learning" [68]. The potential of MOOCs as a research instrument can be attributed
to its two novel features: first being its ability to collect big, diverse data and the
second being its capacity to perform field experiments [33]. On the data front, re-
searchers can now collect learner data that is extensive and comprehensive. This data
comes from thousands of learners that have diverse demographics and socio-economic
background, making it possible for educators to test scientific theories on a broader
population. On the experimentation front, researchers can now conduct field experi-
ments rapidly and economically. These experiments could be randomized or natural
and can be evaluated quickly, helping researchers to test causal relationships between

course interventions and student outcomes.

Despite these affordances, most studies on course design in MOOCs did not pro-
duce significant results [33]. The presence of heterogeneous samples of learners, the
difficulty of defining success metrics, and the lack of shared cross-course data are few

of the challenges researchers have faced in evaluating MOOCs.

In this thesis, we present a framework to evaluate design changes in MOOCs and
demonstrate the application of this framework by evaluating pacing structure on a

repeated run of the same course.

1.4 Challenges of evaluating course design in MOOCs

The impact of course design on learners’ outcomes is little understood. In this section,
we explore the challenges and the limitation faced by educators to carry this stream

of work: ,
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1. Barriers to access shared MOOCs data

One limitation to evaluate course design in MOOCs has been the lack of shared course
data. A researcher can conduct thorough investigations within a course but needs data
from multiple courses to make a robust claim of the impact of particular course design
on student success [57]. There are political, regulatory, and technological barriers to
share data. Therefore, most researchers have either explored design changes in a
single run of the course or examine design changes across courses that differ in many
dimensions. Both these methods limit one’s ability to draw reasonable inference about

the impact of course design in a MOOC.

2. Limitation to conduct randomized experiments

Another challenge is the limitation to conduct a randomized control trial to evaluate
pedagogical approaches in MOOCs. The gold standard to determine the efficacy and
effectiveness of interventions and poli(;y programs have long been the randomized
controlled trial (RCT). Researchers, from the earliest MOOCs, have implemented
several such trials but the scope and the reach of these experiments have been narrow
[13, 34, 40, 47, 4]. These experiments are limited and do not challenge the pedagogical
process. However, researchers are increasingly asking structural questions for which
the RCT may not be a practical (or ethical) option. Consider our study, where we are
comparing the student success in a self-paced course with an instructor-paced course.
There are limitations to conducting a full-scale RCT here: Students may not want
to be randomized, or only atypical participants may be willing to be randomized.
Such experiments also raise ethical issues and require additional resources to run two

courses in parallel.

3. Limited sources of data

Most research on course improvement in MOOCs has relied on self-report measures
from course surveys with relatively low response rates. Surveys can tell a lot about

student’s motivation and their perceptions about the change. However, they introduce
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self-selection into the study, which tends to skew the sample towards more committed
learners who may respond to the treatment differently from those who opted against
taking the survey. The other stream of research has focused exclusively on clickstream
data. Clickstream activity captures student’s behavioral activity in a course at a fine-
grained level. However, they give very little understanding of the student’s thoughts

and intent.

4. Learners varying motivation to enroll in MOOCs

Another limitation is the presence of heterogeneous samples of learners in MOOCs.
Koller [14] and Reich [56] showed that learners come to MOOCs with different intent
and motivation. Recent field experiments on design changes in MOOCs had mostly
produced inconclusive research with researchers attributing the lack of convincing
results in these experiments to the interaction of interventions with the diverse mo-
tivations of individual students [60, 52, 18, 34] . Consider our study where we condi-
tioned the experiment on learners that already had shown firm intention to complete
the course by paying a course fee, but even among them, we observed varying moti-
vation and intent. A change is likely to impact these learners in different ways, and
one must take individual differences into account to determine the true effect of the

change.

5. Lacking outcome metrics

Finally, researchers have struggled to determine what outcome to use to measure
learning. Existing assessment structures such as completion and clicking are limited
and do not support inferences about learning. Reich [57] and Savi [65] identified
various issues with existing assessment statistics and stressed to focus on learning
rather than mere clicking. We tend to agree as these basic statistics obscure the
underlying goal of many changes and interventions. Consider a recent change in one
of our course where we introduced an open response assignment (essay response and
peer-graded component)and measured its impact on student success. It will be naive

to expect to see an increase in completion from such a course change, but the hope is
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that these new type of assessments can increase conceptual understanding or expert

thinking, helping learners to be successful in their professional or academic careers.

1.5 Research Questions

While there exist challenges to study course design in MOOCsS, the benefits of evalu-
ating design changes are many folds. An evaluation can measure how learners respond
to change, telling us more about their motivation and intent. Importantly, an evalu-
ation can identify aspects of the course where revision is desirable.

Considering the importance of evaluating course design in MOOCs and limited

research in this space, the first research question that guided our agenda is as follows:

RQ1: How can we evaluate course design changes in MOOCs? What dimension

needs to be considered, and how can we operationalize the process?

In this thesis, we present a data-driven framework to evaluate complex design
changes in MOOCs. We explore a change from multiple angles -process, profi-
ciency, and perception- and apply various analytical methods -temporal, causal and
predictive- to map out the outcome of instruction along multiple dimensions of learn-
ing. Such an approach goes beyond the traditional viewpoint of comparing courses
with a single monolithic metric (completion, certification, etc.) and provides in-
structors with practical guidance on what instructional materials and practices are
satisfactory and where revision is required.

We demonstrate the application of this framework by evaluating course pacing
on a repeated run of a MOOC by MITx. Pacing refers to how a cohort of learners
engages with the material in the course.

Our analysis on pacing is based on an introductory course on supply chain (SC0x
- Supply Chain Analytics) by MIT that has been offered six times since 2016. The
first five-run of the SCOx were instructor-paced. These courses followed a set schedule

where lessons were released weekly, and assignments were due every week. Students
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take a scheduled midterm and a final exam. In 2019, the pacing structure of SCOx was
changed to self-paced. With this change, all of the course materials were released as
soon as the course started. Learners were able to watch videos and practice problems
through the course at their speed. While there is no midterm, the self-paced course
did have a scheduled final exam. Apart from the pacing, the content and other aspects
of the course structure did not change.

Given the pedagogical uniformity between the two versions, the self-paced version
of SCOx provides an exciting opportunity to evaluate the impact of course pacing on
students’ performance.

To investigate the effect of student-pacing on student success, we explored the

following research questions:

RQ2: How do students behave and act across the two versions of SCOx?
RQ3: Is there any impact of course pacing on students performance?
RQ4: What are the perceived effects of course pacing on students’ learning experi-

ence?

Our analysis only considers verified learners. Verified learners are those that have
paid a fee to demonstrate their intent to earn a credential with labor market value.
We focus on verified learners because 1) these learners have access to all of the content
in the course including exams, enabling us to perform a comprehensive review of the
change and 2) Even among verified learners, the completion rate has remained low
at around 50%, indicating that there are plenty of opportunities to support these

learners.

1.6 Contributions

The thesis aims to provide a data-driven framework to help faculty and course de-
signers evaluate course design changes in MOOCs. In an intent to remain thorough,

we explore a change from multiple angles. Our contributions in this thesis include

24



the following;:

e Formally proposed a framework to evaluate course design changes in MOOCs
and demonstrated the application of the framework by evaluating course pacing

in MOOC:s.

e Defined an engagement score that captures students’ engagement in MOOCs

across multiple dimensions.

e Integrated clickstream, survey, course meta, and achievement data to examine

student’s interaction during MOOC:s.

e Developed a temporal classification method to identify longitudinal engagement

trajectories in MOOQOC:s.

e Applied causal inference methods to estimate the impact of course design on

students’ performance.

e Used machine learning methods to understand the impact of course design on

dropouts.

e Shared guidelines for faculty and course designers involved with running or

creating open online courses.

1.7 Thesis Overview
The remainder of this thesis is organized as follows:

e Chapter 2 reviews the literature relevant to our topic. We begin this chapter
by reviewing existing work on experimental research in MOOCs, and later, we

explore previous work on course pacing in MOOCs.

e Chapter 3 presents our methodology and outlines the basic components of our
4
framework. We also define the engagement score in this chapter and identifies

a possible way to operationalize it.
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Chapter 4 outlines the experimental setup that we use to explore pacing in

MOOCGCs.

Chapter 5 reviews our approach to data collection. We begin this chapter
by presenting details on the course structure and content, and later, we share

sources of data and the list of covariates extracted from the online platform.

Chapter 6 and 7 examine events taking place in the course and compare them
across both the versions of the course. In chapter 6, we explore events from a
static point of view, i.e., we are concerned with the final state of the activity
and not what path was taken to reach to that final state. In chapter 7, we
present a temporal analysis of learner’s engagement, i.e., we are interested in
tracking learners’ behaviors over time (weeks) and investigate if indeed a shift

to the student-pacing has changed this behavior.

Chapter 8 investigates the impact of course pacing on student success. We
employ causal inference methods to draw a causal connection between pacing

and student success metrics.

Chapter 9 provides more explanation on the mechanism behind the dropout
across both the versions. We employ predictive modeling methods to identify
factors that are correlated with dropout. We also explore the transferability of

predictive models between the two versions of the same course.
Chapter 10 examines student perception of the design change.

Chapter 11 summarizes the key findings of the thesis and provide guidelines for
course developers. We also identify the limitations of our research and share

possible future directions.
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Chapter 2

Literature Review

In this chapter, we review the literature relevant to our topic. We begin this section
by reviewing existing work on experimental research in MOOCs. Later, we zoom into

one type of complex design change in a MOOC: course pacing.

2.1 On Experimental Research in MOOQOCs

The experimental research in MOOCs to date has centered around two broader
themes: "plug-in experiments" and "complex design experiments" [57|. In this thesis,

we focus on the later, although our methods apply to the former, as well.

2.1.1 Plug-in experiments

"Plug-in experiments" relates to experiments where interventions are made within a
course to boost motivation, memorization, or other common facets of learning [57].
Anderson and others [3] investigated the impact of "virtual badges" on engagement
in discussion forums. They employed a causal inference framework to control for
the heterogeneous population within MOOCs. An increase in forum activities was
observed for some students, but overall, the results were limited. On a similar line,
Coetzee and others [41] experimented to explore the effect of follow-up emails on

participation in discussion forums. Similar to Anderson, they also leveraged math-
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ematical techniques from causal inference method to account for the heterogeneous
population of MOOCs. They witnessed increased participation from already active
students but found no impact on other students. Kizilcec and others [37] examined
the impact of encouragement emails on engagement in discussion forums. They split
learners into three groups and plotted forum posts across the number of weeks for each
of the group. They found encouragements to be ineffective in motivating learners to
participate. Renz and others [59] explored the impact of emails on lecture and forum
participation in MOOCs. They introduced an A /B testing framework in MOOCs but
found inconclusive results for the experiment. Borella and others [7] combined pre-
dictions with email interventions to motivate at-risk students to participate in exams.
They used prior data of the course to predict students that are at the risk of dropout.
Similar to Kizilcec, they found emails to be an ineffective tool to motivate students.
Apart from emails, others have used surveys and peer discussion as an intervention to
improve social engagement in the course [35, 10]. In summary, the focus of most re-
search on "Plug-in experiments" has been to increase forum participation in MOOCs.
Emails have been the most common interventional tools in these experiments with
some researchers experimenting with incremental in-course designs. The most com-
mon methodology has been A/B test with some researchers combining it with causal
inference framework to account for heterogeneous populations in MOOCs. Overall,

the results of these experiments have yielded small or non-significant results.

2.1.2 Complex design experiments

"Complex design expefiments" involves experiments that evaluate the overarching
pedagogical process in MOOCsS [57]. These experiments examine theory-based changes
to course content and course structure. The literature on "Complex design experi-
ments" is limited. Renz [60] introduced "onboarding videos" to familiarize learners
with course structure and content but found no increase in engagement metrics. Kizil-
cec [34] and others examined the impact of instructor’s face in a video on information
retention and attention. They conducted their experiments outside MOOC on a rela-

tively small group and used surveys to capture learners perception of the intervention.
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No impact on engagement was observed, although learners did prefer watching videos
with the instructor’s face. Davis and others [18] investigated the effect of weekly
reflection and course competition. They asked learners to summarize the content
and next-week plan at the end of each week and measured engagement with and
without this intefvention. They observed no impact on completion and engagement.
Fisher [25] studied the impact of curriculum on learning in a fascinating study on
a MOOC course on copyright laws. “He randomly assigned students to one of the
two curricula—one based on U.S. case law and the other on global copyright issues—
and use data from various source to evaluate the curricula. Overall, there have been
limited studies on complex course design in MOOC with most studies founding no
significant improvements in learning outcomes. The interventions in "Complex design
experiments" are complex where design changes had to be baked in the architecture
of MOOCs. The analytical methods and outcomes metrics vary in each case. The
lack of standardization in evaluating these changes restricts the application of these

experiments on other courses.

2.2 On Course Pacing in MOOCs

Pacing refers to how a cohort of learners engages with the material in the course [20].

2.2.1 Synchronous course delivery

A course is said to be synchronous if the learners have to follow a set schedule to go
through the course material. That is, the course has a fixed start and end date; the
videos need to be watched by the learners at the same time, and there are a series of
due dates for assignment and exams along the way [52]. The benefit of synchronous
design is that it fosters a sense of community by encouraging students to progress as

a cohort. Most traditional courses are synchronous.
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2.2.2 Asynchronous course delivery

On the flip side, a course is said to be asynchronous if the learners can engage with
the course material at any pace. That is, there is no start and end date; the learners
can watch videos at any pace, and there are no due dates of the assignments and
exams [52]. The benefit of asynchronicity is that it offers learners the flexibility to
participate in a course at any pace. Courses that are perfectly asynchronous includes

MIT Open Course Ware, Khan Academy.

2.2.3 Semi-synchronous course delivery

MOOC s, on the contrary, are semi-synchronous. That is, they enable learners to go
through a course at their own pace with certain restrictions. The intensity of restric-
tions varies a lot within MOOCs, with some courses prioritizing flexibility while oth-
ers lean more towards community development. The trade-off between asynchronicity
and synchronicity in a MOOC is a design choice, and it is up to the course designer
to determine what decision to make. Nevertheless, the pacing is one of the distinc-
tive features of MOOCs, and the level of synchronicity can fundamentally alter the
structure of the course. Broadly speaking the pacing in MOOCSs can be further di-
vided into two sub-categories. Both of these categories are semi-synchronous, but the

intensity of synchronicity varies between them.

Instructor-paced

Instructor paced courses follow a set schedule. The course team sets specific due
dates for graded assignments and exams, and students complete the course within a
defined time period. The course materials in the instructor-paced courses are released
at specific times as the course progresses. An instructor pace course generally has
multiple deliverable spreads throughout the courses. Students need to complete these

deliverable with the passing grade to be granted a certificate.
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self-paced

self-paced courses do not follow a set schedule. All of the course materials are released
as soon as the course starts. Students can thus watch videos and practice problems
through the course at their own speed.

The course team could structure self-paced courses in multiple ways. A popular
format is one where assignments and exams do not have due dates so that students
can complete the course at their own speed. In this format, students are issued
certificates as soon as they have a passing grade in the course.

Another approach is to have at least one deliverable with a fixed due-date and
issue certificates to students with a passing grade at the same time. Students could

still complete the other course content at their own pace.

2.2.4 Related Work on Pacing

Nesterko and colleague [54] examined the relationship between the use of strict due
date in MOOCs and course completion rates. They found that stricter due dates
are associated with a 2% increase in certificate attainment rates. However, the ten
courses they examined differed in content, design, student population, and many
other dimensions. So while they saw an increase in completion in courses with strict
dates, the author cautioned readers not to assert any causal link from this study.
Along similar lines, Topolovec [70] explored the link between course delivery mode
(student- paced or instructor-paced) and learners success. She also found the self-
paced course to be correlated with a lower completion rate. And while she examined
35 different courses, these courses differed in content, course design, length, and
population demographics. The author also cautioned the reader not to draw any
causal relationship between course mode and the success, instead suggesting that
more study is required to understand this relationship.

Outside MOOGCs, a study of the traditional online course by France-Harris and
others [67] and others compared the self-paced and instructor-paced delivery mode

of a specific course. They found the self-paced course to be equally, or even more
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effective than the instructor-paced course. However, their experimental design had
multiple limitations. First, the experiment was conducted on only 96 students in a
controlled environment, a setup which differs from authentic MOOCs environment.
Would such results hold in an actual MOOCs? Secondly, the author modified the
self-paced course by incorporating design changes and by setting a minimum GPA
requirement to enroll in the course. The GPA requirement runs counter to MOOC
stated goals. Would we have seen the same results had both the self-paced and
instructor paced course remained the same?

Reich and Mullaney [52] compared consecutive run of the same course with dif-
ferent pacing, self-paced, and instructor paced. They found few differences and non-
significant differences in persistence, participation, and completion between the two
runs. This study is the first one that established a causal relationship between pacing
and learner outcome. However, the study does have limitations. First, the course
they examined in the study, HerosX, is a non-technical course with an inadequate
assessment structure. Are the results applicable in a quantitative course with a more
comprehensive assessment structure? Secondly, the study examined only one possi-
ble outcome, certificate attainment. How does the self-paced course impacts other
metrics and learning in general?

In summary, course pacing is one of a fundamental design choice that instructors
have to make while creating MOOCs. The research literature on the impact of course
pacing on learner outcome is limited. This makes it an interesting problem to explore

with our framework.
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Chapter 3

Framework to evaluate course design

in MOOCs

The goal of evaluating course design is to determine the effect the course has on learn-
ers. Inspired by Cronbach’s chapter on course evaluation from the book "Evaluation
in Education and Human Services," we define the following two broad principles that
define course evaluation [31]:

Outcomes of instruction are multidimensional, and a thorough evaluation needs to
map out the effects of the course along these dimensions independently. Separately,
each of these dimensions is narrow, and only by looking at them collectively, robust
inferences about learning can be made.

A thorough evaluation needs to identify the aspects of the course where revision
is desirable. This requires a broad understanding of the learners, the content of the
course, and most importantly, learners’ interaction with the course content. Only by
understanding these behaviors, one can make robust inferences on what can be done
to improve the course.

We built on the work done by Cronbach on course evaluation in a traditional
setting and expanded it to a MOOC environment [31]. Our framework consist of the

following three components:

o Process Measures
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e Proficiency Measures

o Perception Measures

3.1 Process Measures

"Process Measures" examines events taking place in the course. Specifically, it studies
student behavior and their interactions during instruction. The ability of MOOCs
to capture fine-grained data provides an exciting opportunity to explore the instruc-
tional process at detail and depth never seen before. Process Measures holds special
importance in the course evaluation process as it can provide key insights on how to
improve the course.

We recommend answering the following questions to understand the student be-

havior and their interactions during instruction:

¢ Course components: How do learners engage with course components (Videos,

problems and forums) with and without the change?

e Course contents: How do learners engage with specific course content (lec-
tures, recitation, quick questions, practice problems, etc.) with and without the

change?

e High-achievers: How does the behavior of "high-achievers" and "low-achievers"

differ across the change?

e Learners’ performance: What is the relationship between learners’ grade and
the way they engage with the course? How has this altered with the change in

course design?

¢ Completion: How do completers and dropouts behave before and after the

change?

e Learners’ pathway: How does learner’s behave over time (weeks)? How has

this behavior evolved with the change in course design?
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3.2 Proficiency Measures

"Proficiency Measures" examines changes observed in the learners. Existing profi-
ciency measures in MOOCs such as completion and clicking are limited and do not
support inferences about learning. A broader approach is required that goes beyond
the current monolithic view of completion and takes into consideration the varying
needs of the diversion population of MOOCs. To address this challenge, we defined
an engagement score that captures students’ engagement in MOOCs across multiple
dimensions. We present details of it in the later section of this chapter.

