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Abstract

Digital technologies are paving the way for innovative educational approaches. The learning for-
mat of Massive Open Online Courses (MOOCs) provides a highly accessible path to lifelong
learning while being more a�ordable and �exible than face-to-face courses. Thereby, thousands
of learners can enroll in courses mostly without admission restrictions, but this also raises chal-
lenges. Individual supervision by teachers is barely feasible, and learning persistence and success
depend on students’ self-regulatory skills. Here, technology provides the means for support. The
use of data for decision-making is already transforming many �elds, whereas in education, it is still
a young research discipline. Learning Analytics (LA) is de�ned as the measurement, collection,
analysis, and reporting of data about learners and their learning contexts with the purpose of un-
derstanding and improving learning and learning environments. The vast amount of data that
MOOCs produce on the learning behavior and success of thousands of students provides the op-
portunity to study human learning and develop approaches addressing the demands of learners
and teachers.

The overall purpose of this dissertation is to investigate the implementation of LA at the scale
of MOOCs and to explore how data-driven technology can support learning and teaching in
this context. To this end, several research prototypes have been iteratively developed for the HPI
MOOC Platform. Hence, they were tested and evaluated in an authentic real-world learning en-
vironment. Most of the results can be applied on a conceptual level to other MOOC platforms
as well. The research contribution of this thesis thus provides practical insights beyond what is
theoretically possible. In total, four system components were developed and extended:

(1) The Learning Analytics Architecture: A technical infrastructure to collect, process, and an-
alyze event-driven learning data based on schema-agnostic pipelining in a service-oriented MOOC
platform. (2) The Learning Analytics Dashboard for Learners: A tool for data-driven support of
self-regulated learning, in particular to enable learners to evaluate and plan their learning activi-
ties, progress, and success by themselves. (3) Personalized Learning Objectives: A set of features
to better connect learners’ success to their personal intentions based on selected learning objec-
tives to o�er guidance and align the provided data-driven insights about their learning progress.
(4) The Learning Analytics Dashboard for Teachers: A tool supporting teachers with data-driven
insights to enable the monitoring of their courses with thousands of learners, identify potential
issues, and take informed action.

For all aspects examined in this dissertation, related research is presented, development pro-
cesses and implementation concepts are explained, and evaluations are conducted in case studies.
Among other �ndings, the usage of the learner dashboard in combination with personalized learn-
ing objectives demonstrated improved certi�cation rates of 11.62% to 12.63%. Furthermore, it was
observed that the teacher dashboard is a key tool and an integral part for teaching in MOOCs. In
addition to the results and contributions, general limitations of the work are discussed—which
altogether provide a solid foundation for practical implications and future research.





Zusammenfassung

Digitale Technologien sind Wegbereiter für innovative Bildungsansätze. Das Lernformat der Mas-
sive Open Online Courses (MOOCs) bietet einen einfachen und globalen Zugang zu lebenslan-
gem Lernen und ist oft kostengünstiger und �exibler als klassische Präsenzlehre. Dabei können
sich Tausende von Lernenden meist ohne Zulassungsbeschränkung in Kurse einschreiben, wo-
durch jedoch auch Herausforderungen entstehen. Eine individuelle Betreuung durch Lehrende
ist kaum möglich und das Durchhaltevermögen und der Lernerfolg hängen von selbstregulatori-
schen Fähigkeiten der Lernenden ab. Hier bietet Technologie die Möglichkeit zur Unterstützung.
Die Nutzung von Daten zur Entscheidungs�ndung transformiert bereits viele Bereiche, aber im
Bildungswesen ist dies noch eine junge Forschungsdisziplin. Als Learning Analytics (LA) wird das
Messen, Erfassen, Analysieren und Auswerten von Daten über Lernende und ihren Lernkontext
verstanden, mit dem Ziel, das Lernen und die Lernumgebungen zu verstehen und zu verbessern.
Die riesige Menge an Daten, die MOOCs über das Lernverhalten und den Lernerfolg produzie-
ren, bietet die Möglichkeit, das menschliche Lernen zu studieren und Ansätze zu entwickeln, die
den Anforderungen von Lernenden und Lehrenden gerecht werden.

Der Schwerpunkt dieser Dissertation liegt auf der Implementierung von LA für die Größen-
ordnung von MOOCs und erforscht dabei, wie datengetriebene Technologie das Lernen und
Lehren in diesem Kontext unterstützen kann. Zu diesem Zweck wurden mehrere Forschungs-
prototypen iterativ für die HPI-MOOC-Plattform entwickelt. Daher wurden diese in einer au-
thentischen und realen Lernumgebung getestet und evaluiert. Die meisten Ergebnisse lassen sich
auf konzeptioneller Ebene auch auf andere MOOC-Plattformen übertragen, wodurch der For-
schungsbeitrag dieser Arbeit praktische Erkenntnisse über das theoretisch Mögliche hinaus liefert.
Insgesamt wurden vier Systemkomponenten entwickelt und erweitert:

(1) Die LA-Architektur: Eine technische Infrastruktur zum Sammeln, Verarbeiten und Ana-
lysieren von ereignisgesteuerten Lerndaten basierend auf einem schemaagnostischem Pipelining
in einer serviceorientierten MOOC-Plattform. (2) Das LA-Dashboard für Lernende: Ein Werk-
zeug zur datengesteuerten Unterstützung der Selbstregulierung, insbesondere um Lernende in
die Lage zu versetzen, ihre Lernaktivitäten, ihren Fortschritt und ihren Lernerfolg selbst zu eva-
luieren und zu planen. (3) Personalisierte Lernziele: Eine Reihe von Funktionen, um den Lerner-
folg besser mit persönlichen Absichten zu verknüpfen, die auf ausgewählten Lernzielen basieren,
um Leitlinien anzubieten und die bereitgestellten datengetriebenen Einblicke über den Lernfort-
schritt darauf abzustimmen. (4) Das LA-Dashboard für Lehrende: Ein Hilfsmittel, das Lehrkräfte
mit datengetriebenen Erkenntnissen unterstützt, um ihre Kurse mit Tausenden von Lernenden
zu überblicken, mögliche Probleme zu erkennen und fundierte Maßnahmen zu ergreifen.

Für alle untersuchten Aspekte dieser Dissertation werden verwandte Forschungsarbeiten vor-
gestellt, Entwicklungsprozesse und Implementierungskonzepte erläutert und Evaluierungen in
Fallstudien durchgeführt. Unter anderem konnte durch den Einsatz des Dashboards für Lernen-
de in Kombination mit personalisierten Lernzielen verbesserte Zerti�zierungsraten von 11,62%
bis 12,63% nachgewiesen werden. Außerdem wurde beobachtet, dass das Dashboard für Lehren-
de ein entscheidendes Werkzeug und ein integraler Bestandteil für die Lehre in MOOCs ist. Ne-
ben den Ergebnissen und Beiträgen werden generelle Einschränkungen der Arbeit diskutiert, die
insgesamt eine fundierte Grundlage für praktische Implikationen und zukünftige Forschungsvor-
haben scha�en.





Für Opa, in liebevoller Erinnerung.
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1 General Introduction
“Learning analytics has potential to dramatically impact the existing
models of education and to generate new insights into what works and
what does not work in teaching and learning.”

— George Siemens [139]

Learning means development and thus learning tools have to develop as well. To get one step
closer to Siemens’s vision, this doctoral thesis investigates the implementation of Learning Ana-
lytics (LA) at the scale of Massive Open Online Courses (MOOCs) and explores how data-driven
technology can support learning and teaching in this context. For this purpose, several research
prototypes are developed for the HPI MOOC Platform, which enables to test and evaluate them
in an authentic learning environment. As an introduction to the overall topic, this chapter ex-
plains the thesis’ background and research motivation and presents its main research aims and
questions. It is followed by a summary of key de�nitions and terms used in this thesis. Afterward,
the research context is introduced. The chapter concludes by outlining the structure of the thesis.

1.1 ResearchMotivation and Background

The intersection of education and technology has accompanied me throughout my life, as the son
of a teacher and an engineer. During my graduate studies, I joined the openHPI project to work on
the technical side of MOOCs in 2014. In the same year the �rst “ACM Conference on Learning at
Scale” took place, which emerged from the momentum of MOOCs, but also with the intention to
change and improve learning and teaching beyond this format when done at scale [40]. Originally
set out with the utopian goal of revolutionizing higher education, MOOCs have since found their
reasonable applications in the global education landscape [103]. They provide a highly accessible
way to lifelong learning while being more a�ordable and �exible than in-person courses. These
bene�ts are achieved through technological innovations, but they have a tremendous impact on
the way teaching and learning are performed, and thus raise challenges. Teachers oversee a learning
community of typically tens of thousands of students with diverse motivations and backgrounds,
spread across the globe. Students need to self-regulate their learning, as this seems to be essential
for persistence and success [3, 71]. And in the course of this, communication, guidance, and
feedback between all stakeholders usually only take place asynchronously. Here, too, technology
provides the means for support.

“Information is the oil of the 21st century, and analytics is the combustion engine,” stated Pe-
ter Sondergaard in a speech in 2011, who was senior vice-president of Gartner at this time. This
popular metaphorical phrase has been much discussed, with all the concerns [155] and oppor-
tunities [7] lying hidden in data. The use of data and evidence for decision-making is already
transforming many �elds, whereas in education, it is still a young research discipline [144]—the

1



1 General Introduction

main assembly in form of the “International Conference on Learning Analytics & Knowledge”
celebrated its 10th anniversary last year [73]. Learning analytics has the potential to better under-
stand and optimize the learning and teaching in the digital realm for all stakeholders [140]—by
revealing insights into the past, analyzing why things did happen, and advising on possible out-
comes [145]—when privacy and ethical issues are addressed [30]. The results can be transforma-
tive for the entire education system [139], when adopted at scale [27, 38].

The vast amount of data that MOOCs produce on the behavior and success of thousands of
students provides the opportunity to study human learning and develop approaches addressing
the demands of learners and instructors. Hence, MOOCs are “gold mines” for learning analyt-
ics [54], but most MOOCs ignore this potential to facilitate awareness, self-regulation, and per-
sonalization with data-driven methods [32]. The �rst groundwork on learning analytics in the
openHPI project has started in 2015 [105] leading to the initiation of this thesis in 2016. At that
time, there were only a few published case studies that applied LA to MOOCs, as well as con-
ceptual works. Even to this day, this has only improved slightly. The setup of having both the
platform’s development and the educational content’s production and facilitation implemented
and managed by the openHPI team has proven to be a unique opportunity to mine the inherent
data treasure and thus create added value for all stakeholders. Therefore, the motivation for this
thesis is to enable general LA capabilities for the HPI MOOC Platform and implement use cases
for platform owners, course teachers, learners, and researchers, while contributing to the body of
knowledge on the implementation of LA in MOOCs.

1.2 Research Aims andMain ResearchQuestions

The overall purpose of this work is to explore technical concepts for the integration and applica-
tion of learning analytics in MOOCs to support learners and teachers with data-driven insights.
To this end, answers to the following research questions are presented throughout this thesis:

ResearchQuestion 1: How can learning analytics be enabled at the scale of MOOCs?

ResearchQuestion 2: How can data-driven insights support learning in MOOCs?

ResearchQuestion 3: How can data-driven insights support teaching in MOOCs?

In order to examine these topics from the perspective of various more detailed aspects, fur-
ther sub-questions are derived and investigated in the subsequent chapters. In the process, several
prototypes are iteratively developed and tested in case studies. Thereby, for all aspects examined
in this thesis, related research is presented, development processes and implementation concepts
are explained, and evaluations are conducted based on the derived research questions with mixed-
methods, e. g., platform data analyses, questionnaires, and A/B/n tests. This is performed entirely
within the context of the HPI MOOC Platform, which allows us to base all results on real-world
data and authentic learning experiences. Most of the results can be applied on a conceptual level
to other MOOC platforms as well. The research contribution of this thesis thus provides practi-
cal insights beyond what is theoretically possible. This also includes technical requirements and
limitations, as well as challenges in development processes in the everyday operation of a MOOC
platform. This can help other platform providers and researchers to reproduce, adapt, and further
enhance our approaches and �ndings.
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1.3 Key Terms andDefinitions

This section provides an overview about the main terms and de�nitions that are used in this thesis.
First, MOOCs are explained with their history and characteristics (Subsection 1.3.1). Second,
learning analytics is introduced in Subsection 1.3.2. Further terms and concepts, which are only
relevant in certain chapters of this thesis, are explained there accordingly.

1.3.1 Massive Open Online Courses

In the history of e-learning, the MOOC phenomenon has its roots in the virtual learning environ-
ment (VLE) and the open course ware (OCW) movement. VLEs are web-based platforms that
originated in the mid 90s, which support the digital aspects of a class by providing information,
learning material, quizzes, etc. about a course [167]. In the late 90s, the Massachusetts Institute
of Technology (MIT) and other universities began to provide recordings and material of some of
their courses online, with free access for everyone. This was the start of the OCW movement, with
its mission of opening up higher education to the general public. In the same year, the UNESCO
held a forum about the impact of OCW for higher education in developing countries, from which
the term open educational resources (OER) derived for digital learning materials that can be used
freely for teaching [22]. These ideas were bundled by MOOCs. The term was created by Dave
Cormier and Bryan Alexander in Canada for the open online course “Connectivism & Connec-
tive Knowledge Course 2008”, which was designed by George Siemens and Stephen Downes at
the University of Manitoba [78]. Siemens [141] describes MOOCs as “a middle ground for teach-
ing and learning between the highly organized and structured classroom environment and the
chaotic open web of fragmented information.” For a better understanding it is useful to dissolve
the acronym:

Massive: MOOCs reach enrollments with thousands of learners, with some exceeded more
than 100,000 registrants. This enables participants to form sub-networks around their na-
tive language or geographical location and results in a highly diverse learning community
enriching the learning process through multiple perspectives and ideas.

Open: Learners can access the course content and participate for free without fees, as long as an
Internet connection is provided.

Online: The course is accessed exclusively online, which is enabled by web-based platforms and
modern web technologies, as well as the support of mobile devices.

Course: MOOCs have an o�cial start and end date, hence the social interaction by the learning
community is focused. Also, they are structured and sequenced to ensure that all learners
are on the same page. Still, learners are free to decide when and where they want to browse
the resources. After the end of a MOOC, its content is mostly still accessible in an archived
mode.

Additionally, MOOCs are commonly classi�ed as Extension MOOCs (xMOOCs) and Connec-
tivism MOOCs (cMOOCs) [141], although for simpli�cation, in this thesis the term MOOC
always refers to the xMOOC concept unless explicitly stated otherwise:

3



1 General Introduction

xMOOCs: These MOOCs are derived from traditional university courses, with typical elements
like video lectures, quizzes, and forums. It follows the structure and content given by the
teachers. Student interactions are limited to the learning process.

cMOOCs: The structure of these MOOCs is more loosely. Based on a main topic and a time
plan the teachers give some resources to study. Then, the participants can self-reliant sub-
mit more material that can be discussed. This is intended to connect the student and knowl-
edge in networks, to o�er a more personalized learning experience.

A major breakthrough for MOOCs was the arti�cial intelligence course by Sebastian Thrun
from Stanford University in 2011 with an astonishing number of over 150,000 learners from
around the globe. The peak of the MOOC hype was reached in 2012, where the New York Times
declaring it as “the year of the MOOC” [96]. In the following, the label MOOC was attached to
just about anything that was some kind of online course, which gradually blurred the concept. In
particular, the push by commercial providers has also pulled more and more content behind a pay-
wall, calling into question the openness of many courses. After the hype �attened out, MOOCs
were declared dead several times, but the current �gures speak a di�erent language [136]. The
form and use of MOOCs has perhaps become more multifaceted and shifted towards lifelong
learning [64, 103], but they remain a global phenomenon.

1.3.2 Learning Analytics

Modern technology paving the way for new tools in education, like virtual learning environ-
ments [12, 28] and ubiquitous computing devices [83, 165]. Nevertheless, the most in�uential
technological aspect that can improve the learners progress and outcome is something they do
not directly interact with: data analysis, which leads to the term Learning Analytics (LA). Data-
driven decision-making can improve organizational output and productivity, which is already a
common practice in many disciples like healthcare, government, or business [144]. In the domain
of gaining insights from large data sets of learners while they are interacting with educational soft-
ware and online learning, two distinct research communities were established: learning analytics
and educational data mining (EDM) [142]. Thereby, EDM puts its focus on a technological per-
spective (data-driven analytics) and LA on a pedagogical perspective (learner-focused analytics),
in order to monitor and improve teaching and learning [17, 37].

Learning analytics was de�ned from many di�erent perspectives since it has a relationship to a
variety of disciplines, including (1) learning and educational sciences, which compile pedagogical
foundations and rationales, as well as theories and models about teaching and learning; (2) data
sciences, which provide mathematical and statistical methods to process, analyze, and visualize
learning data; and (3) computer sciences, which provide human-centered and innovative means
to design and develop supportive learning tools [122, 145]. The most popular and accepted de�-
nition was formulated in the context of the �rst International Conference on Learning Analytics
& Knowledge (LAK 2011) as “learning analytics is the measurement, collection, analysis, and re-
porting of data about learners and their contexts, for purposes of understanding and optimising
learning and the environments in which it occurs” [140]. From the perspective of the research
�eld of the technology-enhanced learning (TEL), LA serves to develop methods for analyzing
data collected from educational settings in order to support the learning experience [17].
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Learning analytics is of particular interest for the study of MOOCs, and simultaneously the
tremendous quantities of data that MOOCs produce serve to further advance the research �eld
[32, 54]. Thereby, learning analytics research studies can be organized into three levels of im-
pact according to Shum [138]: (1) micro-level analytics, to capture and analyze �ne-grained pro-
cess data of individual learners or learner groups, which in turn are then utilized for the learners
themselves and their success, e. g., through personalized feedback or encouraged self-re�ection;
(2) meso-level analytics, to support decision-making and optimize processes with integrated data
at the institutional level for educational organizations or platforms; and (3) macro-level analyt-
ics, to enable cross-institutional insights with combined data sources to inform and transform the
community, organizations, and regulatory authorities.

Applied to MOOCs, learning analytics enables a variety of opportunities to support the diverse
interests and needs of all stakeholders [31, 47], for which a few examples are given as follows. Next
to analytics about completion rates and dropout predictions [21, 94], a focus on learners (micro-
level) can support personalization, feedback, assessment, recommendation, awareness, and self-
re�ection leading to more e�ective MOOCs [17], e. g., by means of tools such as personalized
learner dashboards [23, 57, 98]. Also, LA can provide insights for platform providers (meso-
level) to improve the learning environment, e. g., through a better understanding of the learners’
population [15] and demographics [59], or learning behavior [119]. Last, studies with combined
data from di�erent platforms (macro-level) can inform the research and practitioner communi-
ties, e. g., by analyzing trends across global and regional providers with di�erent cultural back-
grounds [123] or exploring interventions for closing global achievement gaps [66].

1.4 Research Context

After the initial success of di�erent MOOC pilot projects, it did not last long until the �rst plat-
forms and long-time o�ers emerged. The MIT and Harvard University combined their e�orts and
founded the not-for-pro�t edX platform, which quickly became one of the biggest MOOC plat-
forms until today (35 million learners by 2020) [136]. Also, certain for-pro�t platforms were es-
tablished, like Coursera (76 million learners by 2020), FutureLearn (14 million learners by 2020)
or Udacity (11.5 million learners by 2019) [135], whereby the later was co-founded by Sebastian
Thrun. Also, the Hasso Plattner Institute (HPI) started its e�orts in 2012 as the �rst European
MOOC provider [87], in Potsdam, Germany. In the context of this platform, which is presented
in more detail in the following, the various studies of this thesis are implemented and conducted.

1.4.1 TheHPIMOOC Platform

Inspired by the success of the �rst Stanford and MIT MOOCs, a dedicated team at HPI has set
out to develop a European MOOC platform in 2012. The initial goal was to o�er courses based on
the HPI curriculum to the public before the platform was made available to partners as well. Sev-
eral innovation key factors in the �eld of online learning were identi�ed: “the synchronization of
learners, the possibility of providing the learning materials a little at a time, supplying various feed-
back tools for self and external evaluations of learning success and linking with a social platform to
enable learners the experience of being part of a social (albeit virtual) learning community” [87].
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The �rst version of the platform was based on a highly customized open-source learning man-
agement system (LMS). However, since this technical basis was not designed for the MOOC
concept—“partly due to the lack of scaling in respect to the number of course participants” [87]—
a new platform has been developed completely from scratch according to the �ndings of the �rst
conducted courses. This platform is still in use today and is being improved constantly. In addi-
tion to the new web platform, native client applications for the mobile operating systems Android
and iOS have been developed. Many of the platform’s innovations are based on research �ndings
that also originate from the team behind the platform itself. Here, research is conducted in partic-
ular in the areas of automated and peer assessment, teamwork and collaborative learning, online
proctoring, learning analytics, mobile and seamless learning, game-based learning and gami�ca-
tion, and smart assistants.

