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Abstract: There have been many attempts to support learners in massive open online courses (MOOCs) with retention and self-
regulated learning (SRL) with limited and mixed findings. This paper presents a design of integrated SRL support called SRLUI
developed from a review of SRL support and empirical findings. The results from implementing SRLUI for 808 learners in eight
MOOC:s are also presented. The finding indicates that SRLUI has a high compliance rate (80%), and increases learning outcomes
for a high-performance group. There is no direct evidence indicating SRLUI has an impact on learner persistence. Future studies
are suggested to investigate the potential typologies of MOOC learners and differentiate SRL supports into subgroups.
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1. Introduction

1.1 What are MOOCs?

A massive open online course (MOOC) is a type of online course available to the public and often taught on a large scale
(Pheatt, 2017). Without the hassles of the traditional school application process and tuition, a learner can take a course from a
renowned university through internet access and a valid MOOC platform account (Reich, 2020). With a small fee, learners can also
access graded assessments and potentially earn a certificate upon completion of the course. MOOCs have gained huge popularity
since 2011 because of their easy accessibility, low financial commitments, and contribution by world-renowned universities, which
were typically considered difficult to access. Until November of 2020, class central reported 180 million learners enrolled in MOOCs
(Shah, 2020). MOOC:s started to become a vehicle for people to enhance their academic or professional profile either as a pathway
to access educational programs or to attract future employers. However, due to there being little or no consequences for dropping
out, some research has shown MOOCs have high dropout rates and poor learning outcomes (Stein and Allione, 2014).

With the growing offerings and increasing enrollment of MOOCsS, a number of researchers and educators have investigated
the learning challenges and opportunities associated with MOOCs. MOOCs were first offered by Stanford University as free classes
to the public in 2011 (Ng and Widom, 2014). MOOC pedagogy focuses on student-content interaction and delivers through a series
of short videos, multiple choice quizzes, auto-graded coding assignments, fast-forward playback, subtitles, and discussion forums
(Reich, 2020). To complete a MOOC course, a learner has to be able to plan a learning schedule, gather course information and
materials, watch lectures and complete the assignments within the timeline. MOOC learning at scale model presents students with
heavy responsibilities to regulate their learning. The rare teaching fellow presence coupled with limited personal feedback and social
interactions with peers may result in high dropout and low completion rates in MOOC learning environments (Zhang et al., 2021).

1.2 What are Challenges in MOOC Research?

MOOC research identified prior knowledge, experience with online learning, and self-regulated learning skills as strong
predictors of learning outcomes (Kizilcec and Halawa, 2015). Several studies attempted to support MOOC learners by manifesting
self-regulated learning behaviors (Ceron et al., 2021; Alonso-Mencia et al., 2020). However, there was still scarce empirical
evidence of SRL interventions on learning outcomes (Jansen et al., 2020). Three research challenges in MOOCs were identified: (1)
Most of the studies have a low compliance rate (10-30%) of the SRL interventions due to high dropout rates, which makes it hard
to produce conclusive outcomes. (2) The concerns for data privacy and ethics make it difficult for researchers to get access to the
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learner data (Joksimovi¢ et al., 2018). (3) MOOCs have various pedagogies in course length, delivery mode (i.e. instructor-paced
or student-paced), and submission due dates. It is difficult to compare the efficacy of SRL interventions across different studies to
produce generalized findings (Quintana and Tan, 2019).

1.3 Goal of This Paper

This paper provides design principles to support SRL in MOOCs by synthesizing prior studies and showcases the design and
implementation of a self-regulated learning user interface (SRLUI). The results from implementing SRLUI across eight credential-
based MOOCs with 808 participants are presented. The research questions explore the efficacy of the SRLUI by examining the
compliance rate and the impact on learning persistence and learning outcomes.

2. Literature Review

2.1 What is Self-Regulated Learning?

Zimmerman (2000) describes SRL as a series of thoughts, feelings, and behaviors generated by students to achieve their goals.
Zimmerman (2000) hypothesizes SRL as a cyclical model in which learners undergo repeated phases of learning from forethought,
performance, and self-reflection to attain their learning goals. In the forethought phase, a learner sets learning goals and conducts
strategic planning. In the performance phase, a learner utilizes time management, help-seeking, and environment structure to execute
learning tasks. In the self-reflection phase, a learner processes his performance and adjusts the strategies to attain the learning goals.

Zimmerman carried out several empirical studies to inspect self-regulated development processes and the validity of the
cyclical model in the context of academic training (Kitsantas, Zimmerman, and Cleary, 2000) and athletic skills (Zimmerman and
Kitsantas, 2002). These studies yielded the following conclusions: (1) Goal setting is the key to goal attainment, (2) SRL is more
than a concept or attitude. It is a set of “mentally and physically demanding activities" (Zimmerman, 2013, p141), (3) SRL training
is more effective when the three phases are taught together, and (4) Computer-mediated learning environments can be used to
scaffold SRL development and provide immediate feedback.

2.2. SRL Research in MOOCs?

In the past decade, researchers have attempted to establish the positive correlation between a student’s SRL ability and learning
outcomes in MOOCs (Al-Freih, 2017; Kizilcec et al., 2016; Kizilcec et al., 2017b; Reich, 2014). Numerous studies also examine
SRL interventions and their influence on learning outcomes in MOOCs (Yeomans and Reich 2017; Davis et al., 2018; Jansen et al.,
2020; Pérez-Alvarez et al., 2018; Alonso-Mencia et al., 2019). However, many of them could not produce statistically significant
or robust results due to low compliance rates or small sample sizes (Ceron et al., 2021). The following section presents the prior
SRL interventions and the analysis of the potential design challenges and opportunities in MOOCs. Next, a design and
implementation of an SRL intervention, the self-regulated learning user interface (SRLUI), are presented to explore its impact on
the compliance rate, learner persistence, and learning outcomes.