We recommend answering the following questions to understand the impact of

course design on students’ success:

e Definition:What are the success metrics to track?
e Impact:What is the impact of course design on students’ success metrics?

e Sub-populations: Is the difference in students ’success consistent across all
students, or does it vary across sub-populations? Which population is impacted

the most?

3.3 DPerception Measures

"Perception Measures" examines students increase in interest in the subject, inter-
personal outcomes (e.g. cooperative abilities), intrapersonal outcomes (e.g. self- un-
derstanding), and other broad course outcomes" [12, 38]. Even though we have taken
a broad definition of the success metrics, none of the quantitative metrics can truly
tell us what motivates learners and what happens in their head during the course.
Student perceptions of learning have also been found to be much highly correlated
with the overall ratings of teaching effectiveness [64, 11].

We recommend answering the following questions to capture student perception

of the change:
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e Interest: Does the course design increases or decreases students interest in the

subject?

e interpersonal: How are the interpersonal outcomes (e.g., cooperative abilities)

impacted by the change?

e intrapersonal: How are the intrapersonal outcomes (e.g., self- understanding)

impacted by the change?

e course components: Does the student perception of the course and its asso-

ciated components differs before and after the change?

3.4 Analytical Methods Employed

In this section, we summarize the methods employed to perform analysis in each of

the sections discussed above.

3.4.1 Data Acquisition and Integration

We integrate clickstream data with a demographic, survey, and course metadata to
create a 360-degree view of students’ interaction with the course. The activity data,
captured through clickstream in MOOCs, provides a record of learner activity of
unprecedented scale and resolution. MOOCSs have a diverse student body, and the
demographic data enables us to identify the groups with specific demographics and
socio-cultural traits. Survey data provide us insight on student attitudes and per-
ceptions in the course. Finally, course metadata gives us information on the course
structure and instructional materials. While each of these sources is valuable, the
real values come when these disparate sources of data are combined to create a trace

of students’ interaction during the course across many dimensions.
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3.4.2 Identifying sub-populations

We decomposed the overall learner population to sub-groups that behaves similarly
or responds to changes similarly. In general, our philosophy has been to deconstruct
the large student body to smaller groups whenever possible and measure the effect
of treatment on each of the groups separately. We rely on unsupervised machine
learning methods to identify clusters and causal inference methods to compare the

effect of treatment on a group.

3.4.3 Static and Dynamic Analysis

We performed both static and temporal analysis on the data to examine student
interaction between different courses and during the duration of the course. Temporal
analysis can expose students pattern and behavior over time, giving us more fine-

grained and insightful information on how to design course chapters.

3.4.4 Causal and Predictive Methods

We performed backward-looking (causal) and forward-looking (predictive) analysis to
understand what causes students to behave in a certain way and how this behavior
is likely to impact student success. Causal inference enables us to establish a causal
link between a design change and student success while predictive models can provide
more explanation on the mechanism behind the outcome of interest. The latter is
also important as it can enable MOOC providers to provide target interventions or

personalized delivery to students.

3.5 Defining Student success

We define student success in terms of the following metrics: completion, pass rate,

and engagement.
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3.5.1 Completion

A student completes the course if they attempt the final exam at the end of the
course. A related metric is a dropout, which captures students that drop out of the

course before the final exam.

3.5.2 Pass rate

A student passes the course if it achieves some pre-determined grade threshold for

the course (60% in our case).

3.5.3 Engagement

A lot of research has been done on student engagement, but to date, the term is
still not well defined. Kuh[39] , Robinson and Hillinger[61] and Handelsman, Briggs,
and Towlers[27] have made important contributions in defining student engagement,
although the focus of their effort has been on the traditional classroom setting.
Dixon|[19] expanded the concept of student engagement to online learning, and we
use her definition in our study. In Dixon words, "A student is engaged if they use
time and energy to learn the material, demonstrate that learning, interact with oth-
ers in the class and become emotionally involved with their learning." Dixon [19]
developed a Student Engagement Scale (OSE) and demonstrated its reliability and
validity by performing multiple pilot study. In the same study, the OSE scale was
shown to significantly and positively correlate with online student behavior as tracked

by course management software.

We expanded on the OSE scale and linked it with actual online student activity
to create a new quantitative score. We call this score engagement score (ES). The
engagement score is a mix of the following three components: Academic Engagement,
Cognitive Engagement, Social Engagement. The engagement index is a mean of these

components.
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Academic Engagement:

A student is academically engaged score if he or she participate in academic activ-
ities throughout the course. We use course videos as a proxy to measure academic
engagement. Previous research on academic engagement has shown video views or
assignment submissions to be an effective measure in measuring engagement [36]. We
avoid using assignment submissions in our measurement of academic engagement as
the version of the course understudy doesn’t have any mandatory assignments. We
do, however, recommend that assignments to be included in academic engagement if
course do have required graded assignments. The equation 3.1 shows our formulation

of academic engagement.

unique videos watched

Academic Engagement = (3.1)

total required videos
Cognitive Engagement:

A student is cognitively engaged if he or she make efforts to understand what is
being taught, internalize learning and effectively demonstrate that learning. Unlike
academic engagement, it is difficult to measure cognitive engagement directly. We
rely on multiple proxies to infer student’s cognitive engagement within the course.
We use assessments to infer if a student is indeed learning [57]. We combine this with
video pause events and rewatching pattern as previous research has shown to provide
evidence that these events indicate a higher level of cognitive engagement [3, 66]. The

equation 3.3 shows our formulation of cognitive engagement.

problems attempted
0, * total problems
videos rewatched

Cognitive Engagement =

(3.2)

0, * total videos
videos pause event

0, * total videos watched

39



where 8,, , and 6, are thresholds that are determined experimentally by taking
into consideration previous course distributions of these parameters and instructors

expectation.

Social Engagement:

A student is socially engaged if he or she interact with others in the course, in a
meaning full way. We operationalize this by using discussion forums as a proxy for

student’s interaction in the course.

forum active events

Social Engagement =
Ofa

forum passive events

O
n forum post length

(3.3)

Gﬂ

Where forum active events include the sum of all click events that are generated
when a user posts or like a comment. On similar lines, passive events include all
events that get generated when a user access a forum, searches a forum, or read a
post. Finally, 6y,, 05, and 0, are the thresholds that are determined experimentally

by taking into consideration previous course distributions and instructors expectation.

3.6 Data-driven Framework to evaluate course de-
sign changes

In this section, we present a table that summarizes the key components of our Frame-

work.
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Table 3.1: Data-driven Framework to evaluate design changes in MOOCs

Topic Analysis Method Sources
of Data
Process 1. How do learners engage with course -Unsupervised clickstream,
Measure components learning to identify course
(Videos/problems/forums) with and sub-populations metadata,
without the change? -Statistical testing achieve-
2. How do learners engage with to compare changes  ment
specific course content (lectures, -Time series analysis data

recitation, quick questions, practice
problems, etc.) with and without the
change?

3. How does the behavior of

" high—achievers " and "low-achievers"
differ across the change?

4. What is the relationship between

learners’ grade and the way they

engage with the course? How has this

altered with the change in course
design?

5. How do completers and dropouts
behave before and after the change?
6. How does learner’s behaviors over
time (weeks)? How has this behavior
evolved with the change n course

design?"
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Topic Analysis Method Sources of
Data
Proficiency 1. What are the success metrics to -Unsupervised clickstream,
Measure track? learning to identify course
2. What is the impact of a course sub-populations metadata,
design change on students success -Causal inference to  achieve-
metrics? measure the effect of ment
3. Is the difference in students success treatment on success data
consistent across all students, or does  metrics
it vary across sub-populations? Which -Supervised learning
population is impacted the most? to understand the
mechanism behind
the outcome of
interest
Perception 1. Does the course design change -Statistical testing survey
Measure increases or decreases students interest to compare changes

in the subject?

2. How are the interpersonal outcomes
(e.g., cooperative abilities) impacted
by the change?

3. How are the intrapersonal outcomes
(e.g., self- understanding) impacted by
the change?

4. Does the student perception of the
course and its associated components

differ before and after the change?
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Chapter 4

Case Study: Evaluating pacing in
MOOCs

The course under study here is the first course (SCOx - Supply Chain Analytics) among
a series of five courses that learners pursue to receive an MITx MicroMaster certificate
in the supply chain (MITx MicroMasters® program in SCM) [50]. Each course, however,
is independent and on successful completion of the course, learners are issued a course
certificate. The first course in the Micromaster program is abbreviated as SCOx while the
last course is SC4x (Supply Chain Technology and Systems), where the numbers represent
the recommended sequence of the course. Collectively, they are known as SCx courses.

The first course, which we will call SCOx for the rest of the document, introduces learners
to analytical tools and methods used in the supply chain. The course is designed to give
both novices and specialists supply chain professional sufficient mathematical maturity to
undertake future academic course work in the supply chain. The course is a recommended
pre-requisite to all the subsequent course in the MIT supply chain series. SC0x, for obvious
reasons, is of prime importance to the Micromaster teaching team as it offers an entry point
into the program. It has the highest enrollment and unfortunately the highest dropout
among all the other courses. The analytics of this course is well studied, and the previous
course changes n late 2017 to improve the course content had led to reduced dropout and
improved the pass rate.

SCO0x was first offered in 2016 as a stop-gap to support existing SCx learners to get a solid

foundation in mathematics (See figure 4-1 for history of SC0x). Previous to that, SClx was
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the de facto entry point to the Micromaster program. Feedback from the learners and faculty
pointed out to create a refresher course on mathematics for supply chain professionals, and
thus SCOx was born. The first run of the course ran for a shorter duration, had a different
structure, and targeted current learners in the Micromaster program. SCOx then went
through a comprehensive redo, and the first full-fledged version was launched in early 2017.
Another series of changes were made at the end of 2017 to refine the content and assessments.
We don’t use data from 2016 run of the SCOx as that version of the course differed both in
its structure and intent.

The first five-run of the SCOx was instructor-paced. The courses followed a set schedule
where lessons were released weekly, and assignments were due every week. There were
eight graded assignments, distributed throughout the courses, in addition to a midterm in
6th week and a final in the week. The distribution of the grades was as follows: graded
assignment (20%), midterm (35%), and final (45%). Learners who score 60% of above were

granted course certificate.

In 2019, the pacing structure of SCOx was changed to self-paced. With this change, all
of the course materials were released as soon as the course started. Learners were able to
watch videos and practice problems through the course at their speed. Graded assignments
and midterm exam were removed, and the only graded content kept was the final exam.
The final exam contributed 100% to the course grade. The final exam had a fixed due-date,
and learners with a passing grade in the final exam were issued course certificate.

In terms of content and sequence, the self-paced version of SCOx was identical to the
instructor-paced version of SCOx. The duration of both the courses was also the same.
The timing of the content release was the major difference between these two-course type,
although other changes did emerge as a consequence of the change in timing.

The table 4.1 compares the self-paced and instructor-paced course in terms of timing
and content. The content and duration are identical. Graded content in the instructor-
paced course is distributed throughout the course while in self-paced, 100% of the grade
is assigned to the final exam. Graded assignments from instructor-paced were converted
to practice problems, and while the total number of problems remain the same, ungraded
assessments have increased slightly in self-paced courses. The enrollment and verification
deadlines were pushed further into the course. These changes are consequences of change in

timing between the two courses, although we argue that one must control for these changes
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[] Instructor-paced
[] Student-paced

SCOx SCOx SCOx SCOx SCOx SCOx
372016 | 1T2017 | 372017 | 1T2018 | 3T2018 | 172019
Soft Lunch: I First major Minor change: Pacing
SCOx launched on a trial release: Few of the videos change:
basis to expose current First major and assessments Course pacing
students in SCx program release of SCOx were re-created changed to
with mathematical concepts with structure student-paced

similar to others
SCx courses

Figure 4-1: History of Supply Chain Analytics (SC0x) MOOC from 2016-present.
SCOx was soft-launched in the third quarter (3T) of 2016 and formally launched
in the first quarter (1T) of 2017. It remained an instructor-paced course until it
transitioned to student-pacing in the first quarter (1T) of 2019.

Table 4.1: Comparison of course content across the versions of SCOx

Instructor-Paced self-paced
Content release sequential all at once
Number of runs 5 1
Total audit students 21434" 18607
Total verified students 1633" 1827
Verified conversion ratio 8% 10%
Total weeks 12 12

Enrollment deadline
Verification deadline

3 wks after course starts
4 wks after course starts

9 wks after course starts
9 wks after course starts

Grade Distribution

Assignment (20%)
Midterm (35%)
Final (45%)

Final (100%)

Total hours of videos
Total ungraded problems
Total graded problems

1061"
376"
102*

1098
410
13

*
Averaged over five runs

45



to measure the true impact of pacing on student success.

The table 4.2 compares the self-paced and instructor-paced course in terms of demo-
graphics (See Appendix for demographic changes over all previous runs of the course). A
chi-squared test is performed on each dimension. The tables report the statistical and prac-
tical significance of the comparisons. The latter is reported in terms of phi-coefficients. By
convention, phi>.7 is considered a large effect, phi>.05 large and phi>0.3 a medium effect.

We do observe some differences in the composition of demographics, but the effect size
is weak, although significant. The most noticeable change is seen in mean age where a
25% increase is observed in learners in the age bracket from 30 to 40, and a similar percent
decrease is seen in learners in the age bracket from 20 to 30. Why did this change happen?
Without additional data, one can not present any statement on the reason for this shift.
Our best explanation is that the self-paced course incentivized more working professionals
to enroll in the course, thus leading to an increase in learners in the age bracket from 30 to
40. Apart from age, other demographics features remain mostly the same.

Thee table 4.3 compares the self-paced and instructor-paced in terms of registration
and joining date. A noticeable change is observed in the verification deadline that is both
statistically significant and has a large effect size as well. This change, however, is expected
as by pushing the date further, we removed the students’ incentive to pay for the course
verification earlier. Can this negatively impact completion or pass rate? We explore this
aspect in more details later.

Finally, we compare data from the entrance survey for the self-paced, and instructor
paced course (Figure 4.4). We conditioned here on learners that have responded to the
entrance survey (60%). These learners are more likely to complete and pass the course,
and thus, care must be taken to generalize this result for the whole student body. The
composition of responses remains quite the same, implying that employment structure and
reason to enroll has not changed within the different types of courses.

The instructor and self-paced version of SCOx are similar along many dimensions and
differ only by pacing. Few changes did emerge as a consequence of a shift to student-pacing:
grade distribution, registration deadline, and some subtle demographic changes. If we can
control for these changes, then the self-paced run of SCOx provides an exciting opportunity

to evaluate pacing on MOOCs.
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Table 4.2: Comparison of demographic features between across the
versions of SCOx. A chi-square test is performed on each dimension.
The table reports the statistical and practical significances of the com-
parison. The former is reported in terms of p-value and the later in
terms of phi coefficient.

Instructor Student| ¢  p-value

gender: female 22.7% 25.4%

gender: male 77.1% 74.4% 0.064 0.023*
gender: others 0.2% 0.2%

age: 0-20 0.3% 0.2%

age: 20-30 36.9% 29.5%

age: 30-40 44.7% 55.1% = | 0.211 0.000***
age: 40-50 13.3% 10.6%

age: 50+ 4.8% 4.7%

edu: jr high school 0% 0%

edu: high school 6% 5%

edu: associate 2% 3%

edu: bachelor 50% 52% 0.148 0.053
edu: masters 38% 3%

edu: PhD 2% 2%

edu: others 17% 16%

country: US 32% 30%

country: IN 11% 13%

country: BR 5% 5%

country: MX 3% 2% 0.087 0.033*
country: CN 3% 3%

country: CA 3% 3%

country: ES 3% 2%

language: (25<x<50) 17% 16%

language: (50<x<75) 41% 44% 0.046 0.138
language: (75<x<100) 42% 40%

hdi: (x<0.5) 1% 0%

hdi: (0.5<x<0.7) 21% 24% ok
hdi: (0.7<x<0.9) 30% 29% 0.094 0.008
hdi: (x>0.9) 49% 47%

os: Windows 86.1% 88.9%

os: Mac OS X 12.4% 10.2% *
os: Mobile OS 1.0% 0.6% 0.0870.031
os: Linux 0.5% 0.0%

Note: ¢ is the phi coefficient for chi-square test. * p < .05 ** p < .01 *** p
< .001
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Table 4.3: Comparison of enrollment and verification timing across the versions of SCOx.
A chi-square test is performed on each dimension. The table reports the statistical and
practical significances of the comparison. The former is reported in terms of p-value
and the later in terms of phi coefficient.

Instructor Student | ¢  p-value
enrollment: 30 days before course 40% 36%
enrollment: 14 days before course 14% 12%
enrollment: Before start of course 23% 22% 0.051 0310
enrollment: within 14 days of course start  18% 16% ' '
enrollment: within 30 days of course start 5% 5%
enrollment: after 30 days of course start 0% 9%
verification: 30 days before course 11% 18%
verification: 14 days before course 6% 6%
verification: Before start of course 14% 19% 0.803  0.00%**
verification: within 14 days of course start  20% 20% ' '
verification: within 30 days of course start  48% 8%
verification: after 30 days of start of course 1% 29%
edx_join: Before 1 year 36% 38%
edx_join: Before 1 month 36% 35% 0.116  0.00%**
edx_join: Before start of course 19% 15% ’ ’
edx join: After start of course 9% 11%

Note: ¢ is the phi coefficient for chi-square test. * p < .05 ** p < .01 *** p < .001
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Table 4.4: Comparison of entrance survey features across the versions of
SCOx. A chi-square test is performed on each dimension. The table reports
the statistical and practical significances of the comparison. The former is
reported in terms of p-value and the later in terms of phi coefficient.

Instructor Student | ¢  p-value
employment: Unemployed 9% 9%
employment: Employed 78% 80%
employment: Full-time student 10% 8% 0.042 0.498
employment: Retired 0% 0%
familiarity: Not at all familiar 6% 4%
familiarity: Slightly familiar 16% 14%
familiarity: Somewhat familiar 48% 49% 0.075 0.033*
familiarity: Very familiar 24% 27%
familiarity: Extremely familiar 5% 6%
language: Weak 0% 0%
language: Basic 0% 1%
language: Intermediate 11% 11% 0.055 0.270
language: Fluent 58% 57%
language: Proficient 31% 31%

Note: ¢ is the phi coefficient for chi-square test. * p < .05 ** p < .01 *** p < .001
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Chapter 5

Data Collection and Feature

Engineering

In this chapter, we provide our approach for data collection. We begin by presenting details
on the course structure and content. Later, we share sources of data and the list of covariates

extracted from the data.

5.1 Course Structure and Content

5.1.1 Course Structure

All of the SCx courses consist of twelve weeks: a welcome week, eight content-based weeks,
two prep-weeks, one Midterm exam, and one Final exam [49]. Each week is released on
Wednesdays at 15:00 UTC. Graded assignments and exams are also always due at 15:00
UTC on the specified day.

‘Welcome Week

Week 0 is Welcome Week, and it provides information on course logistics, software, and

background material that should help students prepare for the course.
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Content-based Week

Prep Week: Week 5 and 11 are the prep-weeks. These weeks are meant to give breathing
space to students to prepare from the midterm and final exams. No new graded assignments

or new contents are released in these weeks.