Course Format

Courses at the HPI MOOC Platform are divided into sections that usually represent course weeks
or form thematic blocks. They usually last two, four, or six weeks. The individual sections consist
of di�erent learning items. Here, multiple short video lectures are mostly followed by self-tests.
Course weeks often close with a graded assignment and at the end of a course a �nal exam is pro-
vided. In between text items are used, e. g., to explain the weekly structure or to point out and
link to other resources. There may also be bonus quizzes and surveys. Quizzes support multiple-
choice, multiple-answer, and free-text questions. External interactive tasks (such as programming
exercises) or (team) peer assessments [147, 148] with more complex submission formats can also
be performed. A discussion forum moderated by the teaching team is available to debate course
content. Moreover, collab spaces are provided for further social interactions [146]. Here, learners
or teachers can open public or private groups to discuss in a separate forum, edit texts collabora-
tively, start a video chat, share �les, and organize calendar events. After the end of a course, it is
usually left open for self-paced learning. Graded assignments are then no longer possible and the
forum can only be read, as moderation is no longer guaranteed. All of this only describes the usual
course scheme from which one may deviate, depending on the instructional design.

Certificates

Di�erent certi�cates can be achieved by learners for completing courses, and their availability and
thresholds can be con�gured per course:

Confirmation of Participation (CoP): This ungraded certi�cate is achieved when a learner
has viewed at least a certain number of learning items. The default value is 50%.

Record of Achievement (RoA): This graded certi�cate is gained when a learner has achieved
at least a certain number of points. The default value is 50% of all available points of all
graded assignments, such as quizzes, external exercises, or peer assessments.

Qualified Certificate (QC): The requirements are identical to those of the RoA. In addi-
tion, the learners have to opt-in for a charged online proctoring of the graded assignments.
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Key Performance Indicators and Completion Rates

In addition to the number of course enrollments, MOOCs are often judged by completion rates,
i. e., by the number of users who achieved a certi�cate. The particularly high number of ‘drop-
outs’, i. e., learners who at one point simply leave the course, often made these rates look very
poor. However, among experts, it was soon clear that the free access to MOOCs and the high
number of lifelong learners lead to a late �ltering of users who actually want to complete a course.
Therefore these rates are not very appropriate to measure the success of a course. Nevertheless,
such key performance indicators (KPIs) are convenient for comparing courses. Hence, we have
limited the user groups to calculate more reasonable completion rates.

To calculate the completion rate for Con�rmations of Participation, we use the number of
users who have viewed at least one learning item by the end of the course, i. e., who have at least
attended the course once. We call these users ‘shows at end’. Users who never show up in the
course are called ‘no-shows’. To calculate the completion rate for Records of Achievement, we
use the number of users who have viewed at least one learning item by the middle of the course,
i. e., they have started to attend the course at a date where it is still possible to achieve enough points
for an RoA. We call these users ‘shows at middle’. However, these assumptions do not include
the intention of the learners, whether they are actually interested in achieving a certi�cate. So far,
this cannot be captured with technical means.

1.4.2 Application Domains of the Platform

After the platform was launched, it was gradually transformed into a white-label software so that
interested partners from various organizations can also use it under their own brand name. These
di�erent instances of the platform—whose development, maintenance, and hosting are provided
at HPI—are therefore used in di�erent application domains, which are presented in the following.

openHPI

The initial in-house platform named openHPI started in 2012 with a course on “In-Memory Data
Management” held by Hasso Plattner. More than 13,000 participants from more than 100 coun-
tries attended the course [87]. Since then, the platform has been o�ering free courses in German
and English based on the lectures at HPI to the public every year. The courses are usually created
and held by professors, their sta�, or students. The topics range from academic computer science
and applied programming to innovation methods and digital transformation. By the end of 2020,
more than 870,000 course enrollments were recorded by more than 250,000 registered learners.

openSAP

In 2013, the German-based software company SAP launched its openSAP platform for Enterprise
MOOCs. The primary objective is to enlarge the SAP ecosystem by o�ering free education and
trainings for their employees, partners, and customers about their products and business innova-
tions [107]. The openSAP platform is one of the �rst Enterprise-based MOOC platforms with
over 4,900,000 course enrollments by more than 1.1 million registered learners until the end of
2020. A dedicated team at SAP creates and manages the courses together with content experts.
Next to MOOCs, the platform also o�ers complementary podcasts and microlearning formats.
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mooc.house

In order to support organizations and companies that do not require a complete stand-alone plat-
form, e. g., because only a few courses are to be o�ered, the HPI provides the mooc.house platform
since 2015. Here, courses or course channels can be acquired, and the HPI can consult and assist
during the creation of such o�erings on request. So far this o�er is used, e. g., by the German
Academy of Science and Engineering (acatech), the Charité – Berlin University of Medicine, the
Signavio GmbH, the msg systems AG, and the EU-funded projects BizMOOC and CORSHIP.

OpenWHO

Since 2017, the World Health Organization (WHO) o�ers free courses on OpenWHO to pro-
vide frontline responders with knowledge to contain disease outbreaks and manage health emer-
gencies, which especially due to the COVID-19 pandemic has resulted in an enormous growth
of users and courses [159]. By the end of 2020, more than 2.1 million learners have enrolled in
courses more than 4.7 million times. The courses often di�er from the default MOOC format:
they are usually shorter and only self-paced. The learning materials are used not only by WHO
sta� in the �eld, but also by Member States personnel, e. g., Ministry of Health o�cials, other UN
and partner organizations, international and national non-governmental organizations, as well as
the general public, students, travelers, and others [120].

Further Deployments

During the completion of this thesis, other platforms were already launched or planned, but they
are not part of studies within this work. Therefore, they are only mentioned here brie�y. Since
2019, teachers are trained at Lernen.cloud to use digital technologies in class. The HPI Schul-
Cloud o�ers the necessary technical prerequisites for the practical implementation of the pre-
sented concepts. The application and administration of the HPI Schul-Cloud is also the subject
of various free courses on the platform, which are o�ered as o�cial training.

Furthermore, the AI Campus has launched in 2020. This platform, which was funded by the
German Federal Ministry of Education and Research (BMBF), provides courses in di�erent areas
of arti�cial intelligence (AI) for the general public. It has been jointly developed by the Stifterver-
band, the German Research Centre for Arti�cial Intelligence (DFKI), the HPI, NEOCOSMO,
and the mmb Institut.

1.5 Outline of the Thesis

The remainder of the thesis is organized in four chapters, whereby the main part of the work is
thematically divided over the following �rst three chapters. In Chapter 2, we are extending the ar-
chitecture of the HPI MOOC Platform with a learning analytics infrastructure and additionally
incorporate mobile and web analytics. This enables to capture user interactions from the applica-
tion’s di�erent services and thus generate metrics on the learning behavior and success. Based on
these new technical capabilities, a learning analytics dashboard for learners is developed in Chap-
ter 3 and is combined with personalized learning objectives to allow self-evaluation of the learning
progress and success with data-driven insights. In Chapter 4, a learning analytics dashboard for
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teachers is implemented to support them in the facilitation and monitoring of their courses with
thousands of learners. Lastly, the thesis is concluded in Chapter 5 by a general discussion of the
results reported in all studies throughout this work. Apart from a summary of the �ndings and
contributions, general limitations of the thesis are discussed, and practical implications and fu-
ture research are outlined. Furthermore, several appendices follow in which additional data is
reported, e. g., Appendix B with an overview of all courses that are subject to experiments and
evaluations throughout this work.
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2 Learning Analytics at the
Scale ofMOOCs

This chapter describes the design and implementation of a learning analytics infrastructure into
the service-oriented architecture of a MOOC platform. In addition, the extension by mobile
learning analytics and web analytics methods is discussed. The presented approaches are assessed
based on the implemented requirements, a case study, and technical limitations.

2.1 Introduction

As MOOCs are used by thousands of learners, a huge amount of learning process data is gener-
ated. With methods from the research �eld of LA, this data can be utilized to understand and
optimize learning and the environments in which it occurs [140]. In order to leverage the tremen-
dous research potential, platform providers and vendors have to establish the means and tools for
collecting, processing, analyzing, and accessing the produced data. Especially the massiveness of
MOOCs leads to a technical challenge. Therefore, this chapter examines the following research
question:

ResearchQuestion 1: How can learning analytics be enabled at the scale of MOOCs?

However, technical concepts and insights are rarely published especially for modern micro-
service-based application architectures like the one of the HPI MOOC Platform. Due to the dis-
tribution of data in di�erent services, there is no central place where analytics data can be stored
and retrieved yet. Thus, the following sub-question has to be addressed �rst, the outcome of
which serves as a basis for further work:

ResearchQuestion 1.1: How can learning analytics be implemented in a service-oriented
MOOC platform?

Next to the web-based access to MOOCs with computers and notebooks, the broad availability
of mobile devices has enabled mobile learning for online education [157]. Therefore, mobile tech-
nologies o�er the opportunity to study the area of mobile learning analytics (MLA). It includes
the collection, analysis, and reporting of mobile learners’ data [2, 17]. If the data of LA and espe-
cially MLA is enriched with contextual information, such as time, location, and network connec-
tion, as well as device and sensor data, it leads to the term ubiquitous learning analytics (ULA).
Context is a crucial factor for workplace learners, self-directed learners, and lifelong learners to
integrate learning sessions in their daily life with a wide range of private and professional activ-
ities. It can improve the interaction between learners, their devices, and learning environments.
Learning materials and tools can be optimized based on the evaluated contextual information [2,
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17]. Also, the HPI MOOC Platform faced these new circumstances and brought its platform to
mobile devices with native applications for Android and iOS. The following sub-question is in-
vestigated to enable a better understanding of the learning behavior and outcome on mobile and
stationary devices:

ResearchQuestion 1.2: How can mobile and ubiquitous learning analytics be implemented
in a multi-client MOOC platform?

Furthermore, originally intended for e-commerce, web analytics (WA) captures users’ inter-
actions and reveals valuable insights about the audience, their activity, and behavior for website
operators. Therefore, it has especially gained attention from business corporations, which uti-
lize WA for decision-making processes. Consequently, WA has rapidly evolved and is a common
technique today that is widely used and no longer restricted to e-commerce websites only [14].
It is clear that WA and LA are subtypes of the general �eld of analytics and are thus related to
each other. Both methods gather and analyze data about users and their interactions on online
platforms to understand the audience and their behavior. This data is eventually utilized to derive
actions for optimizations. Even though the underlying objective di�ers, LA may bene�t from in-
tegrating WA. While LA is a relatively new and active research �eld, WA is already sophisticated
and well-established. Therefore, by using it for analyzing the behavior of learners one could take
advantage of its advanced development. Nevertheless, WA tools have not been profoundly used
for this purpose so far [19]. Hence, a third sub-question is formulated:

ResearchQuestion 1.3: To what extend can web analytics be used in the context of learning
analytics in MOOCs?

In order to examine di�erent aspects of research question 1, the three presented sub-questions
are addressed consecutively in Section 2.2, Section 2.3, and Section 2.4—before Section 2.5 sum-
marizes the chapter.

2.2 The Learning Analytics Architecture

To provide LA capabilities for di�erent stakeholders, an extension of the platform’s architecture
is required to collect and process learner data. Therefore, this section presents the design and
implementation of a LA architecture in a service-oriented MOOC platform, which is the subject
of research question 1.1. Based on the de�ned requirements, the approach is then evaluated and
design recommendations are derived.

2.2.1 Platform and Requirements

In the following, the technical foundation of the HPI MOOC Platform, its architecture, and
design decisions are presented �rst. Afterward, this conceptual understanding is utilized to de�ne
the requirements to implement LA in such a context.

From LMS to SOA

The initial version of the HPI MOOC Platform was based on the open-source LMS Canvas to
quickly experiment and test the platform with �rst courses in 2012, which was a pioneering work
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in Europe [87]. Based on these �rst insights, a custom-tailored platform has been developed from
scratch which �ts better to the paradigm of MOOCs, with thousands of learners in a single course
and social activity, as well as a better scalability and performance. Therefore, the current platform
has been implemented based on the principles of a service-oriented architecture (SOA) with logi-
cally separated functionality in individual services [158] as shown in Figure 2.1. For example, the
account service is responsible for managing user accounts and the course service manages all in-
formation regarding courses and course enrollments. The services can communicate with each
other synchronously through RESTful Hypertext Transfer Protocol (HTTP) interfaces, or asyn-
chronously by publishing events on a shared message queue. Currently, there are three clients
available for the platform: a web client served by the web service and two native mobile clients for
Android and iOS, which use the platform’s application programming interface (API).
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Figure 2.1: The Platform’s Architecture

Implementation Requirements

An SOA leads to a distributed data landscape because every service manages its own data per-
sistence layer, and these layers are eventually distributed across di�erent physical machines and
rely on di�erent database technologies. This makes it inconvenient when performing analytical
tasks. Each service has to o�er di�erent analytics endpoints, which can cause heavy load on the
overall system and block incoming requests, especially when the data is calculated on-demand.
This is due to the fact that microservices are designed to support an operational online transac-
tion processing (OLTP) model. However, the support for online analytical processing (OLAP)
is required. In order to overcome this issue, an independent service is mandatory which provides
analytics and statistics on separate data stores. Thereby, it has to be extensible to cover di�erent
LA use cases of di�erent stakeholders, be �exible to gather data from di�erent system components
and clients, avoid high system load and performance impact when gathering and processing data,
allow instant data availability, and ensure data privacy.
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2.2.2 RelatedWork

Rabelo et al. [101] showed a big data architecture for LA called SmartLAK that uses an ontology
based on the xAPI standard [127]. Data is stored in a Resource Description Framework (RDF)
database for high-performance data processing in VLEs to present data insights to teachers in
higher education. Since the learning formats of VLEs and MOOCs di�er greatly, the �ndings are
only partially applicable in the context of this work. Thus, the use of xAPI is mainly of interest.

Hecking et al. [48] proposed a general LA infrastructure that is extendable and independent of
the actual learning environment. Their backend components are designed as an extendable agent
system that communicates via a shared workspace using SQLSpaces. They use the ActivityStream
format to capture user events and a data warehouse approach for persistent data storage. However,
their infrastructure was only evaluated in the context of the Go-Lab environment.

Tabaa et al. [152] implemented a LA system for MOOCs called LASyM based on Apache Ha-
doop. However, they only used it to detect at-risk learners and it is also not clear why the approach
was so strongly coupled to one speci�c technology.

Ruipérez-Valiente et al. [124] extended the LA capabilities of the Khan Academy MOOC plat-
form with an add-on called ALAS-KA. They use an extract, transform, load (ETL) process to
extract the data from the Kahn Academy database, transform it, and load it into their ALAS-KA
database. However, their solution is very coupled to the Kahn platform and the Google App En-
gine environment.

Ruiz et al. [126] also tried to extend the LA support of the Open edX platform, however, this
approach seems even more coupled and complex. One of the main issues was the large amount
of data, which could no longer be processed in real time. Therefore, they pre-processed the data
periodically.

Pérez-Berenguer et al. [100] presented a LA architecture for the INDIeOpen platform, based
on two main components: the UPCTforma infrastructure and the INDIeAuthor authoring tool.
The infrastructure consists of components for event tracking, event analysis, and learning out-
come visualization. Also, they use an interoperability component based on Learning Tools In-
teroperability (LTI) to connect any learning item from platforms supporting this standard, e. g.,
Moodle. They use the Caliper standard for event tracking. Events are queued in a message bus and
asynchronously processed for cleaning, transforming, and summarizing before they are stored in
a MongoDB database. The visualization component is directly embedded to provide prede�ned
dashboards for teachers and students. Based on a custom domain-speci�c language (DSL), teach-
ers can create learning units directly with the authoring tool. Then, code is generated from the
DSL and analytics de�nitions can be included as well. The approach shown here takes place in
a very di�erent context. The actual learning platform, in which the learning units are executed,
is seperately from the LA infrastructure, which means that the units have to interact via cross-
system interfaces. In addition, the visualizations are not part of the learning platform but the LA
components. However, the event-based approach to collect data from external systems can also be
applied to our microservice-based architecture. The asynchronous queueing of events and their
pre-processing are also promising approaches for high-performance visualizations.

The presented solutions cannot be reused easily and even if a generic LA architecture sounds de-
sirable, conceptual and technical di�erences of learning platforms make it very di�cult to achieve
this ideal. Nevertheless, we are able to gain ideas and insights that are incorporated into our ap-
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proach, e. g., the use of standards such as xAPI, the asynchronous processing of events with a
message queue, the ETL process, and especially the independence from a speci�c database or data
processing technology.

2.2.3 Architectural Concept

To implement and ful�ll the previously introduced requirements, this subsection explains the
concept and architecture of the realized LA service. A complete architecture overview of all system
components including the LA service can be seen in Figure 2.2. The service is realized by following
the approach of an ETL process, as introduced by Renz et al. [105]. This process is implemented
as extensible processing pipelines. Every pipeline consists of an extraction, multiple transforming,
and a loading step. The extraction step processes the raw data into a container format. Afterward,
the transformation steps process the data and map them to the desired data schema. Lastly, the
loading step persists them in di�erent analytics stores. These steps are explained in detail in the
following paragraphs.
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Figure 2.2: The Platform’s Architecture with the Learning Analytics Service

Event-Driven Data Collection

The data collection and extraction is implemented by taking advantage of the publish-subscribe
message queue. This enables an asynchronous event-driven inter-process communication. Every
service can publish events on the message queue. Here, two types of events are used. First, general
model changes, e. g., when a model record has been created, updated, or deleted. Second, explicit
analytics events, for which a component is provided for the web client to create the events there
and transfer them to the backend. The LA service subscribes itself for all analytics events, as well as
certain model changes. The queue noti�es and passes all corresponding events to the LA service.
In this way, the asynchronous non-blocking communication avoids performance impacts on the
overall system.
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The data structure of the analytics events is inspired by the xAPI [127]: «Actor» does «Verb»
on «Object», with «Result» in «Context» at «Timestamp». In the context of the platform, the
actor is called user and the object is called resource. The user is the person who triggered the event,
the verb is the action performed by the user, the resource is the entity the action was performed and
the result is the outcome of the action. The context contains additional information to which the
action is related and the timestamp is the moment of the action. Currently tracked events on the
platform include—but are not limited to—course enrollments and completions, page visits, quiz
and exercise submissions, video player events, download events, forum activities, and helpdesk
interactions. An example event is displayed in Listing 2.1 and a complete overview of all events
can be seen in Appendix A.

Listing 2.1: Example of an Analytics Event

1 {

2 "user": {

3 "resource_uuid": "dfb...578"

4 },

5 "verb": "VIDEO_PLAY",

6 "resource": {

7 "resource_uuid": "d84162ce-b711-4d8f-871c-e0660cddd3e5"

8 },

9 "timestamp": "2020-12-01T15:40:45+00:00",

10 "with_result": {},

11 "in_context": {

12 "current_time": "424.234",

13 "current_speed": "1.75"

14 }

15 }

Data Transformationwith Processing Pipelines

The transformation steps process, enrich, and clean the data. The �rst step processes the user-
agent if the event was sent by the web client in order to identify the user’s operating system and
browser. The next step determines a coarse location of the request from the IP address to assess
the country and city. The third step removes the user-agent and IP address from the event since
all crucial information is already extracted from these attributes. They are classi�ed as sensitive
personal information, which makes it rather easy to identify a user when anonymized events with
hashed user IDs are examined. The last step transforms the data into the appropriate schema of
the targeted data storage.

Data Loading into Analytics Stores

The LA service provides the possibility to host di�erent data sources as analytics stores. This pro-
vides the advantage to store the same data redundantly—or di�erent data—in various database

16



2.2 The Learning Analytics Architecture

technologies to optimize query performance. Each data source is con�gured with its own process-
ing pipeline, whereby the extraction and transformation steps can be reused. The speci�c loading
step stores the data at the end. The general concept of the service and its pipelines is shown in Fig-
ure 2.3. Three di�erent pipelines are provided. User interaction events are stored redundantly in
an SQL-based data source (PostgreSQL) and in a NoSQL-based data source (Elasticsearch). Addi-
tionally, another pipeline is used to enable referrer tracking, which uses the Elasticsearch analytics
store as well.