2.3. Design of SRL Supports in MOOCs

Prior SRL interventions were designed in several formats with a combination of survey, information-computer mediated
technology (ICT), and video training. Prior research utilized a survey as a prompt to initiate learner SRL abilities because it was an
economic and quick way to set an experimental design (Yeomans and Reich, 2017; Kizilcec et al., 2017a). Yeomans and Reich
(2017) explored the impact of goal setting in relationship with MOOC completion rates and the number of certificates purchased by
using a pre-course survey study. Their results suggested long-term goal planning could increase completion rates, yet this positive
association was most apparent with a subgroup of students who were affiliated with schools. Following the same line of research,
Kizilcec et al. (2017a) also employed a pre-course survey prompting learners to consider the values created upon completing the
course. The study was a randomized experiment and the value affirmation process was found to improve grades, persistence, and
completion rates among a specific subgroup of learners - lower class men (Kizilcec et al., 2017a). Kizilcec et al. (2020) later
replicated previous long-term planning (Yeomans and Reich, 2017) and the value-relevance affirmation study (Kizilcec et al., 2017a)
with 20,000 users in MOOCs. However, they concluded that these one-time only and short-term intervention (less than 10 minutes)
effects diminished quickly; continued intervention with context-specific support was needed to facilitate SRL skill development
(Kizilcec et al., 2020).

Unlike previous studies focusing on the partial phase of SRL support, Jansen et al. (2020) designed an experimental study to
support full SRL phases ability using lecture videos and surveys. However, due to high dropout rates, only a small number of
learners interacted with the artifacts, and no conclusive results were produced.
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Another way to facilitate SRL is to provide information communication technology (ICT)-based tools to help learners monitor
their learning behaviors. Several SRL artifacts featured personalized learning analytic dashboards such as SRLx (Davis et al., 2018),
Chromeger (Alonso-Macia et al., 2019), and NoteMyProgress (2017, 2020). Davis et al. (2018) designed a user interface, SRLx,
embedded in a MOOC to prompt learners to make short-term learning goals. Learners were provided with visual feedback based on
their learning goals in comparison to what they have completed (i.e. number of videos). However, this research was not set up as a
randomized experimental study and the compliance rate of the tool was low (30%). Davis and his colleagues (2018) recommended
that future studies should integrate randomized experimental design to yield a casual relationship between the intervention and the
results.

NoteMyProgress (Pérez-Alvarez et al., 2018; Pérez-Sanagustin et al., 2020) and MOOCnager (Alonso-Mencia et al., 2019)
were web applications designed to support learner’s SRL activities in MOOCs. NoteMyProgress focused on time-management and
note-taking (organization) abilities. Once downloaded and installed in the app, NoteMyProgress produces a visualization of the
learning behaviors by tracking the learners’ time spent in the course (i.e. videos, assessments, and forums). This study also reported
low compliance rates which limited any significant findings. Pérez-Alvarez and his colleagues recommended future research could
build interactive visualizations to enhance learner engagement with the artifact.

MOOCnager, underpinned by Zimmerman’s SRL models, was designed to support three phases of SRL activities (Pérez-
Alvarez et al., 2018). MOOCnager featured an interactive user interface to allow learners to engage in goal setting, time management,
and self-assessments. Learners were prompted to enter weekly learning goals and evaluate their progress and their feelings. There
was a reminder feature informing learners about approaching due dates. Unfortunately, the study was unable to produce any
significant results because of low compliance rates. They also suggest SRL tool could be built on the course platform rather than an
external tool (Pérez-Alvarez et al., 2018).

Given the aforementioned research challenges in MOOC:s, there are a few design implications for future SRL intervention

design.

(1) SRL interventions would be more effective if supporting the entire SRL process rather than partial ones (Zimmerman,
2000).

(2) An interactive visualization could increase learner interaction with the SRL interventions (Pérez-Alvarez et al., 2018).

(3) The SRL interventions should be content-specific and embedded into MOOC platforms (Alonso-Mencia et al., 2019;
Kizilcec et al., 2020).

(4) Utilizing learning analytics to provide adaptive feedback (Winne, 2017).

(5) Developing SRL skills requires time (Zimmerman, 2000). A longitudinal and repeated support would yield better results

than one-time-only, short-term artifacts (Kizilcec et al., 2020).

2.4. SRLUI

Based on the design implications, SRLUI was created to support all three phases of SRL behaviors based on Zimmerman’s
cyclical model (2000). SRLUI consists of three pages: course progress page, study planning, and study tips. SRLUI is created as a
standalone module titled "Weekly Reflection" (Fig. 1) at the beginning of weekly content.
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Analytics in Python

>  Analytics in Python Course: Getting Started

> Week 1: A Crash Course in Pythen Part 1

\ lv Week 1: A Crash Course in Python Part 1

| Weekly Reflection 1

» Week 2: A Crash Course in Python Part 2

> Week 3: Getting Data from the Internet Part 1

> Week 4: Getting data from the Internet Part 2

1.1 Python Data Types
> Week 5: Database Basics

>  Week 6: Database Basics: SQL 1.2 Strings in Python

» Week 7: Data Analysis And Visualization: Part 1 1.3 Variables and Values
>  Week 8: Data Analysis And Visualization: Part 2
3 etk o Tt Mg 1.4 Boolean Types in Python
>  Week 10: Analysis of Networks

» Week 11: Machine Leaming with Python |

? Week 12: Machine Learning with Python II

> Pest-Course Survey

>  Final Exam Instructions

Fig. 1. Intervention, SRLUI, appears as Weekly Reflection, embedded in the first unit of the weekly content as part of the learning

materials.

On the course progress page, a dashboard of learning behaviors with weekly and historical views is provided to initiate self-
evaluation and reflection. In the treatment group, learners have a chance to interact with SRLUI by evaluating the completion rate
of the study plan on a scale from 0—-100% (Fig. 2) whereas the control group is only provided with the learning analytics information
but no options to conduct self-evaluation (Fig. 3).