Exam Week

Week 6 and 12 will consist of a midterm and final exam, respectively. The midterm exam

is worth 35% of the total grade. The final exam is worth 45

5.1.2 Course Contents
Lecture Videos

Each content-based week usually has two lessons. Each lesson consists of a bundle of short
videos interspersed with Quick Questions and discussions. Each video is between 2 to 12

minutes, and a whole lesson ranges from 40 to 60 minutes.

Recitations Videos

These are the videos that explain how to solve a problem using a specific method. Recitations

are optional but highly recommended.

Quick Questions

Quick Questions (also known as finger exercises) are optional and ungraded questions inter-

spersed in lecture videos that teach the content discussed in the video.

Practice Problems

Practice Problems are ungraded problems that enable students to practice and test their
skills on concepts covered in that week. Each problem has multiple parts, and students are
encouraged to view the detailed explanation after they have attempted the problem. Like

quick questions, these problems are not graded and are optional.
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Supplemental Material

These materials are available for verified MicroMasters students and are will also have access
to supplemental videos, documents, and practice problems. These materials are intended to
round out the supply chain education of the student - but are not covered in the Graded

Assignments or Final Exam.

Graded Assignments

There are eight weekly Graded Assignments, and they are worth 20% of the total grade.
Each content-based week contains one graded assignment section. Graded assignments are

due two weeks after the week is released.

Midterm Exam

There is one midterm exam, and it is worth 35% of the total grade. The midterm exam is
released at the start of week 6 and due after a week. Unlike graded assignments, a midterm
exam has a time limit associated with it and must be completed within the allowed duration

(generally 3 hours).

Final Exam

The final exam is released in the last week of the course (week 12) and is worth 45% of the
total grade. Like the midterm exam, it is made available for only one week. Also similar to

midterm, the final exam is timed.

5.1.3 Types of Learners

Learners who enroll in the course can be classified into two groups: Verified and Audit.
Verified learners pay for the course, can access graded course content and are issued course
certificate on successful completion of the course. Verified learners also have access to
supplemental material, which contains additional and optional information on the subject.
Audit learners, as the name suggest, are in the course to audit the course. They don’t pay
any course free and are not issued any certificate at the completion of the course. Audit
learners have access to all course videos and most ungraded problems(except the problems

in the supplemental material ) but can’t access any of the graded content in the course.
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5.2 Data Systems and Sources

5.2.1 Learner Demographics Data

Information about learner demographics is extracted from the course registration page.
This includes traditional demographics data as well as static user data related to the online
environment such as user device, user operation system, registration date, etc. The inclusion
of traditional static learner data remains vital, given the well-established correlations that

exist between this data and student success.

5.2.2 Survey Data

Pre- and post-course surveys are used to get insights into student attitudes and perceptions.
Both these surveys reveal greater insight on student’s motivation and their intent to join
the course. However, these surveys are optional and self-recorded, and therefore, the data
from these surveys is often limited and is subject to various response biases. Specifically, We
noticed that the response rate for exit surveys are really low as a large part of the learners
have dropped out of the course before reaching to that stage. Nevertheless, we believe
that ours is one of a few studies where data from the survey has been used in conjunction
with online course activity data to develop student success models and intervention analysis

methods.
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Table 5.1: List of demographic features extracted from the platform

Name Description

u;  user.gender gender, as specified by the student

Ug  user.age age, as specified by the student

us user.level of education level of education, as specified by the student

u4 user.country country of residence, as specified by the student

us user.date joined date when the student joined edx.com

ug user.ast login date when the student last accessed the course web-
page

uy user.enrollment date date when the student enrolled in the course

ug  user.verification date date when the student changed enrollment status
from "audit" to "verified"

ug  user.english_index English Proficiency Index of the country (u4)

ujo user.hdi Human Development Index of the country (u4)

u11  user.browser.median median type of browser used by the student to ac-

cess the course webpage

112 user.os.median median type of os used by the student to access the
course webpage
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Table 5.2: List of features extracted from entrance survey

Name Description

81 survey.ent_responded Whether the student has responded to survey or not

Sy  survey.career Whether the student enrolled in the course to ad-
vance career or not

s3  survey.education Whether the student enrolled in the course to ad-
vance education or not

s4 survey.fun Whether the student enrolled in the course to enjoy
or not

s5  survey.familiarity Familiarity of the student with the topics in this
course

Ss¢  survey.utility Importance student gives to learning the materials
in this course

s7  survey.intented _hours Number of hours student intends to spend on this
course per week

sg  survey.online_courses Number of online courses student has completed in
the past

Sg  survey.intent_verified =~ Whether the student intends to earn the certificate
or not

810 survey.intent assess Number of assignments student intends to complete

s11  survey.fluency English language fluency of the student

812 survey.empstatus Whether the student is employed or not

s13 survey.educ_pts Highest educational level of the student’s parents
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Table 5.3: List of features extracted from exit survey

Name Description

s14 survey.exit responded Whether the student has responded to survey or not

815 survey.expect Whether the course met student expectation or not?
(5 point scale)

S16 survey.learn Whether the course leaned from the course or not?
(5 point scale)

s17 survey.difficulty The difficulty level of the course
(5 point scale)

s1g survey.course quality — Quality of the instruction in the course

(5 point scale)

S19

survey.platform quality

Quality of the software platform in the course
(5 point scale)

S99 survey.recommend Whether the student will recommend this course to
another student? (5 point scale)
$o1 survey.future course Whether the student will enroll in a future MITx

course? (5 point scale)

S9e survey.videos quality — Quality of the videos in the course (5 point scale)
So3 survey.questions_quality Quality of the questions in the course (5 point scale)
s94 survey.hw quality Quality of the homework in the course (5 point scale)
s95 survey.forum quality  Quality of the forums in the course (5 point scale)
Sog survey.discuss Importance of discussion forum in learning

(5 point scale)
897 survey.perc _videos Percentage of videos student interacted with in the

course

528

survey.perc__hw

Percentage of homework student interacted within
the course

S29

survey.perc__exarns

Percentage of exams interacted with in the course

530

survey.hours

Average number of hours spend per week

S31

survey.max__hours

Maximum number of hours spend per week

532

survey.cert

Whether the student wanted to earn a certificate or
not?

S33

survey.soc_ comm

Whether the student felt connected with the course
community (5 point scale)

S34

survey.soc_teach

Accessibility of teaching team in the course
(5 point scale)

835

survey.soc_ future

Whether the student intends to stay in contact with
the person met in the course
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5.2.3 Activity Data

Activity data is captured using clickstream. A clickstream is a record of a user’s ac-
tivity on the online course platform and includes interactions such as page views, video
play/pause/skips, problem submission, forum read, etc. A record gets generated for every
user interaction with the host server, and the resulting data is stored in JavaScript Object
Notation (JSON) format. We found clickstream logs to be very rich in content, but most
of them are raw and are highly-granular. Add to this, the massive scale and size of these
logs, and it becomes a challenge to use them in any analysis task. We built on the work
done on feature engineering of clickstream exports by Boorks[8] and Veeramachaneni|[71] and
developed a modular and flexible aggregation method to generate interpretable, meaningful

and predictively features quickly and iteratively.

5.2.4 Course metadata

Detailed information about the course structure and instructional materials are extracted
from the edX platform and linked with clickstream export to generate content specific fea-
tures. This includes information about video lectures (type, section name, release date),
forum(chapter name) and assignments (type, graded, release data). Linking this metadata
to course activity enabled us to group features by content type, which reveals useful insight

into how students approach different course contents.

5.2.5 Achievement data

Achievement data includes grades associated with examinations, assignments, and other
graded content. This data connects student success in graded problems with course-specific
objectives. So while one can extract individual grades of problems from activity data, the
achievement data contextualize these grades, such as through weighting and retry opportu-

nities.
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Table 5.4: List of general course features extracted from the platform

Name Description
c1 course.online time Total time spent on all resources
¢y course.sessions Number of web sessions
C3  COUrSe.progress Number of progress pages views
cy course.active days Number of active days

Table 5.5: List of video features extracted from the platform

Name Description
vy video.unique count Number of distinct video lectures
vy video.duration Total time spent on lecture resources
vg  video.pct _completed Percentage of video lectures completed

(v1 /total videos)

vy  video.rewatch_count Number of lectures rewatched
vs  video.load video Number of video load events
vg video.play video Number of video play events
vy  video.pause video Number of video pause events
vg  video.seek video Number of seek video events
vg  video.speed change Number of speed change events
vy Vvideo.show transcript Number of transcript events
vy; video.time to watch Average time from the release of the video to the

moment student played the video

5.3 Summary Statistics

The table 5.11 presentation summary statistics of the last five runs of Supply Chain Ana-

lytics (SCOx) in terms of demographics. The gender composition over the last five runs has

remained the same, with 77 percent of the learners specifying them as male and the others

as female. We break down age into five buckets to get a better idea of the distribution of

age across the course. Most learners in SCOx lie in the age bracket of 30 to 40, followed by

learners in the age bracket from 20 to 30. We do see some variation in age over the last

five runs of the course, especially in the top two represented age brackets. Most learners

in SCOx had either an undergraduate degree or a graduate degree, confirming the graduate

level focus of this program. The educational makeup has remained the same ever since
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Table 5.6: List of forum features extracted from the platform

Name Description
fi forum.comment created Number of forum comments posts
fo forum.response created Number of forum response posts
fz forum.response voted Number of votes
f4 forum.searched Number of forum search queries
fs forum.comment viewed Number of forum comments views
fe forum.response viewed Number of forum response views
fr forum.length Average length of forum posts
fs forum.duration Total time spent on forum resources
fo forum.source Course content (video/problem/forum) that

bought user to the forum

Table 5.7: List of problem features extracted from the platform. These features were
extracted for both graded and ungraded problems.

Name Description
P12 prob.viewed Number of problems views
p13 prob.unique submitted Number of distinct problems submission
P14 prob.submitted Number of problems submission
p15 prob.pct completed percentage of problems submitted
P16 prob.problem show Number of problem show events where a prob-

lem show is generated when the answer to a
problem is shown

p17 prob.show answer Number of show answer events where a show
answer is generated when a detailed explana-
tion to the answer of the problem is shown

p1g  prob.success Number of distinct correct problems

Pp1o prob.duration Total time spent on problem resources

Poo prob. time to attempt Time between release of problem and attempt
P21 prob.avg submit prob - Average number of submissions per problem

pao prob.avg submit per correct Ratio of number of graded problems attempted
to number of distinct correct problem

P22 prob. pct correct  submit Ratio of number of correct graded problems to
number of distinct graded problem

pe3 prob. first attempt correct Ratio of number of correct problems on first
attempt to number of distinct problem
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Table 5.8: List of video metadata extracted from the platform

Name Description

Type Lecture, Recitation or Supplemental

Section Name Module or section where the video is located

Release Date  Time when the video was released by the course team

Count Count of all video resources grouped by type/section name
Duration Duration of all video resources grouped by type/section name

Table 5.9: List of problem metadata extracted from the platform

Name Description

Type QQ, PP, GA, Supplemental, Midterm, Final
Section Name Module or section where the problem is located

Release Date  Time when the problem was released by the course team
Graded Whether the problem is graded or not
Duration Count of all problem resources grouped by type/section name

Table 5.10: List of achievement data extracted from the platform

Name Description

Absolute Grade Absolute grade of the problem

Weighted Weighted grade of problem where we calculate the contribution
Grade of the problem to the overall course grade

Running Grade Running weighted grade of the student
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this course was launched. An overwhelming majority of the learners are from the United
States (32%), followed by India (11%) and Brazil(5%). No substantial variation is seen in
the distribution of the country of residence. The English index measures the average level
of English language skills of the country of residence of the learners [21]. By convention, in-
dex>0.75 is considered highly proficient, index>>0.5 as moderately proficient and index>0.25
as low proficient. Most learners come from countries where the English language skills are
at least moderately proficient with the distribution of highly proficient and moderately pro-
ficient remaining the same over the runs of the courses. The HDI index tracks the human
development index of the country of residence of the learners. By convention, index>0.75 is
considered high HDI, index>0.5 as moderate HDI and index>0.25 as low proficient. Almost
exclusively, all learners come from countries where the HDI is at least ranked as moderate.
The highest represented group of learners are from countries with a very high HDI. Lastly,
the most represented operating system is Windows (88%) followed by Mac OS (11%). The
mobile users have been embarrassingly low, although the measurement only tracks the most
used operating system by a learner and doesn’t represent the distribution of time spent
by learners on various devices. In summary, the composition of demographics has mostly
remained the same over the various rune of SCOx. Having said that, we do need to carefully
observe and possibly control for any demographic shift that could emerge from changes in

course content.

The table 5.12 presents summary statistics of the last five runs of Supply Chain Analytics
(SC0x) in terms of clickstream activities. The data is conditioned only on verified learners,
but even then, we observe large variation in the clickstream activities, suggesting that there
are groups with different intentions and patterns within the verified learners. As an example,
let us look at video count, which tracks the number of unique videos viewed by the learners.
The mean video count is 145 through the course. However, learners at 25% percentile only
view 50 unique videos, while those at 75% percentile views 213 videos. The other video
features follow the same pattern where we see a large variation between groups of learners
at 25% percentile and 75% percentile. We have grouped forum activities into two classes:
passive and active. Active events are generated when a learner posts or vote a comment.
Passive events include events that get generated when learner searches, views, or read a
comment. The table shows that the forum features are highly skewed with only a very

small percentage of learners generating most of the forum activities. This is consistent with

62



findings from other research [37]. The problem events are grouped into two classes: graded
or ungraded. Similar to video features, we observe large variation even when the data is
conditioned on verified learners, suggesting the possible existence of subgroups within the
verified learners. This supports our initial claim that one needs to segment and understand

these subgroups to better understand the impact of course changes within these subgroups.
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Table 5.11: Summary Statistics of the demographic features for SC0x

mean std min max

gender: female 23% 1% 22% 25%
gender: male % 1% 4% T78%
gender: others 0% % 0% 0%
age: 0-20 0% 0% 0% 0%
age: 20-30 3% 4% 30% 39%
age: 30-40 % 6% 41% 55%
age: 40-50 13% 2% 11% 15%
age: 50+ 5% 1% 3% 6%
edu: jr high school 0% 0% 0% 0%
edu: high school 6% % 5% ™%
edu: associate 3% 0% 2% 3%
edu: bachelor 51% 1%  50% 52%
edu: masters 3% 1% 3™% 39%
edu: PhD 2% 0% 1% 2%
edu: others 1% 0% 1% 1%
country: US 2% 1% 30% 33%
country: IN 11% 2% 10% 13%
country: BR 5% 1% 4% 6%
country: MX 3% 1% 2% 4%
country: CN 3% 1% 2% 4%
country: CA 3% 0% 2% 3%
country: EG 3% 1% 2% 3%

english: (25<x<50) 16% 2% 15% 19%
english: (50<x<75) 42% 2% 39% 44%
english: (75<x<100) 42% 2% 40% 44%

hdi: (x<0.5) 1% 1% 0% 2%
hdi: (0.5<x<0.7)  21% 2% 19% 24%
hdi: (0.7<x<0.9)  29% 2% 27% 31%

hdi: (x>0.9) 19% 2% 47% 52%
os: Windows 87% 1% 8% 89%
os: Mac OS X 12% 1% 10% 14%
os: Mobile OS 1% 0% 0% 2%
os: Linux 0% 0% 0% 1%
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Table 5.12: Summary statistics of clickstream data for SCOx

mean std 25% 50% T5%

video.unique count 145 108 50 146 213
video.duration (mins) 1257 1019 393 1170 1838
video.rewatch count 77 97 12 45 104
video.pct__completed 0.76 0.32 0.60 0.92 1.00
video.avg time to watch (days) 22 14 15 18 31
video.load video 267 238 79 232 384
video.play video 761 1067 120 477 1035
video.pause video 470 773 73 286 610
video.seek video 392 615 39 196 504
video.speed change video 14 39 0 2 12
video.show_transcript 12 75 0 0 2
forum.active events ‘ 2 7 0 0 1
forum.passive events 64 136 O 12 71
forum.duration (mins) 88 169 0 19 101
prob.graded.submitted 57 51 0 54 107
prob.graded.unique submitted 43 38 0 40 85
prob.graded.success 37 34 0 32 72
prob.graded.duration (mins) 517 490 28 474 848
prob.graded.pct _completed 0.44 039 0.00 043 0.85
prob.graded.problem check 115 103 0 110 214
prob.graded.problem show 8 16 0 1 9
prob.graded.showanswer 8 16 0 1 9
prob.graded.avg submit problem 1.33 0.20 1.22 132 138
prob.graded.correct first attempt 28 27 0 21 95
prob.graded.pct correct submit 0.85 0.11 0.81 0.8 0.93
prob.graded.avg_time to_attempt (days) 8 1 8 8 8
prob.ungraded.submitted 232 193 54 200 389
prob.ungraded.unique submitted 144 117 34 124 246
prob.ungraded.success 114 98 25 92 190
prob.ungraded.duration (mins) 1056 1183 138 683 1630
prob.ungraded.pct completed 0.40 0.32 0.09 0.35 0.68
prob.ungraded.problem_ check 464 387 108 397 T4
prob.ungraded.problem show 75 103 6 38 101
prob.ungraded.showanswer 76 104 6 39 102
prob.ungraded.avg submit problem 1.63 032 143 160 1.74
prob.ungraded.correct _first _attempt 86 77 16 67 141
prob.ungraded.pct_ correct_submit 0.79 0.16 0.73 0.80 0.89
prob.ungraded.avg time_to_attempt (days) 13 8 8 9 12
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Chapter 6

Process Measurement I: Static

analysis of events taking place in

MOOCs

In this chapter, we perform a static analysis of events that took place in the self-paced and
instructor-paced course. We use "static" to refer to analysis where we are concerned only
with the final state of the activity and not how or what path was taken to reach to that
final state.

Specifically, we want to address the following questions:

e Course components: How do learners engage with course components (Videos,

problems and forums) with and without the change?

e Course contents: How do learners engage with specific course content (lectures,

recitation, quick questions, practice problems, etc.) with and without the change?

e High-achievers: How does the behavior of "high-achievers" and "low-achievers"

differ across the change?

e Learners’ performance: What is the relationship between learners’ grade and the
way they engage with the course? How has this altered with the change in course

design?
e Completion: How do completers and dropouts behave before and after the change?
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6.1 Course Activity and Engagement

First, we examine changes in course activity between self-paced and instructor-paced courses.

We conduct this analysis across three fronts: videos, problems, and forums.

Video Activities

The table 6.1 shows a comparison of video features between student- and instructor-paced
course. A one-way analysis of variance (ANOVA) is performed on each dimension. The
table reports the statistical and practical significances of the comparison. The former is
reported in terms of p-value and the later in terms of Cohen’s d value. By convention,
d>0.8 is considered a large effect, d>0.5 medium and d>0.2 small. Absolute effect sizes can
be extracted from the averages in the table.

Video activity varies significantly between both groups with small to medium effect size.
Learners in instructor-paced course watch videos at significantly higher rates than learners
in a self-paced course (p<0.001, d> 0.4). A similar effect is observed with video rewatching
behavior. Finer grained events such as play and pause also report the same effect. The only
exception is "show transcript" event that has increased slightly. Further analysis of this
event shows that the increase is driven because of the availability of "Spanish" language
in the latest run of the course. Prior to that, only "English" language was available in
the transcript option. Overall, learners in instructor-paced course complete on average 15%

more videos than learners in the self-paced course.