Learning Analytics Service

Postgres

Elasticsearch Metrics

Processing
Pipelines

Message 
Queue

Course Service

Web Service

Other Services

Client
R

R

R

ElasticsearchElasticsearchOther Analytics 
Stores

Extract

Load

Transform

R

Figure 2.3: Concept of the Learning Analytics Service

Data Analysis withMetrics

Having the data stored in di�erent analytics stores allows to query the data, process them, and
expose insights as metrics within the platform. Every metric speci�es its data source, optional and
required parameters, and a short description with a custom DSL. This enables the provision of
a self-documented endpoint for platform developers and researchers to introduce a standardized
way to implement new metrics and support the discoverability of available metrics to increase the
usage of data-driven insights—either for platform features or research studies. The calculation of
a metric provides the possibility of pre- and post-processing of the data, as well as requesting the
data source with its native query language. In general, these metrics provide insights about the
learning behavior and outcome on a platform, course, user, and user enrollment level.

2.2.4 Evaluation

This subsection evaluates the implemented architecture based on the de�ned requirements. There-
fore, the scalability, extensibility, and versatility are examined. Afterward, the data privacy mech-
anisms are reviewed. The subsection is closed by a presentation of compiled design recommenda-
tions and best practices.

Scalability

Since the implemented approach is used in a real-world MOOC platform with thousands of learn-
ers, it must be able to process the incoming data load and provide instant data availability. This
means that a user always gets the latest data when requesting a certain metric, which is de�ned as
a processing time for each event of at most one second. To evaluate the data load and availabil-
ity, we examined a sample period of one year on the largest deployment of the platform at this
time. The deployment consisted of four web service nodes and four nodes with all other services,
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which means that the LA service was also deployed four times redundantly for load balancing.
The message queue used to publish events was hosted as a single instance, as well as the Post-
greSQL database—which was one of the two analytics data stores. The other data store based on
Elasticsearch was operated as a cluster with two nodes.

A total number of 126,180,673 analytics events from 328,507 users was captured in the ana-
lyzed period from January 1, 2018, to December 31, 2018, which has resulted in about four events
per second on average. Although this number may seem low at �rst glance, it has to be noted
that the general activity on MOOC platforms varies noticeably depending on the time of day,
course dates, and deadlines. This results in periods of very high and low activity that have to be
considered separately. Therefore, we examined the number of events waiting to be processed in
the message queue per hour for the whole year. During the entire period, 67.6% of the time there
was not a single event waiting in the queue, i. e., every event was processed instantly. In 31.1% of
the captured hour intervals, up to 14,400 events were waiting for a free consumer. This number
was chosen since the four LA service consumers were then theoretically stressed with an average
of one event per second, which is still considered as instant data availability. Based on this ap-
proximation, we achieved a total instant data availability in 98.7% of the time. The higher loads
during the rest of the time are probably caused by infrastructure issues and not by activity peaks.
To prevent data loss in such outages, all events are stored and kept as unacknowledged in the mes-
sage queue as long as the analytics stores are unavailable. All in all, we consider our architecture
approach proven to be suitable for the scale of a real-world MOOC platform.

Extensibility

An important requirement of the LA service is to provide a �exible architectural design. It has
to be avoided to rebuild the whole architecture to include a new schema or data source. Thus,
extensibility is ensured with the implemented processing pipeline design. New data, which have
to be tracked, can be published by other components through the message queue. Then, the LA
service can extract the data within its �rst pipeline step. A new data source can be added by pro-
viding a new load step, which maps the generic event schema to the speci�c database schema and
executes the queries to persist the data. The modularity of the processing pipeline is the most valu-
able advantage. It can be easily extended or new pipelines can be created by providing additional
transform or load steps. Also, every step can be reused by all pipelines.

Versatility

In the following, di�erent use cases and features are explained that are implemented based on the
presented LA architecture. This is utilized to assess the versatility of the general approach.

As a typical use case, a teacher dashboard is implemented that visualizes various LA metrics
to give an overview of a course. It includes enrollment numbers, active users, and forum activity
over time, as well as statistics about learning item visits, quiz performances, geographical learner
locations, age distributions, used devices, and learning times. Among other things, it supports
teaching teams in identifying anomalies and patterns in their courses such as learning content that
is too di�cult. Additionally, a learner dashboard is implemented and tested that gives students
insights about their own learning behavior. It is based on a concept to better support self-regulated
learning. Both dashboards are addressed in this thesis and presented in the next chapters.
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Unexperienced teaching teams or limited production times can lead to qualitative weaknesses
in MOOCs. Therefore, it is valuable to assist with an automated quality assurance, which LA can
enable. Such a concept was implemented by translating best practices into machine-executable
rules [106]. These rules are checked periodically and a warning is issued if they are violated,
whereby every warning is prioritized and provided with a recommendation for action. Two exam-
ples of such rules are quizzes that are too di�cult or anomalies in student’s video watching behav-
ior such as too many rewinds. Another implemented feature enabled by LA is the cluster viewer,
which supports teachers to interactively explore meaningful subgroups of students based on their
learning activity to take informed action and measure the e�ect of executed interventions [154].
Lasty, the platform supports A/B/n testing. With that, researchers can examine new features and
compare the learning behavior and outcome of test groups. This is based on LA metrics, which
are visualized and compared by their statistical di�erences and e�ect sizes [104].

The di�erent presented use cases con�rm the versatility of the implemented architecture. It
allows realizing a broad range of techniques, ranging from simpler statistics and visualizations to
more complex topics like data mining through clustering. Also, various stakeholders take advan-
tage of the LA capabilities, such as teachers, learners, and researchers. This ensures the implemen-
tation of further requirements and use cases in the future.

Data Privacy

As the platform is developed and hosted in Germany, the European Union’s General Data Protec-
tion Regulation (GDPR) is the law in force for governing processing of personal data. Since the
LA capabilities are exclusively used to improve the learning experience and optimize the platform
and its features, the data processing is considered a legitimate interest. Therefore, no explicit con-
sent is required from the user—as it would be for marketing purposes for example. Additionally,
anonymization techniques are applied to further improve the data privacy of the tracked interac-
tion data. Some attributes are omitted which are classi�ed as personally identi�able information,
e. g., the user’s IP address and the browser’s user-agent. No pro�le data is captured, like the user’s
name, email, or date of birth. If some data are exported from the platform, the user IDs are addi-
tionally obfuscated. To ensure data reduction and data economy, only relevant interaction events
are captured, instead of tracking every single click on the platform.

Design Recommendations and Best Practices

Based on the experiences and insights we gathered in more than �ve years of running the LA ser-
vice in production on several platform deployments, we have compiled a number of design rec-
ommendations for platform vendors and researchers. These best practices aim to support their
decision-making when implementing LA capabilities into MOOC platforms.

Concurrent Data Collection and Processing: Analytics, in general, can be seen as an
extension to the main application. Thus, the performance impact on the overall application
caused by additional analytics tasks has to be kept to a minimum. A common technique
is to execute such tasks concurrently. This is realized by utilizing an asynchronous message
queue for event collection to avoid blocking the sending components. The data processing
is handled by a separate service running independently from other system components.
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Schema-Agnostic Pipelining: Di�erent data schemas and query requirements �t more or
less well to di�erent storage technologies. Therefore, various analytics data are stored even-
tually in multiple databases. Hence, we propose a pipeline processing architecture. By uti-
lizing an ETL process for this, all data can be processed based on a generic data schema.
Only the last load step converts the data into the database-speci�c format. This enables a
schema-agnostic data processing and minimizes technology and vendor lock-ins.

Reusable Pipeline Components: By utilizing the proposed schema-agnostic pipeline archi-
tecture, all transformation processing steps become reusable. For example, this allows ap-
plying the same anonymization step to all analytics pipelines. This reduces implementation
and maintenance e�orts by applying the don’t repeat yourself principle.

Central Interface for Data-Driven Insights: Instead of having each application com-
ponent providing its own analytics interface, it is reasonable to have a central interface for
data-driven insights. This is realized with an index of all available metrics within the LA
service. Also, it abstracts the underlying database technology.

Embrace Open Standards: Through the use of open standards, interoperability with other
applications and systems can be achieved best. In the domain of LA, the xAPI format is
accepted widely. This standard also de�nes the learning record store (LRS). Thus, an im-
plementation of such an analytics store can be used right away without further data trans-
formations.

Data Protection by Design: By taking data protection into account in every project stage,
privacy risks are reduced and trust increased. Users must stay in control of their data and the
bene�ts of capturing and processing personal data have to be communicated beforehand.
It must also be ensured at an early stage that legal requirements like GDPR are complied
with.

2.2.5 Conclusion

In this work, an architecture was presented on how LA can be implemented in a service-oriented
MOOC platform (research question 1.1). Based on the elaborated requirements, an ETL process
was proposed to implement extensible processing pipelines within an independent LA service.
This approach utilizes an event-driven asynchronous data collection, a schema-agnostic data pro-
cessing with reusable steps, and di�erent analytics stores for optimized query performance. It has
been implemented for the HPI MOOC Platform and deployed for real-world usage. User inter-
action events are captured to generate data-driven insights about the learning behavior and create
platform features to improve the learning experience and success. Afterward, the architecture was
evaluated to study its scalability, extensibility, and versatility by discussing various implemented
LA use cases for di�erent stakeholders like teachers and learners. Then, data privacy issues and
mechanisms were presented also taking the EU GDPR requirements into account. Lastly, six de-
sign recommendations—concerning concurrent data collection and processing, schema-agnostic
pipelining, reusable pipeline components, centralized data-driven insights, open standards, and
data protection—were introduced. These serve as best practices for platform vendors and re-
searchers to support them implementing LA capabilities in MOOCs.
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2.3 Mobile and Ubiquitous Learning Analytics

Users are learning increasingly on the go and with multiple devices instead of being tied to a �xed
workstation. To better understand, analyze, and support this learning, this section introduces
technical enhancements to the LA architecture to implement mobile and ubiquitous learning
analytics in a multi-client MOOC platform and therefore assesses research question 1.2. After
that, an evaluation is presented based on a case study to investigate if the usage of mobile devices
in�uences the learning behavior and outcome in MOOCs.

2.3.1 Requirements

From a technical perspective, learning analytics requires a client-side implementation for event
tracking and a server-side component for event processing and storage. Since the client-side com-
ponent for the web frontend and the backend component in form of the LA service have been im-
plemented already, only an extension is necessary here. It has not been captured yet on which type
of device an analytics event was created. Therefore, such context information has to be appended.
In addition, the mobile applications for Android and iOS also require a client-side component to
capture events and send them to the backend. Thereby, the usage of mobile devices causes speci�c
demands on the implementation that di�er from the ones of the existing LA implementation for
the platform’s web client.

Unlike regular computers, mobile devices are frequently exposed to network changes, particu-
larly while still being in use. Hence, the MLA implementation has to be aware of network changes
and must avoid data losses. This becomes even more important by the circumstance that the mo-
bile applications can be partially used o�ine. Because of that, the MLA implementation has to
keep the data until a network connection is available again, even if the application has been closed
in the mean time. An appropriate data persistence layer is needed to ful�ll this requirement.

While using the mobile applications, the user must not be distracted and the device’s resources
must not be strained excessively by the MLA event tracking. Capturing analytics data is not a
user-facing feature and therefore must not change or restrict the user’s regular work�ow. Due to
the fact that most network providers limit the bandwidth after a certain amount of used data, the
MLA has to avoid putting excessive strain on the data usage during mobile network connections.
Instead, the use of Wi-Fi networks is preferred. Nevertheless, the availability of recent data is
important to gain up-to-date data insights. A good balance between urgently needed data and
mobile data usage has to be considered.

2.3.2 RelatedWork

Related research about MOOCs and mobile learning focuses on the conceptual compatibility
and synergistic characteristics between both formats [166], as well as how mobile technologies
can enrich the MOOC concept [113, 137]. In addition, there are early studies on how MOOC
content can be used for microlearning approaches on mobile devices [10] and how mobile-assisted
seamless learning can be applied [9] to MOOCs. Tabuenca et al. [153] revealed positive e�ects of
utilizing mobile learning analytics for time management skills. However, learning analytics in
mobile learning remains a challenging research issue [2, 5].
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Regarding related technical solutions, generic event data tracking and user analytics are widely
used in mobile applications. Even if the educational domain of MOOCs lead to a more speci�c
use case, the required technical functionality is similar in all available mobile analytics implemen-
tations. It exists a whole industry around this topic, with companies o�ering mobile analytics as
their main product. Also, a lot of larger software companies provide well-known mobile analytics
services like Google Analytics for Firebase, Yahoo Flurry, Amazon Pinpoint, or Adobe Analyt-
ics. These are commercial products and include multiple components and services: (a) multiple
SDKs for event tracking in mobile applications mostly for iOS and Android, (b) a hosted back-
end system that collects and processes all tracked event data, and (c) a web and occasionally mobile
application that presents the processed statistics of the gathered data for reporting.

Since the HPI MOOC Platform already provides a custom backend for the tracked event data,
namely the learning analytics service, and LA in general requires more speci�c reporting as their
web or mobile applications o�er, only the SDKs of these solutions are relevant for the MLA im-
plementation. However, because of the lack of an open standard for tracking generic analytics
data and the strong dependency to their own backends, none of these existing solutions are in-
teroperable with each other. This also applies to open source projects like Matomo or Countly.
Therefore, the SDKs cannot be used to communicate with our platform’s backend. Nevertheless,
these products are widely used and tested, for which reason their documentation and speci�cation
can be utilized to gain best practices for the MLA implementation.

2.3.3 Architectural Enhancements

This subsection describes how the event tracking is enriched with contextual data and introduced
for mobile, to provide a proof of concept implementation outline.

Learning Analytics with Contextual Data

Based on the following proposed context model (Figure 2.4), it is possible to determine the re-
quired data that has to be captured. A wide variety of de�nitions for the terms context and
context-awareness are available [1]. For the platform’s domain of e-learning and MOOCs, the
entity is speci�ed as the learner and its context is de�ned as related information about its used
device and application, as well as its physical state.

Learner’s Context

Device Application Situation

ComputerPhone Tablet TV Web Client Mobile App Time Place

+ +

Figure 2.4: Learner’s Context Model

To gain these insights, every tracked user interaction event is enriched with additional contex-
tual data as exempli�ed in Listing 2.2. A basic information about the device is, for example, the
installed operating system. This is tracked as the platform, on which the application runs on. To
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distinguish if the web client or a native mobile client is used on the platform, the runtime is cap-
tured, in which the application runs in. This can be either a speci�c browser for the web client or
the operating system itself for a native application. To determine the type and size of the device,
a device name and data about the screen resolution are captured. Additionally, all events capture
the users’ time and location. This is a strong indicator about the learners’ situation, where and
when they use the platform. Additionally, information about the network connection is useful
to determine the situation, because a Wi-Fi network is mostly available on stationary and familiar
places, like at home or work. A mobile network connection indicates that the learner is on the go
or at a foreign place.

Listing 2.2: Example of an Analytics Event with Contextual Data

1 {

2 "user": { "resource_uuid": "cc4...6e5" },

3 "verb": "VIDEO_PLAY",

4 "resource": { "resource_uuid": "78dc954e-c3da-40e2-a678-ea2b93808c6e" },

5 "timestamp": "2020-11-30T07:14:02+01:00",

6 "with_result": {},

7 "in_context": {

8 "platform": "Android",

9 "platform_version": "11",

10 "runtime": "Android",

11 "runtime_version": "11",

12 "device": "Google Pixel 3",

13 "screen_width": "1080",

14 "screen_height": "2160",

15 "screen_density": "440",

16 "network": "wifi",

17 "user_location_city": "Nustrow",

18 "user_location_country_code": "DE",

19 "user_location_time_zone": "Europe/Berlin",

20 "user_local_timestamp": "2020-11-30T07:14:03+01:00",

21 // [...]

22 }

23 }

Mobile Learning Analytics

The core purpose of the mobile learning analytics implementation consists of tracking user in-
teractions in the form of events. These events are sent to the platform’s backend through an API
endpoint and processed and stored by the LA service similar to the events sent by the web client.
Therefore, the same events are implemented for the mobile apps where applicable. Besides, the
contextual data are enriched. Since the mobile applications also display content in web views, they
have to pass a cookie to the web client with the contextual data. This way, the web client can send
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analytics events with the contextual data from the actual device when used in the scope of the
native apps. Before an event is sent, it is stored in a local database to ful�ll the requirement of an
appropriate data persistence layer. The SQLite API is used for Android and the Core Data API
for iOS. To address the issue of straining mobile data usage by sending events to the backend, ev-
ery event is tagged with the information whether it will only be transferred in a Wi-Fi network or
whether it can also be transferred in a mobile network. This �ag is also saved in the event database
as well, next to the payload of the event.
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Figure 2.5: Mobile Learning Analytics: Android Architecture

Since the implementations for both mobile applications provide the same MLA capabilities,
we only show the Android implementation here as an example. The proposed architecture of
the mobile learning analytics module can be seen in Figure 2.5. The main interface of the MLA
module is an ‘Event Tracker’ that receives the user interaction events from the application. Then,
the ‘Event Tracker’ creates a ‘Persistence Thread’ that updates the ‘Event Database’ concurrently
with the received event, to avoid blocking the main UI thread of the Android application.

Furthermore, a single ‘Network Thread’ takes care of transferring the persisted events from
the ‘Event Database’ to the backend via an API endpoint. This thread wakes up by a call from a
‘Persistence Thread’ after the database was updated or by a ‘Network Change Receiver’ that gets
informed when the device changed from an o�ine state to an active network connection. The
‘Network Thread’ is also executed concurrently, since Android requires to run network commu-
nications alongside the main UI thread, again to keep the application free from long running back-
ground work. When the ‘Network Thread’ successfully transferred an event from the database
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to the backend, the event gets deleted from the database. This is implemented as a transaction-
like communication to ensure that no event is deleted that is not transferred successfully over the
network. Additionally, the ‘Network Thread’ takes care of only transferring events in mobile net-
works that are not marked as Wi-Fi only to save mobile data usage. Also, events are transferred as
batches with up to 50 events at once to save the overhead of creating a HTTP request for every
single event.
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Figure 2.6: Mobile Learning Analytics: Asynchronous Execution on Android

In Figure 2.6 the interaction between the di�erent components is shown. The Tracker con-
trols the whole concurrent execution. When a new event is sent to the Tracker by the application,
it starts a thread asynchronously. The EventDataAccess takes care of inserting the event into the
database after it was added by the persistence thread. A new persistence thread is started for ev-
ery event sent to the Tracker. The database insert is thread-safe. After inserting the event into
the database, the persistence thread calls startSending() on the Tracker. Also, startSending()
is called by the NetworkChangeReceiver if the application was o�ine and changes to an online
state. This method starts the networkRunner, which is also a thread. In contrast to the persistence
threads, there is only one network thread at a time. Therefore, startSending() only starts a new
network thread if it does not already exist and is not running.

The network thread keeps its work in a loop as long as the event count is greater than zero, the
network connection is online, and no stop signal has been sent. In every iteration, the network
thread fetches up to 50 events from the database. Then, the event list is sent to the backend. If a
successful response is received, all events are deleted from the database. The network thread then
continues with the next iteration, if the initial conditions are still true, or it stops running. If the
network is using a mobile connection, only events without the ‘Wi-Fi only’ �ag are fetched and
counted in order to save mobile data usage.
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2.3.4 Evaluation

This subsection presents an evaluation of the implemented MLA approach by investigating in
a case study whether di�erences in the learning behavior and outcome can be identi�ed when
learning with mobile devices in MOOCs. Therefore, metrics about the user’s learning duration,
activity, discovery, and performance are examined. Additionally, a new client usage metric is in-
troduced to evaluate the contextual properties of the used devices and applications.