< Previous

ac

Course Progress
[ Bookmark this page

In the past week of the course (11/24/2019 - 12/01/2019) you have:

9 7 0 0

Videos Waiched Probiems Tried Times Posted Posts Viewed
As a reminder, these were the goals you set for yourself last week:
You dlidn't set any goals last week.
Based on your progress this week, how would you rate the completion of your study plan?
IMPORTANT: You must complete this survey to move to the next module.
50%
Submit
Your overall course progress:
Class Progress
0
h
g® \
Hu
3 \
gw \
E \
/ s
® Week T GHM) Weck 4 10TG  Week§ (10/14) Weske (10721)  Wesk7 (10/28) Viesk8 (11704 Wedk 8 (1771) Weak 10 (11718 Week 11 (111151 Week 12 121001
ot versor - Vidzos Watched = Posts Viewsd = Posts Created -+ Questons Answered Camasts.com

*Note edX course weeks start on Mondays

Fig. 2. Curse progress page for the treatment group.

>

VIEW UNIT IN STUDIO
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R Bookmark this page

In the past week of the course (11/24/2019 - 12/01/2019) you have:
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Videos Watched Prablems Tried Times Posted Posts Wiewed

Your overall course progress:

Class Progress
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g o
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E 100 //
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Wed V{0/10) Week 4 (10/07) Week (1011 Week & 10/21) Week7(10/28) Week8(11/04) Weckd (1/11] Week 10 (11/18) Week 1 (11125 Week 12 (12/02)

~+ Videas Watched -+ Posts Viewed -~ Posts Created = Questions Answered Canvasls.com

*hate edX course weeks start an Mondays
STAFF DEBUG INFO

< Previous Next

Fig. 3. Course progress page for the control group.

On the study planning page, the treatment group is prompted to set learning goals and then plan the learning tasks using what
users see is what they schedule email notifications as reminders (Figs. 4 and 5). Whereas the control group is provided with the
topics of the upcoming week (Fig. 6). On the study tips page, both the treatment and the control groups are provided with general
learning tips with a comic to help them better plan their studies (Fig. 7). SRLUI is available for learners to use as they see fit.
Detailed SRLUI architecture information can be found in the paper of Hsu (2021).

Study Planning

[ Bookmark this page

What are your study goals for next week?

Having specific learning can help with motivation. Define goals here to track your progress
from week to week. Try to define actionable items.

Download the slides to study

Watch week 3 videos

Finish week 2 quiz|

Submit

Fig. 4. Study planning page: it prompts the treatment group to set studying goals for next week.

B < E1E72022, Vol 2, Issue 1, 1-16, https://doi.org/10.35745/ciet2022v02.01.0001 <




LEIET 6

Eotucations! ovations and Emerging Tochnoliss

Great! Here are your goals for next week:
Download the slides to study

Watch week 3 videos

Finish week 2 quiz

Edit Goals

Let's plan your week ahead!

* Use the "Pomodoro Technique" to plan your study
= Don't binge watch
* Review the videos several times

Use the form below o schedule emoll reminders for yourselfl

Date Time Task Reminder
wTen minutes before
I 10/08/201 Bl I : One hour before

| Two hours before

# Ten minutes before

Su Mo Tu We Th Fr S5a One hour before
1 2 3 4 5 Two hours before
6 7 8 9 10 11 12 wTen minutes before
13|| 14| 15| 16| 17| 18| 19 One hour before
20| 21| 22| 23| 24/ 25| 26 Twao hours before

27\ 28| 29| 30| 31

Save Tasks

Fig. 5. Study plan page (continued). After setting the goals, learners in the treatment group are prompted to plan the study tasks by
putting down the time and items to study. A reminder email is sent out based on each learning task to the email associated with the
learner’s edX account.

Study Planning

H Bookmark this page
The Upcoming Week's Learning Topics

1. Network Analysis
2. Graph Drawing Options
3. Network Analysis Algorithms

STAFF DEBUG INFO

€ Previous MNext »

Fig. 6. Study planning page for the control group. Learners are provided with next week’s learning topics.
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flaction 2 » Study Tips

< Previous 8o 8o 8o Next 3

Study Tips

R Bookmark

Avoid watching a lot of lectures all at once. Break it down into smaller sessions so you
don't overwhelm your brain.

Fig. 7. Study tips. This page provides general study tips for both the treatment group and the control group.
3. Materials and Methods

3.1 Current Study

To examine the relationship between SRL support, learner interaction with the support, and its impact on learning persistence
and outcomes, SRLUI was built into eight credential-based MOOCs. Learners were randomly assigned to the treatment and control
groups. SRLUI featured a personalized, longitudinal, and interactive interface to allow learners to use it as they see fit. The control
group was designed with a similar process but with no interactive functionalities.

The previous MOOC SRL research lacks empirical evidence to pin the association between SRL interventions and learning
outcomes. In the past literature, learner usage of SRL artifacts was low (10-30%). Thus, research question 1 (RQ1) is “What is the
compliance rate of SRLUI?”. The following research questions explore the effectiveness of SRLUI on learner persistence and
learning outcomes. Research question 2 (RQ2) is “What is the impact of SRLUI on learning persistence?, and research question 3
(RQ3) is “What is the impact of SRLUI on learning outcomes?”.

3.2 Participants

Data were collected from eight MOOCSs on edX. Only the verified track learners (n=1,314) were eligible for the study because
only paid learners could access the graded assignments. Since the intervention was administered from the 5th week of the courses,
learners who left the course by week four were excluded. That yielded a total of 808 participants to be included in the data. Learners
were randomly assigned to the treatment group or the control group based on their user identification number. There were 430
participants in the treatment group and 378 in the control group. Among the self-identified survey, 46% of participants were male
and 11% were female. More than 50% of the participants had undergraduate degrees or above and only 6% of learners had a high
school diploma or below. (Table 1)

Table 1. Descriptive data of demographic information (n=808)

Variable N Mean SD Min Max
Gender
male 372 0.46 0.5 0 1
female 94 0.11 0.32 0 1
Age 499 33.74 9.66 11 68
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Table 1. cont.