Assessment Activities

We focus here on ungraded problems as the only graded assessment in the self-paced course
is the final exam. The table 6.2 shows a comparison of problem features between student-
and instructor-paced course. Problem activity varies significantly between both groups, but
the effect size is minimal across most dimensions. For example, the number of problem
attempts between both groups is statistically significant, but the effect size is so tiny that
one can claim that no noticeable difference is observed between the groups. A similar
observation is observed across other problem events. One noticeable difference is the 'number
of show answer’ and 'the percentage of correct submissions per problem’ events. Learners

in the instructor-driven course are more likely to view explanation to the solution of the
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Table 6.1: Comparison of video activities across the versions of SCOx. A one-way
analysis of variance (ANOVA) is performed on each dimension. The table reports the
statistical and practical significances of the comparison. The former is reported in
terms of p-value and the later in terms of Cohen’s d value.

mean d p-value!
Instructor Student |

unique_count 156 107 -0.454  0.000***
rewatch count 87 43 -0.459  0.000***
duration (mins) 1353 912 -0.440  0.000%**
pct__completed 0.8 0.7 -0.377  0.000***
load video 284 208 -0.320  0.000***
play video 810 584 -0.212  0.000***
pause_video 496 378 -0.152  0.000***
seek video 431 251 -0.295  0.000%**
speed change video | 15 12 -0.089  0.000***
show transcript 11 14 0.038 0.142

1% p < .05%p < .01 %*p<.001

problem as compared with learners in a self-paced course. Interestingly, the number of
correct submissions per problem increases in a self-paced course when compared with the
instructor paced, although the effect size is very small. This confirms that learners across
both groups have the same skill set. In summary, no major differences in ungraded problem

activity are observed across both groups.

Forum Activities

We did not observe any noticeable difference in forum activities between instructor- and
self-paced courses. While the difference is statistically significant, the effect size based on
Cohen’s d value is very small. In summary, forum activity across both groups remains

mostly the same.

6.2 Grade and Engagement

Next, we investigate how a student’s level of engagement and activity correlates with her
final grade. Our goal is not to compare grade nor to predict grade from her activity but
rather to gain an insight into the relationship between a student’s grade and the way she

engages with the course.
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Table 6.2: Comparison of assessment activities across the versions of SCOx. A one-
way analysis of variance (ANOVA) is performed on each dimension. The table reports
the statistical and practical significances of the comparison. The former is reported
in terms of p-value and the later in terms of Cohen’s d value.

mean d p-value!
Instructor Student |

problem check 469 445 -0.063  0.017*
submitted 235 222 -0.065  0.014*
unique submitted 145 139 -0.056  0.034*
success 115 111 -0.042 0.110
problem show 80 83 -0.220  0.000***
showanswer 81 59 -0.218 0.000***
duration 1052 1073 0.018 0.493
pct__completed 0.4 0.3 -0.240  0.000%**
avg submit problem | 2 2 -0.079  0.000***
pct_correct _submit | 0.8 0.8 0.125 0.000%**
correct first _attempt | 87 82 -0.069  0.009**

1% p < 05 % p< .01 ** p< 001

Table 6.3: Comparison of forum activities across the ver-
sions of SCOx. A one-way analysis of variance (ANOVA) is
performed on each dimension. The table reports the sta-
tistical and practical significances of the comparison. The
former is reported in terms of p-value and the later in terms

of Cohen’s d value.

mean d p-value!

Instructor Student |
passive_events | 62 74 0.089  0.000%***
active_events 2 2 -0.039 0.133
duration (mins) | 85 08 0.080  0.000%**

T*p < .05 * p < .01 ¥*p < .001
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The figure 6-1 plots the median number of actions of a given type user take as a function
of their final grade. Overall, we observe that the grade is generally proportional to their '

activity.

In both types of courses, the median number of problems submitted linearly increase

with the student’s final grade.

The grade increases non-linearly with a median numbe/r of videos watched. In the
instructor-paced course, the grade increases monotonically with lecture consumption un-
til 50%. Afterward, it falls somewhat and then remains constant after 60%. Perhaps this
is due to SCOx being a highly quantitative course where those who have a strong quanti-
tative background and have seen the content before have an easier time, while others seem
to struggle. The self-paced course follows the same pattern but is shifted downwards by
approximately 25%. Surprisingly, learners in a self-paced course can secure a perfect score
by watching approximately 160 unique videos while watching these number of videos in
an instructor-paced course will only get you a 20% grade. Perhaps this is due to learners
starting late in the self-paced course and then making up by watching only the important
videos. Similar behavior is observed with video rewatching where the curve straightens out
early, and the gap between two groups widens to 50%. Nevertheless, both pattern demon-
strates the importance of videos on final grade and also highlights that more video does not

necessarily translate to a higher grade.

Finally, in both types of courses, the median number of forum activity linearly increase
with the student’s final grade. In the self-paced course, the curve is shifted upwards, im-
plying that perfect scorers in that group view two times more posts than similar learners
in the instructor-paced course. Perhaps the self-pacing nature of the course and the lack of

instructional moderation pushes learners to explore more posts in a self-paced course.

6.3 Course Content-Type and Engagement

Next, we examine how students’ interacted with various course content in both student- and

instructor-paced format.
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Figure 6-1: Median count of actions of students with a given final grade in instructor-
paced and self-paced version of SCOx.
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Video Content

The figure 6-2 shows students’ interaction with lectures and recitation. Readers are rec-
ommended to read the chapter on data collection to understand the difference between the
types of videos. In a nutshell, lectures are mandatory while recitations are not. We did not
observe any major difference in lecture viewing between both the groups. We do, however,
see that more students in the instructor-paced format are likely to watch 100 percent of the
recitation material as compared to learners in self-paced version. The decrease in overall
video activity (as was shown in the previous section) is largely driven by recitation material

and not by mandatory lectures.

Assessment Content

The figure 6-3a shows students’ interaction with the three types of assessment content:
practice problems, quick questions, and supplemental material. All of these assessments
are ungraded. Readers are recommended to read the chapter on data collection to read
more about these types. Surprisingly, no noticeable change is observed in quick questions
and practice problems. Despite changing the pacing to self-paced, students were motivated
enough to complete these ungraded questions. We do see some difference in the supplemental
material. The change, however, is expected as supplemental materials are advertised to
include content that is outside of the material covered in the final exam. Considering that
many learners in self-paced format start the course very late, it is very natural to skip
content that is marketed as outside the scope of the final exam.

The teaching team moved the graded assignment from the instructor-paced version and
created two new sections in the self-paced format: Extra Practice Problems (Extra PP) and
Exam Prep. We explore the interaction with these content types and their impact on the
pass rate in figure 6-4. The figure only considers students that attempted the final. Students
that pass the course attempted exam prep questions more than those who do not. The same
trend is observed with Extra Practice Problems. Further, we notice a positive correlation
between the score and the attempts in these assessment types. Notice that we do not claim
that participation in these assessments causes the score to increase. We are just saying that
students that passes the course are more likely to complete these assessment types. Figure

6-5 gives another viewpoint of problems type where we compare problem attempted during
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the duration of the course for both passed and failed students. The figure only considers
students that attempted the final. The trajectory remains the same for both the student
groups with the attempts peaking for all types in the last week. Students that pass the
course attempts more problems and do these early in the course. That gives them time to
spend more resource on Extra PP and Exam Prep during the end of the course. Students
that fail the course attempts fewer problem during the early part of the course, forcing them
to play catch-up game at the end. This leaves little time for them to attempt Extra PP and

Exam Prep, which is reflected in the figure.

Temporal Analysis

Finally, we investigate students’ interaction with course content during the duration of the
course. The figure 6-6 visualizes topic consumption over time with the x-axis representing
weeks and y-axis showing lecture consumption of a topic in minutes. In an instructor-paced
format, videos are released every week, and the students are expected to view the videos
within the next 14 days. The topic consumption follows this pattern with a clear, distinct
spike every week. In a self-paced format, all the content is released all at once, and students
can watch videos at their own pace. Unlike instructor-paced, there is no recurrent pattern
across the weeks. The lecture consumption for module 1 and module 2 peaks very early
in the course (week 1 and 3 respectively). There is no clear peak for module 3 with an
almost equal proportion of students watching this module from week 4 to week 12. The
lecture consumption of the other two modules peaks at the last week of the course. Learners
took advantage of the flexibility offered to them in the self-paced version by pushing a
good amount of work downstream. Also, most students did loosely watch modules in order,

although many did not.

6.4 Performance and engagement

We now turn our attention to the activity of "high achievers," the students who secured A in
the class. We investigate if "low achievers" has engaged differently in the instructor-paced

version of the course versus the self-paced version [3].
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Figure 6-2: Probability distribution of core lectures (left) and recitation lectures
(right) for completers in the instructor-paced and self-paced version of SCOx. Core
lectures are required while recitations are optional.
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(a) Probability distribution of quick questions (top left), practice problems (top right) and
supplemental material (bottom left) for completers in the instructor-paced and self-paced
version of SCOx. All of these assessments are ungraded and optional.
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Histogram of Extra PP attempted Histogram of Exam Prep attempted
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Figure 6-4: Probability distribution of Extra PP (left) and Exam Prep (right) for
completers in the instructor-paced and self-paced version of SCOx. Both of these
assessments are ungraded and optional. Extra PP is included at the end of module
and Exam Prep is situated right before the Final Exam.
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Figure 6-5: Engagement trajectory of problem activities separated by problem type
for completers in self-paced version of SCOx. Y-axis represents number of problem
attempted per week and X-axis shows the week relative to start of course.
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Performance and Assessment Submission

The distinguishing attribute of high achievers is that they attempted more ungraded prob-
lems 6-7. The behavior is consistent across the courses with different pacing modes. Most
of the high achievers attempted 80% of the ungraded problems. Surprisingly, there are some
learners that attempted very few ungraded problems and were still able to secure A in the
class. We investigated to check for the validation of the data for these learners and did not
find any discrepancies. Our best guess is that these learners already had prior knowledge
of the content of the course and were able to pass the exam without sufficient practice. A
somewhat more practical insight comes from looking at the problem submissions trace for
‘low achievers,’ the students who completed the course but did not pass. Low achievers in
instructor-paced course attempted relatively more problems than low achievers in the self-
paced course, suggesting that an instructor-paced course was able to engage ’'low achievers’
for a far more longer time. We note this point and further explore it in the recommendation

section.

Performance and Video Watching

The lecture watching differs between both groups on two accounts (6-7). First, we notice
that ’high achievers’ in instructor-paced version watch more videos than ’high achievers’ in
the self-paced course. This is in sync with the result of the previous section. Secondly, 'low
achievers’ in instructor-paced course end up watching almost the same amount of videos
as high-achievers. The ’low-achievers’ in the self-paced course, however, showed different
behavior. A closer look at their distribution indicates that a subgroup within them did
watch the same videos as the ’high achievers,” but there was a much larger subgroup that
watched significantly fewer videos than both the ’high achievers’ in the self-paced course and
"low achievers’ in the instruction-paced course. This, again, highlights the negative impact

on ’low achievers’ in a self-paced course.

Performance and Forum Activities

The forum activities are consistent across both group to a larger extent (6-7). 'High achiev-
ers’ in both groups participate more in forums than ’low achievers.” Unlike videos and

problems, ’high achievers’ in the self-paced course perform more activities in the forum
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when compared to ’high achievers’ in the instructor-paced course.

6.5 Dropout and Engagement

We now investigate the engagement style in the context of dropout. Specifically, we are
interested to understand if there are any changes in engagement style among dropouts

between the self-paced and instructor-paced course.

Dropout and Video Activities

Figure 6-8 shows the histogram where the percentage of videos completed is shown on the
x-axis and the probability of learners on the y-axis. The first thing that we notice is that
the overall viewing pattern remains the same in both the course type. There are, however,
some subtle differences. The distribution of the self-paced course is thickly spread towards
zero, whereas an almost opposite phenomenon is observed in the instructor-paced course
(Notice the visible green from 50% to 100%). On average, one can claim that learners who
drop out of the self-paced course engage with the course at a lesser rate than the dropouts in
the instructor-paced course. This aligns with what we have said before about the self-paced
course. Learners at-risk of dropping out or not passing the course are more impacted due

to the self-pacing nature of the self-paced course.

Dropout and Assessment Activities

Similar behavior is seen with ungraded problem submissions. Figure 6-9 shows the histogram
where the percentage of problems completed is shown on the x-axis and the probability of
learners on the y-axis. Similar to videos, learners in instructor-paced course engaged more
with the problems then dropouts with the self-paced course. An interesting thing that pops
out from this figure is a very high peak at zero for self-paced delivery, implying that dropouts
in that format are twice more likely not to attempt any problem. Perhaps, deliverable with
due dates distributed throughout the instructor-paced courses force more learners to engage
in problems. In summary, we notice that dropouts in self-paced course engage less likely with

those in instructor-paced version. We quantify this relationship in the subsequent sections.
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Figure 6-8: Probability distribution of percentage of videos consumed by completers
(left) and dropouts (right) in instructor-paced and self-paced version of SCOx.
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Figure 6-9: Probability distribution of percentage of ungraded problems submitted
by completers (left) and dropouts (right) in instructor-paced and self-paced version
of SCOx.
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Chapter 7

Process Measurement II: Temporal

analysis of events taking place in

MOOCGCs

In this section, we present a temporal analysis of learners’ engagement across both the
self-paced and instructor-paced course. Specifically, we are interested in tracking learners’
behaviors over time (weeks) and investigate if indeed a shift to the self-paced course has
changed this behavior.

To address this, we developed a temporal classification method to identify a number
of longitudinal engagement trajectories in MOOCs. Learners are classified based on their
patterns of interaction with video lectures, assessments, and forums. We compare these
clusters between the two versions of the course. Finally, we comment if user demographics

dictate these trajectories and if following a certain trajectory translates to higher success.

7.1 Exploratory Temporal Analysis

First, we explore engagement trajectories with core course content over the duration of the
course for both the self-paced and instructor-paced course.

The figure 7-1 visualizes the distribution of students engagement with lecture videos
over the duration of the course in both the self-paced and Instructor-paced forum. The

learners have been further broken down into those who completed the course and those who
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did not. The x-axis captures the number of unique videos watched in a specific week. The
concept of the week does not have the same importance in self-paced course, nevertheless, it
does represent a time unit that is narrow yet broad enough to capture engagement trajec-
tory. The first thing that we notice here is an apparent difference between completers and
dropouts. Dropouts are relatively engaged in the early few weeks of the course, but then
their engagement falls drastically. The fall is more sudden in a self-paced course than in an
Instructor-paced one. The other thing to notice from the figure is the difference between
engagement trajectory of the completers across the different formats. The viewing pattern
of completers in Instructor-paced course follows a normal distribution in most weeks except
in the weeks of exams (6th and 12th). Interestingly, that is not the case with a self-paced
course where the viewing pattern in most weeks looks like an exponentially decaying distri-
bution. The tail of the distribution gets longer over time, suggesting that learners in the

self-paced format ramp-up activities at the end of the course.

Next, we plot a similar figure 7-2 for problem submission over time . We focus here
on the ungraded problems as the only graded assessment in self-paced version is the final
exam. Overall, we see a similar trend here with some subtle differences. First, we notice that
in an instructor-paced format, the drop in engagement is even more sudden than videos.
Additionally, in the self-paced version, dropouts hardly engage with ungraded problems
at any stage of the course. Next, we notice a very interesting shift in the way learners
approach problems in the different course format. In an instructor-driven format, we see
high engagement with the problems during the first half of the course, but then it falls in
the next half. This behavior is opposite in the self-paced course, where we see an increase
in engagement in the latter half of the course. If one hypothesizes that learners attempt
ungraded problem to prepare for the graded assessments, then the apparent shift in self-

paced assignment seems logical.

We conclude this discussion by summarizing the engagement trajectory of learners in
instructor-paced and students-paced versions of SCOx in the figure 7-3 and 7-4. We show
week relative to course start in the x-axis and plot the average number of videos watched per
week on the y-axis. We also plot problems submitted and forum events on the same graph by
standardizing these activities relative to videos watched. Completers behave very different
across both the versions with completers in instructor-paced following a cyclic pattern of

high early engagement, a dip around week 6 and resurgence in the latter part of the course.
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On the contrary, completers in self-paced start slow but ramp up their activities at the end
of the course. Dropouts in both the versions mostly follow the same pattern with dropouts

in self-paced engaging less than their counterparts in instructor-paced version.

7.2 Clustering Method

Next, we formally describe our clustering method to determine longitudinal engagement
trajectories in MOOCs. We discuss the method in this section and present the results in
the subsequent sections.

Clustering for time series data is a well studied, yet a contentious topic [43, 32]. The
concept of similarity distances does not translate to data varying across time. Caution,
therefore, must be practiced to apply traditional clustering techniques on time series data. In
MOOCs, several studies have explored clustering methods on clickstream data [36, 23]. The
general approach has been first to compute a description for each student of the way in which
the student has "engaged" throughout the duration of a course and then apply clustering
techniques to find sub-populations within these engagement descriptions. One apparent
drawback of this approach is that it requires one to manually describe the engagement style,
which can bias the clustering method.

We instead rely on a data-driven approach and let our classification method determines
the sub-population on its own. This fits with our problem statement well as we are interested
to understand the difference in engagement trajectories across the different formats rather
than to fit sub population into some user-defined groups.

We formulate the problem as sequence data where each X is a multivariate sequence
with 7" samples. We then included contextual data associated with each sequence into the
final formulation [17, 16].

We then proceeded as follows [16, 17]:

1. A sliding window was applied to the sequence data to transform it into a piecewise

representation (segments). (width=2, overlap=0.5) [9]

2. For each segment, we computed the following features: mean, variance, standard
deviation, maximum, minimum, skewness, kurtosis, mean crossings, mean spectral

energy, and a 4-bin histogram.
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Figure 7-1: Weekly distribution of number of unique videos watched for completers
and dropouts in instructor-paced (top) and self-paced version (bottom) of SCOx. We
plot a distribution for each of the week where x-axis is the number of videos watched
in that week and y-axis is the number of students. e
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Figure 7-2: Weekly distribution of number of unique problems submitted for com-
pleters and dropouts in instructor-paced (top) and self-paced version (bottom) of

SCOox.

We plot a distribution for each of the week where x-axis is the number of

problems submitted in that week and y-axis is the number of students. -
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Pathway for completers in a instructor-paced version of SCOx
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Figure 7-3: Engagement trajectory of completers in instructor-paced (top) and self-
paced (bottom) versions of SCOx. X-axis shows week relative to course start and Y-
axis shows average number of videos watched per week for completers and dropouts.
We also plot problems submitted and forum events on the same graph by standard-
izing these activities relative to videos watched.
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Pathway for completers in a instructor-paced version of SCOx
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Figure 7-4: Engagement trajectory of dropouts in instructor-paced (top) and self-
paced (bottom) versions of SCOx. X-axis shows week relative to course start and Y-
axis shows average number of videos watched per week for completers and dropouts.
We also plot problems submitted and forum events on the same graph by standard-
izing these activities relative to videos watched.
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3. Features were scaled to zero mean and norm standard deviation, and a Gini impor-

tance ranking, feature selection strategy, was implemented to reduce the feature space

[44].

4. A standard K-means clustering algorithm was applied to identify engagement pattern.

We used heuristics and silhouette analysis to determine the number of K. K=4 gave

us the cluster with different trajectories and enough resolution.

5. To account for. the randomness of the K-means algorithm, the algorithm was repeated

a hundred times, and the solution with the highest likelihood was selected.

The figure 7-5 summarizes the keys steps of the clustering method.