Sample Courses

For the scope of this study four courses are examined, which were running in 2017 and 2018, each
two on the openHPI platform and the openSAP platform. All courses had a similar length of six
weeks and similar examination modalities: every week was structured into multiple short video lec-
tures followed by ungraded self-tests. At the end of every week, a graded quiz was conducted and at
the end of the courses, a �nal exam was performed. All course contents were completely feasible on
mobile to avoid a bias by non-optimized learning items for mobile, such as peer assessments or ex-
ternal exercises. The course topics were “Internet Security for Beginners” (intsec20181), “Big Data
Analytics” (bigdata20172), “Enterprise Deep Learning with TensorFlow” (ml23), and “Cloud-
Native Development with SAP Cloud Platform” (cp54). Therefore, it can be assumed that the
target audience had at least an a�nity for IT topics. The courses were certi�ed with a CoP if at
least 50% of the course material was completed and with an RoA if more than 50% of the maxi-
mum number of points for the sum of all graded assignments was earned.

Methodology

The mobile apps are seen as an additional o�ering alongside the web platform to enable users to
learn anytime, anywhere as a seamless learning approach. Therefore, the learners are divided into
two groups: those who used the mobile apps alongside the web platform and those who did not.
Both platforms provide an authentic learning environment with real-world users. However, this
results in unequal group sizes since it is not a controlled experiment environment and users can
decide on their own to use the mobile apps or not.

For each user, di�erent metrics are processed based on the LA events with contextual data. The
‘Client Usage’ metric is used to devide the learners into the two introduced groups. Additionally,
seven metrics about the learning behavior are calculated. The ‘Visited Items’ metric provides the
number of unique visited learning items normalized to the total number of items in a course as
percentage, which is the main criterion to gain a CoP. The ‘Average Session Duration’ is the total
duration of all sessions in relation to the total number of sessions. A single session is calculated by
all consecutive events with no greater interval than 30 minutes. The ‘Quiz Performance’ shows
the average percentage of correct answers of all quizzes, which is a strong indicator if an RoA was
gained. The ‘Video Plays’ metric shows the percentage of unique watched videos in relation to the
total number of videos in a course. Similar, the ‘Video Downloads’ and ‘Slide Downloads’ metrics

1https://open.hpi.de/courses/intsec2018/
2https://open.hpi.de/courses/bigdata2017/
3https://open.sap.com/courses/ml2/
4https://open.sap.com/courses/cp5/
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provide the percentage of unique videos and slides downloaded in relation to the total number of
videos in a course. Lastly, the ‘Forum Activity’ shows the sum of all textual forum contributions
like questions, comments and answers, as well as forum observations like question subscriptions
and question visits, normalized to the number of days between a course start and end date.

For both user groups, all metrics of learning behavior are examined for statistically signi�cant
di�erences using a Mann-Whitney U test for two independent samples. Also, the e�ect sizes are
calculated with Cohen’s d for groups with di�erent sample sizes. In Table 2.1 descriptive statistics
about both groups’ age, gender, and learning outcome are presented.

Table 2.1: Demographics and Learning Outcome of Learners with and without Mobile App Usage

Demographics Outcome

Course Group N
Age

Mean
Female
Quota

CoP
Quota

RoA
Quota

intsec2018 without app 4162 45.6 0.138 0.281 0.172
with app 947 39.9 0.154 0.369 0.270

bigdata2017 without app 5805 43.0 0.162 0.279 0.115
with app 1331 41.2 0.129 0.331 0.184

ml2 without app 8567 39.1 0.090 0.288 0.164
with app 516 36.5 0.036 0.368 0.225

cp5 without app 4023 39.9 0.114 0.203 0.130
with app 336 37.3 0.067 0.318 0.250

Results andDiscussion

For the learning behavior metrics in Table 2.2, it can be seen that learners who used the mobile
apps visited more learning items on average, with a highly signi�cant di�erence (p < 0.001) in
three courses and a signi�cant di�erence in one course (p = 0.016). Also, a small e�ect was
measured in three courses (d > 0.2). A signi�cant di�erence was found in two courses for
the average session duration, but no practical e�ect was proven. The quiz performance shows
a higher average for learners who used the mobile apps, with a highly signi�cant di�erence in
three courses (p < 0.001) with a small e�ect size (d > 0.2) and a signi�cant di�erence in one
course (p = 0.035) but without a practical e�ect size. For all courses, the video plays and video
downloads metric show higher averages with highly signi�cant di�erences (p < 0.001). A small
practical e�ect (d > 0.2) was identi�ed for the video plays metric of all four courses. For the
video downloads metric, two courses had a small e�ect size (d > 0.2) and one course even had
an intermediate e�ect size (d = 0.708). The slide downloads metric shows slightly higher aver-
ages for users who used the mobile apps with highly signi�cant di�erences (p < 0.001) in three
courses, but only one course with a small practical e�ect (d = 0.49). For the forum activity, only
one course shows a highly signi�cant di�erence (p = 0.001), but no course had a practical e�ect.

It can be summarized that users who used the mobile apps visited more items, performed better
in quizzes, and watched and downloaded more videos. Highly signi�cant di�erences and small
statistical e�ect sizes in learning behavior and outcome were identi�ed when learning with mobile
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devices in MOOCs. However, no signi�cant di�erences and e�ects were shown for the average
session durations, slide downloads, and forum activities. The demographical means in Table 2.1
regarding age and gender of both groups showed no practical relevance. Nevertheless, the learning
outcome based on gained certi�cates improves on average for learners who also used the mobile
apps, which is supported by the �ndings of the visited items and quiz performance metrics. All in
all, the results of this study show that mobile learners tend to be more engaged with the learning
material and be more successful in general. However, the causality needs to be examined with
further studies.

Table 2.2: Statistics for Learning Behavior Metrics of Learners with and without Mobile App Usage

Without Mobile App With Mobile App Mann–Whitney U

Metric Course N Mean Std.Dev. N Mean Std.Dev. U p-value Cohen’s d

Visited Items
(Percentage)

intsec2018 4162 0.310 0.374 947 0.402 0.407 1675063.0 <0.001 0.243
bigdata2017 5805 0.326 0.356 1331 0.397 0.380 3323282.5 <0.001 0.195
ml2 8567 0.343 0.348 516 0.429 0.354 1825712.0 <0.001 0.247
cp5 4023 0.260 0.326 336 0.343 0.381 622368.0 0.016 0.253

Avg. Session Duration
(Seconds)

intsec2018 4162 977.773 1100.513 947 953.391 875.269 1868585.0 0.013 0.023
bigdata2017 5795 973.816 948.304 1331 909.371 705.853 3797674.0 0.334 0.071
ml2 8564 817.083 868.271 516 786.128 578.259 2063573.5 0.011 0.036
cp5 4023 802.863 831.751 336 771.420 716.840 678590.0 0.902 0.038

Quiz Performance
(Percentage)

intsec2018 4162 0.341 0.396 947 0.461 0.404 1662879.0 <0.001 0.301
bigdata2017 5795 0.368 0.369 1331 0.457 0.357 3395540.0 <0.001 0.243
ml2 8564 0.479 0.412 516 0.598 0.376 1898503.0 <0.001 0.290
cp5 4023 0.349 0.385 336 0.403 0.373 632467.0 0.035 0.139

Video Plays
(Percentage)

intsec2018 4162 0.185 0.338 947 0.315 0.415 1442882.0 <0.001 0.369
bigdata2017 5795 0.196 0.296 1331 0.281 0.336 3113444.0 <0.001 0.278
ml2 8564 0.206 0.278 516 0.300 0.295 1629490.0 <0.001 0.335
cp5 4023 0.182 0.282 336 0.270 0.342 537533.0 <0.001 0.308

Video Downloads
(Percentage)

intsec2018 4162 0.090 0.267 947 0.119 0.300 1833878.5 <0.001 0.106
bigdata2017 5795 0.114 0.264 1331 0.169 0.295 3315855.0 <0.001 0.204
ml2 8564 0.046 0.163 516 0.167 0.269 1504152.0 <0.001 0.708
cp5 4023 0.036 0.156 336 0.075 0.214 610122.5 <0.001 0.237

Slide Downloads
(Percentage)

intsec2018 4162 0.092 0.254 947 0.123 0.295 1852733.5 <0.001 0.121
bigdata2017 5795 0.087 0.207 1331 0.118 0.231 3500232.5 <0.001 0.149
ml2 8564 0.042 0.143 516 0.115 0.233 1762436.5 <0.001 0.490
cp5 4023 0.044 0.145 336 0.071 0.193 642374.0 0.054 0.180

Forum Activity
(per Day)

intsec2018 4162 0.174 1.138 947 0.256 1.856 1980503.0 0.789 0.063
bigdata2017 5805 0.306 1.540 1331 0.438 2.286 3814122.5 0.441 0.078
ml2 8567 0.116 0.758 516 0.126 0.409 2052587.0 0.001 0.014
cp5 4023 0.074 0.493 336 0.093 0.442 650976.0 0.168 0.039

2.3.5 Conclusion

This section introduced an approach how mobile and ubiquitous learning analytics can be imple-
mented in a multi-client MOOC platform (research question 1.2). Therefore, a proof of concept
implementation outline was presented that enriched the LA event tracking capabilities of the HPI
MOOC Platform with contextual data and introduced an MLA architecture for the mobile appli-
cations with a focus on data persistence and network availability. Based on the de�ned and imple-
mented context model, the tracked interaction events of users’ learning activities were processed
for di�erent learning behavior metrics, which were examined concerning statistically signi�cant
di�erences and e�ect sizes between users who only used the web platform and users who also used
the mobile applications next to it.
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Four courses from two real-world MOOC platforms were studied. It was found that users
who additionally learned with the mobile apps visited more items, performed better in quizzes,
and watched and downloaded more videos, which resulted in a relevant increase on average course
completions. In general, signi�cant di�erences in learning behavior and outcome were identi�ed
when learning with mobile devices in MOOCs. This shows that the MLA implementation ex-
tends the existing LA architecture in a meaningful way and new data-driven insights can be gained
that take the learners’ context into account.

2.4 Web Analytics in the Context of Learning Analytics

Web analytics is commonly used to obtain key information about users and their behavior on
websites. Although the foundation of both methods is similar, WA has not been used profoundly
for LA purposes. However, large-scale online learning environments in particular can bene�t
from WA, as it is more sophisticated and established compared to LA. Therefore, this section
aims to examine to what extent WA can be utilized in this context, without compromising the
learners’ data privacy (research question 1.3). For this purpose, Google Analytics is integrated
into the HPI MOOC Platform as a proof of concept and limitations are discussed.

2.4.1 RelatedWork

In general, WA is widely used on the Internet. However, there has not been much research in mak-
ing use of WA capabilities for analyzing learner’s behavior on e-learning platforms so far. Previous
work related to this topic is reviewed and presented in this subsection.

Cooper [19] claims that the reasons for the missing utilization of WA tools in the e-learning
context are mainly privacy concerns regarding collected activity data. As the majority of WA tools
store behavioral data on external servers, control over captured data is lost. He assumes that the
majority of e-learning platforms do not utilize services such as Google Analytics, because of their
duty of care in handling personal data. In contrast, open-source alternatives such as Matomo,
enable operators to control the collected data. However, according to the author, tracking these
tools is usually less �ne-grained. In general, WA does not meet all needs of LA as it does not cover
all information of a learning process that can be useful.

Moissa et al. [91] developed a visualization tool for behavioral data collected in the e-learning
environment AdaptWeb that uses Piwik (now Matomo) to capture and store analytics events. Be-
sides the WA tool, the implemented application also retrieves data from the existing database of
the platform. The tool provides 20 metrics by combining both data sources, which are mainly
based on the number of visits of di�erent types of pages, the frequency of access, used technol-
ogy, and the utilization of the internal search engine. However, the paper does not reveal, which
metrics are based on Piwik and which are computed by querying the local database. In addition,
evaluation and limitations of the use of WA in the e-learning context are not discussed as well.

Romanowski et al. [121] integrated Google Analytics into the website of a course of the Penn
State University to understand how students interact with it. Page tagging was used for data col-
lection. Results were downloaded from Google Analytics and manually analyzed using Microsoft
Excel. Di�erent pages and contents were compared in regard to the number of page views and the
average time on a page to discover which features of the website are most e�ective. The authors
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concluded that Google Analytics can gather enough data to understand learners’ behavior, but has
to be combined with further log data of the platform itself to accomplish comprehensive analysis
results.

Luo et al. [81] conducted a case study to ascertain potentials and limitations of utilizing Google
Analytics for LA purposes in the context of advanced degree online programs. Students’ activi-
ties of an online course of the Pennsylvania State University were captured using page tagging.
For analysis, the researchers considered learner demographics, tra�c metrics, e�orts of learners,
sequence of interactions with contents, and used technology. According to the authors, Google
Analytics is well suited for providing an overview of learning processes on e-learning platforms.
However, it cannot be used to generate personalized learning reports. Therefore, they inferred
that using Google Analytics alone could be too limiting.

In contrast to the assumption of Cooper [19], several big MOOC platforms have integrated
Google Analytics in their websites. A manual examination revealed that edX, Coursera, and Udac-
ity have included the Google Analytics page-tagging snippet in their website. EdX speci�es in their
developer’s guide that Google Analytics is used to track all page views and obtain metrics, such as
referrers and search terms, used to �nd the website [33]. Consequently, WA is not used for im-
proving the learning experience of users, but to measure and increase awareness of the platform.
However, the other providers do not state their actual intentions and purposes for using WA.

It can be summarized that an integration of WA tools for LA purposes was done only in a basic
scope so far. Related work is limited to collecting behavioral data using page tagging and analyzing
a fundamental choice of di�erent dimensions and metrics. Although privacy concerns of page
tagging are discussed, other data collection methods have not been considered in this context yet.
In addition, utilization of more advanced features, such as e-commerce analysis, were not taken
into account as well. In contrast, usually the web frontend of the corresponding WA tool is used
to manually gather basic analysis results. Hence, a deep integration into any e-learning platform
has not been implemented yet. Some limitations of using WA in the context of e-learning were
ascertained. Using WA alone could be too limiting to analyze learners’ behavior in its entirety.
Instead, it can be used in combination with additional LA capabilities to achieve comprehensible
results.

In comparison with related research, this work considers the full potential of WA by taking dif-
ferent tools, data collection methods, and analysis capabilities into account. Consequently, results
are more meaningful and universal. However, limitations identi�ed by the presented papers are
likely valid for this approach as well.

2.4.2 Privacy Concerns

When analyzing user activity, a huge amount of data about users and their behavior is collected
and stored. Therefore, privacy laws must be considered when integrating LA or WA into a web-
site [30]. Applicable regulations depend on the type of data that is processed. When collecting
only anonymous data, information about individual users cannot be derived and their privacy is
not a�ected. Thus, data privacy laws are only relevant if collected data contains personally identi-
�able information (PII). As the utilization of WA tools is evaluated using the example of the HPI
MOOC Platform, only applicable regulations are examined in the following. Since the service is
based in Germany, the European Union’s GDPR is the law in force for governing processing of
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personal data. Art. 4 GDPR de�nes personal data as “any information relating to an identi�ed
or identi�able natural person (‘data subject’)” and an identi�able natural person as “one who can
be identi�ed, directly or indirectly, in particular by reference to an identi�er such as a name, an
identi�cation number, location data, an online identi�er, or to one or more factors speci�c to
the [...] identity of that natural person”. Collecting this kind of data is only allowed if any of the
prerequisites listed in Art. 6 GDPR is ful�lled. Among others, this can be the explicit consent
of the data subject or the necessity of data processing for purposes based on legitimate interests
of the controller. As LA is exclusively used for improving the learning experience of users and
optimizing the platform, it is considered as a legitimate interest. Therefore, collecting and pro-
cessing behavioral data for these purposes is allowed and does not require an explicit consent of
the learner. This also applies to the envisaged utilization of WA in context of this work, where
additional pseudonymization techniques are applied. According to Art. 5 GDPR, the following
principles have to be adhered to when processing personal data [156]:

Lawfulness, Fairness, and Transparency: Data shall be processed lawfully, fairly, and in
a transparent manner.

Purpose Limitation: Data shall be collected for speci�ed and explicit purposes only and must
not be processed for di�erent purposes than the stated ones.

DataMinimisation: The amount of processed data shall be appropriate to the purpose and
limited to its necessary.

Accuracy: Stored data shall be correct and it must be ensured that inaccurate data is recti�ed
or deleted.

Storage Limitation: Data shall be stored only as long as it is necessary for the stated purposes.
When used for archiving, research, or statistic purposes, personal data may also be stored
for longer periods in accordance with Art. 89.

Integrity and Confidentiality: Appropriate security must be ensured including preven-
tion of unauthorized access, accidental loss, destruction, or damage.

Besides, the GDPR encourages transparency by regulating in Art. 13 that a data privacy state-
ment must be publicly available. This includes information about the person in charge, the pur-
pose for processing of personal data, and, where applicable, the fact that personal data is trans-
ferred to a third country or international organization. Concerned persons have the right to ob-
tain information about personal data collected, including a copy of the data itself. Besides, data
subjects can claim correction and erasure of any personal data concerning themselves. They also
have the right to restrict the processing of their data.

When transferring personal data to third countries or international organizations special reg-
ulations need to be considered. Data transmission into European Union (EU) foreign countries
is especially allowed if the European Commission has rated the level of data privacy of the corre-
sponding country as appropriate. In this case, an additional approval is not necessary. Otherwise,
there are several other conditions authorizing the data transfer, such as concluding a contract be-
tween the data exporter (i. e., the MOOC platform) and the data importer (i. e., the WA tool)
including standard contractual clauses of the EU according to Art. 46 GDPR. Besides, also the
explicit consent of the user legitimates transfer of personal data to third countries.
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2.4.3 Architectural Enhancements

To evaluate the applicability of WA in context of LA and thus answer research question 1.3, a WA
tool is integrated into the HPI MOOC Platform as a proof of concept. This subsection presents
the concept and implementation of this integration.

Choice ofWeb Analytics Service

There is a great number of di�erent analytics suites available that can be used for the analysis of
learners’ behavior. Even though this work only aims to evaluate the utilization of WA tools for this
purpose, there are still many services to choose from. We decided to integrate only one of these
as an example and representative for WA tools in general, as their core features are mainly the
same. However, there are di�erences in regard to more speci�c and advanced analysis capabilities,
processing limitations, and pricing models. We evaluate the proprietary tools Google Analytics
and Adobe Analytics, and Matomo as an open source alternative.

Google Analytics is well-established as it is the most popular WA tool. Consequently, it is a
paragon in its �eld and therefore well suited for examining the applicability of WA for LA pur-
poses in general. It comes with a wide range of features, which enable evaluation of di�erent
aspects of WA. Even though Adobe Analytics still exceeds these analysis capabilities, the major-
ity of additional features are not applicable in the context of e-learning. Furthermore, Adobe
Analytics is highly complex and not as well documented as Google Analytics. Therefore, its inte-
gration would be more complicated and costly. In contrast to the traditional, self-hosted setup of
Matomo, Google Analytics and Adobe Analytics run on cloud-based servers. As a consequence,
it does not have to be taken care of deployment and maintenance of the services. Furthermore,
the corresponding services are highly performant, which leads to relatively short response times
even for more complex computations. Nevertheless, data privacy could be an issue when storing
user activity data on external servers, especially when they are located outside the EU.

Besides, using such an API is required for the envisaged data collection concept. While all exam-
ined tools support this type of data collection, there are di�erences in regard to limitations of the
particular implementations. Google Analytics can only process so-called ‘hits’ that are not older
than four hours in this way. The other examined services do not have such a temporal restriction.
However, if events are sent to Matomo with a delay, all reports must be reprocessed subsequently
to include the new data. In contrast, the Data Insertion API of Adobe Analytics cannot process
received data correctly unless events of the same user are transferred in the same order as they were
triggered. While one can deal with the time constraint of the Google Analytics Measurement Pro-
tocol, limitations of the other tools complicate their integration into the platform’s architecture.
Due to the asynchronous manner of the existing data collection approach in the platform and the
fact that there are multiple instances of each microservice running in production, preservation of
the sequence of analytics events during processing is not given inherently. Collected events are
concurrently processed by di�erent machines, which may result in mutations in the order of hits.
This does not only contradict the restrictions of Adobe Analytics, but would also require regular
recalculations of Matomo reports, which is an expensive and time-consuming process. To ensure
preservation of the events’ sequence, synchronization mechanisms would need to be implemen-
ted, which would be complex, cause additional network tra�c, and thus have a negative e�ect on
the performance of the service.
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All in all, Google Analytics is the best suited WA tool for the purpose of this work if the data
privacy concerns are addressed. It supports a broad range of functions, is easy to set up, and satis-
�es the needs and requirements for integration into the existing infrastructure and architecture of
the platform. As the general concepts and main features of WA are the same for all related tools,
the �ndings of this work also largely apply to the utilization of WA in the context of LA in general.