Education
high school or under 50 0.06 0.24 0 1
undergraduate 224 0.28 0.45 0 1
post graduate 184 0.23 0.42 0 1
Treatment Group 430
Control Group 378
Class 8

3.3 Context

The experiment included eight credential-based MOOC:s enlisted as two MicroMasters programs offered by an Ivy-league
university on edX. The computer science MicroMasters program includes artificial intelligence, machine learning, robotics, and
animation and CGI motions. The business analytics MicroMasters program includes business analytics in python, data models and
decisions in business analytics, demand and supply analytics, and market analytics. These MOOCs were instructor-led courses with
the same start and end dates. Each course was 14 weeks, including 12 weeks of the course and two weeks of final exams. Upon
registration to the verified track, all the course materials and graded assessments such as quizzes and coding projects were available
for access. No submissions were allowed after the due dates. If a learner achieved 60% or above for the total grades and attended
the final exam, he or she could be awarded a certificate upon completion.

3.4 Data Sources

Three types of data were collected for data analysis: learning outcome data, behavioral data, and demographic data. All the
data were collected while learners engaged in the course platform and the data was exported using edX and edX Insights from the
administrators’ access. The learning outcome was computed as summative grades based on a combination of quizzes, assignments,
and final exam scores. Demographic data included the learner’s age, education level, and gender. Learning behavior data was
collected as part of the activity log where the learner’s interaction with SRLUI was recorded. To store and retrieve the learner’s
interaction with SRLUI, an HTTP server was built using Node.js in a MongoDB database. The SRLUI server stored learner
responses of self-evaluation, reminder setup, text entry of goals, and tasks planning. A detailed user interface of the treatment group
and the control group comparison is illustrated in Table 2. This study was approved by the appropriate Institutional Review Board
(IRB) for research. No participants were recruited solely for the study, and the data that was used as part of the study came from the
data that was collected as part of the curriculum.

Table 2. User Interface Comparison Between the Treatment and Control Group.

Page SRL activity Treatment group Control group
Course Progress self-reflection learning behaviors reports (prior week) learning behaviors reports (prior week)
prior week's learning goals NA
self-evaluation * self-evaluate the completion rate of the study NA
plan
self-reflection historical report of learning analytics historical report of learning analytics
Study Planning goal setting *set learning goals for the next week show learning topics of the next week
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Table 2. cont.

Study Tips

task planning

setting reminders

general SRL tips

*plan learning tasks

provide a general learning tip with an

illustration

NA

*set email reminders according to learning tasks NA

provide a general learning tip with an

illustration

SRLUI featured an interactive interface and * indicates the opportunity the treatment group can interact with the interface. Note that the

control group also offers a base-line intervention but read-only.

3.5 Measures

To answer RQ1: “What is the compliance rate of SRLUI?” A series of measures were calculated based on the frequency and
amount of interaction with SRLUI (Table 3). RQ2 is to investigate the average effects of SRLUI on learner persistence. The value
was explored through the number of days a learner remained active in the course, based on the first date of learning activity to the
last day of learning activity during a course period. Any activities before the start date or beyond the course end date were not
included in the analysis. In short, the survival analysis was right- and left-censored. For example, the longest survival days were 98
days (14 weeks) and the dropout occurred if a learner left the course before the final exam week started.

Table 3. Measure Description Based on Learner Interaction with SRLUI

Variables

Description

Coding or List of Possible Data Entry

useSRLUI

goals count

tasks count

If a subject use SRLUI features (goal, tasks,
reminders, self-evaluation) at least once, it is

considered use SRLUI.

The total number of goals learners enter on goal

setting

The total number of tasks enter in tasks planning

Yes=1, No=0

Possible Responses (2 goal counts):

Watch Week 1 Video, Finish week 1 quiz

Possible Responses (3 task counts):
project wk2, review videos week 3, finish

assignment 4

self-evaluation count

reminders count

The total number of self-evaluation entry

The total number of reminder emails learners
schedule to send out based on time planned for the

tasks

Possible Responses (2 self-evaluation counts):
Based on your progress this week, how would you
rate the completion of your study plan?

50%, 90%

Possible Responses (1 reminder count):
[X 110 mins prior

[ 11 hrprior

[ 12 hrs prior
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Table 3. cont.

Other course-related info

Create time Date and time of each user action Example:

11/6/19 6:41:15

Course ID Course ID Example:
CSMM101

userID a unique numeric number randomly generated Example:

upon account registration 10646139

Note: A learner could enroll in more than one course. A valid data was based on a unique user ID and a unique course ID.

3.6 Data Analysis

In the performed analysis for RQ2, a nonparametric estimator of the survival function (Kaplan and Meier, 1958) was utilized
to compare learner persistence between the treatment versus the control group. Survival analysis, by definition, indicates the
probability of when and whether an event occurs during an observed period (Cox, 1972). Willet and Singer (1991) also
recommended using survival analysis to investigate educational measures such as teacher attrition and student dropout rate. Rstudio,
and the survival and survminer packages were used for analysis (R Core Team, 2020; Therneau, 2020). To proceed with RQ3
analysis on how SRLUI affects learning outcomes, a random intercept two-level hierarchical linear model (HLM) was used to
estimate the independent effects of the students' variables and usage of SRLUI. HLM is an appropriate measure because the
clustering of students by class violates common assumptions of independence of residuals in linear regression models (Bowers &
Urick, 2011). Prior MOOC research (Kizilcec et al., 2020) also utilized the multilevel modeling approach to account for clustering
in MOOC data. Thus, HLM was applied to examine the independent effect of SRLUI on learning outcomes from eight MOOCs.
The HLM equation can be expressed in Eq. (1).