Students’ Activity
Data

{Xi}?=1

Sliding Widow
Segmentation

{{W‘J ;1:1}"

i=1

Feature
Representation

{{ﬁ'f}lb'il}liil

Feature Processing

Standard scaling
Correlated features
are removed

K-Means
Clustering

K chosen
heuristically,
silhouette analysis

Figure 7-5: Summary of clustering method used to determine longitudinal engagement
trajectories in SCOx. X : time series, N: number of time series in the data set, W; ;:
sliding window segment (derived from X;), f;;: feature vector (calculated from W; ;)

[16, 17]

7.3 Engagement Trajectory for Completers

We now turn our attention to subpopulations identified by the clustering algorithm. First,

we compare learners who completed the course across both the formats.

7.3.1 Completers in Instructor-paced course

The figure 7-6 displays the engagement trajectories of completers for the four sub-populations

recognized by the classification algorithm in an instructor-paced course.

e Instructor-Completers-Clusterl: Cluster 1 is the least engaged among all the

other clusters. While they engage relatively less than others, they show different

engagement behavior with the various course contents. They do watch more than 70%
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of the videos but engage very little with the problems (25% of ungraded problems)
and forum content. We see a dip in problem engagement after the midterm. Perhaps
they do not find assessments useful, or their excitement in the subject dies down with

time.

¢ Instructor-Completers-Cluster 2: Cluster 2 has the most representation among
the completers. They watch 96% of the videos and completes 65% of the ungraded
problems. Their engagement with forums is, however limited. Their engagement
behavior generally remains uniform during the duration of the course, excluding a dip
in the problem activity at the end of the course, which is a general trend with the

instructor-paced course. Overall, these learners secure better grade than cluster 0.

e Instructor-Completers-Cluster 3: Learners in Cluster 3 are the most engaged.
They watch 98% of the videos and completes 76% of the ungraded problems. However,
what distinguishes them from others is their extra-ordinary forum activities. They
engage both actively and passively with the forum. They represent only 2% of the

total learners who complete the course.

e Instructor-Completers-Cluster 4: Learners in Cluster 3 are all-rounders. They
demonstrate relatively uniform engagement with all the course content. Their behav-
ior also remains the same during the duration of the course. They represent 23% of

the total learners who complete the course.

7.3.2 Completers in self-paced course

The figure 7-7 displays the engagement trajectories of completers for the four sub-populations

recognized by the classification algorithm in a self-paced course.

e Student-Completers-Cluster 1: Learners in cluster 1 engage with the course in
a cyclic manner. They demonstrate high early engagement but then midway, their
activity slows down, which then jumps up again at the end of the course. In many
sense, their behavior is typical of what was seen in an instructor-paced course-high
early engagement, dip around week 6 and then a jump at the end of the course.

Overall, they watch 88% of the videos and attempts 66% of the ungraded problems.
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¢ Student-Completers-Cluster 2: Learners in Cluster 2 exhibit uniformity in en-
gagement during the duration of the course. They follow a strict regiment of viewing
videos and attempting problem every week. They also engage wholeheartedly with the
forum demonstrating high social engagement. In total, they watch 94% of the videos
and attempts 88% of the ungraded problem-highest among other clusters. Overall,

they secure the highest grade among learners who complete the self-paced course.

o Student-Completers-Cluster 3: Learners in Cluster 3 engage with course content
in an increasingly linear manner, i.e., they start slowly but then ramp-up their en-
gagement linearly till the end of course. Engagement with all course content follows
this trajectory. Ultimately, they end up watching 93% of the videos and attempting
66% of the ungraded problems.

e Student-Completers-Cluster 4: Learners in Cluster 4 initiate activities very late
into the course (at around eight weeks) and then exponentially ramp up engagement
in the last two weeks. Because they start late, they focus more on videos (watches 76%
of the videos) and less on problems (26% of ungraded problems). The low completion
rate for problems is reflected in their grade reports, and they secure the lowest grade

among others.

The trajectories identified from instructor-paced course varies significantly from a self-
paced course. Within an instructor-paced course, we found all sub-populations to follow the
same trend- high engagement at the start, a dip around week 6 and then a slight resurgence
at the end. There are some subtle differences between the sub-populations, but more or less,
all of them demonstrate the same overall behavior. This is in contrast with the self-paced
course, where each of the sub-populations takes on a diverse viewpoint towards the course.
Cluster 1 demonstrates a cyclic behavior; cluster 2 engage uniformly with the content; while
the latter two clusters start late and ramp-up activities linearly and exponentially till the
end of course. The instructor-paced course had somewhat regulated the pathway of learners
in the course. The shift to the self-paced course had evoked the natural or preferred learning

pathway of the learners.
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Pathway for Learners in Instructor-Completers-Cluster 1
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Figure 7-6: Clustering engagement trajectories for completers in instructor-paced
versions of SCOx. Each graph represents a cluster with X-axis showing week relative
to course start and Y-axis showing average number of videos watched per week for
learners in that cluster. We also plot problems submitted and forum events on the

same graph by standardizing these activities relative to videos watched.
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Pathway for Learners in Student-Completers-Cluster 1
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Figure 7-7: Clustering engagement trajectories for completers in self-paced versions
of SCOx. Each graph represents a cluster with X-axis showing week relative to course
start and Y-axis showing average number of videos watched per week for learners in
that cluster. We also plot problems submitted and forum events on the same graph
by standardizing these activities relative to videos watched.
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7.4 Engagement Trajectory for Dropouts

Having analyzed clusters of completers, we turn our attention to dropouts. Their engagement
style differs substantially from completers; and that is why it makes sense to examine them

separately.

7.4.1 Dropouts in Instructor-paced course
We start by looking at dropouts in the instructor-paced course.

e Instructor-Dropouts-Cluster 1: They start well but then disengages quickly with
many learners dropping out before or right after the midterm. 30% of these learners

complete the midterm securing around 40% grade in the midterm exam.

e Instructor-Dropouts-Cluster 2: These learners rarely engage in the course. Only
6% of them completes the midterm. Looking at their trajectory, one can say that

these learners make their decisions to quit early in the course (first/second week).

o Instructor-Dropouts-Cluster 3: They exhibit high engagement with the course
content in the first half of the course, but then their activity falls significantly after
the midterm. A characteristic trait of these learners is their high participation with
the forums. 93% of them gives the midterm exam, and on average they secure a 54%
score in it. Perhaps, the lower grade in the midterm discourages these learners from

completing the course.

o Instructer-Dropouts-Cluster 4: These learners are similar to cluster2, but they
display less engagement with forums. Their activities in the first half of the course are
high, but it dips down in the second half. 88% of them participates in the midterm
exam and on average they secure 47% score in it, suggesting that the lower grade in

the midterm discourage them from completing the course.

7.4.2 Dropouts in self-paced course
We now conduct a similar exercise for dropouts in self-paced course:

e Student-Dropouts-Cluster 1: They engage moderately with videos but very little

with problems and forums. Also, while they watch videos regularly, their overall
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activity level remains moderate during the duration of the course. They represent

23% of the total dropouts.

e Student-Dropouts-Cluster 2: They demonstrate hardly any engagement with the
course. They represent 47% of the total dropouts.

e Student-Dropouts-Cluster 3: They exhibit moderate to high engagement in the
first few weeks of the course but then disengages, ultimately dropping down to zero

activity by the mid of the week. They represent 22% of the total dropouts.

e Student-Dropouts-Cluster 4: They display consistent engagement during the du-
ration of the course. They remain engaged until the end of the course but decide not
to take the final exam. Overall they watch 60% of the videos and attempts 40% of

the problems. They represent 8% of the total dropouts.

The dropout behavior between the different course format shows both similarity and
differences. First, we make a point that the dropouts in self-paced courses engage less than
those in the instructor-paced course. There is a large body of dropouts that rarely engage
in a self-paced course. Dropouts in instructor-paced version do show some engagement even
if it is little or moderate. Secondly, we see some common trends in both types of courses:
moderate to high early engagement at the start and a fall in the engagement by the mid of
the course. Thirdly, in both cases, we do see dropouts that maintain activity throughout

the course.

7.5 Clusters and Demographics

Now that we have looked at the engagement trajectories, we want to explore if these trajec-
tories represent learners with certain demographics features or not. In other words, we are

interested to know if certain users are inclined towards a particular trajectory or not.

7.5.1 Method

To answer this question, we build a multinomial logistic regression with "cluster type" as
the output variable and demographic features as predictors. The features were discretized,

and highly correlated features were removed. We experimented with two models, one that
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Pathway for Learners in Instructor-Dropouts-Cluster 1
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Figure 7-8: Clustering engagement trajectories for dropouts in instructor-paced ver-
sions of SCOx. Each graph represents a cluster with X-axis showing week relative
to course start and Y-axis showing average number of videos watched per week for
learners in that cluster. We also plot problems submitted and forum events on the
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same graph by standardizing these activities relative to videos watched.
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Pathway for Learners in Student-Dropouts-Cluster 1
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Figure 7-9: Clustering engagement trajectories for dropouts in self-paced version of
SCOx. Each graph represents a cluster with X-axis showing week relative to course
start and Y-axis showing average number of videos watched per week for learners in
that cluster. We also plot problems submitted and forum events on the same graph
by standardizing these activities relative to videos watched.
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only included demographic features from the platform and the other that included features
from the entrance survey as well. We applied this model to both completers and dropouts

in the self-paced format of SCOx.

7.5.2 Result

The table 7.1 and 7.2 shows the output of the logistic regression. We convert the rela-
tive probabilities to marginal effects to better interpret the results. We define a reference
learner group and compare clusters with the reference learner. Our reference learner has the
following characteristics: gender (male), education (bachelor), age (30-40), english_index
(7T0<x<90), hdi_ index (75<x<90), verification date (first week of course), empstatus (em-
ployed), familiarity (Somewhat familiar), fluency (fluent).

first share the results of clusters identified within completers.

e Student-Completers-Cluster 1: There is 6% more probability for a female to be
in cluster 1 than male. Also, we notice that learners that complete course verification
earlier has 25% higher odds to be in this cluster than learners who complete verification
in the first week of course. Despite showing strong intent, these learners decide not
to participate in the exams. Perhaps, they struggle with managing their time during

the duration of the course.

e Student-Completers-Cluster 2: Learners in these clusters have a demographic
profile opposite to cluster 0. Females have 9% less probability of being in this cluster,
and learners that complete verification at the latest date has 30% odds to follow this
trajectory. Like cluster 1, it seems that these learners struggle to find time to study

for the course.

e Student-Completers-Cluster 3: Learners with more familiarly with the topic have

60% higher probability of being in this cluster than our reference learner.

¢ Student-Completers-Cluster 4: Learners who are slightly older (40+) have 7%

more probability of being in this cluster.

We now share the results of clusters identified within dropouts.
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¢ Student-Dropouts-Cluster 1: There is 6% more probability for a female to be in
cluster 1 than male. Learners in the age bracket between 20 and 30 are 6% less likely
to be in this cluster than learners in the age bracket between 30 and 40. Also, we
notice that learners that complete course verification before the start of the course
have 10% higher odds to be in this cluster than learners who complete verification
in the first week of course. In summary, professional females with a strong intent to

complete the course are more likely to chose this trajectory than our reference learners.

e Student-Dropouts-Cluster 2 Learners who are slightly older (40+) have 8% more
probability of being in this cluster. Unemployed learners are 10% more likely to follow
this trajectory than those that are employed. Also, learners that are very familiar with
the content have 22% fewer odds to be in this cluster. Overall older, unemployed, and

moderately familiar learners chose this pathway.

o Student-Dropouts-Cluster 3: Learners with higher math skills and more familiarly
with the topic have a higher probability (8% and 12% respectively) to be in this cluster
than our reference learner. These learners also show strong intent by completing the

verification process within the first week of the course.

e Student-Dropouts-Cluster 4: Learners who are slightly younger (20-30) have 7%
more probability of being in this cluster. College Students are 14% more likely to
follow this trajectory than those that are employed. Also, learners in this cluster are
more likely to complete the verification later (19%) in the course than doing it in the

first week of the course.

7.6 Clusters and Outcome

Lastly, we examine the effect of engagement trajectory on course outcomes to examine how

these different pathways relate to student course performance.

7.6.1 Method

To begin to address this question, we estimated a logistic regression model examining the

relationship between trajectory clusters and course score. We discretized all the features
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and defined a reference learner for interpretation. Our reference learners has the following
characteristics: gender (male), education (bachelor), age (30-40), english _index (70<x<90),
hdi_index (75<x<90), verification(first week of course), empstatus (employed), familiarity

(Somewhat familiar), fluency (fluent)

7.6.2 Result

The table 7.3 shows the output of the logistic regression. First, we present a baseline model
that includes user demographics and course registration features. We find that there is a
significant, positive relationship between the level of education, countries of residence and
age. Learners that do not have college degrees have 20% less probability of passing the
course than learners in the reference group. Learners in the age bracket between 20 and 30
also have a slight edge of passing the course than the reference group. Finally, we notice
that learners from countries with good math skills have 16% more probability of passing the
course.

In the next model, we include an additional term for the cluster type. We found that all
cluster types are statistically significant and have a large impact on the pass rate. Cluster 0
(completers) is chosen as the reference. Learners who follow cluster 1 have 22% more odds
of passing the course than learners who follow the pathway in cluster 0. Similarly, Learners
in Cluster 1 have 14% probability of passing than our reference learners, suggesting that
efforts spent at the end are more positively correlated with performance in the exam. On
the flip side, learners in cluster 3 have 15% less probability of passing the exam than learners

in cluster 0.

7.7 Conclusion

In this chapter, we explored the impact of pacing on learners’ pathway during the duration of
the course. The shift to self-paced delivery caused students to behave differently than those
that have undertaken the course with instructor pacing. In an instructor-paced version, most
students proceeded in a similar manner with high engagement at the start, a dip around
midterm exam and an upturn in the second half of the course. In a self-paced version,
students pursued their own style of trajectory through the course. Some took a cyclical

pathway, while others remained uniformly engaged with the material. There were others that
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MNLogit Marginal Effects

cluster=0 Covariates dy/dx P>|z|
Model 1 age: 20-30 -T% 0.042*
Model 1 verified: 30 days before course -11% 0.005%*
cluster=1 Covariates dy/dx P>z
Model 1 age: 40-50 8% 0.006**
Model 1 hdi_index: 0.5-0.7 -5% 0.081
Model 1 verified: 14 days before course 6% 0.083
Model 2 familiarity: Extremely familiar -25% 0.054
Model 2 empstatus: Unemployed 10% 0.014*
Model 2 fluency: Proficient 5% 0.09
cluster=2 Covariates dy/dx P>|z]
Model 1 english_index: 75-100 ) -9% 0.037*
Model 1 verified: 14 days before course -23% 0.002%**
Model 2 familiarity: Extremely familiar 14% 0.065
cluster=3 Covariates dy/dx P>|z|
Model 1 age: 20-30 7% 0.031*
Model 1 verified: after 30 days of start of course  19% O
Model 2 empstatus: Full-time student 14% 0.03*

Table 7.1: Output of logistic regression models predicting cluster type using demo-
graphic features for completers in self-paced version of SCOx. Model 1 contains demo-
graphic data and Model 2 contains survey data while controlling for the demographic
data. Truncating covariates whose p-value is greater than 0.1.

started slow and linearly increased their engagement while others started near the end of the
course and ramped up their activity exponentially. These contrasting trajectories impacted
students’ grade, with "uniform" and "linear increase" styles having a positive correlation
with course grade. Learners who took the "exponential" style performed the worst. Learners
with certain characteristics were inclined to follow a specific pathway with older learners
pursuing a "uniform" style and college-going students taking on an "exponential" type of

engagement.
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MNLogit Marginal Effects

cluster=0

Model 1
Model 1
Model 1
Model 2

cluster=1

Model 1
Model 2
Model 2

cluster=2

Model 1
Model 2

cluster=3

Model 1
Model 1
Model 2

Covariates

english_ index: >90

hdi_index: 50-75

verified: 30 days before course start
familiarity: Very familiar

Covariates

verified: 30 days after course start
familiarity: Very familiar
fluency: Intermediate

Covariates

english_index: 50-75
verified: 30 days before course start

Covariates

edu: hs
age: 40-50
fluency: Intermediate

dy/dx

-11%
8%
25%
-9%

dy/dx

30%
11%
-27%

dy/dx

-10%
-20%

dy/dx

5%
6%
9%

Table 7.2: Output of logistic regression models predicting cluster type using demo-
graphic features for completers in self-paced version of SCOx. Model 1 contains demo-
graphic data and Model 2 contains survey data while controlling for the demographic
data. Truncating covariates whose p-value is greater than 0.1.
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Logit Marginal Effects

Dep. Variable: y
Method: dydx
At: overall

gender: f

edu: a

edu: hs

edu: m

edu: p

age: 0-20

age: 20-30

age: 40-50

age: 50+

english index: 50-75
english index: 90+
hdi_index: 0.5-0.7

hdi index: 0.9-1

verified: 30 days before
verified: 14 days before
verified: 14 days after
verified: within 30 days
verified: after 30 days
enrollment: 30 days before
enrollment: 14 days before
enrollment: 14 days after
enrollment: within 30 days
enrollment: after 30 days
cluster 1

cluster_ 2

cluster_ 3

Model 1

Model 2
P>|z| dy/dx
0.468 1%
0.089 -13%
0.008** -17%
0.014* 6%
0.159 -12%
0.29 -6%
0.008** %
0.722 -2%
0.307 0%
Q*** -11%
Qxx* -18%
Ok -16%
0.193 6%
O 14%
0.022* 12%
0.496 2%
0.246 4%
0.507 5%
0.017* -10%
0.128 -10%
0.853 6%
0.726 4%
0.516 6%
22%
14%
-15%

0.971
0.001%***

O***
0***

0.19
0.001***
0.034*
0.658
0.525
0.304
0.089
0.132
0.183
0.353
0.13

0***

Table 7.3: Output of logistic regression models predicting course score using trajectory
types for completers in self-paced version of SCOx. Model 1 contains demographic
data and Model 2 contains trajectory types while controlling for the demographic
data. Truncating covariates whose p-value is greater than 0.1.
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Chapter 8

Proficiency Measurement: Impact of

course pacing on student success

In thlis section, we investigate the impact of course delivery mode on student success. We
define student success with three core metrics: course completion, course certificate, and
course engagement. For a detailed discussion on these metrics, we refer readers to chapter
on our methodology. Having defined these metrics, we are interested in evaluating the effect
of course delivery on these student metrics.

Our work up till now has established an association of specific variables with course
delivery modes. For example, in the previous section, we showed that the self-paced course
is associated with lower engagement. We have, however, shied away from claiming that
self-paced course can cause lower student success or vice versa. We can only make such a
claim if we had established a causal relationship between them.

The cleanest way to measure the effect of course delivery mode is by running a ran-
domized control trial. Specifically, we want to randomize who gets enrolled in a self-paced
course and who in the instructor-paced course, and then look at the student success met-
rics. This removes the effect of any confounding variables which might be influencing the
student success metrics. In ours and many other educational situations, running an A/B
test to directly measure the effects of an intervention is impractical, unfeasible or unethical.
Given our situation of not being able to do A/B test, how can we measure the impact of an
intervention on student success?

To answer this question, we use a potential outcomes framework to try and make causal
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inferences about situations such as ours, where we only have observational data [63]. Fun-
damentally we are interested in knowing how a self-paced learner would have performed if
it had participated in instructor-paced course. Since this is something we never physically

observed, we will use statistical and econometric methods to answer this question.

8.1 Method

We begin with formally setting up the problem. To be consistent with the language used in

the potential outcomes framework, we use the following terminology:
o Learners are called as "subject"

e A control group is one where the subjects (learners) participated in a MOOC with an

instructor-paced format.

e A treatment group is one where the subjects (learners) participated in a MOOC with

a self-paced format.