Data Collection

There are di�erent data collection methods available in Google Analytics. The most common
and easiest one is page tagging, which requires to insert a small JavaScript snippet provided by
Google Analytics into each page. This snippet takes care of gathering needed data and sending it
to the WA service. Although integration using this technique is simple and e�ortless, it comes with
some issues. Page tagging slightly increases page loading times as another JavaScript �le needs to be
loaded and executed. Besides, the existing data collection procedure cannot be used as page tagging
would incorporate a separate event tracking. Moreover, page tagging cannot be used properly in
the native apps, where mobile software development kits (SDKs) would have to be utilized. This
would cause code duplications and is vulnerable for inconsistencies between the di�erent clients.
Besides these technical issues, there are also privacy concerns in regard to page tagging as control
over data that is sent to the service would be lost.
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Figure 2.7: The Platform’s Architecture with Internal and External Analytics Stores

The HPI MOOC Platform platform already has an analytics infrastructure, which takes care
of tracking and persisting certain user activities for LA purposes. In the platform’s SOA, the
LA service receives interaction events from any client and executes pipelines each representing an
independent ETL process. Thanks to the �exible and extensible architecture, we integrate the
data collection for Google Analytics into the existing service (Figure 2.7). Thus, a new pipeline
is added for transforming interaction events according to the Google Analytics hit schema and
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emitting them via the Google Analytics Measurement Protocol. The pipeline consists of multiple
steps: extraction, enrichment, pseudonymization, schema transformation, and batching before
transferring them.

The asynchronous data collection has no impact on the performance of the website. Since
tracking is already implemented in the clients, there is no need to adapt either the web client or
mobile apps. Instead, all logic related to Google Analytics is encapsulated in the LA service. More-
over, the basis of data stored locally in analytics stores and hits sent to the WA tool are the same,
which prevents inconsistencies. As hits are constructed, pseudonymized, and sent manually, we
can completely decide, which interaction data is sent to Google Analytics. Thus, control over the
data that is sent to third parties is regained.

Mapping Analytics Events toHits

In order to be processed by Google Analytics, each analytics event must be transformed to a hit,
which follows the schema de�ned by the Measurement Protocol and represents the underlying
interaction in the best possible way. Therefore, depending on the event type and available context
data appropriate parameters are speci�ed manually based on the di�erent analytics events.

In general, each hit has a type indicating the kind of interaction it describes. Some parameters
may be set only for speci�c types. The types of hits constructed by the mapping are limited to
pageview and event. All events triggered when a user visits a certain page are mapped to pageview

hits. Otherwise generic event hits are created. To ensure data privacy, the SHA-256 hash of the
user ID is used, which cannot be used by third parties to identify the user. Also the IP address
and User-Agent are omitted, by sending empty payloads. The implementation of this mapping
proves that online learning activity can be mapped to WA concepts. However, creating a generic
mapping is virtually impossible as each e-learning platform and WA tool has di�erent data schemas
and capabilities. This situation can be improved by using a standardized format on the platform
side such as xAPI.

Hit Batching and Emitting

The Measurement Protocol supports sending batches of hits inside a single HTTP request. This
feature is used in this context to lower the number of requests sent to Google Analytics, and thus
increase performance. Batching and emitting hits with an internal message queue prevents data
loss and simpli�es error handling. As requests are sent to an external service, connection errors are
more likely to occur than it is the case when accessing local databases.

One limitation of the Measurement Protocol is that it can only process hits that are not being
older than four hours [45]. To cope with this restriction during low activity times, a timeout less
than four hours is assigned to each received hit. If this timeout expires before the hit was emitted,
all outstanding hits are dispatched even though the maximum batch size has not been reached yet.

For error handling, a message received by the consumer is only acknowledged if it was sent
successfully to Google Analytics. Consequently, acknowledgement of messages is outstanding
as long as the maximum batch size is not reached. If an error occurs while sending a batch of
hits, the corresponding messages are negatively acknowledged. This results in the messages being
requeued. Therefore, the consumer receives these messages again, and thus automatically retries
sending them to Google Analytics.
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Besides, the mentioned data loss issue is prevented. The message queue is con�gured to be
durable, i. e., store unacknowledged messages on disk. This additional persistence layer makes
sure, that no hit is lost even if the LA service, the message broker, or the machine running the
service is shut down or crashed. The whole process is visualized in Figure 2.8.
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Figure 2.8: Process for Data Collection, Processing, Batching, and Emitting to Google Analytics

Data Privacy

As discussed, data privacy laws must be considered only when processing personally identi�able
information. Therefore, it has to be determined �rst, whether PII is collected. As described before,
the hashed user ID is sent to Google Analytics. The ID of a user is considered as a pseudonym of
the person and thus as PII according to the GDPR. Even though it is sent as a hash, it is possible for
anyone that has access to the platform’s databases to identify a certain user given its hashed ID by
recomputing all hashes. Nevertheless, Google does not have access to the platform’s databases and
consequently cannot identify single users. According to the GDPR, location data also belongs to
personal data. As the geographical location is retrieved from the user’s IP address, it is only a rough
estimation of the city or the country of the user’s location. Thus, it is not considered as PII.

According to the GDPR, users have the right to receive a copy of collected data about them-
selves and can claim correction and erasure of these data. Google Analytics provides the possibility
to download a �le containing all collected data of a certain user. Besides, the entire personal data
of a single user can be deleted either in the web frontend or via User Deletion API. On a user’s
request, the person of authority can take care of providing the copy of data or deleting the data
of the submitter. Nevertheless, hits once sent to Google Analytics cannot be modi�ed anymore.
Therefore, when a user requests correction of data, they can only be deleted to ensure correctness.

Google is a USA-based company and collected data is stored on servers in the USA as well.
Therefore, special regulations could apply, because the USA is a third country from the perspec-
tive of the EU, in which the GDPR is not in force. However, Google has a Privacy Shield certi�-
cate, which causes the company’s level of data privacy to be classi�ed as appropriate to the GDPR.
Thus, an explicit approval of the user is not necessary.
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Retrieval of Google AnalyticsMetrics

Two APIs are provided to programmatically retrieve analysis results from Google Analytics. The
Reporting API enables retrieval of preprocessed and aggregated reports de�ned by a certain query.
The Realtime API enables retrieval of realtime data. However, this API can only return a small
range of basic dimensions and metrics. Google Analytics reports can be used to obtain or derive
certain LA metrics, which can subsequently be integrated into the platform. For this purpose, the
metrics provided by the LA services are extended by metrics querying Google Analytics.

Instead of replacing existing metrics, this work focuses on integrating new WA metrics into the
platform, which are relevant in the e-learning and MOOC context. A typical WA topic which is
not well represented in the existing metrics are sessions. The reason for this is that computation of
session-related metrics on raw event data is expensive. However, analyzing learners’ sessions can
help to understand how often and how long users are learning on the platform. Hence, several
metrics are implemented querying appropriate Google Analytics dimensions and metrics, such as
the average session duration and days since last session.

Another metric that can be easily obtained from Google Analytics is the number of active users
at a certain point in time, as it is also common for WA. Therefore, a metric is implemented that
returns the number of active learners for each day and hour of a given date range. Besides, another
metric is added aggregating this data by calculating the average number of active users for the hours
of each day of the week. While the �rst one can be used to obtain the actual activity of the past,
the second metric gives an overview about typical weekdays and daytimes learners are accessing
the platform.

Analyzing how users are navigating through a course can help to identify problems of its struc-
ture and contents. Unfortunately, it is also an expensive task when working with raw event data
only. However, analysis of navigation paths is also a common WA task, which is why two corre-
sponding metrics are integrated. The �rst one identi�es exit items, i. e., items being regularly the
last ones within a session and consequently can cause session exits. A high exit rate could indicate
that the content is too complex or incomprehensible causing frustration for the learners result-
ing in session exists. The other metric computes the percentage of back jumps for learning items,
i. e., the proportion of page views originating from any succeeding item regarding the structure
of the course. If many learners return to a certain previous item again during the progress of a
course, it can indicate that prior knowledge being taught in this item was not understood well by
a large part of learners.

Limitations

Although Google Analytics can be used to retrieve several metrics that are useful for operators
and teaching teams of a MOOC platform, there are some limitations in regard to the kind of data
that can be obtained. In general, the web frontend of Google Analytics is used by the majority
of customers, which is why Google mainly focuses on implementation of this component. As a
result, a few information can only be extracted from the frontend, but not via API. Usually, WA is
used to analyze behavior of the entire user base or certain user segments. Therefore, the API does
not return any data about individual users. As a result, learner-speci�c metrics cannot be imple-
mented using Google Analytics. Due to the typical purpose of WA tools, Google Analytics comes
with advanced e-commerce analysis capabilities. Among other features, this includes measuring
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conversions of prede�ned goals and analyzing the shopping behavior visualized by a funnel that
shows at which stages users abandon the buying process. In context of this work, the utilization
of these e-commerce features in the MOOC context is examined. For example, the progress of a
MOOC can be compared with the purchase of a product. Following this idea, di�erent shopping
stages can be mapped to actions concerning a MOOC and vice-versa as shown in Table 2.3.

Table 2.3: Possible Mapping of E-Commerce Steps to MOOC Actions

E-Commerce Step MOOC Action

Click on a certain product → Click on a certain course
View product details → View course details
Add product to cart → Enroll for course
Remove product from cart → Unenroll for course
Several checkout steps → Visiting learning items of course
Complete purchase → Pass exam and complete course

Based on this mapping, additional hits can be sent to Google Analytics containing the corre-
sponding e-commerce parameters. As a result, respective analysis capabilities can also be utilized.
For example, completion rates of courses can be calculated using conversions and corresponding
funnels can be analyzed. This makes it possible to identify sections or items of a course that cause
learners to abandon the course. The main problem of this idea is the fact that the e-commerce met-
rics are based on single sessions and cannot be calculated across multiple sessions of the same user.
This contradicts the general concept of MOOCs as an entire course can usually not be completed
within a single session. Instead, a course typically runs over several weeks and is elaborated by a
user in multiple sessions. However, the course progress of a user would not be considered in its
entirety, but as several independent attempts to complete the course. Therefore, the e-commerce
concept of Google Analytics can only be applied to MOOCs partly.

2.4.4 Discussion

As shown in the previous subsections, WA tools can be successfully integrated into a MOOC
platform and thus be utilized for LA purposes. A large part of relevant metrics can be retrieved
using WA capabilities. However, there are some limitations, which is why this method cannot be
used exclusively in this context. This section examines to what extend WA tools can be utilized to
gather insights in learning behavior on e-learning platforms. A great number of LA metrics corre-
spond or can be mapped to WA metrics. For example, the session duration provides information
about how long users learn at a stretch and page views indicate how often and in which order
learning items are visited. Besides, the number of active users and characteristics of the audience,
such as temporal access patterns, used clients and devices, and geographical origins are relevant
for both �elds. Thanks to generic event tracking, which is supported by the majority of WA tools,
any type of interaction can be tracked and therefore analyzed. As a result, especially LA KPIs can
be calculated easily using WA as they usually just count the occurrences of a certain event type in
a given date range.

As explained before, WA can only cover a part of LA aspects. The main reason for this are
conceptual di�erences between both �elds. WA mainly aims to increase tra�c and ultimately
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the revenue of a website. It is all about understanding the audience and generating actions for
improving the website itself, but also products and o�erings. This includes analyzing users’ char-
acteristics and their behavior �ow to �gure out, which circumstances lead to conversions, such
as purchases. Furthermore, evaluating acquisition of new users is a key feature of WA. Besides
categorizing users in new and returning, WA tools typically analyze referrer Uniform Resource
Locators (URLs) and measure the success of marketing campaigns. In addition to these business
aspects, WA tools can also help to identify parts of websites that need improvements regarding
content or structure, but also errors and performance issues in general. However, these actions
are usually related to the goal of increasing revenue as well, since the user experience and satisfac-
tion have a considerable impact on the buying behavior of customers.

One aspect of LA focuses on optimizing the learning experience on online platforms. This
also includes improving the user experience as it is done by WA. However, the intention di�ers
between both �elds. While WA aims to help businesses in decision-making processes and is in-
tended to increase revenue, users are in the center of LA as they shall be supported while learning.
This also includes encouraging individual learners for example by identifying users at risk that are
likely to dropout soon and could therefore need special assistance. This is not a use case of WA
and consequently corresponding tools do not typically support analyzing behavior of single users.
Instead, only metrics regarding user segments (e. g., mobile users or users of a certain country) or
the entire user base can be accessed.

In WA, sessions are the central element for analyses. The amount of metrics that are calculated
across subsequent sessions of the same user are very limited in the majority of existing tools. For
instance, conversion rates and e-commerce metrics in Google Analytics are restricted to sessions.
In contrast, a learning process usually extends over a long period of time. This fact also applies to
online learning. For example, the majority of MOOCs has a length of six weeks, in which con-
tents are typically published gradually. Hence, learning takes place in a great number of sessions
and perhaps on multiple devices. To analyze the entire learning process of users within a course,
activity data has to be considered across sessions. For these purposes, WA cannot be utilized with
its current set of features.

To sum up, certain aspects of LA can also be accomplished by utilizing WA. However, the ap-
plicability of a metric for being retrieved using WA strongly depends on the type of stakeholder it
is intended for. Instances of the HPI MOOC Platform usually have multiple stakeholders: plat-
form owners, teaching teams, learners, and researchers. While researchers are interested in any
kind of LA data, the needs of the other three di�er. For platform owners, metrics concerning the
overall performance of the platform are relevant, which is why they correspond most closely to
the typical user of WA. Consequently, the majority of metrics relevant for this role can be queried
using WA as well. Especially highly aggregated metrics, such as KPIs, can be easily obtained this
way, but are nevertheless essential for platform owners. When it comes to teaching teams, WA can
be used only partly. As long as information about the general activity and progress of a course are
gathered, it works �ne. However, it quickly reaches its limitations when trying to retrieve met-
rics about smaller groups of users sharing certain characteristics or even single users. As teaching
teams are responsible for supervising and supporting learners of a course, WA can help them only
with a fraction of their duties. Finally, the method can be used only in a minor extent to provide
individual learners with LA data. Metrics about single users, which are most important in this
context, cannot usually be obtained. Nevertheless, there are some use cases where WA is helpful.
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For example, information about the average performance of learners can help individuals to re-
�ect on their own performance. All in all, WA mainly meets the needs of platform owners, but
can assist teaching teams only in some cases. For individual learners there are only rare cases where
WA data is relevant.

While this discussion was based on the proof of concept integration of Google Analytics into
the HPI MOOC Platform, the key �ndings also apply to WA and e-learning platforms in gen-
eral. The revealed potentials and limitations of WA are not speci�c to the HPI MOOC Platform.
This is mainly because characteristics of learning concepts and processes as well as the needs of
stakeholders in regard to their use of LA insights are similar among e-learning platforms.

Besides, core concepts and features are the same for the majority of WA tools. Di�erences exist
only in regard to more speci�c and advanced analysis capabilities, processing limitations, and pric-
ing models. As this discussion considers the general concepts of WA instead of concrete features
of Google Analytics, the �ndings also hold for other tools and are thus valid for the �eld of WA
in general.

2.4.5 Conclusion

So far, WA has not been profoundly used to analyze learners’ behavior on e-learning platforms.
However, LA may bene�t from this sophisticated and well-established method. Therefore, the
goal of this work was to examine how WA can be utilized for LA purposes and what limitations
it has in this context (research question 1.3).

To answer this question, Google Analytics was integrated into the HPI MOOC Platform as
a proof of concept to evaluate the applicability of WA tools in the context of large-scale online
learning. For this purpose, the platform’s LA service was extended by another processing pipeline
that transforms captured interaction data according to the schema de�ned by Google Analytics
and sends it to the WA service. For this transformation, a mapping was developed that models
learning activity as WA hits. Instead of using the typical data collection technique of page tagging,
the Measurement Protocol is utilized to transfer hits from the platform’s backend. Therefore, the
solution took advantage of the existing event tracking engine resulting in consistency between the
local and external analytics stores. Besides, this approach reinforces data privacy as the amount of
data sent to third parties is selected manually.

It was shown that WA can indeed be used to retrieve a large part of metrics relevant in context
of LA. However, its applicability highly depends on the type of stakeholder the corresponding
metrics are intended for. The needs of platform owners of e-learning platforms and websites in
general do not di�er much. Hence, the majority of insights relevant for this role can be retrieved
using WA. Especially KPIs are essential for this type of stakeholder and can easily be obtained
from WA tools. Nevertheless, when it comes to teaching teams, the technique can be utilized only
to a limited extent. While WA can provide an overview of the general performance of a course,
it reaches its limitations when considering learner-speci�c metrics since WA is not designed for
retrieving user-level information. Consequently, it is also not suitable for providing data insights
to individual students. For these purposes, LA-speci�c methods need to be utilized and WA can
be only used to support self-re�ection by providing information about the average performance
on the platform as a point of reference. Besides, more advanced features of WA tools such as e-
commerce analysis cannot be utilized in context of LA due to a mismatch of concepts.
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2.5 Summary

In this chapter, the question of how learning analytics can be enabled in MOOCs was explored.
Especially the scaling of MOOCs to tens or hundreds of thousands of learners is a technical chal-
lenge. To approach this question, three aspects were considered and investigated in the context of
the HPI MOOC Platform.

Due to the platform’s service-oriented architecture, the data have been separated in service
databases so far, which is insu�cient for extensive analytics tasks. Therefore, a new LA service
was introduced, which had to meet the requirements of extensibility, �exibility, performance,
availability, and data privacy. The architecture of the service implements an ETL process based
on extensible processing pipelines to handle the analytics data. The data collection of learner in-
teractions is performed asynchronously and event-based. After the transformation through the
pipelines, the events are stored in di�erent analytics stores. In this way, various metrics, e. g., about
the learning behavior, can be provided and optimized based on the query type and data structure.
The scalability, expandability, and versatility of the implemented approach were demonstrated in
an evaluation. In addition, anonymization techniques were implemented and the legal context
regarding data privacy was discussed. Based on the gained experiences and insights, six design rec-
ommendations were derived to support other platform providers and researchers to implement
LA in MOOCs. These include: (i) the concurrent data collection and processing, (ii) a schema-ag-
nostic data pipelining, (iii) reusable pipeline components, (iv) a central interface for data-driven
insights, (v) the support of open standards, and (vi) data protection by design.

In addition to the web interface, mobile apps for iOS and Android can also be used to learn on
the platform. Hence, it is of interest to understand di�erences in the learning behavior based on
the context of the user and to optimize the learning o�er based on these insights. Therefore, it was
investigated how mobile learning analytics can be supported in a multi-client MOOC platform.
For this purpose, two architectural extensions were implemented. First, a context model was de-
veloped and technically implemented. The analytics events were enriched with information about
the used device, the learning application, and the learning situation, i. e., time and place. Second,
the data collection was implemented for the mobile applications as well, which have special re-
quirements. To support situations without network access and o�ine learning, all analytics data
are stored in a local database and only transferred when the network is available. In addition, they
are transferred in batches rather than individually, and some event types are transferred only via
Wi-Fi to reduce the volume of mobile data tra�c. To evaluate the approach, a case study was
conducted to investigate whether di�erences in the learning behavior and outcome can be iden-
ti�ed when learning with mobile devices in MOOCs. Seven di�erent metrics about the learning
behavior were compared in four courses from two platforms. It was demonstrated that users who
additionally learned with mobile applications visited more items, performed better in quizzes,
and watched and downloaded more videos. This led to a relevant increase in average course com-
pletions. Overall, signi�cant di�erences in learning behavior and outcome were observed when
learning with mobile devices in MOOCs. The implemented MLA approach is therefore a mean-
ingful extension of the previous LA architecture and helps to understand and support mobile
learning better.

Since LA is a relatively young �eld of research, the last aspect was to investigate to what extent
methods of the already sophisticated and well-established �eld of web analytics can be applied in
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this context, especially concerning the learners’ data privacy. After comparing di�erent services,
Google Analytics was considered to be the most suitable, due to its large but easily accessible range
of functions and integration options. Therefore, selected events were anonymized with a new
pipeline, mapped to the corresponding hit schema, and transferred on the server-side. However,
some limitations were identi�ed. It is only possible to query aggregated metrics, making it impos-
sible to retrieve learner-speci�c insights. Therefore, the integration is useful for platform owners,
but only partially useful for teachers and researchers, and provides almost no added value for the
learners. The mapping of the platform’s interaction events to e-commerce processes—the most
typical use case of WA—was also proven to be di�cult, since conversion rates are usually measured
within a session. However, the completion of a course takes place over several sessions. WA can
therefore only be utilized to a limited extent in the context of LA, but can be a valuable addition
to address speci�c analytical needs of certain stakeholders.