The HLM equation can be expressed in Equation 1 :
Level 1: Yl] =7T0]' +7T1]SRLUIL] + le.]+€l.] (1)
Level 2: my; = yoo + Uo;
Level 2: my; = y10 + Uy
Y;; = Dependent outcome variable for student i in course j, here learner grade
w = Vector of fixed effects of the student level covariates
X;j= Vector of student level covariates
¥oo= The value of the intercepts varying across course
Y10 = The slope of the effect of SRLUI across courses
g;j = Level 1 residuals
Ug; = Level 2 residuals for the intercept
uyj = Level 2 residuals for the slope

To answer RQ3, the magnitude, directionl, and precision of y;, are examined. If the estimate is positive and statistically
significant (p<.05), then it demonstrates a positive effect of SRLUI on the learning outcome. The student-level variables include
learner characteristics such as age, gender, and education level, and the treatment variable. Dummy-coded measures were created
to account for indicators: gender (male=1, female=0), educational level indicator, postgraduate (yes=1, no=0). Learners in the
treatment group were labeled SRLUI treatment (yes=1, no=0). Given that learners can choose to interact with SRLUI or not, a
variable “useSRLUI” (yes=1, no=0) was created to indicate learners in the treatment group who used SRLUI. This allowed
subsequent analysis of intent to treat (ITT) and treatment on the treated (TOT) HLM modeling (Murnane and Willett, 2010). The
learning outcome is based on a scale from 0—100. No class-level variables were included in the HLM modeling. For all HLM models,
the Ime4 package in R studio was used for the statistical analysis (Bates et al., 2015).
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4. Results

4.1. RQI1: What is the Compliance Rate of SRLUI?

To determine the efficacy of SRLUI, the first step was to examine whether learners interact with the tools designed to support
their self-regulated learning strategies. 78% of the participants in the treatment group (n=430) engaged in SRLUI at least one time
(Table 4). Specifically, goal-setting (n=241) and self-evaluation (n=335) were the most used compared to task planning (n=73) and
reminders (n=73). The finding suggested that nearly 80% of the MOOC learners interacted with an SRL intervention, which is
higher than the outcomes reported in the previous study (10-30%) (Davis et al., 2018; Jansen et al., 2020).

Table 4. Descriptive data of treatment group (n=430) interaction with SRLUI

SRLUI Activity N Mean SD Min Max
useSRLUI 342 0.78 0.41 0 1
goals count 241 7.44 7.54 1 41
tasks count 73 6.64 7.72 1 45
self-evaluation count 335 1.35 0.85 1 8
reminders count 73 6.01 7.14 0 42
Number of courses 8

4.2.RQ 2: What is the Impact of SRLUI on Learning Persistence?

Learner persistence was calculated using the survival functions based on the days a learner remained active during the course
period and dropouts, as described in the method section. Learner persistence has been considered a strong indicator of learning
outcomes (Hsu, 2020). Thus, the 2nd research question investigated to what extent the offering of SRLUI affects learning persistence.
The survival functions compared the control and the treatment group (ITT analysis) as well as the control group and the ones who
complied with the intervention (TOT analysis). As for the results, Fig. 8 indicated that learners in the control group had lower
dropout rates than the treatment group (p<0.05). Specifically, the control group only had 30% of dropout rates while the treatment
group had 40% of dropouts. Further evidence in Fig. 8 suggested there were no significant differences between the control and the
treatment in the treated (TOT) groups (p>0.05).
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Survival Days of the Control and the Treatment Group
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Fig. 8. Estimated survival function showed a graduate decline in survival rates. Overall, the control group (n=378) had a statistically
significant higher survival rate than the treatment (n=430) (p<0.05). The control group (red) and the treatment group (green) had
dropout rates below 50%. The maximum learning persistence was 98 days (14 weeks).
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Fig. 9. Survival function of the control group versus the treatment on the treated (TOT). There was no statistically significant difference
between the treatment and the control groups. The median survival time was greater than the observation window, meaning the dropout
rates for both groups were below 50%.

4.3.RQ 3: What is the Impact of SRLUI on Learning Outcomes?

Prior to the analysis, for the initial inspections of the dependent variable, student grades showed a bimodal distribution with
zero inflation (n=108). An exploratory linear model to the bimodal outcome showed a violation of assumption testing of normality
and linearity of the residuals. The dataset was divided into two subgroups: a passing group (grade >= 60) and a non-passing group
(grade < 60) to proceed with the HLM analysis. The results suggested 5% of the variability in the grades were at the class level
(ICC=5%) and 95% of the variability in grades was at the student level for the passing group (Table 5). Table 5 showed, on average,
students in the treatment group (ITT analysis) performed 2.5 points higher than the control group (p<0.01, effect size=0.26) in the
learning outcomes. Those with the intervention performed 3.16 points higher (p<0.01, effect size=0.25) than the control group (TOT
analysis). However, there is no statistically significant difference found between the control and the treatment group in the non-
passing group (p>0.05, effect size=-0.18) (Table 6).
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Table 5. Results of Passing Group (>=60) Hierarchical Linear Model

13

ITT TOT
Student (n=247) Coeff. SE Coeff. SE p value ITT effect size
Intercept 75.91%** 2.73 75.58*** 2.70
SRLUI treatment 2.49% 1.19 3.19%* 1.19 0.04 0.25
Male 0.02 1.31 0.48 1.32 0.99 0.001
Age 0.11 0.08 0.1 0.07 0.16 0.01
Post_grad 0.64 1.39 0.72 1.38 0.65 0.07
Variance at
Course Level-2 4.45 4
Student Level-1 83.88 82.65
ICC 0.05 0.05
Note. ***:p<0.001, **: p<0.01, *:p<0.05; ITT=intent to treat; TOT=treatment on the treated
Table 6. Results of Passing Group (<60) Hierarchical Linear Model
ITT TOT
Student (n=252) Coeff. SE Coeff. SE p value ITT effect size
Intercept 2.43%%* 0.27 2.32 0.26 <0.001
SRLUI treatment -0.18 0.12 0.11 0.12 0.13 -0.18
Male 0.11 0.14 0.09 0.14 0.48 0.1
Age -0.002 0.01 -0.002 0.06 0.74 -0.002
Post_grad -0.15 0.14 -0.18 0.14 0.28 -0.15
Variance at
Course Level-2 0.07 0.06
Student Level-1 0.9 0.9
ICC 0.05 0.05
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Note. ***: p<0.001, **: p<0.01, *:p<0.05 ; Outcome logged transformed to meet assumption of linearity.