Student success metrics are called as "potential outcomes".

Average treatment effect is the mean difference in student success metrics of a set of

individuals that have taken both self-paced and instructor paced course.
With this new language setup, we can now mathematically formulate the problem.

e Y represents the potential outcome where Yj is the potential outcome of a subject in

the absence of treatment, and Y7 is the potential outcome when treated.

e X is the-treatment status with X = 1 indicating treatment and X = 0 indicating

control.

e If we had been able to run A/B test, we would have randomly assigned students to
either self-paced or instructor-paced format. This makes the outcome independent of
the treatment i.e. E[Y1|X = 1] = E[¥1]. In our situation, no random assignment can
be be made and thus this equation doesn’t hold. We overcome this by using other
information we have about the students. Let us call this information, Z (known as
covariates). We then assume that Z includes enough additional information to explain

completely the choice of a student to enroll in a self-paced course.
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Potential Outcome | Completion, Pass rate, Engagement Index

Treatment self-paced
Control Instructor-paced
Covariates Demographic: gender, age, education, employment,

country, hdi, os

Timing: verification data, enrollment data, edX joining date
Skill: language proficiency, math skills,

familiarity with course content

Grade: Pass threshold on final exam score

Table 8.1: Summary of elements used in potential outcomes framework

We use covariates to model the potential outcomes for every student that has either taken

the instructor-paced or self-paced course [5]. Specifically for every student,we estimate:

Yo(Z) = E[Y|Z, X = (] (8.1)

Yi(2) = E[Y|Z,X =1] (8.2)

Once we have the potential outcomes, estimating the average treatment effect is simple.

Mathematically:

ATE =1/N Z(Yl(Z) —Y5(2)) (8.3)

The list of covariates used for modeling is shown in table 8.1. Most features are self-
explanatory, but two of them warrant discussion: math skill and grade. We use percentage
correct on the first attempt in the early weeks as a proxy for math skills. Our hypothesis
is that previous knowledge and prior skills play a significant role in the early success of the
course than the engagement with the online course. Also, We compute a binary variable
that indicates whether a student has passed the course by applying a threshold on the final
exam score. We add this variable to compensate for any potential benefit that learners in
instructor-paced course might gain from multiple graded assignments distributed throughout

the course.

We estimate 8.1 using three methods. We refer readers to [30, 2, 28] for more details on
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these methods. We present a brief summary of each of the method here:

e linear regression: we use standard ordinary least square regression where coeflicient

of the treatment variable is computed as the causal effect.

e Matching: In Matching, we find for each student which has taken a self-paced course,
a 'similar’ student which has taken a instructor-paced course. Comparing the success
metrics for these students then give us the average treatment effect. Nearest neighbour

is used to estimate similarity.

e Propensity score stratification: we stratify the data into bins with identical com-
mon covariates and then compute the effect of treatment. We review this method in

more detail in the next section.

8.2 Result

We estimated average treatment effect for each of the student success metrics. The tables
8.4 and 8.3 presents the causal effect of self-paced format on the learners. We computed
these results using two different approaches. In the first approach, we only used data of the
courses starting from 2018 so as to not to confuse the treatment under study with an earlier
intervention in 2017. In the second approach, we included all of the data but formulated the
problem to include the intervention in 2017 as a covariate. In both cases, the causal effect

remained the same.

The result shows that self-paced format has caused degradation across all the student
success metrics with pass rate experiencing the greatest decline of 10% as compared to
instructor-paced format. Completion rate reduced by 6% and engagement index decreased
by 8%. We also notice that the native estimate is not that far from the causal estimate,
confirming that student demographics, skillset, and intent has remained mostly the same
between these courses. Nevertheless, by controlling for these changes, even if they were
minimal, we have reached to the more accurate impact of the course delivery mode on the

learners.
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Course Total Total Verified Course Pass Engagement

Run En- Verified Conver- Com- Rate

rolled sion pletion
20171T 27,187 1,636 6% 50% 86% 53%
20173T 29,842 1,856 7% 55% 81% 57%
20181T 20,062 1,565 8% 65% 95% 59%
20183T 15,177 1,475 11% 61% 88% 59%
20191T 20,434 1,827 10% 55% 76% 51%

Table 8.2: Student success metrics for all runs of SCOx. Verified learners pay a fee to
earn a certificate at the end. Completion rate is computed for verified learners. Pass
rate is computed for verified learners that completes the course. Readers are referred
to chapter 3 for more details on engagement metric.

Completion Pass Rate Engagement

ATE p-value | ATE p-value | ATE p-value
Naive Estimate -3% 0.023 -11.0% 0.0232 | -6.1% 0.001
linear regression_estimator 7% 0.001 |-10.8% 0.001 |-8.1% 0.001
Propensity Score Matching -7%  0.001 -10.9% 0.001 -7.9% 0.001
propensity _score_stratification -5% 0.001 |-104% 0.001 |-6.4% 0.001
Causal Estimate -5% | -10.4% | -7.5%

Table 8.3: Impact of self-pacing on student success metrics. Naive Estimate is cal-
culated using all previous instructor-paced versions (2017-present). Completion rate
only includes verified learners and Pass rate includes verified learners that have com-
pleted the course.

Completion Pass Rate Engagement

ATE p-value | ATE p-value I ATE p-value
Naive Estimate -9%  0.001 -15% 0.001 -8%  0.011
linear regression _estimator 7% 0.001 |-11% 0.001 |-8% 0.001
Propensity Score Matching 7% 0.001 |-9% 0.001 |-9% 0.001
propensity score_stratification -7% 0.001 | -10% 0.001 |-8% 0.001
midrule Causal Estimate -7% -10% -8%

Table 8.4: Impact of self-pacing on student success metrics. Naive Estimate is calcu-
lated using instructor-paced versions starting from 2018 (2018-present). Completion
rate only includes verified learners and Pass rate includes verified learners that have
completed the course.
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8.3 Heterogeneous treatment effects

In this section, we investigate the impact on course delivery mode on various sub-populations
within the course. Specifically, we are interested in knowing how similar groups within the
course responds to course delivery modes. Notice the difference with the clustering approach
we used in the temporal analysis where the focus was to identify a group of learners that
follow a similar engagement trajectory. Here we are interested in classifying learners on their
prior demographic and registration features with the goal to compare their performance

across the two types of course delivery modes.

We cluster learners based on their demographic and registration features(covariates).
Instead of using traditional clustering techniques, we rely here on propensity score matching
methods. The propensity score is nothing but the probability that a learner will receive
treatment. Rosenbaum and Rubin showed that for the subjects that share the same propen-
sity score, the difference between the treated and the control units determines the average
treatment effect [30, 73]. Thus-instead of matching on the covariate vectors themselves, we
can match on the single-dimensional propensity score, aggregate across subjects, and still

arrive at a valid estimate of the overall average treatment effect.v

Once we have the propensity score, we use that score to stratify the learners into blocks
with similar propensity scores. We use a data-driven procedure for selecting both the number
of blocks and their boundaries, with the expectation that the number of blocks should

increase with the sample size [30, 73].

The results for completion metric is given in table A.1 and A.2. The row shows the de-
mographics features and the columns show the clusters identified using the above-mentioned
method. We compare these clusters with the mean values of the overall group excluding

that cluster; essentially we are trying to find what set these groups different from the others.

At a high level, we notice a couple of important observations. First, we see a large varia-
tion in completion rate across the clusters with the rate varying from -10% to 10%, indicating
that a self-paced have impacted sub-populations differently. Secondly, there is a great deal
of overlap between the clusters, showing the dropout is a complex phenomenon with many
complex variables in play. Nevertheless, we do see that certain demographic features are
prominent in a certain cluster, implying that learners with certain demographic features

perform better in instructor-paced format and vice versa. To understand this impact, we
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focus on sub-populations that are on the extreme edges of the competition rate.
Learners in cluster 6 and 5 performed or would have performed better or almost the same
in self-paced format than instructor-paced version of SCOx. There are more learners in these

clusters that have the following attributes (when compared with the overall population):
e More familiarity with the course content.
o Increased experience with the platform and possibly with online courses.

e Comes from developing nations, which is reflected by lower English index, lower mac

user and higher learners from developing countries( India, Egypt and others)
¢ Have bachelor degree

e Have specified their employment status as "unemployed."

Note that we don’t claim that these attributes lead to higher success in self-paced stu-
dents. We are just saying that if we had run an A/B experiment with learners from these
groups, learners in self-paced format would have performed better or almost the same than
instructor-paced version of SCOx.

Learners in cluster 0 and 1 performed the worst in self-paced format when compared
with instructor-paced version of SCOx. There are more learners in these clusters that have

the following attributes (when compared with the overall population):
e Are younger
e Are either currently studying in a college or are employed with graduate education.

e Comes from developed countries, especially from countries where math skills is not

that highly rated

For the pass rate, we noticed that all sub-populations perform worse in a self-paced
course than instructor-paced format. The overall rate pass in the self-paced course has been
15% with the range from -11% to -20%. The relationship between demographic features
and the pass rate is more intricate with not very clear interpretation. Countries play an
important role with learners from Spain performing relatively well with the self-paced course
as compared to learners from Egypt. Nevertheless, our analysis shows that the groups with

the following demographic features perform the worst when it comes to pass rate:
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o Includes a higher proportion of students
e Have lower skill, defined by the percentage of correct problems per submission

e Are from countries with moderate English index (between 60 and 70).

8.4 Conclusion

In this chapter, we explored the impact of pacing on students’ performance. The transi-
tion to self-pacing caused all student success metrics to drop even when one controls for
demographics, timing, and skill changes. The completion rate dropped by 6%, pass rate
reduced by 10% and engagement by 7%. However, the difference is not uniform across all
groups, with some experiencing no change and others encountering an even larger decrease.
Older students with more familiarity with the topic and those that have higher math skills
performed the same across both the format while college-going students and those from

countries with lower math skills performed the worst.
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Chapter 9

Perception Measurement: Impact of

course pacing on students’ perception

In this section, we examine student perception of the course design change. Specifically,
we are interested in comparing student attitude towards learning between instructor and
self-paced run of the course.

Perception Measures examines students increase in interest in the subject, interpersonal
outcomes (e.g., cooperative abilities), intrapersonal outcomes (e.g., self- understanding), and
other broad course outcomes [38, 12]. Even though we have taken a broad definition of the
success metrics, none of the quantitative metrics can truly tell us what motivates learners
and what happens in their head during the course. Student perceptions of learning have also
been found to be much highly correlated with the overall ratings of teaching effectiveness

[64, 11]. We use the exit survey to capture the student perception of the change in course.

9.1 Interest in the subject

One of the best ways to assess student attitude towards learning is to determine her increase
in the interest of the subject. To measure the interest, we used both direct and indirect
methods. We asked students a couple of question in the exit survey to gauge their interest
in the course. We asked them to quantify how likely they are to enroll in the next class of
this program. On similar lines, we asked if the course met their expectation and if they will

be willing to recommend this course to their friend. The mean difference and a one-way
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Table 9.1: Students’ perception of interest in the subject. A one-way analysis of
variance (ANOVA) is performed on each dimension. The table reports the statistical
and practical significances of the comparison. The former is reported in terms of
p-value and the later in terms of Cohen’s d value.

Instructor Student | p-value Effect Size(d)

survey.Course Learning? 3.353 3.265 0.013 -0.125
survey.Enroll Future Course? 4.645 4.580 0.074 -0.090
survey.Recommend _Friend? 4.499 4.433 0.098 -0.083
Actually end up taking SClx 69.9% 69.0% ] 0.589 0.019

! Four-point Likert Scale. 2 Five-point Likert Scale

analysis of variance (ANOVA) statistical test between instructor-paced and self-paced run
of the course are shown in the table 9.1. The responses to these questions produced the
same results in both the self-paced and instructor-paced course. While the mean is higher in
the instructor-paced course(and is statistical significant too), the effect is too small and can
be ignored. Students engaged very differently in the self-paced course and even performed
poorly than the instructor-paced format, but surprisingly, both the groups expressed an
equal amount of excitement in the subject.

An indirect way to judge student interest is to observe if they actually enroll in the next
course in the program, SClx. We tracked students enrollment in SClx and reported the
results in the table. The table shows the average number of passing students that enrolled in
SC1x for both the different course delivery modes. Surprisingly, the ratio is the same, even
though we computed the mean on five different runs of instructor-paced course. Considering
that SCOx is the entrance point to the Micromaster program, it is heartening to see that a

shift to self-pacing did not reduce the size of the incoming population.

9.2 Interpersonal outcomes

Interpersonal outcomes relate to relationships or communication between people. To mea-
sure students’ intrapersonal outcome, we asked them to rate their connectedness with the
community of learners and instructors in the course. The mean difference and a one-way
analysis of variance (ANOVA) statistical test between instructor-paced and self-paced run

of the course are shown in the table 9.2. To our surprise, students have rated the connect-
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Table 9.2: Students’ perception of interpersonal gains from the course. A one-way
analysis of variance (ANOVA) is performed on each dimension. The table reports the
statistical and practical significances of the comparison. The former is reported in
terms of p-value and the later in terms of Cohen’s d value.

Instructor Student | p-value Effect Size(d)

survey.Connectedness? 2.427 2.561 0.006 0.137
survey.Importance forums' 2.962 3.182 0.000 0.182
survey.Accessiblility! 3.19 3.220 0.574 0.028

! Five-point Likert Scale

edness higher in self-paced then the instructor-paced version of the course. The difference
is statistically significant, although the effect size is minimal. Students also rated the qual-
ity of discussion and in general, the importance of forum to the course higher than the
instructor-paced format. Although students moved at a different pace and accessed forums
at different times, these differences did not let to any degradation in the quality of the fo-
rum discussion. These are encouraging results for course designers considering a self-paced
format for MOOGs. To conclude, we did not observe any negative impact on Interpersonal

communication as a result of the shift to a self-paced version of the course.

9.3 Intrapersonal outcomes

Intrapersonal outcomes happen when a learner internalize a concept. To measure student
intrapersonal outcome, we asked them to assess how much they have learned in the course.
The mean difference and a one-way analysis of variance (ANOVA) statistical test between
instructor-paced and self-paced run of the course are shown in the table 9.3. Students in
self-paced learning perceived that they learned slightly less than their counterparts in an
instructor-paced version. However the result is not statistically significant and can is ignored.
Overall, student across both the formats perceived the gain in intrapersonal outcomes due

to SCO0x mostly the same.

9.4 Course Content

Next, we examine the student perception of the quality of the course and its components.

To address this, we asked the student to rate the quality, on a 5 points scale, of the course
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Table 9.3: Students’ perception of intrapersonal gains from the course. A one-way
analysis of variance (ANOVA) is performed on each dimension. The table reports the
statistical and practical significances of the comparison. The former is reported in
terms of p-value and the later in terms of Cohen’s d value.

Instructor Student | p-value Effect Size(d)

survey.Course Learning? 3.353 3.265 0.013 -0.125
survey.Course Expectation! 2.768 2.723 0.253 -0.058

1 Four-point Likert Scale

Table 9.4: Students’ perception of quality of the course. A one-way analysis of
variance (ANOVA) is performed on each dimension. The table reports the statistical
and practical significances of the comparison. The former is reported in terms of
p-value and the later in terms of Cohen’s d value.

Instructor Student | p-value Effect Size(d)

survey.Quality Videos! 4.271 4.247 0.544 -0.031
survey.Quality Platform?! 4.207 4.057 0.000 -0.190
survey.Quality Instructions® 4.138 4.071 0.112 -0.081
survey.Quality QQ! 3.925 4.058 0.002 0.155
survey.Quality PP! 3.962 3.870 0.033 -0.108
survey.Quality Forum®! 3.510 3.646 0.007 0.136

! Five-point Likert Scale

and its core components: instruction, platform, videos, practice problems, quick questions,
and forums. The mean difference and a one-way analysis of variance (ANOVA) statistical
test between instructor-paced and self-paced run of the course are shown in the table 9.4.
Students rated quick questions and forums higher in self-paced. The difference is statistically
significant, but the effect size is small. All other components were rated lower, but the
difference is statistically significant only for platform quality with a moderate effect size.
While the effect size is minimal, this result points towards possible action that can be taken
to improve the quality of the EdX components as well as the assessment in the future self-
paced run of the course. Perhaps the initial focus of EdX as well as of MITx on instructor-
based course delivery created a platform and content that does not seamlessly translate to
course delivery based on self-pacing. However, further research is required on a different

course to make any strong claim on this subject.
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Table 9.5: Students’ reasons for pursuing verified certificate. A chi-square test is
performed on each dimension. The table reports the statistical and practical signif-
icances of the comparison. The former is reported in terms of p-value and the later
in terms of phi coefficient.

Instructor Student | p-value Effect Size(¢)

survey.academic_advancement!  0.439 0.389 0.020 0.054
survey.career advancement! 0.709 0.652 0.004 0.067
survey.networking? 0.030 0.050 0.005 0.065
survey.personal development! 0.697 0.619 . 0.000 0.092
survey.professional _certification! 0.519 0.473 0.700 0.009

! Yes/No response

9.5 Certification

Finally, we examine the student self-reported reason for pursuing the certificate. The mean
difference and a chi-square statistical test between instructor-paced and self-paced run of
the course are shown in the table 9.5. We observe a relatively moderate difference between
the two groups. However, the effect size is small, implying that there is little association

between course mode delivery and the certification intent.

9.6 Conclusion

In this chapter, we explored the impact of pacing on students’ attitude towards the course.
Student perception of learning and their satisfaction with the course remained mostly the
same across both the format with some minimal changes. Students expressed the same
amount of interest in the subject after the course with an equal proportion of passing student
enrolling in the next course of the program. Surprisingly, more students in a self-paced
course rated intrapersonal outcome higher than the instructor-paced course, indicating that
the self-pacing did not impact the quality of forum discussion. However, students in self-
paced format did rank their satisfaction with platform and problems content slightly lower,
suggesting that there are opportunities to redesign the content that was originally created

for the instructor-paced courses.
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Chapter 10

Impact of course pacing on predictive

models

In this chapter, we briefly investigate the impact of the course pacing on the predictive model.
We focus only on completion metric, although the method described here is generalizable
to other success metrics. Specifically, we are interested in answering the following two
questions: 1) Can we predict dropouts in a self-paced course with a model pre-trained with
data from instructor-paced course?. 2) Do the factors impacting dropout remains the same
in both the versions?

Both of these questions are related. However, our focus in 1 is to determine the accuracy
of the predictive model and in 2 is to comment on the features that contribute the most in

these models.

10.1 Problem Formulation

Given we are at week w (end of week), we need to determine if a user  will drop out or not.
Dropouts are those that do not attempt the final exams in the 12th week from the start of
course.

We formulate this as a sequence pair {(X}, X¢, vi) }i=1..v Where each X! is a multivari-
ate sequence (e.g. number of video watched, problems attempted, etc) with T; samples
< Ti1,Ti2, .- Tir >3 X© is contextual data associated with each sequence(e.g. gender, edu-

cation, etc); and y is a categorical class label (dropout or complete). Give this information,

119



we seek a function such as

b (X5 X% = Y (10.1)

where w goes from 1 to 11 and X} is a multivariate sequence with w samples. In other

words, we build a model for each week with input as data from course start to that week

and output as a binary categorical variable.

10.2 Method

We then proceeded as follows [16, 17]:

A sliding window was applied to the sequence data to transform it into a piecewise

representation (segments). (width=2, overlap=0.5)

For each segment, we computed the following features: mean, variance, standard
deviation, maximum, minimum, skewness, kurtosis, mean crossings, mean spectral

energy, and a 4-bin histogram.