The elaborated and developed LA infrastructure for a service-oriented MOOC platform serves
as a technical foundation for many features and studies. In the following chapters, we discuss
how it enables data-driven insights to support learning and teaching in MOOCs. Most of the
principles and insights shown can also be transferred to other large-scale learning platforms and
thus contribute to the research �eld of learning analytics architectures.

41





3 Supporting Learningwith
Data-Driven Insights

The focus of this chapter is to provide technical support for self-regulated learning (SRL) through
data-driven insights. After presenting the pedagogical rationale, a learning analytics dashboard
(LAD) for learners is developed and tested in di�erent iterations, and the concept of personalized
learning objectives is introduced, integrated into the platform, and coupled with the dashboard.
This enables and encourages the diverse and multifaceted learners in MOOCs to set and achieve
more individual learning objectives utilizing self-evaluation and strategic planning, which is as-
sessed in several phases with mixed-methods.

3.1 Introduction

Learners in MOOCs have to plan, evaluate, and adapt their learning behavior by themselves con-
tinuously to participate in a course successfully and achieve their learning objective since no hu-
man teacher can provide individual guidance and support for thousands of learners. This metacog-
nitive skill set is de�ned as self-regulated learning in the domains of education and psychology and
provides several strategies which can be applied by students [99, 129, 174]. However, not all stu-
dents have these metacognitive skills to re�ect on and adjust their own learning behavior.

The research �eld of learning analytics provides methodologies to understand and improve
the learning behavior of students based on their generated learning data [143]. Also, LA o�ers
the possibility for learners to exercise SRL while controlling their learning and decision-making
[169]. Anyhow, technical support for SRL in online learning environments is rare and there is an
emerging need to further explore LA capabilities to support SRL [162]. We address this gap as we
explore the following question in this chapter:

ResearchQuestion 2: How can data-driven insights support learning in MOOCs?

There are two main approaches to utilize LA [125]: (1) tools that provide automated recom-
mendations and interventions, and (2) tools which report the data directly to di�erent stakehold-
ers supporting their decision-making with data-driven insights. The latter is often realized with
dashboards to visualize data about the learner, their process, and context [134] to help them to
re�ect and evaluate their learning behavior and outcome [16]. Therefore, learner dashboards are a
suitable tool to support and encourage the SRL strategies self-evaluation and strategic planning.
To explore this potential bene�t for students, we design and evaluate a learner dashboard for the
HPI MOOC Platform. Thereby, the following research questions are studied:

ResearchQuestion 2.1: Is the learner dashboard accepted and perceived as useful?

ResearchQuestion 2.2: Which dashboard visualizations do learners value the most?
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ResearchQuestion 2.3: Are there di�erences in the completion rates of learners with regard
to the use of the three dashboard variants?

ResearchQuestion 2.4: Does the learner dashboard support self-regulated learning?

Since the �rst evaluations of MOOCs, a main criticism has been the low completion rates rang-
ing from 5 to 13%, which was discussed frequently [25, 61, 62]. This certi�cation-centered focus is
reasonable from the perspective of a MOOC platform provider or teaching team since these stake-
holders are interested in the success of their courses. Nevertheless, a diverse learning community
with di�erent cultural and educational backgrounds comes with many di�erent motivations and
intentions [11]. Lifelong learners, especially well-educated professionals, form a large part of the
community [34] and a certi�cate is only one of many di�erent desired outcomes [68, 173]. For ex-
ample, a dropout can also mean that a learner got all the knowledge they needed at this time [80].
Consequently, the completion-centered perspective of current MOOC platforms excludes a sub-
stantial portion of learners. It has to be revised to move beyond the week-based and self-guided
one-size-�ts-all approach [82] and to better align the students’ learning paths and success with
their intentions and goals [50, 79].

Unfortunately, courses with self-reported learning goals based on learners’ intentions are rarely
implemented and conducted. In terms of personalization, the preparation of alternative learn-
ing paths, either by varying topics or pro�ciency levels, requires additional resources. This results
mostly in increased production time and cost. Also, modularization can confuse students more
than it supports them [63]. Instead, goal-oriented and self-regulated learning have been recog-
nized as a valuable skill set in online learning environments with little support and guidance like
MOOCs [69, 173], due to their positive in�uence on students’ achievement [13, 71]. However,
the current design of MOOCs neither supports nor motivates learners to complete personalized
learning objectives (PLOs) [68] and technical support for SRL in MOOCs is very limited in gen-
eral [76]. To address this problem domain, this work investigates the following questions:

ResearchQuestion 2.5: How successful are learners in achieving their self-reported learning
objectives?

ResearchQuestion 2.6: How can personalized learning objectives be conceptually supported
in MOOCs?

Based on the outlined theoretical concept of personalized learning objectives in MOOCs—to
support the SRL strategies goal setting, strategic planning, and self-evaluation—we present a prac-
tical study with a focus on the �rst two strategies by examining the following research questions:

ResearchQuestion 2.7: How can personalized learning objectives be integrated into a MOOC
platform?

ResearchQuestion 2.8: Are personalized learning objectives accepted and perceived as use-
ful by learners?

After that, we integrate the learner dashboard into the concept of personalized learning objec-
tives to enable self-evaluation. Furthermore, we explore the following research questions in order
to gain a better understanding which learners select an objective, how satis�ed they are with the
course, and how successfully they complete their objectives:
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ResearchQuestion 2.9: How do learners with selected personalized learning objectives di�er
from the total course population?

ResearchQuestion 2.10: Are learners who selected a personalized learning objective more
satis�ed with the course than those who have not selected an objective?

ResearchQuestion 2.11: How successful are learners in achieving their personalized learning
objectives?

Before we examine the introduced sub-questions of research question 2, we �rst explain the
pedagogical rationale of self-regulated learning in Section 3.2. Then, the learner dashboard is
developed and studied in Section 3.3 (research question 2.1 and 2.2) and Section 3.4 (research
question 2.3 and 2.4). Afterward, the concept for personalized learning objectives is elaborated
in Section 3.5 (research question 2.5 and 2.6), before it is technically integrated in Section 3.6
(research question 2.7 and 2.8) and �nally evaluated in practice when combined with the learner
dashboard in Section 3.7 (research question 2.9, 2.10, and 2.11). Lastly, a summary of the chapter
is presented in Section 3.8.

3.2 Pedagogical Rationale

Mayes et al. [85] describe learning outcomes of e-learning environments in higher and further ed-
ucation. They extend Goodyear’s [44] three kinds of learning in higher education—which are
academic, generic competence, and individual re�exivity—by skill-based outcomes to fully en-
compass further education. They present design principles of learning environments, whereas
many researchers recommend to apply constructivism in distance education [53]. They summa-
rize the following principles: (1) the learner actively constructs knowledge, through achieving un-
derstanding; (2) learning depends on what we already know, or what we can already do; (3) learn-
ing is self-regulated; (4) learning is goal-oriented; and (5) learning is cumulative.

The authors outline two main aspects of activities to construct understanding: interactions
with material systems and concepts in the domain, and interactions where learners discuss their
developing understanding and competence. In the studied research literature they recognize an
increasing focus on the design of learner-centered methods and environments, whereby the ul-
timate goal of educational technology is the achievement of individualized instruction. Never-
theless, personalization at scale comes with many instructional and technical hurdles. Thereby,
goal setting is a �rst step to understand learners’ intention and motivation. Especially in large-
scale online learning environments with little support and guidance like MOOCs, self-direction
is a critical skill for learners’ goal achievement [69, 173], whereas many learners have di�culties in
applying self-regulation [75].

3.2.1 Self-Regulated Learning

There is great interest in the factors a�ecting students’ achievement in online learning environ-
ments as well as which characteristics distinguish successful from unsuccessful learners. Self-re-
gulated learning has been identi�ed as an important factor positively associated with students’
achievement in traditional online learning [13] as well as in MOOCs [36, 71, 76]. It originates
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from educational and cognitive psychology and refers to the learners’ ability to actively and au-
tonomously take control of their learning process [99, 174]. Di�erent de�nitions of SRL exist
while the models of Pintrich [99] and Zimmerman [174] are most prominent. Both describe
learning as a proactive and constructive process, wherein learners participate by setting goals, mon-
itoring their progress, and adjusting their learning behavior and actions accordingly, i. e., they
show self-corrective behavior. Additionally, they agree that SRL is a skill which can be learned
and developed through experience and practice.

Pintrich de�nes four phases of SRL: (1) forethought, planning, and activation; (2) monitor-
ing; (3) control; and (4) reaction and re�ection. For each phase, four di�erent dimensions can
be regulated: the cognition (e. g., through activation of prior knowledge and setting goals), mo-
tivation and a�ect (e. g., by building self-e�cacy), behavior (e. g., by applying resource manage-
ment strategies), and the context of learning, i. e., the learning environment. Likewise, Zimmer-
man describes SRL as a cycle of three phases each encompassing di�erent subprocesses: (1) the
forethought phase, including task analysis and self-motivation beliefs; (2) the performance phase,
including self-control and self-observation; and (3) the self-re�ection phase, including self-judg-
ment and self-reaction.

This shows that SRL is relevant for the preparation, during the actual learning, and in the
aftermath of it. Learners should participate in all three phases to be able to successfully regulate
their learning.

3.2.2 Metacognitive Learning Strategies forMOOCs

To implement SRL in practice, di�erent strategies are proposed, which can be applied by students.
In the context of MOOCs, the metacognitive strategies goal setting, strategic planning, and self-
evaluation are of particular relevance [71, 76].

Goal Setting: Setting goals means to agree on a speci�c goal and the e�ort that needs to be
invested in achieving it. [133, 174]. The goal can then provide guidance for the learning
process and serve as a criterion against which the own performance is assessed [99]. Al-
though goal setting is mostly part of the preparation phase, it can be applied in the other
phases as well to adjust one’s own goals.

Strategic Planning: Strategic planning addresses aspects of selecting proper tasks and how
to approach them to eventually achieve a speci�c goal. For example, learners have to de-
termine the order and timing of activities and select strategies for completing tasks, for
instance the procedure and e�ort invested [99, 174]. Consequently, as part of strategic
planning, time and e�ort management are important strategies.

Self-Evaluation: Self-evaluation requires to set criteria and quality standards against which
the learning performance can be assessed, potentially with respect to de�ned learning objec-
tives [70, 99, 133]. It further implies to monitor the learning progress and outcomes. This
enables students to draw conclusions about their learning process and eventually improve
their applied learning strategies.
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3.3 Towards a Learning Analytics Dashboard for Learners

As introduced, self-regulated learning is a critical metacognitive skill set for students’ achievement.
However, not every student intuitively self-regulates their learning and therefore technical solu-
tions can help to apply SRL strategies. Dashboards with visualizations about the learning progress
and behavior are able to create awareness, encourage self-re�ection, and motivate students to plan
and adjust their learning behavior. Hence, such LA tools can support the SRL strategies self-
evaluation and strategic planning. To explore this potential, a learner dashboard is integrated
into the HPI MOOC Platform. This section presents the design process, the concept, and an
evaluation of the �rst learner dashboard iteration. The perceived usefulness and acceptance are
investigated (research question 2.1), and in addition, the question regarding which dashboard vi-
sualizations are valued most by the learners is examined (research question 2.2).

Figure 3.1: The Existing Progress Page of a Sample Course on the HPI MOOC Platform

3.3.1 The Status Quo

To accomplish self-evaluation, the HPI MOOC Platform provides a progress page for each course
where students can track their learning progress, which is shown in Figure 3.1. This progress page
serves as a starting point to implement the learner dashboard. Currently, it allows the learner to
keep track of the overall progression, to get a quick overview of the total achieved points due to the
visualization with progress bars, and to identify not visited items. However, the degree to which
an individual learning item has been completed is not visible and the items have to be opened con-
secutively to identify weak points. Furthermore, with a course lasting several weeks and each week
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containing multiple items, the page gets fraught easily. The most relevant information, which is
the percentage of visited items and the achieved points for the entire course, is often not visible
at a glance since the page does not �t the screen. Apart from that, there is no further information
available that supports students regulating their learning.

3.3.2 RelatedWork

Since there is a massive number of students, personal support by course instructors is not fea-
sible in large-scale learning environments like MOOCs. Dashboards are a common practice to
monitor and evaluate learning progress. They provide a possibility to gain valuable insights into
learning behavior and outcomes [161]. However, dashboards in MOOCs so far have been mainly
provided for course instructors [77, 126]. Most MOOC platforms therefore still only o�er rather
general feedback to the students. As an example of the use of feedback systems in MOOCs, Davis
et al. [25] created a widget for the edX MOOC platform that allows social comparison with peer
learners with the aim of increasing course completion. They found out that the feedback sys-
tem improves course completion rates, but the bene�t of such feedback is limited to highly edu-
cated learners. Further, a dashboard for the FutureLearn platform was introduced, which displays
demographic information as well as information about a student’s learning network, progress,
and performance [163]. Beyond full-sized dashboards, the use of smaller widgets throughout the
course to provide instant feedback to learners was suggested by several authors [57].

A learning dashboard can be de�ned as “a single display that aggregates di�erent indicators
about learner(s), learning process(es) and/or learning context(s) into one or multiple visualiza-
tions” [134]. According to Verbert et al. [160], e�ective dashboards are characterized by (1) cre-
ating awareness, (2) triggering self-re�ection, (3) allowing learners to make sense of the data, and
(4) eventually having an impact, i. e., a change in the learning behavior. To move beyond the
awareness step, educational concepts have to be the foundation of dashboard design [151]. In or-
der to e�ectively enable students to make use of dashboards throughout their entire learning pro-
cess and not just during the actual learning phase, a dashboard has to be adequately integrated into
the overall learning design [16]. Jivet et al. [57] further de�ne the following requirements: First,
di�erent competences, such as metacognitive, cognitive, emotional, behavioral, or self-regulative
competences can be addressed. While most existing dashboards primarily support students on a
metacognitive level, only a few consider cognitive and emotional aspects. To adequately support
learners, di�erent levels must be approached. Secondly, the information displayed have to be se-
lected deliberately and consider research from the educational sciences. In particular, comparison
with peers, which is often intended to motivate students, was found not to be perceived positively
by all participants and to even cause contradicting e�ects [25, 57]. Instead, other reference frames,
such as the performance or the attainment of goals, can be preferred to motivate students. Several
learning dashboards and visualization approaches exist in general, each focusing on di�erent as-
pects of the learning process [8, 134]. Based on the experience from designing these dashboards,
guidelines and best practices were suggested, such as to outline the learning path to make students
aware of how the invested e�ort translates into outcomes [16]. Last, di�erent evaluation criteria
and frameworks for learning dashboards were proposed, which can guide their design [132, 171].
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3.3.3 Design Process and Dashboard Concept

To enable self-evaluation, it is crucial to provide students with a visualization of their learning
progress, performance, and information about their learning behavior. With this feedback, they
can make informed decisions to adapt their personal learning strategies and eventually improve
the learning outcome. The currently available progress page on the HPI MOOC Platform o�ers
a good starting point to evaluate one’s own current status regarding the course achievement, but
does not provide more profound insights into the learning process. For this reason, the platform
is extended with a new learner-facing dashboard as the primary feedback tool.

Design Requirements and Challenges

Next to the best practices identi�ed from related work, di�erent requirements respectively chal-
lenges have to be considered for the design of the new dashboard: First, the provided information
and visualizations must be applicable to all courses and not just to speci�c courses. Second, due
to the weekly release of content on this platform and the often incomplete learning material at the
beginning of the course, mainly information about the past can be provided. Nevertheless, the
dashboard has to include forward-directed visualizations and recommendations. As the students
of the HPI MOOC Platform are used to the current progress overview, the former information
must also be available in the new learner dashboard. Third, the dashboard concept has to take
an e�cient way into account to retrieve the required data since the learners’ data are distributed
across di�erent services due to the platform’s service-oriented architecture.

Design Process

To identify desired features and presumably valuable information, metrics, and visualizations to
be incorporated in the new dashboard, an ideation session was conducted. It allowed receiving in-
put primarily targeting the learner’s perspective. Seven experts of the HPI MOOC Platform team
participated, including teaching team members, researchers, developers, and platform owners. All
of them are in close contact with students on a daily basis or learners of the HPI MOOC Platform
themselves. After a brainstorming session, the resulting ideas were presented to the group, dis-
cussed to clarify questions, and clustered. Subsequently, they were rated by all participants with
regard to the perceived usefulness. In the following, the six categories that emerged are summa-
rized and sample ideas are presented.

ProgressOverview These ideas focus on providing a better progress overview by collapsing
or aggregating less relevant information and information on already completed parts of the course
in the dashboard. In contrast to the current basic progress overview, it has to become clearer which
learning material has not been �nished or fully understood yet. Similarly, the overall progress of
the course has to be more prominent, e. g., visible at a glance with a one-color indicator.

Invested Time vs Outcome Making use of a time e�ort estimation, the dashboard enables
comparing the estimated time to the actually invested time, and the aspect of learning e�ciency
(versus learning performance) can be introduced. For example, the invested e�ort distributed over
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the week can be visualized and linked to the learning outcomes, e. g., the achievement of objectives.
The given information can also emphasize the most successful learning times.

Time Needed for Attainment While the previous category focuses on the time spent on
past learning activities, further ideas target the display of the required time for upcoming tasks,
for example completing the remaining course material.

Performance Evaluation As for both the completion of the course and achievement of
more �ne-granular objectives, the acquired knowledge can be assessed with exercises, for example
quizzes. A focus has to be on visualizing aspects of the learners’ performance. Not only graded
assignments but also self-tests—as a preparation for the exams—can be addressed and compared
using various reference frames.

Compare Yourself Additionally, opportunities for social comparison were indicated. This
includes the comparison to the course average and students who selected the same objective. It
can target the overall course performance, quiz performance, or further aspects, for instance so-
ciodemographic characteristics. Also, objectives or material completed by successful peers can be
recommended.

Actions All ideas have in common that the learners are motivated to take action. For exam-
ple, learners can be encouraged to repeat self-tests, to use the recap mode, or be referred to speci�c
learning content. Besides, discussions in the forum can be fostered by providing students with
their forum usage statistics or suggesting forum threads that are relevant. Concerning time man-
agement and strategic planning, the next deadlines or steps to complete the course or an objective
are valuable information.

Design Concept

Instead of extending the existing progress page with additional metrics, a new learner dashboard
is conceptualized and built to address existing weaknesses of the former progress overview. There-
fore, �ndings of the related work, the identi�ed requirements, and the design ideas presented in
the previous subsection are considered. However, to entirely integrate feedback for students into
their learning process, di�erent widgets can be provided throughout the course to o�er instant
feedback upon completing activities. In this work, we limit the scope to the new dashboard on a
separate page as this is currently the most crucial point for providing feedback to students in the
HPI MOOC Platform. The di�erent components of the new dashboard, which address several
competences and aspects of learning, are described hereafter. They are grouped by its intended
purpose, namely progress monitoring and evaluation, a course cockpit displaying more general
course-related information, the analysis of a student’s performance, and the provision of learning
insights. Also, the concept of utilizing empty states to make recommendations to the learners is
brie�y described.

ProgressMonitoringandEvaluation One of the most important aspects of the learner
dashboard is to give an overview of the learning progress. For the general structure of the progress
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information, the use of a timeline-like visualization is considered �rst to make it a central part for
navigating the course and visually outlining the learners’ path through the course. However, due
to the issue of limited availability of content and thus often missing material for upcoming weeks,
this idea has to be discarded since only the past activities and not the prospective learning path
can be depicted. For this reason, the core concept of the former progress overview, mainly visual-
izing the completed parts of the course, is reused and the key elements known by the learners are
adopted. The revised progress overview (Component 1, abbreviated C1) is shown in Figure 3.2.

Since the overall progress summary was often not visible at one sight and the students had to
scroll down instead, the most relevant data is moved to the top of the page and visually distin-
guished from the other presented information using circular progress bars. To reduce the amount
of information presented, the most critical performance indicators for each section are aggregated.
Progress bars indicate the percentage of completed material and the achieved points for graded re-
spectively ungraded exercises. This is complemented with time e�ort information in terms of the
time remaining to complete the material of a section to enable planning activities.