5. Discussions

In the past decade, a growing number of researchers have attempted to establish the association between SRL and learning by
manifesting SRL behaviors in MOOCs but failed to produce conclusive results due to small sample sizes, lack of experimental
design, and low compliance rates (Jansen et al., 2020; Alonso-Mencia et al., 2019; R. Pérez-Alvarez et al., 2018). Therefore. the
purpose of the study is to provide empirical evidence of an SRL intervention in MOOCs by following the design implications
informed by the SRL disciplines and the recommendations from the previous SRL studies.

There are five SRL design principles derived from the literature: (1) The SRL interventions would be more effective if
supporting the entire SRL process. (2) An interactive visualization could increase interaction with the artifacts. (3) The interventions
should include content-specific information and build the MOOC platforms. (4) Using learning analytics to provide adaptive
feedback. (5) SRL support should be longitudinal and recursive.

Following the design principles, a self-regulated learning user interface (SRLUI) was developed to provide a full cyclical SRL
process based on Zimmerman’s SRL model in eight credential-based MOOCs. SRLUI featured interactive functionality to prompt
learners to engage in self-evaluation, goal setting, and task planning. SRLUI also included a personalized dashboard with a learning
analytics visualization (numbers of video views, number of problem attempts, number of posts read, and number of posts written)
and email notifications as nudging effects. Additionally, participants could access SRLUI easily since it was built in the course as
part of the weekly unit.

The results indicated that about 80% of participants made use of SRLUI. SRLUI had a selective impact on the learning outcome
for different groups of learners. For a subgroup of learners who passed the course, providing SRLUI helped improve their learning
outcomes. Such benefit was not observed in the non-passing groups. A possible explanation is that other factors such as learner
prior knowledge and psychological characteristics (i.e. self-efficacy and motivation) could also contribute to the learning outcomes
(Gardner and Brooks, 2018). However, there was no evidence showing that SRLUI improved learning persistence measured as a
reduction in dropout rates. Since SRLUI was administered on week five and early dropouts (those who dropped out of the course in
the first five weeks of the course) were excluded from the study, learners in the study already demonstrated a higher level of
persistence. Therefore, SRLUI may have had little impact on their persistence with no differences identified between the treatment
and the control groups. To better model learner persistence, future studies could include time-independent (i.e. learner’s prior
knowledge and experience with MOOCs) and time-dependent factors in the analysis (Bowers, 2010; Chen et al., 2020; Willett and
Singer, 1991).

Based on the bimodal grades distribution and the unequal impacts of SRLUI on the passing and non-passing groups, it is
inferred that there were various typologies of learners in credential-based MOOC:s. In other words, even if a learner paid to register
for credential-based MOQOC:s, not all the learners aim to watch all the lecture videos, complete the graded assignments, or aim to
achieve a passing score to earn a certificate. That is, future studies could examine learner typologies in MOOCs and identify which
types of learner profiles might need to be supported, and how. For example, learners who have lower prior knowledge or lower self-
efficacy could make use of more scaffolding or training in SRL abilities. Students benefit differently from the support offered by
the self-regulated learning tools (Wong et al., 2019).

6. Conclusions

This research aims to have insights into the affordance of SRL interventions in credential-based MOOCs. In this study, the
design principles of SRL support are synthesized to provide empirical findings of a self-regulated learning user interface's effects
on learning outcomes. Future studies need to apply the design implications of SRL interventions to support diverse populations
rather than using the “one interface fits all” model. More studies should focus on learner interactions with the artifacts and SRL
strategies trends (Ceron et al., 2021). Additionally, triangulations with the interactions with SRL interventions and learner
engagement in the course (i.e clickstream data) could enrich the understanding of a learning experience.

Author Contributions: Conceptualization, S-Y. Hsu. and Y. Chang.; methodology, S-Y. Hsu.; formal analysis, S-Y. Hsu.; writing—original
draft preparation, S-Y. Hsu.; writing—review and editing, S-Y. Hsu and Y. Chang.; programming, V. Shaw.
Funding: This research did not receive external funding.

Acknowledgments: In this section, you can acknowledge any support given which is not covered by the author's contribution or funding sections.
This may include administrative and technical support, or donations in kind (e.g., materials used for experiments).

Conflicts of Interest: The authors declare no conflict of interest.

EIET 2022, Vol 2, Issue 1, 1-16, https://doi.org/10.35745/eiet2022v02.01.0001 P |




LEIET is

cations/ novations and Emeraing Tochnoliss

References

1. Al-Freih, M. (2017). Examining the Relationship between Self-Regulated Learning Processes and Persistence to Goals in Massive Open
Online Courses. George Mason University. (Doctoral dissertation).

2. Alonso-Mencia, M. E., Alario-Hoyos, C., & Delgado Kloos, C. (2019). Chrome Plug-in to Support SRL in MOOC:s. In M. Calise, C. Delgado
Kloos, J. Reich, J. A. Ruiperez-Valiente, & M. Wirsing (Eds.), Digital Education: At the MOOC Crossroads Where the Interests of Academia
and Business Converge (Vol. 11475, pp. 3—12). Springer International Publishing. https://doi.org/10.1007/978-3-030-19875-6_1

3. Alonso-Mencia, M. E., Alario-Hoyos, C., Maldonado-Mahauad, J., Estévez-Ayres, 1., Pérez-Sanagustin, M., & Delgado Kloos, C. (2020).
Self-regulated learning in MOOCs: Lessons learned from a literature review. Educational Review, 72(3), 319-345.
https://doi.org/10.1080/00131911.2019.1566208

4.  Azevedo, R. (2007). Understanding the complex nature of self-regulatory processes in learning with computer-based learning environments:
An introduction. Metacognition and Learning, 2(2-3), 57-65. https://doi.org/10.1007/s11409-007-9018-5

5. Bates D, Michler M, Bolker B, Walker S (2015). “Fitting Linear Mixed-Effects Models Using lme4.” Journal of Statistical Sofiware, 67(1),
1-48. doi: 10.18637/js5.v067.i01.