Features were scaled to zero mean and norm standard deviation, and a Gini impor-

tance ranking, feature selection strategy, was implemented to reduce the feature space.

At this stage, contextual data was appended with the sequential data. We also iden-

tified highly correlated features and removed them.

The data was split into train and test where we used train data to build a model and

test data to validate the performance of the model (train-test split = 0.8:0.2).

We then build a model for each week with input as data from course start to that week
and output as a binary categorical variable. Several classification algorithms (naive
bayes, logistic, CART, Random Forest, Boosted Trees) were explored. Further, we
performed 3-fold cross-validation with grid search to fine-tune the hyperparameters

for the algorithms listed earlier.

Finally, we evaluated our models on the test set using the area under the curve(AUC)

score.
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Train Data Source Test Data Source WKkl Score Wk4 Score Wk8 Score

Baseline Model Instructor-paced Instructor-paced 73% 79% 89%
Model 2 Instructor-paced self-paced 62% 66% 74%
Model 3 self-paced self-paced 68% 74% 82%

Table 10.1: Taxonomy of predictive model used in our stud

Weeks Naive bayes Decision Trees Logistic Regression Random Forest Boosted Trees

1 63% 65% 69% 70% 73%
2 67% 65% 72% 2% 74%
3 69% 68% 76% 73% 76%
4 58% 72% 78% % 79%
5 61% 76% 80% 81% 83%
6 68% 5% 83% 82% 84%
7 68% 82% 87% 86% 87%
8 2% . 86% 89% 89% 89%
9 8% 88% 92% 92% 92%
10 78% 89% 92% 93% 93%
11 82% 93% 95% 96% 96%

Table 10.2: Comparison of Test AUC scores of various classifiers. Each classifier is
trained on a data from instructor-paced courses and evaluated on a left-out data from
the same courses.

The figure 10-1 and table 10.2 shows the test accuracy (AUC) over weeks for the classifiers
explored by us. Boosted Trees performed the best in each of the weeks. We choose Boosted

trees to examine research questions posed by us earlier.

10.3 Transferability of predictive model

To answer Ql, we first developed a baseline model using data from the instructor-paced
course and then used it to predict dropouts in a self-paced course.

Our baseline model uses test and train data from the instructor- paced version of SCOx.
The test and train score is listed in figure 10-2. The model can identify dropouts with an
AUC score of 72% in the first week, and the performance increases linearly until it reaches
95% by the end of the course.

With our baseline model ready, we now turned towards answering Q1 i.e., if we train a
model on data from instructor-paced versions of SC0Ox, can we achieve reasonable accuracy
on self-paced course. To address this question, we trained our model(model 2) using all

of the data from instructor-paced runs of SCOx and then evaluated its performance on a
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Comparison of Test AUC of various classifiers
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Figure 10-1: Comparison of Test AUC scores of various classifiers. Each classifier is
trained on a data from instructor-paced courses and evaluated on a left-out data from
the same courses.

self-paced run of SCOx. The test and train score is listed in the figure 10-2. The test score
in week 1 drops down to 62% which then improves gradually to 89% by 11th week. The self-
paced version of the course has fundamentally changed the students’ behavior in the course
and a model trained on an instructor-run of the course can no longer predict the dropouts
with the same accuracy. This raises questions on the generalization of the predictive model

on a course that has undergone design changes.

10.4 Factors correlated with dropouts

To address Q2, we trained another model using data from a self-paced course and then
compare the predictors with the baseline model.

To interpret the models, we use SHAP (SHapley Additive exPlanation) values that have
been shown as a viable approach to interpret complex and non-linear models. SHAP values
explain the output of a function as a sum of the effects of each feature being introduced
into a conditional expectation [46]. Since the order in which features are matters, SHAP
averages over all possible ordering, giving us a value consistently and accurately attribute
the importance of feature on the output.

The figure 10-3 visualizes the SHAP values at week 1, 4 and 8. Every student has one
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Baseline Model: Train and Test AUC Score
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Figure 10-2: Test and Train Score of baseline model (top), model 2 (middle) and
model 3 (bottom) over weeks.
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dot on each row. The x position of the dot is the impact of that feature on the model’s
prediction for the student, and the color of the dot represents the value of that feature for

the student. The x-axis has units of log-odds [45].

Week 1:

The most important feature in both the models (baseline and model 3) for week 1 is the
number of times a student gets the first attempt to the problem correct. Students who get
more problems correct on the first attempt have more odds to complete the course. The
number of problems submitted and duration of videos watched are also positively correlated
with completion and are significant in both the models. We notice that demographic features
play a significant role in predicting dropouts in week 1. Verification time, age, and country
of residence are essential features in both models. Students who verify earlier have more
odds of completing the course. Students in the age bracket between 20 and 30 have more
probability of completing the course. US students, on the other hand, are more likely to
drop the course. While there are important features that are common in both the models,
the magnitude of their impact on the dropouts differs. We also observe features that are
important in one model but not in others. For example, in an instructor-paced course,
checking course progress page is correlated with a higher completion rate, but this feature
does not hold the same importance in a self-paced course. In summary, the features with
most predictive power in week 1 are mostly similar across both the models, although the

magnitude of their impact on the output differs.

‘Week 4:

In Week 4, the number of problems where students get the first attempt correct is still one
of the most important features across both the models. We do, however, see some major
differences in the list of other important features. Activity features have gained importance
in the instructor-paced model, while demographic features still have high importance in a
self-paced model. For the instructor-paced course, the number of active days and number of
progress page visits are positively correlated with completion. Both of these features do not
have the same predictive power in a self-paced course. This provides us an explanation of
why a model trained with one pacing structure does not lead to good accuracy on a course

with a different pacing structure.
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‘Week 8:

Activity features have gained prominence in both the models by week 8. However, the type
and magnitude of the impact of these features differ in both the models. The video-based
features have more predictive power in the instructor-paced model, while problem-based
features enjoy more power in the self-paced model. There are other features that play an
important part in one model but not in others. Increased number of visits to the course
progress page is correlated with higher completion in the instructor-paced course but does
not have the same importance in the self-paced course. On the contrary, problems that are
correct on the first attempt still have much importance in the self-paced model but is no

longer considered a vital feature in the instructor-paced model.

10.5 Conclusion

In this chapter, we explored the impact of pacing on the predictive model for dropout.
Firstly, we investigated if we can use a predictive model trained with one pacing structure
on a course with a different pacing format. Our results demonstrate that course pacing fun-
damentally changes the students’ behavior and a model trained on data from the instructor-
paced versions of SCOx can no longer predict dropouts in a self-paced version with the same
accuracy. Secondly, we examined the factors that are correlated with dropouts in both the
different versions of the course. We noticed that both models include similar features(correct
on first attempt,active days, videos watched), but the order and magnitude of the impact

of the features vary.
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Figure 10-3: Visualization of SHAP values in Week 1 (top), Week 4 (middle) and
Week 8 (Bottom) for models trained on data from instructor-paced course (left) and
self-paced course (right). In each of the figure every student has one dot on each
row. The x position of the dot is the impact of that feature on the model’s prediction
for the student, and the color of the dot represents the value of that feature for the
student. The x-axis has units of log-odds.
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Chapter 11

Conclusion, Recommendation and

Future Reséarch

In this section, we summarize the key findings of the thesis and provide guidelines for course

developers. We also identify the limitations of our research and share possible future

11.1 Conclusion

We begin by concluding our discussion on the framework and then summarize our observa-

tions on the application of the framework to evaluate pacing.

11.1.1 Framework to evaluate désign changes in MOOCs

In this thesis, we presented a data-driven framework to evaluate complex design changes in
MOOCs. We explored a change from multiple angles: process, proficiency, and perception.
For process measurement, we integrated clickstream, survey, course meta, and achievement
data to examine students’ interaction with various course components. The interactions
were analyzed from static and temporal viewpoints to understand both the final state and
the trajectory that learners took to reach to the final state. For proficiency measurement,
we applied causal inference methods to estimate the impact of course design on students’
performance. Finally, for perception measurement, we used the exit survey to get students’

feedback and their satisfaction with the design change. Through these analyses, we were
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able to determine the impact of course design on the outcome of students along multiple

dimensions of learning and identity aspect of the course where revision is required.

11.1.2 Case Study: Evaluating pacing in MOOCs

We demonstrated the application of this framework by evaluating course pacing on a re-
peated run of a supply chain MOOC by MITx. The shift to self-pacing caused students
to behave differently than those that have undertaken the course with instructor pacing.
The most prominent change was noticed in the students’ pathway over the duration of the
course. In an instructor-paced version, most students proceeded in a similar manner with
high engagement at the start, a dip around midterm exam and an upturn in the second
half of the course. In a self-paced version, students pursued their own style of trajectory
through the course. Some took a cyclical pathway, while others remained uniformly en-
gaged with the material. There were others that started slow and linearly increased their
engagement while others started near the end of the course and ramped up their activity
exponentially. These contrasting trajectories impacted students’ grade, with "uniform" and
"linear increase" styles having a positive correlation with course grade. Learners with cer-
tain characteristics were inclined to follow a specific pathway with older learners pursuing a
"uniform" style and college-going students taking on an "exponential" type of engagement.

While the trajectories are different, the overall count of interactions is mostly similar
across the courses with different pacing structure. Students in both pacing format attempted
almost the same number of problems and participated in the forums with the same intensity.
The video-watching behavior was different with student-pacing students watching far fewer
recitation videos than their counterparts in the other pacing format. A more significant
difference was, however, seen in the performance of low-achievers/dropouts between the dif-
ferent formats. While the completers interacted similarly in both formats, dropouts engaged
less in the self-paced version than those in the instructor-paced course. They watched fewer
videos and attempted far fewer problems, with 28% of dropouts not attempting a single
practice problem in the self-paced format. In fact, we demonstrated that a predictive model
trained on data from instructor-paced versions of SCOx could no longer predict dropouts in
a self-paced version with the same accuracy. This validates the change in dropouts’ behavior

as a result of a shift to self-pacing and raises questions on the generalization of predictive
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models on a course that has undergone design changes.

The transition to self-pacing caused all student success metrics to drop even when one
controls for demographics, timing, and skill changes. The completion rate dropped by 6%,
pass rate reduced by 10% and engagement by 7%. However, the difference is not uniform
across all groups, with some experiencing no change and others encountering an even larger
decrease. Older students with more familiarity with the topic and those that have higher
math skills performed the same across both the format while college-going students and
those from countries with lower math skills performed the worst.

Student perception of learning and their satisfaction with the course remained mostly
the same across both the format with some minimal changes. Students expressed the same
amount of interest in the subject after the course with an equal proportion of passing student
enrolling in the next course of the program. Surprisingly, more students in a self-paced
course rated intrapersonal outcome higher than the instructor-paced course, indicating that
self-pacing did not impact the quality of forum discussion. However, students in self-paced
format did rank their satisfaction with videos and problems content slightly lower, suggesting
that there are opportunities to redesign the content that was originally created for instructor-

paced courses.

11.2 Recommendation

From these findings, we provide three recommendations for course developers and faculty to

consider while creating or updating their open online courses.

11.2.1 When to use Instructor-pacing?

First, we recommend course developers to consider instructor-paced pacing when deciding
on pacing strategy for their MOOCs. We found a causal relationship between pacing and
student success metrics with instructor-pacing increasing completion rate, passing rate, and
engagement score. These results are in contrast with an earlier study by Reich on a course
offered by HarvardX. However, the course they reviewed was qualitative in nature and had
minimal assessment structure. Considering the plethora of quantitative courses available on
MOOC, our recommendation to course developers that are involved with courses similar to

ours is that they should consider an instructor-based pacing strategy for their course.
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11.2.2 When to use student-pacing?

Secondly, student-pacing does seem to provide a viable alternative pacing strategy if the
instructor is concerned with the students’ perception of learning rather than the quantitative
metrics. Students rated both types of courses equally when it comes to perception and
satisfaction. Previous authors have expressed concern about the impact of asynchronicity
on the flow of discussions in the forum. We did not find any drop in forum engagement
in the self-paced version of the course. In fact, students spent more time in forums in the
self-paced course than in an instructor paced one. Note that we are not making any claim
on the impact of discussion flow due to self-pacing. We are just saying that self-pacing did
not hinder students from participating in the forums with students rating quality of the

discussion same or better than the instructor-paced version.

11.2.3 How to improve success in student-pacing?

Thirdly, for course developers, who do not have the resources to offer an instructor-paced
version or have already made the decision to provide an self-paced version of the course,
can benefit by implementing the following countermeasures to mitigate the drawback of

student-pacing:

e High achievers performed similarly across both the delivery methods but low achievers
engaged less with the self-paced version. Course designers must, therefore, introduce
changes into the self-paced course to make this subgroup more engaged with the
course. A noticeable difference is observed in problem submission of this subgroup.
Perhaps, making the problems optional and ungraded reduced learners’ motivation
to undertake these assessments. In fact, evidence from cognitive psychology supports
this hypothesis as testing has been shown to not only assess learning but also facil-
itates it [48]. We recommend that the course structure of self-paced be changed to
incorporate a few graded assessments. The delivery date of these assessments can
be set loosely and the number of assignments can be set low so as not to erode the
flexibility offered by a self-paced version. Nevertheless, considering how little low
achievers engaged with problems, we believe there is a relative advantage to include
few graded assignments in the self-paced version of the course. Another approach

could be to keep all the problems ungraded but re-frame them to encourage learners
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to participate in assessment activities. For example, few of the important problems
can be picked from the pool of practice problems and grouped into a new category

"Recommended problems" to stimulate learners to at least attempt those.

Asychrnourous pacing impacted the passing rate the most with student-pacing causing
the passing rate to decrease by 15% for students who completed the course. A part
of the decrease is attributed to a shift in distributing the 100% of the grade to Final
Exams. In the instructor-format, the final grade contributed 45% to the overall course
grade, while the midterm and the graded assignments contributed to the rest. In a self-
paced format, all graded contents were removed except the final exam, and therefore,
the final exam contributed 100% to the overall course grade. If we had computed the
pass rate only on the final exam score, the overall decrease in the pass rate would
have been 10%. There are approximately 5% of completers in a self-paced course
that would have passed the course had we kept the grading distribution the same.
This gives another data point to support our earlier statement on introducing graded
assignments during the duration of the course. Multiple graded contents give an
opportunity for students to recover from a bad grade besides keeping them engaged

with the course.

Students behaved differently with video and problem content in the student-pacing
version of the course with many activities happening at the near end of the course.
The videos and problems in the course were designed with instructor-pacing in mind.
Seeing how students interacted with the content in the self-paced course, there are
opportunities to alter the content to make it appropriate for courses with self-paced
delivery. Perhaps this is why students rated the video and problem lower in satisfaction
in a self-paced course. We recommend designers to reconsider the content to align
it with the delivery mode of the course better. One possibility that we foresee is
to trim the video duration or reduce the video count. Students in self-paced have
demonstrated that one can get good grades by watching fewer videos. Reducing the
video duration might have a positive impact on dropouts since many students view the
percentage of video completed as a benchmark on how well they are doing the course.
An increased percentage of video completed might encourage them to participate in

the final exam.
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e The move to student-pacing provided an opportunity for learners to engage with the
course at their own pace and style. We demonstrated that some of the pathways
taken by learners are correlated with lower student success metrics. Course designers
must, therefore, deploy interventions to avoid learners to take these pathways. A
quick and easy fix is to prepare a set of possible study plans and communicate these
with the learners. However, previous research has shown that even in course with
the recommended syllabus, learners engage with the course at their own pace [52].
Another approach is to deploy a predictive model that can identify types of learners
and then intervene by sending targeted emails. Previous research has found emails to
be not effective in nudging students towards the desired state, although most studies
have not implemented targeted messaging [7]. Another approach can be to make
design changes to reduce the impact of various pathways on the success metrics. For
example, one could breakdown the course into four sub-module with each module have
its own final exam. Reducing the duration of the course might minimize the impact
of the pathway on the success metric and also offers an opportunity for the learners

to correct their study plan between the sub-modules.

e MOOG: are criticized for low completion rate with six years of research in this space,
offering limited practical guidance on how to tackle this problem. Our analysis pro-
vides some guidance to researchers and course designers on how one can approach
such a complicated problem. MOOCs include a diverse group of learners with distinct
needs. A one-fits-all approach to address dropout is more likely not to produce the
required results. We demonstrated that one could use complex design experiments
to understand the subgroups of learners better. Specifically, a change in a course
offers an opportunity to model how a certain group of learners responds to change.
We showed possible ways to deconstruct these learners in both static and dynamic
context. Understanding these subgroups can lead to better design of interventions.
To start with, researchers can develop predictive models that can identify types of

dropouts. And, then can deploy interventions specific to that group.
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11.3 Limitations and Future Research

There are limitations as well as opportunities to further expand on the work done by us. In

this section, we pen down these limitations and provide guidance for future research.

Firstly, while we have applied the framework to evaluate course pacing in MOOC, no
single study can validate the effectiveness of the framework. There is a full spectrum of design
decisions in MOOCs with varying effort and impact. These changes might be related to a
component of a MOOC (such as forum re-design) or might have far-reaching consequences
that go beyond online education (such as blended programs). Considering how different and
broad these changes might be, there is a legitimate question if the proposed framework will
be able to generalize well. We recommend carrying out future research in this direction to

validate and improve the efficacy and reach of the framework proposed in this thesis.

Secondly, while our framework provides a systematic approach to identify areas for
improvement, it offers limited guidelines to what could be done to improve these areas.
Even in situations, where we have provided recommendations, there are opportunities to
develop an analytical model to estimate the impact of these proposed changes on student
success. Such an approach would prevent instructors from implementing costly interventions

that can only have minimal effects on course.

In this thesis, we have proposed an engagement score that captures student’s learning
in the course. The effectiveness of this score needs to be investigated in other courses of
different types and structure. Importantly, however, it needs to be validated if this score
indeed measures learning in true sense. While we never might be able to quantify learning,
there is a real need to define and operationalize metrics that goes beyond grades or mere
clicking. Future research in this direction would have immense value to the larger MOOC

community.

The course we investigated had undergone only one design change. However, one is
very likely to see a situation where a course had experienced multiple design changes, either
separated by time or applied all at once. Consider a scenario, where new assignment types
were introduced in a certain week, and the structure of the final exam was changed. The
methods explored in this thesis are not comprehensive to evaluate a scenario like this. Meth-
ods such as causal methods with time-varying treatments and reinforcement learning have

shown positive results on similar scenarios in applications other than MOOC. We propose
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that future research must be conducted to examine this, and other methods be explored to
evaluate multiple design change in MOOQC:s.

There are opportunities to standardize the data processing pipeline of MOOCs to en-
able researchers to compare MOOCs across different platforms. To be able to identify design
changes that work, one needs to explore data from hundreds of MOOCs available on multi-
ple platforms. Considering that data aggregation pipeline varies substantially across these
platforms, course designers can immensely benefit from a framework that can normalize the
data collection process. While there have been previous attempts in this direction, further
research is required to develop a practical and usable framework to address this issue.

Finally, we want to comment on the limitations of our study on pacing in MOOCs.
Firstly, we restate our earlier statement that the observations from this study can not
be generalized. Although we have data from six-course, only one of them was self-paced.
Additionally, we explored self-pacing only on one type of course. The observations and
recommendations from our analysis are directed toward the MITx teaching team. And
while it does provide guidance to faculty and course designers (especially to the ones that
are involved with the quantitative course like ours), there is no guarantee that the results
will generalize to other courses. In fact, previous work on pacing has produced different
results. To be able to draw general inference about the impact of course pacing on student
success, there is a need to conduct studies using data from multiple MOOC course. Academic
universities and MOOC providers should collaborate to provide data to support such efforts.