Figure 3.2: The New Progress Overview (C1) on the Learner Dashboard

In contrast to the previous progress page, the details for a section, for example the visited learn-
ing items, are not visible by default reducing the space for each section. With that, the progress
does not typically exceed the screen size, and it is possible to skim the progress for each section. If
required, students can explore more detailed information by expanding the section details. The
contained learning material (items visualized as rectangles) for each section is presented similar to
the basic progress overview. It is complemented with a time e�ort estimation and the visualisation
of the completion percentage for each element. This introduces di�erent states distinguishing vis-
ited and �nished content. The degree, to which an item was accomplished, is indicated graphically
facilitating students to identify items they may want to review. To o�er navigation support, links
are provided to directly guide students to the respective content and allowing them to take action
immediately. This part primarily targets the metacognitive level by raising awareness and allow-
ing to monitor the progress. Further, it addresses the cognitive level as it aims to support goal
achievement and performance improvement [57].
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Course Cockpit The course cockpit, shown in Figure 3.3, provides an overview of aspects
related to time management and the learners’ participation in forum activities. First, the time
needed to complete the course (C2) is visualized, which aims to facilitate time management and
strategic planning. Additionally, relevant course dates (C3) are shown to raise the learners’ aware-
ness of upcoming course events. These primarily include submission deadlines and the release of
new learning content. When contributing to the forum by asking or answering questions, a stu-
dent engages with the content more deeply and reviews di�erent aspects of a topic. To motivate
learners to participate actively in discussions, their forum activity for the course (C4) is stated,
and it is recommended to use the forum. Consequently, the focus is on metacognitive and on
behavioral skills, for example, to motivate learners to explore the forum.

Figure 3.3: The Course Cockpit on the Learner Dashboard. It includes the estimated time for course ma-
terial (C2; left), next course dates (C3; middle), and the students’ forum activity (C4; right).

Performance Evaluation The third part of the dashboard addresses the learners’ perfor-
mance in quizzes and other exercises as shown in Figure 3.4. To support re�ection on their learn-
ing habits in terms of the exercises approached and to motivate them to complete both the self-
tests and the assignments, the performance regarding these types of exercises is contrasted (C5).

Figure 3.4: The Performance Evaluation on the Learner Dashboard. It includes information on the self-
test and assignment performance (C5; top left), repetition suggestions (C6; top right), the achieved points
over time (C7; bottom left), the time spent on quizzes (C8; center right), and the timeliness of submissions

(C9; bottom right).
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In addition to the overall statistics, the self-test exercises with the lowest achieved score are sug-
gested to the learner for repetition (C6), as these may be possible weak spots. Links are provided so
that the student can directly start working on the self-tests or ask questions in the forum. Also, the
recap mode allowing learners to repeat the questions in an index card manner is suggested since
this feature is not often discovered. Besides, a diagram visualizes the accumulated achieved points
compared to the maximum possible points of attempted quizzes (C7) to provide feedback on the
historical development of the student’s performance. Two more metrics target the learning strat-
egy in terms of time management and strategic planning skills. The time spent on quizzes (C8)
is compared to the estimated time for the attempted quizzes (self-tests and assignments), which is
calculated based on a time e�ort estimation. With that, students can determine if the time spent
on these exercises relates to the learning outcome. If there is a discrepancy, a student may need
to better prepare for the quizzes or adapt the applied strategies for learning. Last, the aspect of
planning the learning sessions is stressed by showing the timeliness of the submissions (C9) with
respect to the submission deadline. When a learner actively plans to work on assignments a certain
period before the submission deadline, the risk of missing it due to unexpected personal schedule
changes is reduced.

Learning Insights The �nal section gives students further insights into their learning (Fig-
ure 3.5). It is meant to help them analyze and improve their learning process. First, a diagram
visualizes a student’s activity in terms of items visited over time (C10) to stress the invested e�orts
towards the attainment of personal goals. While one curve indicates the unique items visited,
another curve displays the total number of item visits.

Figure 3.5: The Learning Insights on the Learner Dashboard. These include a visualization of the visited
items over time (C10; top left), the learning activity (C11; top right), and session statistics (C12; bottom).
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Such visualizations of progress over time are still rare in MOOCs [8]. However, they can help
students to identify peaks or patterns of learning time and productivity. A similar approach is of-
fered by the heat map giving an overview of a student’s overall course activity distributed over the
days of a week (C11). Potential e�ective learning times can be identi�ed, and the information can
be used to allocate times for learning. Last, the students’ number of learning sessions respectively
average and total session lengths are depicted and compared to the course average (C12). For the
other parts of the dashboard, we deliberately avoid comparison with peers as it can have a demo-
tivating in�uence on learners [57]. The comparison of session time, however, is not critical since
students who invest less time can successfully achieve their own goals, too. In addition to the de-
scribed components, several other metrics can be valuable as well. However, since the dashboard
already contains a notable amount of information in this �rst version, the number of metrics was
limited to the presented ones. Too much information at once can overwhelm students and thus
rather discourage than support them. After evaluating the e�ect of the presented information,
the dashboard can be extended in subsequent iterations.

Empty States To receive feedback on the submission timeliness or the time spent on quizzes,
a learner must have submitted an assignment or self-test. Moreover, self-tests can be suggested
for repetition only if the learner has not performed well in at least one quiz. Until then, no data
is available, and the display of a dashboard component is empty. A concept applied for the new
learner dashboard is the active use of these empty states to encourage learners to re�ect and, if
necessary, improve their learning strategies. Therefore, hints for learning strategies, motivational
statements, or links for tools that can be useful for the learner are provided until data is available
for a component. This approach can motivate learners to persist and take action to improve their
learning success. The empty state of the repetition suggestions component (C8), i. e., when no
suggestions can be made for a learner, is shown in Figure 3.6.

Figure 3.6: An Empty State on the Learner Dashboard. Displayed for the repetition suggestions (C8).

Technical Concept

In contrast to the old progress page, the dashboard is implemented using the single-page applica-
tion framework Ember1. At the time, this was the desired technology for the entire course area for
learners. To be able to load all data asynchronously, a dedicated API is provided. It communicates

1https://emberjs.com/
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with the LA service, among others, where metrics for the new visualizations are implemented.
An Ember-Plotly2 plugin is used to display the data. As the name already indicates, this plugin
enables the usage of the well-known Plotly3 visualization library within Ember. With this, three
visualization components are developed in particular: (1) a heat map, (2) a scatter plot, and (3) a
bar chart component. The various dashboard visualizations are then implemented as independent
data-loading components. Thus, they fetch their data asynchronously to render the visualizations
as soon as their data is available. This is especially relevant if some complex metrics have a larger
load time and must not block the display of the entire dashboard. For this, a promise object is used
that also behaves like an Ember object which updates the template as soon as the data is received.
An example for this is displayed in Listing 3.1.

Listing 3.1: Example of an Ember Component to Asynchronously Load Data

1 export default Component.extend({

2 pinboardStatsData: computed(’course’, function() {

3 const promise = $.getJSON(‘/api/v2/learning_insights/pinboard.json?course_id=${

this.get(’course.id’)}‘);

4 return DS.PromiseObject.create({ promise: promise });

5 }),

6 pinboardStatsAvailable: bool(’pinboardStatsData.isFulfilled’),

7 });

3.3.4 Evaluation

To assess the perceived usefulness of the new dashboard, a survey was carried out in a sample
course. It also aimed to better understand which aspects of the dashboard are particularly valuable
for the learners. The evaluation of the survey elaborates and answers both research questions 2.1
and 2.2.

Methodology

The survey was sent to students who took part in a course on “Data Security on the Internet”
(informationssicherheit20194) on openHPI. The course was part of a series of three consecutive
courses on di�erent cyber security topics. This �rst workshop, for which 4,354 learners were
enrolled at course start, was held from January 16, 2019, until January 30, 2019. Since the survey
was sent after the end of the course, the results are likely in�uenced by a certain survivorship bias
of the students. In total, 217 learners completed the voluntary survey. The complete response
data can be seen in Appendix C.1. The new learner dashboard was enabled for this course at start.

When conducting the survey, the agreement with given statements had to be rated on the basis
of a �ve-point Likert scale. First, six statements targeted the perceived usability and usefulness of
the new learner dashboard in general. Subsequently, additional questions examined the value of

2https://github.com/EmberMN/ember-cli-plotly/
3https://plotly.com/javascript/
4https://open.hpi.de/courses/informationssicherheit2019/
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the dashboard’s individual components. The students’ perception of the components is evaluated
as follows: the answer possibilities of the Likert scale are associated with a weight ranging from−2
for ‘strongly disagree’ to +2 for ‘strongly agree’. Based on the participants’ answers, the mean is
calculated, resulting in a �nal rating where+2 is the maximum possible score. From this, a ranking
of the components is created. Beyond these two parts of the survey, two questions following the
“I like, I wish” method aimed to encourage open feedback.

Analysis and Discussion

Two aspects are evaluated with the survey. First, the perceived usefulness and usability is elabo-
rated. Second, the di�erent components of the dashboard are ranked according to their value to
learners. To start with, both the usability and usefulness of the dashboard are perceived remark-
ably well by the participants. Notably, the vast majority agrees or strongly agrees that it is easy to
use (94.92%, Q1) and it is quickly apparent how it is operated (88.48%, Q3). It is considered as
extremely useful by 84.79% of the learners (Q4), which clearly shows the acceptance of the tool.
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C1: New Progress Overview
C3: Next Course Dates
C7: Achieved Points over Time
C5: Assignment Performance
C6: Repetition Suggestions
C2: Estimated Time to Complete
C9: Timeliness of Submissions
C10: Visited Items over Time
C8: Time Spent on Quizzes
C11: Learning Activity
C12: Session Statistics
C4: Forum Activity

Figure 3.7: The Rating of the Learner Dashboard Components. The red lines are the median values, the
blue squares show the mean values.

The learners’ rating of the dashboard’s components results in the ranking shown in Figure 3.7.
Of all components, the students particularly appreciate the progress overview (with a rating of
1.54; C1). This has been expected since providing an overview of the learning progress is the most
important aspect of the learner dashboard. Interestingly, it seems that the new dashboard can
provide a better and clearer overview of the learning progress for many learners compared to the
basic progress overview as this was repeatedly stated. For example, one learner especially valued
the circular progress bars as they provide a “quick overview of the percentage of points achieved”.
Second, the course dates (1.33; C3), the visualization of achieved points over time (1.31; C7), and
the separately presented information on the performance in self-tests and graded exercises (1.30;
C5) have almost the same rating. The repetition suggestions (1.14; C6) and the time estimation
for the course material (1.02; C2) follow next. Fourth, the submission timeliness (0.87; C9), the
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visualization of the visited items over time (0.86; C10), and the time spent on quizzes (0.86; C8)
show a decent rating as well. The items rated lowest by the participants are the heat map for the
learning activities (0.65; C11), the session statistics (0.59; C12), and the forum activity overview
(0.51; C4). From this ranking, future development directions and improvement possibilities for
the dashboard can be derived. To summarize their overall satisfaction with the new dashboard,
the students had to rate it with one up to �ve stars. 87.10% of the participants awarded four or
�ve stars, while the average rating is 4.28 with a standard deviation of 0.89. This shows a high
overall appreciation of the new dashboard by the learners.

Besides, qualitative feedback was received. In general, the learners value the new visualizations
of the dashboard as they provide valuable insights. Further, the participants like its overall (visual)
design. Regarding the components, speci�cally the progress overview and the course cockpit are
mentioned as being useful. These components support planning activities and can be used to nav-
igate the course. Last, participants stress their satisfaction with the choice of information provided
and like the clear presentation of the data resulting in a good overview. The latter aspect, however,
is perceived ambivalently since several learners also mentioned that the dashboard is overloaded
and di�cult to comprehend. Mostly, they ask for better explanations for the visualizations pre-
sented. Learners further suggest introducing con�guration options. This can bene�t students
who are overwhelmed by the amount of information.

3.3.5 Conclusion

This study introduced the design process and concept of a learner dashboard for the HPI MOOC
Platform to encourage self-regulated learning and in particular the strategies self-evaluation and
strategic planning. The dashboard provides a general progress overview and insights about the
estimated time for course material, the next course dates, the students’ forum activity, the quiz
performance, repetition suggestions, the achieved points over time, the time spent on quizzes, the
timeliness of submissions, the visited items over time, the learning activity, and session statistics.
This �rst iteration of the learner dashboard was evaluated with a survey. In general, the usabil-
ity and acceptance are perceived very well by the majority of students (research question 2.1).
The most valued components are the progress overview, the course dates, the achieved points
over time, the quiz performance, and repetition suggestions (research question 2.2). However,
improvements were suggested, e. g., more explanations of the displayed visualizations and con�g-
uration options to reduce the amount of visible information. These suggestions are considered
in the next iteration of the dashboard. Also, we examine whether the dashboard supports in the
application of the presented SRL strategies.

3.4 The Learner Dashboard for Self-Regulated Learning

Based on the �ndings of the last section, in this study we revise the learner dashboard. Afterward,
we investigate by means of an A/B/n test if there are di�erences in the completion rates of learn-
ers regarding the use of the three dashboard variants to address research question 2.3. Lastly, we
evaluate with a survey whether the dashboard supports learners in applying self-regulated learn-
ing (research question 2.4), particularly concerning the strategies of self-evaluation and strategic
planning.
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3.4.1 The Revised Learner Dashboard

This subsection brie�y presents the implemented changes of the LA widgets on the learner dash-
board. These are largely based on the concept of the last study (Subsection 3.3.3) and addition-
ally incorporate most of the user feedback. Speci�cally, the widgets are rearranged within their
functional domain based on their perceived value. Besides, further explanations are added to the
displayed visualizations and the session statistics are removed entirely. The complete revised wid-
gets on the learner dashboard are shown in Figure 3.8. Since the progress overview is not modi�ed
(Figure 3.2), it is not discussed here again. The progress overview is still located on the same page
above the widgets.

Course Cockpit

(a) In the course cockpit area, mainly the next course dates are moved to the front, as these were
rated most valuable by users after the progress overview.

(b) For the estimated time to complete the available material, a note to include them in the plan-
ning of learning times is added.

Course Performance

(c) In the course performance area, the time spend on quizzes and timeliness of submissions are
interchanged.

(d) The repetition suggestions are supplemented by the remark to ask for advice in case of un-
certainty which is linked to the course forum as a call-to-action.

(e) The achieved points visualization is provided with a detailed explanation: “The diagram vi-
sualizes your progress in terms of achieved points of attempted quizzes over the course run
time. The achieved points include results from self-tests as well as assignments. Your achieved
points are compared to the respective maximum possible points. Use this information to dis-
cover your full learning potential!”

(f) Also, the time spend on quizzes is extended with the hint to use the comparison to �nd out
whether the learning content was already internalized and can be recalled quickly, or whether
working through the quizzes takes more time.

Learning Activities

(g) In the learning activities area, which was previously called learning insights, the visited items
visualization is provided with a detailed explanation: “The diagram shows the accumulated
number of your item visits in this course. Unique item visits represent the items you vis-
ited the �rst time while the number of total visits considers revisits. Use this information to
include your usual repetitions when planning future learning times!”

(h) Also, the heat map of the learning activities per weekday is improved and an explanation is
added as well: “Here you can see your activities in this course based on the day of the week.
Identify your usual learning times and include them in your future weekly planning!”

(i) As already mentioned, the session statistics are completely removed. Their perceived value
was very low and their computation was imprecise and expensive.
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Figure 3.8: The Revised Learner Dashboard. The new Progress Overview is still displayed above it as shown
in Figure 3.2, but is omitted in this �gure since it was not further adapted for this experiment.

59



3 Supporting Learning with Data-Driven Insights

3.4.2 Evaluation

In the following, we evaluate research questions 2.3 and 2.4. For this purpose, we �rst present the
examined courses and the methodology of the study. Then, we investigate the completion rates
concerning the dashboard usage by performing an A/B/n test, and �nally, we assess a survey to
investigate whether the dashboard is supportive in the application of self-regulated learning.

Sample Courses

The experiment was conducted in �ve courses with di�erent characteristics on openHPI, which
we brie�y present below. Further descriptive statistics for all these courses can also be found in
Table 3.1. A Record of Achievement and a Con�rmation of Participation could be achieved in all
courses.

Table 3.1: Enrollments in Sample Courses for the Revised Learner Dashboard Experiment

Enrollments Shows

Course Start Middle End Middle End Weeks Language

internetworking2020 3,440 4,823 5,398 2,131 2,827 6 English
kieinstieg2020 9,268 10,515 11,284 5,492 6,856 4 German
digitalhealth2020 4,059 4,537 5,034 2,228 3,467 2 German
learningtheory2020 2,312 2,855 3,012 1,246 1,638 2 English
knowledgegraphs2020 4,812 6,081 6,511 2,994 3,527 6 English

Total 23,891 28,333 31,239 14,091 18,315 - -

The �rst course, “A Half Century of Internet: How it works today” (internetworking20205),
was held in English and ran from September 1, 2020, to October 20, 2020. The course lasted
six weeks and each week included a graded homework assignment. At the end of the course, par-
ticipants could take a �nal exam. It covered technical aspects such as the structure, mechanisms,
protocols, and applications of the Internet, but also its history and role in society. At the start of
the course, 3,440 learners were enrolled.

The next course, “Arti�cial Intelligence and Machine Learning for Beginners” (kieinstieg20206),
was taught in German and scheduled for four weeks from September 8, 2020, to October 6, 2020.
This course was also assessed by means of weekly graded homework assignments and a �nal exam.
It was speci�cally—but not exclusively—aimed at young people and others interested without
programming or technical experience. Concepts and processes of self-learning programs were
taught, as well as an outlook on future developments, and ethical issues were discussed. 9,268
learners had enrolled at the beginning of the course.

The third course focused on the topic of “Digital Health for Beginners” (digitalhealth20207).
This two-week German-language course focused on basic concepts and the questions of why
digital health is important for personal health and why digitization is a driver of innovation in

5https://open.hpi.de/courses/internetworking2020/
6https://open.hpi.de/courses/kieinstieg2020/
7https://open.hpi.de/courses/digitalhealth2020/
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medicine. At the start of the course on September 22, 2020, a total of 4,059 learners were en-
rolled. It ended on October 6, 2020. For assessment, two graded tests were conducted at the end
of the two weeks, but there was no �nal exam.

The fourth course, “Computational Learning Theory and Beyond” (learningtheory20208),
was aimed at students and experts with existing formal mathematical knowledge. The course
discussed a model of binary classi�cation in-depth and other learning models, as well as a broad
overview of other approaches towards a theory of arti�cial intelligence. It lasted two weeks includ-
ing graded homework and a �nal exam—and took place from October 6, 2020, to October 27,
2020. The English-language course had 2,312 learners enrolled at the start.

The last course on “Knowledge Graphs” (knowledgegraphs20209) was held in English from
October 27, 2020, to December 15, 2020. It spanned over six weeks with weekly graded home-
work and a �nal exam. Also, the course required a basic understanding of web technologies, math-
ematics, and databases to follow the taught topics about semantic technologies, knowledge rep-
resentation, and symbolic arti�cial intelligence. At the start of the course, 4,812 learners were
enrolled.

Methodology

The A/B/n test incorporated three di�erent variants of the learner progress and dashboard. There-
fore, the following test groups emerged. The round-robin scheduled group assignment was done
at the �rst visit of a learning item in the respective courses.

Group 1: Learners assigned to this group were only able to use the old progress page (Figure 3.1).
In the context of this test, the group served as a control group.

Group 2: This group got to see the new progress overview but not the additional learner dash-
board widgets (Figure 3.2).

Group 3: This group got to see the complete revised learner dashboard, i. e., the new progress
overview (Figure 3.2) and below the revised learner dashboard widgets (Figure 3.8).

At the end of the courses, we exported reports from the platform to compare the achieved points
and visited learning items as percentage values between the groups. These two metrics are the
main criteria for obtaining both certi�cates and are therefore the basis for calculating completion
rates in the context of the HPI MOOC Platform. For the evaluation, only the ‘shows at middle’
are examined, i. e., the users who had a realistic chance of achieving an RoA. Also, users who
were already part of a treatment group—i. e., group 2 or 3—in a previous course (chronologically
ordered by start date) are excluded from the evaluation. Based on the percentage values of both
metrics, we compare the three groups for statistically signi�cant di�erences (p-value) utilizing a
one-way ANOVA test.