6. Bowers, A. J. (2010). Grades and Graduation: A Longitudinal Risk Perspective to Identify Student Dropouts. The Journal of Educational
Research, 103(3), 191-207.

7.  Bowers, A. J.,, & Urick, A. (2011). Does high school facility quality affect student achievement? A two-level hierarchical linear
model. Journal of Education Finance, 72-94.

8. Ceron, J., Baldiris, S., Quintero, J., Garcia, R. R., Saldarriaga, G. L. V., Graf, S., & Fuente Valentin, L. D. L. (2021). Self-Regulated Learning
in Massive Online Open Courses: A State-of-the-Art Review. IEEE Access, 9, 511-528. https://doi.org/10.1109/ACCESS.2020.3045913

9.  Chen, C., Sonnert, G., Sadler, P. M., Sasselov, D., & Fredericks, C. (2020). The impact of student misconceptions on student persistence in
a MOOC. Journal of Research in Science Teaching, 57(6), 879-910.

10. Cox, D. R. (1972). Regression models and life-tables. Journal of the Royal Statistical Society: Series B (Methodological), 34(2), 187-202.

11. Dabbagh, N., & Kitsantas, A. (2005). Using Web-based Pedagogical Tools as Scaffolds for Self-regulated Learning. Instructional Science,
33(5-6), 513-540. https://doi.org/10.1007/s11251-005-1278-3

12.  Davis, D., Chen, G., Hauff, C., & Houben, G. J. (2018). Activating learning at scale: A review of innovations in online learning strategies.
Computers & Education, 125,327-344.

13.  Gardner, J., & Brooks, C. (2018). Student success prediction in MOOCs. User Modeling and User-Adapted Interaction, 28(2), 127-203.
https://doi.org/10.1007/s11257-018-9203-z

14. Hadwin, A. F., Nesbit, J. C., Jamieson-Noel, D., Code, J., & Winne, P. H. (2007). Examining trace data to explore self-regulated learning.
Metacognition and Learning, 2(2-3), 107—124. https://doi.org/10.1007/s11409-007-9016-7

15. Hox, J. J., Moerbeek, M., & Van de Schoot, R. (2017). Multilevel analysis: Techniques and applications. Routledge.

16. Hsu, S. (2020). An Exploratory Study of Learner Characteristics, Learning Behavior and Learning Outcomes in MicroMasters MOOC
Programs. Proceedings of Association for Educational Communications & Technology, 1.

17. Hsu, S. (2021). An Experimental Study of Self-regulated Learning Strategies Application in Moocs (Publication No. 28545839) [Doctoral
dissertation, Teachers College, Columbia University]. ProQuest Dissertations.

18. Jansen, R. S., van Leeuwen, A., Janssen, J., Conijn, R., & Kester, L. (2020). Supporting learners' self-regulated learning in Massive Open
Online Courses. Computers & Education, 146, 103771.

19. Joksimovié, S., Poquet, O., Kovanovié¢, V., Dowell, N., Mills, C., Gasevi¢, D., Dawson, S., Graesser, A. C., & Brooks, C. (2018). How Do
We Model Learning at Scale? A Systematic Review of Research on MOOCs. Review of Educational Research, 88(1), 43-86.

20. Kaplan, E. L., & Meier, P. (1958). Nonparametric estimation from incomplete observations. Journal of the American statistical association,
53(282),457-481.

21. Kitsantas, A., Zimmerman, B. J., & Cleary, T. (2000). The role of observation and emulation in the development of athletic self-regulation.
Journal of Educational Psychology, 92(4), 811.

22. Kizilcec, R. F., & Halawa, S. (2015). Attrition and achievement gaps in online learning. Proceedings of the second (2015) ACM conference
on learning@ scale (pp. 57-66). ACM.

23. Kizilcec, R. F., Davis, G. M., & Cohen, G. L. (2017a). Towards Equal Opportunities in MOOCs: Affirmation Reduces Gender & Social-
Class Achievement Gaps in China. Proceedings of the Fourth (2017) ACM Conference on Learning @ Scale, 121-130.

24. Kizilcec, R. F., Pérez-Sanagustin, M., & Maldonado, J. J. (2017b). Self-regulated learning strategies predict learner behavior and goal
attainment in massive open online courses. Computers & Education, 104, 18-33.

25. Kizilcec, R. F., Reich, J., Yeomans, M., Dann, C., Brunskill, E., Lopez, G., Turkay, S., Williams, J. J., & Tingley, D. (2020). Scaling up
behavioral science interventions in online education. Proceedings of the National Academy of Sciences, 117(26), 14900—14905.

26. Littlejohn, A., Hood, N., Milligan, C., & Mustain, P. (2016). Learning in MOOCs: Motivations and self-regulated learning in MOOCs. The

Internet and Higher Education, 29, 40-48.

B < E1E72022, Vol 2, Issue 1, 1-16, https://doi.org/10.35745/ciet2022v02.01.0001 <



about:blank
about:blank
about:blank
about:blank
about:blank
about:blank
about:blank
about:blank

LEIET 16

Eatications! Inovations and Emerzing Technolegins

27. Murnane, R. J., & Willett, J. B. (2010). Methods matter: Improving causal inference in educational and social science research. Oxford
University Press.