Secondly, we only considered verified learners and did not measure the impact of pacing
on audit learners. While audit learners engage very little with the course, they represent
a large group of students. It would have been interesting to see the impact of pacing on
their behavior and activities. Considering the size of audit learners in MOOCs, the result
would have provided guidance to many course designers looking for ways to engage audit
students. Additionally, the teaching team at MITx had given SC2x (an advance course in
the Micromaster series) learners audit access to the self-paced SCOx to enable them to revise
mathematical concepts. It would have been interesting to see how many of these learners
interacted with the course and what has been the impact on audit access on performance in

SC2x. Further research must be conducted to explores these questions.
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Tables
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stratum Reference 0 1 2 3 4 5 6

# of learners 4409 295 294 588 1175 1175 588 294

% Learners 100% % % 13% 2% 2% 13% %

ATE -7% -10% -12% -5% -9% -1% -2% 11%

% ATE difference [rom total population 0% -19% -73% 22% -39% -3% 70% 264%

gender female 024 (0.17,000)*  (021,004)*  (027,004)**  (035012)***  (033,0 1)** (034,0 11)***  (027,003)*
gender male 076 (0.830.00)%**  (079,004)**  (0.72004)**  (064,012)*** (067,000**  (066,0 11)*** (0730 04)*
edu associate 003 (003,0 0) (003,0.0) (003,00) (004,0 01) (0 05,0.03)* (005,003)** (002,001
edu bachelor 0.51 (0.45,0 09y***  (045,0.00)**  (0550.05)**  (063,0.11)**  (067,0.16)***  (0.68,0 17y*** (0 56,0 05)**
edu* high school 0.06 (01,008)¥*  (005,0 02)* (003,0.03)***  (005,0.01) (005,0 0) (004,0 02) (006,00)
edu: masters 0.38 (041,005)**  (046,012)***  (036,002) (026,0.12)**  (018,0.19)*** (02,018)** (03,0 08)***
country: AU 0.02 (003,001) (003,0.01)*  (002,001) (002,00) (001,0 01) (002,0 01) (001,0 02)**
country- BR 0.05 (004,0 01) (002,003)***  (003,003)**  (00500) (0 05,0.0) (012,0 07)*** (0 11,0 07)***
country: CA 003 (0.03,00) (004,002)**  (003,00) (0.04,0 01) (002,001 (0.01,0 02)**  (002,002)*
country CN 0.03 (0.050.02)*  (004,00) (003,00) (002,0 01) (003,00 (0.02,0 01) (0.03,0 02)
country EG 003 (004001)**  (001,0.02)***  (001,002*  (001,001) (0.02,0 01) (0.02,0 01) (009,0 07)***
country ES 0.03 (0.05,0 03y***  (002,0.01) (002,002  (0.03,00) (0.05,0 02) (0.03,0 0) (001,0 02)**
country IN 0.12 (008,005)***  (0.11,0.02) (012,00) (021,009)***  (0.14,0 02) (0.21,0 09)*** (0 15,0.04)**
country: MX 0.03 (003,00) (0.03,0.0) (003,001) (001,0 02) (0.05,0 02) (0.01,0 02) (0.02,0 01)
country_US 032 (032,00) (035,0 04)* (033,002) (0.33,0 01) (037,0 05) (0.3,0.02) (0.24,0.00)**
os Mac 08 X 012 (021,0 12y**  (016,005)**  (006,008)***  (003,01)***  (005008)**  (0050.07)*** (0 07,0 06)***
os Windows 087 (0.77,013)%**  (082,006)***  (093,000)***  (097,0.11)*** (095008)**  (094,0.08)** (0 92,0.06)***
age 3307 (3141,0.22)*** (32 87,0.05)**  (33.85012)***  (350,0.18)***  (3511,0.18)*** (34250 12)*** (33.6,0 1)™**
enrollment date 3211 (64 14,0 52)***  (27.45,0.02) (16 53,0 24)%** (12820 31)¥* (844,036)*** (11 91,0 35)*** (29 22,0 16)***
venfied time -194 (-0 07,0 14)** {-007,008)***  (-003,0 08)***  (-213,002) (-5 36,0.07) (-376,0 09)*  (-11 48,0 44)*>*
Joining date 44393 (415.44,0 1)*** (351.02,0.08)™* (375 34,0.13)*** (496 48,0 0) (518 76,0.02)  (63188,006)  (701.42,0 17)***
enghsh_mdex 7312 (72 59,0 02) (7509,008)***  (7399,003)*  (7498,007) (74 21,0.02) (7123,0 02) (67 35,0.16)***
hdi 0.83 (084,005)* (084,009  (083,001) (08,0.1)* (0.83,0 01) (0.8,0 14y (079,0 17)***
skill 074 (0.71,004)*  (0.77,0.14p**  (0.74,0.00)*** (0 74,0 08)* (0.72,013)** (074,01 (075,0 04)*
empstatus Employed 080 (0.76,0 06)***  (08,00) (083,005)*  (084,004) (0.8,00) (0.76,0 04) (083,004)
empstatus Full-time student 0.09 (0.15,0.08)**  (0.1,0 01) (006,0.05)*** (0050 04) (0.04,0 06)* (008,0 01) (0.05,0.05)**
empstatus' Other 0.03 (003,0.0) (003,001) (003,0.0) (003,00) (001,0.02) (0.02,0 01) (004,0 01)
empstatus' Retired 000 (00,0.0) (00,00 (00,00) (0.0,00) (00,00) (0.0,00) (00,00
empstatus: Unemployed 0.08 (006,003)*  (0.08,0.0) (008,00) (6.08,0.0) (015,007)**  (014,006)**  (008,00)
fam: Not at all famihar 005 (004,0 01) (005,0.0) (006,0 01) (007,002) (009,0 04) (0.06,0 01) (0.04,0 01)
fam- Shghtly famihar 016 (014,0 02) (015,0.0) (017,002) (0.14,0.01) (012,0 03) (019,0 03) (017,001)
fam Somewhat familar 050 (0.53,0 04)* (0.49,0 01) (0 47,0 04)* (062,012)* (0 55,0 05) (0 48,0 02) (0.48,0 02)
fam: Very familiar 02 (0.24,0 01) (0.25,0 01) (027,003) (014,0 1* (022,002) (0.24,0.01) (0.23,0 01)
fam Extremely famihiar 0.05 (0.05,0.01) (005,00) (004,001) (0.03,0 02) (001,0.04) (004,0.01) (0 08,0.03)**
fluency- Basic 001 (0 01,0 0) (001,00) (001,00) (001,001) (00,001) {00,001) (00,001)
fluency Fluent 058 (0 58.0 0) (05800) (059,0 02) (057,0 01) (0 69,0 11)* (0.53,0 03) (054,0 04)
fluency Intermediate 011 (011001) (012001) (01001) (012,001) (0 08,0 04) (013,002) (012,001)
fluency Proficient 030 (03,00 (03,0 01) (03,001 (03,00) (024,0 07) (034,0 03) (033,003)
fiuency Week 0.00 (00,00) (00,00) (00,00) (00,00) 00,00) (00,0 0)™*

(00,00)

Table A.1: Clusters and their demographic profile for completion metrics. A Mann-
Whitney U test is performed between each cluster and the overall population minus
that cluster. The output is displayed as (a,b) where a is the percentage mean differ-
ence and b is the effect size.
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stratum Reference 0 1 2 3 4 5 6 7 8
Abs Learners 2754 178 177 354 708 718 355 175 89 88

% Learners 100% 3% 3% % 14% 14% % 3% 2% 2%

ATE -10% -3% 6% -16% -12% 1% -9% -14% -13% -6%

% ATE difference from total population 0% 73% 14% -38% -19% -10% 12% -38% -24% 3%

gender female 0239322 (027,003) (027,003) (027,0.04) (025,002) 021,0 04)* 021,0.03) 0 25,0 01) (021,003) (023,001)
gender male 0757854  (073,003) (073,003) (072,004  (074,002) 079,0.04)* 0 79,0 04) 075,001) (079,003) (077,002)
edu, associate 0021885  (001,002) (002,00) (002,001) (002,00) 003,00) 003,0 01) 003,001) (001,001) (003,001)
edu bachelor 0519238  (037,016)***  (04013)***  (042012)*** (051,002) 051,001) 064,0 14)***  (068017)***  (065014)** (0670 16)**
edu Ingh school 0051182 (021,017)***  (01,005)***  (008,003)**  (003,003)* 003,003)*** (0020 03)** 004,0 01) (002,003) (006,001)
edu masters 038581 039,00) (045007)*  (048,011)***  (043,0.06)** 041,0 03) 0270 13)***  (023017)***  (027,012)* (023,0 16)***
country AU 0027886 (004,001) (002,001) (00,003)**  (001,003)**  (001,002)*** (0050 02)** 009,007)***  (018,016)***  (008,0 05)**
country BR 0054359  (001,005)**  (001,005)*  (003003)*  (0030.04)***  (006,00) 011,006)***  (016011)***  (012007)**  (005001)
country CA 0030709 (001,003)* (002,001) (005002)*  (005,002)** 003,00) 002,0 01) (002,001) (00,003)* (00,0 03)*
country- CN 0038475 (005,001 (0.06,0 02) (005,001) (004,0 01) 004,00) 004,0 0) (002,002) (00,0 04)* (00,0 04)*
country EG 0034230 (01,007**  (002,001) (003,001) (001,0.03)***  (001,003)***  (001,0 03)** 003,00 (006,002) (043,0 41)**+
country ES 0032121  (022,02)**%  (004,001) (005,002)*  (001,0.02)*  (002,002)** 0 01,0 03)** 001,003)* (001,002) (00,003)*
country IN 0127074  (009,004) (01200) (012,001) (011,0.02) 014,002) 016,0 04)* 0 16,0 03) (009,004) (008,0 05)
country MX 0031768  (001,003)* (003,00 (002,002  (003,00) 004,001) 004,0 01) 004,001) (004,001) (001,002)
country_US 0268973  (023,004) (033,006  (04,015)**  (035011)**  (025002) 0140 15)***  (016011)***  (0120.15)***  (005,023)***
os Mac OSX 0155312 (017,001) 044,03y (031,017)** (022,000)***  (004015)***  (0040.13)***  (005012)**  (003,013)***  (01005)

os" Windows 0830921  (079,005) (05503  (067,018)** (0760.1)%**  (095016)***  (0950.14)***  (095013)**  (096,013)***  (088,005)
age 32395351  (279T,051)***  (2773,049)*** (3031,022)*** (3302,007)**  (3456,026)*** (3411,021)*** (3208,002) (30 89,0 09) (3189,0.01)
enrollment date 31260326 (664,043)*  (5363,033)*** (5095,032)*** (3782,018)*** (22.77,014)*** (1327,03)***  (614,044)™*  (-276,055)***  (903,04)***
veritied time -7770914  (204,01)** (-2 52,0 07) (20,0 13)**  (422,000***  (-93,002) (=1527,0 13)™**  (-19 64,0 24)*** (-1981,0 26)*** (27 58,0 35)**~
Jomung date 436745146 (53271,021)*** (3068004)  (3489600) (310450 15)*** (346 53,0 14)*** (5493,008)** (806 06,0 28)*** (922 55,0 33)*** (7340,0 13)*
englsh_index 70751405  (6678,0 1L1)**  (74501)* (76 63,017)** (74380 13)***  (699,00) 64960 14)*** (68 26,009)*  (6792014)*  (564,055)***
hdi 0817147  (082,004) (083,007) (084,0.12)***  (083009)**  (082,001) 0790 13)***  (079,01)* (081,00) (074,0 38)***
skall 0742067  (074,001) (0 76,0 02) (072,008)* (074,001) (074,00 075,0 02) 0 77,0 07)* (076,003 (073,004)
empstatus Employed 0793497  (057,024)*** (0 74,006) (076,004) (083,0 05)* (084,007)** 086,0 08)** 0 72,0 08)* (069,0 11)* (07,009)
empstatus Full-tune student 0004695  (03,022)***  (017008)*  (012,003) (006,005)***  (006,005)** 0 05,0 06)** 011,001) (012,003) (016,007)
empstatus Other 0020093  (005,002) (004,002) (003,00) (003,00) (002,001) 003,00) 004,0 02) (002,001) (005,0 02)
empstatus Retired 000057 00,00) (©0,00) (00,0 0)** (00,00) (00,00) 00,0 0) 00,00) (00,00) (00,0.0)
empstatus Unemployed 0082145  (008,00) (005,003) (008,00) (009,0.01) (008,001 006,0.03) 013,005)* (017,009)* (009,0 01)
fam Not at all familar 0041072 (003,001) (002,003) (006,002) (004,00) (004,00 005,0.01) 007,003) (004,00) (00,004)
fam Shghtly famihar 0146035  (017,002) (000,006  (015,001) (016,002) (013,002) 016,0.02) 014,00) (017,002) (016,001
fam Somewhat famihiar 0495722 (05,001) (059,01)* (051,002) (05,00) (049,001) 0 45,0.05) 05,00) (046,004) (045,004
fam Very famnhar 02664 (027,00) (027,001) (023,005) (025,0 02) (029,0.03) 029,0.03) 0 23,0 04) (031,005) (03,003)

fam Extremely familiar 005077  (004,002) (004,002) (005,00) (006,0 01) (005,0.0) 005,0.01) 007,0 02) (002,003) (009,004)
fluency Basic 0007416 (00,001) (001,00) (00,00 (00,00) 001,00) (001,001) (00,001) (00,001) (002,002
tluency Fluent 0 54421 (0 44,0 11)* (0 59,0 U5) (0650 12)***  (U61,008)***  (052,004) (0 49,0 07)* L52,002) (044,011) {027,0 28)**
flueney  Intermediate 01162 (018oo07)* (0 0R,001) (0 08,0 04)* (00RO 05)** 0 12,0 01) (0170 Vb)** ©14003) (015,0 03) (U 18,007)
fueney  Profieicnt 0331432 (038,003) (032,001) (0.27,0 07)* (031,003) (n35,003) 033,00) (034001) (0 42,0 09) (052,02)**

Table A.2:

Clusters and their demographic profile for pass rate metrics. A Mann-

Whitney U test is performed between each cluster and the overall population minus
that cluster. The output is displayed as (a,b) where a is the percentage mean differ-
ence and b is the effect size.
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gender/course 20171T 20173T 20181T 20183T 20191T

female 21.9% 232% 24.0% 22.8%  25.6%
male 77.8% 76.5% 76.0% 77.1% 74.0%
other 0.2% 0.4% 0.1% 0.4%

Table A.3: learners’ gender ratio in all runs of SCOx

age/course 20171T 20173T 20181T 20183T 20191T

0-20 0.1% 0.4% 0.1% 0.4% 0.2%
20-30 387% 387% 34.8% 34.6% 29.3%
30-40 40.9% 41.3% 482% 49.7%  55.2%
40-50 14.6% 141% 125% 121% 10.6%
50+ 5.7% 5.4% 4.3% 3.2% 4.7%

Table A.4: learners’ age ratio in all runs of SCOx

country/course 20171T 20173T 20181T 20183T 20191T

US 30.9% 32.0% 32.8% 31.6%  29.8%
IN 10.5%  9.8% 9.6% 12.5%  12.6%
BR - 6.2% 4.3% 4.2% 3.9% 5.2%
MX 3.4% 3.9% 2.2% 3.7% 2.5%
CN 3.2% 2.3% 4.0% 2.7% 3.7%
EG 2.6% 3.2% 2.2% 2.6% 3.2%
ES 2.5% 2.6% 2.6% 3.2% 2.1%
CA 2.4% 3.3% 2.6% 3.1% 3.1%
DE 2.1% 1.8% 2.2% 1.7% 1.6%
CO 1.2% 2.5% 1.6% 0.9% 1.3%
Others 35.0% 344% 36.0% 34.0% 35.0%

Table A.5: Country of residence of learners in all runs of SCOx
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user.enrollment course_id 20171T 20173T 20181T 20183T 20191T

junior high schooll 0.4% NaN 0.2% 0.1% 0.1%
high school 6.6% 6.0% 6.6% 7.1% 4.8%
associate 2.5% 2.4% 2.5% 2.6% 3.0%
bachelor 50.4% 50.8% 49.6% 504% 53.2%
masters 37.5% 39.1% 38.4% 38.0%  36.5%
PhD 2.0% 1.0% 1.9% 1.2% 1.7%
others 0.6% 0.6% 0.8% 0.5% 0.7%

Table A.6: Level of education of learners in all runs of SC0x

hdi(z)/course 20171T 20173T 20181T 20183T 20191T

(z < 50) 1% 0% 1% 2% 0%

(50<z<70) 21%  20%  19% = 23% = 24%
(70<z<90) 31%  31%  29%  28%  29%
(z > 90) AT%  49%  52%  48%  47%

Table A.7: HDI of country of residence of learners in all runs of SCOx

english index(z)/course 20171T 20173T 20181T 20183T 20191T

(25 < z < 50) 17%  19%  15%  15%  16%
(50 < z < 75) 3%  39%  42%  43%  44%
(75 < = < 100) 39%  42% @ 43% @ 42%  40%

Table A.8: Englisg language index of learners in all runs of SCOx

enrollment date/course 20171T 20173T 20181T 20183T 20191T
30 days before course 39% 39% 44% 36% 36%
14 days before course 56% 54% 57% 49% 48%
before start of course 79% 79% 78% 1% 70%

within 14 days of start of course 95% 95% 95% 95% 86%
within 30 days of start of course 100% 100% 100% 100%  91%
after 30 days of start of course ~ 100%  100%  100%  100%  100%

Table A.9: Enrollment registration of learners in all runs of SC0x
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verification date/course 20171T 20173T 20181T 20183T 20191T

30 days before course 9% 10% 12% 13% 18%
14 days before course 16% 16% 17% 20% 24%
before start of course 29% 32% 32% 33% 43%

‘'within 14 days of start of course 45% 53% 52% 56% 63%
within 30 days of start of course 98% 100%  100%  100%  71%
after 30 days of start of course ~ 100%  100%  100% 100% 100%

Table A.10: Verification registration of learners in all runs of SCOx

edx join date/course 20171T 20173T 20181T 20183T 20191T

before 1 year 36% 34% 37% 3% 38%
before 1 month 35% 37% 36% 36% 36%
before start of course 20% 21% 16% 17% 15%
after start of course 9% 9% 10% 10% 11%

Table A.11: EdX joining data of learners in all runs of SCOx

empstatus/course 20171T 20173T 20181T 20183T 20191T

Full-time student 9% 9% 9% 9% 8%
Unemployed 9% 9% ™% ™% 8%
Employed 63% 70% 74% %% - 5%
Retired 0% 0% 0% 0% 0% f
Other 2% 2% 3% 3% 3%

Table A.12: Employment status of learners in all runs of SCOx

fluency/course 20171T 20173T 20181T 20183T 20191T

Weak 0% - - - 0%
Basic 0% 0% 0% 1% 1%
Intermediate 9% 9% 12% 9% 10%
Fluent 41% 52% 53% 53% 51%
Proficient 24% 28% 25% 30% 29%

Table A.13: Language proficiency of learners in all runs of SCOx
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familiarity/course ~ 20171T 20173T 20181T 20183T

20191T

Not at all familiar 6%
Slightly familiar 13%
Somewhat familiar 38%
Very familiar 22%
Extremely familiar 5%

6%
15%
42%
24%
4%

6%
16%
46%
22%
4%

6%
15%
48%
21%
4%

4%
13%
46%
26%
6%

Table A.14: Familiarity with topic of learners in all runs of SCOx
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