28. Ng, A., & Widom, J. (2014). Origins of the modern MOOC (xMOOC). Hrsg. Fiona M. Hollands, Devayani Tirthali: MOOCs: Expectations
and Reality: Full Report, 34-47.

29. Panadero, E. (2017). A Review of Self-regulated Learning: Six Models and Four Directions for Research. Frontiers in Psychology, 8, 422.
https://doi.org/10.3389/fpsyg.2017.00422

30. Pérez-Alvarez, R., Maldonado-Mahauad, J., & Pérez-Sanagustin, M. (2018). Design of a Tool to Support Self-Regulated Learning Strategies
in MOOCs. Journal of Universal Computer Science, 24(8), 1090-11009.

31. Pérez-Sanagustin, M., Sapunar-Opazo, D., Pérez-Alvarez, R., Hilliger, 1., Bey, A., Maldonado-Mahauad, J., & Baier, J. (2020). A MOOC-
based flipped experience: Scaffolding SRL strategies improves learners’ time management and engagement. Computer Applications in

Engineering Education.

32. Pheatt, L. E. (2017). The pursuit of profit or prestige: What the diffusion of MOOCs can tell us about disruptive innovation in US higher
education. Doctoral dissertation, Columbia University.

33. Quintana, R. M., & Tan, Y. (2019). Characterizing MOOC Pedagogies: Exploring Tools and Methods for Learning Designers and
Researchers. Online Learning, 23(4). https://doi.org/10.24059/01j.v23i4.2084

34. R Core Team (2020). R: A language and environment for statistical computing.

35. Reich, J. (2014). MOOC completion and retention in the context of student intent. EDUCAUSE Review Online, 8.

36. Reich, J. (2020). Failure to disrupt: Why technology alone can't transform education. Harvard University Press. Review.

37. Shah, D. (2020, December 14™). The Second Year of The MOOC: A Review of MOOC Stats and Trends in 2020. Class central.
https://www.classcentral.com/report/the-second-year-of-the-mooc/

38. Stein, R. M., & Allione, G. (2014). Mass Attrition: An Analysis of Drop Out from a Principles of Microeconomics MOOC. SSRN Electronic
Journal. https://doi.org/10.2139/ssrn.2505028

39. Tsai, Chia-Wen, Tsang-Hsiung Lee, and Pei-Di Shen. 2013. “Developing Long-Term Computing Skills among Low-Achieving Students via

Web-Enabled Problem-Based Learning and Self-Regulated Learning.” Innovations in Education and Teaching International, 50(2):121-32.
doi: 10.1080/14703297.2012.760873.

40. Therneau T (2020). A Package for Survival Analysis in R. R package version 3.2-7, <URL.: https://CRAN.R-project.org/package=survival>.

41. Willett, J. B., & Singer, J. D. (1991). From whether to when: New methods for studying student dropout and teacher attrition. Review of
educational research, 61(4), 407-450.

42. Winne, P. (2017). Leveraging big data to help each learner and accelerate learning science. Teachers College Record, 119(3), 1-24.

43. Wong, J., Baars, M., Davis, D., Van Der Zee, T., Houben, G.-J., & Paas, F. (2019). Supporting Self-Regulated Learning in Online Learning
Environments and MOOCs: A Systematic Review. International Journal of Human—Computer Interaction, 35(4-5), 356-373.
https://doi.org/10.1080/10447318.2018.1543084

44. Yeomans, M., & Reich, J. (2017). Planning prompts increase and forecast course completion in massive open online courses. Proceedings

of the Seventh International Learning Analytics & Knowledge Conference, 464-473.

45. Zhang, J.; Gao, M.; Zhang, J. The Learning Behaviours of Dropouts in MOOCs: A Collective Attention Network Perspective. Computers &
Education 2021, 167, 104189. https://doi.org/10.1016/j.compedu.2021.104189.

46. Zimmerman, B. J. (2000). Self-efficacy: An essential motive to learn. Contemporary educational psychology, 25(1), 82-91.

47. Zimmerman, B. J. (2013). From Cognitive Modeling to Self-Regulation: A Social Cognitive Career Path. Educational Psychologist, 48(3),
135-147. https://doi.org/10.1080/00461520.2013.794676

48. Zimmerman, B. J., & Kitsantas, A. (2002). Acquiring writing revision and self-regulatory skill through observation and emulation. Journal
of Educational Psychology, 94(4), 660—668. https://doi.org/10.1037/0022-0663.94.4.660

Publisher’s Note: IIKII stays neutral with regard to jurisdictional claims in published maps and institutional affiliations.

Copyright: © 2022 The Author(s). Published with license by IIKII, Singapore. This is an Open Access article distributed under the
terms of the Creative Commons Attribution License (CC BY), which permits unrestricted use, distribution, and reproduction in any
medium, provided the original author and source are credited.

B < E1E72022, Vol 2, Issue 1, 1-16, https://doi.org/10.35745/ciet2022v02.01.0001 <



about:blank
about:blank
about:blank
about:blank
about:blank
about:blank
about:blank
about:blank
http://creativecommons.org/licenses/by/4.0

	1. Introduction
	1.1 What are MOOCs?
	1.2 What are Challenges in MOOC Research?
	1.3 Goal of This Paper
	3. Materials and Methods
	3.1 Current Study
	3.2 Participants
	3.3 Context
	3.4 Data Sources
	3.5 Measures
	3.6 Data Analysis
	4. Results
	4.1. RQ1: What is the Compliance Rate of SRLUI?
	4.2.RQ 2: What is the Impact of SRLUI on Learning Persistence?
	4.3.RQ 3: What is the Impact of SRLUI on Learning Outcomes?

	5. Discussions
	6. Conclusions
	Author Contributions: Conceptualization, S-Y. Hsu. and Y. Chang.; methodology, S-Y. Hsu.; formal analysis, S-Y. Hsu.; writing—original draft preparation, S-Y. Hsu.; writing—review and editing, S-Y. Hsu and Y. Chang.; programming, V. Shaw.
	References