Besides, we had invited group 3 to complete a voluntary survey after the courses were �nished
and the results were published. The complete response data is available in Appendix C.2. The
survey is based on the Evaluation Framework for Learning Analytics (EFLA) by Sche�el [131],
which provides eight quality indicators for LA applications grouped by the three dimensions data,

8https://open.hpi.de/courses/learningtheory2020/
9https://open.hpi.de/courses/knowledgegraphs2020/
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awareness and re�ection, and impact. The response options were de�ned using a Likert scale with
numerical values from 1 (strongly disagree) to 10 (strongly agree). As the framework proposes, we
calculate the average values for each question, then the dimensional scores by rounding the result
of ((x − 1)/9) ∗ 100 where x is the average value of a dimension, and �nally the overall EFLA
score as the mean of the three dimensional scores. The questions were phrased as follows:

Data:
D1: For the new Learner Dashboard it is clear what data is being collected.
D2: For the new Learner Dashboard it is clear why the data is being collected.

Awareness and Reflection:
AR1: The new Learner Dashboard makes me aware of my current learning situation.
AR2: The new Learner Dashboard makes me forecast my possible future learning situation

given my (un)changed behavior.
AR3: The new Learner Dashboard stimulates me to re�ect on my past learning behavior.
AR4: The new Learner Dashboard stimulates me to adapt my learning behavior if necessary.

Impact:
I1: The new Learner Dashboard stimulates me to study more e�ciently.
I2: The new Learner Dashboard stimulates me to study more e�ectively.

Completion Rates

The size of the test groups varies from 183 to 1,524 users depending on the course, whereas the
three group sizes within a course are almost equal. Across all courses, a total of 3,448 users are
assessed in group 1, 3,440 users in group 2, and 3,433 users in group 3. Based on the average
values in Table 3.2, it is visible that the courses had apparently widely varying levels of di�culty.
Particularly, in terms of achieved points, the �gures vary from 5.81% to 47.39%. The p-values
of the ANOVA test between the three groups show no statistically signi�cant di�erences in all
�ve courses for both metrics—the visited items and achieved points. We also repeated the analy-
sis for di�erent user cohorts within the same test groups: (a) users for whom the corresponding
course was the �rst taken on the platform, (b) users who indicated in their pro�le that their reg-
ular computer use was easy to intermediate, (c) users older than 50, and (d) users older than 60.

Table 3.2: Descriptive and Inferential Statistics for Completion Rates with Regard to the Use of the Three
Dashboard Variants

Old Progress New Progress Complete Dashboard ANOVA

Metric Course N Mean Std.Dev. N Mean Std.Dev. N Mean Std.Dev. p-value

Visited
Items
(Percentage)

internetworking2020 572 42.35 41.32 580 40.95 40.74 564 43.27 41.25 0.631
kieinstieg2020 1521 61.55 40.11 1524 62.25 39.20 1524 61.46 39.48 0.833
digitalhealth2020 495 68.73 35.71 473 67.98 36.21 477 65.88 35.68 0.441
learningtheory2020 183 30.00 29.85 201 29.58 30.23 188 30.27 29.56 0.974
knowledgegraphs2020 677 34.16 37.95 662 32.82 36.65 680 32.47 36.46 0.676

Achieved
Points
(Percentage)

internetworking2020 572 30.81 39.24 580 29.56 38.69 564 30.97 39.21 0.798
kieinstieg2020 1521 46.75 42.74 1524 46.38 42.23 1524 46.09 42.88 0.914
digitalhealth2020 495 47.39 39.61 473 46.93 39.69 477 44.30 39.05 0.426
learningtheory2020 183 6.61 20.24 201 5.83 17.94 188 5.81 17.09 0.893
knowledgegraphs2020 677 15.06 27.18 662 13.63 25.64 680 13.79 25.92 0.549
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We assumed that said user cohorts need more guidance in completing online courses. However,
no statistically signi�cant di�erences are discovered here either. Therefore, research question 2.3
can be answered unambiguously by stating that there are no di�erences in the completion rates of
learners with regard to the use of the three dashboard variants. All three progress and dashboard
variants are su�cient to achieve a certi�cate-based learning outcome. Of course, this is only one
aspect of the overall learning experience and process. The previous study has already revealed the
very well perceived usability and usefulness of the new learner dashboard. In the following, we
explore how the dashboard supports self-regulated learning strategies, which is one of our main
concerns.

Supporting Self-Regulated Learning

The voluntary post-course survey received complete submissions from 296 learners of test group 3.
The average numbers of the individual EFLA items in Figure 3.9a show that the dashboard pro-
vides the highest level of support in terms of awareness of one’s current learning situation (AR1:
8.15). Users were also clear about what data (D1: 7.69) and why this data (D2: 7.54) is collected.
The quality that the dashboard stimulates to re�ect on one’s past learning behavior (AR3: 7.11)
was also rated positively. Moderately positive ratings were given to the dashboard’s support in
adapting the learning behavior if necessary (AR4: 6.83) and in forecasting one’s own future learn-
ing situation (AR2: 6.73). Also rated moderately positively was the impact dimension, indicating
that the dashboard stimulates to learn more e�ectively (I2: 6.46) and e�ciently (6.21). In sum-
mary, all quality indicators were rated moderately positive to positive.

Our intention to support SRL with the learner dashboard (research question 2.4) is achieved
especially for the strategy of self-evaluation by the stimulation of awareness (AR1) and re�ection
(AR3) of the learning situation and behavior. Also, strategic planning is partially encouraged by
stimulating the adaptation of the learning behavior when necessary (AR4). The overall score of
67 of all EFLA dimensions in Figure 3.9b can be used to compare future versions of the dashboard
with this one and to measure further improvements for the learner.
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Figure 3.9: EFLA Results for the Revised Learner Dashboard
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3.4.3 Conclusion

In this section, we implemented and evaluated another iteration of the learner dashboard. Thereby,
the initial learner feedback and the results of the last study were incorporated. Hence, some learn-
ing analytics widgets on the dashboard were rearranged, removed, or provided with further ex-
planations. After that, we �rst explored research question 2.3 of whether there are di�erences in
the completion rates of learners with regard to the use of the three dashboard variants—the old
progress page, the new progress overview, and the complete revised learner dashboard. For this
purpose, an A/B/n test was conducted in �ve courses. The three variants were found to have no
statistically signi�cant di�erences in completion rates, and thus all are su�cient for certi�cate-
based learning success.

However, one of our main concerns was on supporting self-regulated learning with the learner
dashboard (research question 2.4). This was explored utilizing a survey that could be answered
voluntarily by participants in the test group with the complete dashboard at the end of the courses.
It was found that especially self-evaluation, by stimulating the awareness of the learning situation
and re�ection of the learning behavior, and partly strategic planning, by stimulating the adapta-
tion of the learning behavior when necessary, are encouraged by the dashboard which matches
our intentions. The next section examines how the SRL strategy of goal setting can additionally
be enabled with technical means.

3.5 Exploring Learning Objectives inMOOCs

After having mainly addressed the self-regulated learning strategies of self-evaluation and strate-
gic planning so far, this section focuses on goal setting to continue our e�orts to provide technical
support for SRL in MOOCs. Instead of measuring success based on certi�cation and completion
rates, researchers started to de�ne success with alternative metrics recently, for example by eval-
uating the intention-behavior gap and goal achievement. Hence, we �rst examine how success-
fully learners achieve their self-reported learning objectives (research question 2.5). Afterward, a
concept with a focus on technical feasibility and automation is outlined about how personalized
learning objectives can be supported and implemented in MOOCs (research question 2.6).

3.5.1 The Status Quo

For the support of self-regulated learning in MOOCs certain approaches have been researched
but only few related work is available which examines goal setting and achievement in MOOCs.
This study aims to �ll this gap. Therefore, this subsection investigates the current capabilities and
limitations of goal setting and achievement on the HPI MOOC Platform before comparing the
results with similar studies.

Sample Courses

To investigate the targeted and accomplished learning objectives of course participants, �ve courses
are examined in this study (Table 3.3). These courses were conducted on openHPI. The taught
topics are all based on the �eld of information technology and computer science. The required
pro�ciency levels range from beginner to academic and professionals. In total, 25,801 learners
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were enrolled at course middle. A Record of Achievement was issued to those who have earned
more than 50% of the maximum number of points for the sum of all graded assignments. A
Con�rmation of Participation was issued to those who have completed at least 50% of the course
material.

Table 3.3: Enrollments in Sample Courses with Self-Reported Learning Objectives

Enrollments Shows

Course Start Middle End Middle End Weeks Language

javaeinstieg2017 7,127 9,242 10,402 6,610 8,015 4 German
javawork2017 3,881 4,112 4,336 1,482 2,096 2 German
searchengine2017 3,922 4,145 4,484 1,702 2,660 2 German
mainframes2017 2,635 3,026 3,396 1,670 2,115 6 German
imdb2017 4,683 5,276 5,825 2,402 3,128 6 English

Total 22,248 25,801 28,443 13,866 18,014 - -

The �rst course, “Object-Oriented Programming in Java” (javaeinstieg201710), was a four weeks
course for beginners running from March 27, 2017, to May 14, 2017. Every week introduced
di�erent Java language features and object-oriented programming concepts with video lectures,
followed by self tests and online programming exercises. Most of the programming exercises were
graded for the �nal certi�cate. Additionally, an optional team peer assessment was conducted,
where learners had the chance to gain bonus points. A total number of 9,242 enrollments was
taken at course middle.

The next course was a two weeks workshop with the topic “Introduction into a Java IDE”
(javawork201711). This course was held from May 01, 2017, to May 15, 2017 and built upon the
taught concepts of the javaeinstieg2017 course. Thus, a basic knowledge about the Java program-
ming language was recommended. The �rst two weeks showed practical knowledge with lecture
videos, followed by ungraded self tests. At the end, a graded peer assessment was conducted, which
was the requirement to gain a certi�cate. 4,112 learners were enrolled at course middle.

The third course was a two week course as well, and addressed the question “How does a search
engine work?” (searchengine201712) from May 29, 2017, to June 20, 2017. The course was de-
signed as an introduction to the topic for people outside the discipline, but also as a starting point
for professionals and academic people, who want to get a �rst overview. The course structure fol-
lowed the typical MOOC approach with consecutive videos and self tests. At the end, a graded
exam was performed and 4,145 participants had been enrolled at course middle.

The fourth course about “Mainframes” (mainframes201713) was held from June 05, 2017, un-
til July 27, 2017. This six weeks course provided an in-depth perspective on mainframe architec-
tures, application development, databases, security, and storage management. Thus, this course
was mainly aimed at academic and professional people. Next to the video lectures and self tests, a

10https://open.hpi.de/courses/javaeinstieg2017/
11https://open.hpi.de/courses/javawork2017/
12https://open.hpi.de/courses/searchengine2017/
13https://open.hpi.de/courses/mainframes2017/
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weekly graded assignment was conducted, as well as a graded exam at the end of the course. 3,026
learners were enrolled at course middle.

The “In-Memory Data Management” (imdb201714) course dealt with the management of en-
terprise data in column-oriented in-memory databases and their inner mechanics. The course
was running for six weeks from September 18, 2017, to November 18, 2017, and 5,276 learners
enrolled in it. Due to the speci�c technical focus, the target groups were academics and profes-
sionals. This course was graded by a weekly assignment and a �nal exam.

In summary, the evaluated courses provide a well-balanced data basis with di�erent course
lengths, target groups, and pro�ciency levels, as well as di�erent theoretical and practical examina-
tion modalities. All of them o�ered the two certi�cate types: an RoA and a CoP. Table 3.3 also dis-
plays the number of enrollments and ‘shows’. Based on Hill’s [52] de�nition of ‘no-shows’, i. e.,
learners who enrolled for a course but never viewed any content, an overall show rate of 53.78%
at course middle was reached. Additionally, following the de�nitions of Renz et al. [107] a total
completion rate of 29.02% and consumption rate of 52.30% are measured. When comparing the
show rate and consumption rate, it can be seen that almost all active learners that enrolled before
course middle visited more than 50% of all learning content and therefore gained a CoP.

Methodology

When accessing one of the courses for the �rst time, a welcome text with general information
about the course was presented to the learner. The following item was an optional pre-course sur-
vey asking the learner about their primary goal for the enrollment into this course amongst other
general questions. Based on the platform’s feature set and available certi�cates, four mutually
exclusive objectives were questioned:

Objective 1: I would like to receive a Record of Achievement in the end and learn the course
content.

Objective 2: I am mainly interested in learning the course content. The Record of Achieve-
ment is not important to me.

Objective 3: I am only interested in selected learning units.
Objective 4: I just want to look around.

An overview of all criteria to achieve and to exceed the learning objectives is shown in Table 3.4.
The achievement of objective 1 and 2 can be traced by course completion if a certain certi�cate
was gained. To accomplish objective 1, an RoA must be reached. For objective 2 the assumption
was made, that if a learner studied the majority of learning content (50%), a CoP was achieved.
For the accomplishment of objective 3 and 4 a behavioral analysis based on user interaction events
was conducted. To achieve objective 3, the user had to watch at least 1 video lecture. This is the
base unit to measure if the user visited and interacted with any learning content since there is
no platform feature available that enables the user to select the speci�c learning content they are
interested in. For objective 4, the visit of at least 3 items was de�ned as the criteria to achieve the
learning goal. This speci�c number was chosen because the �rst visited item was the welcome
text when entering the course, the second was the survey itself, and the third item visit was the
proof that at least one learning item was visited. These assumptions already show limitations of

14https://open.hpi.de/courses/imdb2017/
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the platform regarding goal setting and evaluation. By following this approach, no additional self-
reported data was necessary to determine goal achievement of all students that responded to the
pre-course survey. All measurements are based on platform data, which reduces the in�uence of
a survivorship bias. Therefore, it was not required for the evaluation that learners complete the
course and participate in another post-course survey.

Table 3.4: Criteria for Learning Objective Achievement

Objective Criteria to achieve objective Criteria to exceed objective

Objective 1 Accomplish RoA n/a
Objective 2 Accomplish CoP Accomplish objective 1
Objective 3 Watch at least 1 video Accomplish objective 1 or 2
Objective 4 Visit at least 3 items Accomplish objective 1 or 2 or 3

Pre-Course Survey

The results of the pre-course survey of every course can be seen in Table 3.5. A total amount of
9,698 users provided their learning objective. In relation to the total number of ‘shows at middle’
(13,865) a response rate of 69.95% was reached. Between 22.52% and 36.03% stated that they want
to receive an RoA (objective 1) with a total result of 26.63%. The majority of users (61.54%) were
mainly interested in learning the course content without the need to gain an RoA and therefore
chose objective 2 ranging from 54.41% to 65.80%. Between 3.62% and 5.41% selected objective 3
since they were only interested in selected learning units with a total result of 4.45%. Lastly, 7.37%
stated that they only want to look around (objective 4) with a range from 5.94% to 10.74%.

Table 3.5: Pre-Course Survey: What is your primary goal for the enrollment into this course?

Course Objective 1 Objective 2 Objective 3 Objective 4

javaeinstieg2017 22.52% 1,006 65.80% 2,940 4.27% 191 7.41% 331
javawork2017 23.73% 342 64.33% 927 5.41% 78 6.52% 94
searchengine2017 32.18% 528 56.31% 924 4.75% 78 6.76% 111
mainframes2017 29.79% 319 55.18% 591 4.30% 46 10.74% 115
imdb2017 36.03% 388 54.41% 586 3.62% 39 5.94% 64

Total 26.63% 2,583 61.54% 5,968 4.45% 432 7.37% 715

Goal Achievement Analysis

When assessing the results of the pre-course survey, it is notable that only about one quarter of
the users are interested in a graded performance appraisal and considerably more than half of the
users are mainly interested in the content itself without the need of an RoA. This mirrors the
varying learning objectives of lifelong learners since especially well-educated professionals form a
large part of the learning community and not all of them are necessarily interested in gaining a
certi�cate [34].
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Few users stated that they are only interested in selected learning units or only want to look
around. This may be related to the fact that at course start only the �rst week was available, and
the remaining content followed week by week. This is a typical approach in MOOCs to foster
discussions in the forum and support the mastery learning approach. Nevertheless, this shows
the shortcoming that at the beginning of the course it is di�cult to get an overview of all the
content and topics that will be taught in the following weeks.

Table 3.6: Achieved Learning Objectives

Objective Satis�ed Exceeded Satis�ed or Exce. Missed

Objective 1 42.55% 1,099 n/a 42.55% 1,099 57.45% 1,484
Objective 2 19.71% 1,176 26.11% 1,558 45.81% 2,734 54.19% 3,234
Objective 3 51.62% 223 38.19% 165 89.81% 388 10.19% 44
Objective 4 10.77% 77 88.95% 636 99.72% 713 0.28% 2

Total 25.09% 2,386 24.81% 2,359 49.90% 4,745 50.10% 4,764

In Table 3.6 the overall goal achievement is displayed. First, it can be seen that nearly half of
the users achieved or exceeded their goals and the other half missed their objective. Also, the total
satis�ed and exceeded achievements are almost equally distributed. From this insight it can be
derived that there is a large user group that either changes their goal during course runtime or drop
out due to course related or non-course related barriers [49]. In both cases it shows the limitation
that learning objectives cannot be set in a proper way which allows the user to also adjust them
at a later point of time. Nevertheless, the results show a big range when comparing the di�erent
learning objectives with each other since the objectives with the highest achievement rate required
much less course activity and vice versa.

Figure 3.10 displays the individual achievement rates for all courses, grouped by the de�ned ob-
jectives. These results are centered around a zero line in order to allow an easy comparison of the
achieved learning objectives. Satisfying and exceeding a goal are stacked upwards, whereas miss-
ing a learning goal is stacked downwards. Additionally, the �rst horizontal line in the upper space
marks the average mean of satisfying a goal, and the second line the average mean of satisfying and
exceeding a goal combined. The speci�c mean values can be seen in Table 3.6. Compared with
a standard deviation of 0.1155 for satisfying objective 1, it is notable that only the javawork2017
course shows a greater deviation. This can be attributed to the fact that this course was only graded
by a peer assessment, which required much more e�ort than a typical multiple choice examina-
tion. The highest achievement rate was reached by the searchengine2017 course. This course was
only graded by a single �nal exam without any weekly assignments, which reduced the required
e�ort. The other three courses were graded by weekly assignments and a �nal exam. The achieve-
ment rates of objective 2 show a much higher variation, and objective 3 and 4 show overall high
achievement rates, since these goals require less engagement. All in all, the individual achievement
rates across the di�erent courses point to the fact that goal achievement strongly depends on the
course design, examination, and di�culty of di�erent goals.
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Figure 3.10: Achieved Learning Objectives per Course
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Related Research

A sample size of �ve courses does not allow to draw general statements about goal achievement
rates in MOOCs. Therefore, related and similar studies are presented in this subsection. A case
study by Wilkowski et al. [168] about one course showed that 52.5% of their participants (N =
20,977) intended to complete their evaluated course with a (free of charge) certi�cate, from which
27% met or exceeded this goal at the end. The other learners preferred to learn new skills or explore
the course content. Combined with these students who targeted smaller learning goals, a total
number of 42.4% met or exceeded their goals at the end. The authors recommend to o�er more
personalized course designs based on students’ goals, to move beyond the one-size-�ts-all approach
in MOOCs.

Another study with53,128 enrollments across nine courses by John et al. [60] showed that only
a few learners (0.64–1.24%) are interested in gaining a (charged) veri�ed certi�cate to earn credits
for their degree, on-the-job training, or job applications. From the participants who booked this
certi�cate option, between 63.3% and 92.0% gained a certi�cate at the end, whereby the paid fee
very likely increased their motivation. Henderikx et al. [50] examined the success of two MOOCs
based on the intention-behavior gap. In the �rst course, 59% of their participants achieved or
achieved more than initially intended (N1 = 65). An even higher success rate of 70% was found
in the second course (N2 = 101). These results are based on a subset of learners who responded to
the post-course survey leading to a survival bias. Nevertheless, they “underline the importance of
individual perspectives” and recommend to consider that “individual goal achievement does not
necessarily matches goal achievement from the institutional perspective.” Other studies, which
measured certi�cate achievement based on students’ self-reported intention to complete a course,
found completion rates between 22 and 29% [102, 170] or around 9% [71].

Discussion

To summarize the achievement rates regardless of the variation in the reported goal, a substantial
percentage of students both meet or exceed, or miss their goals in MOOCs. The speci�c ratio
is course-speci�c and likely depends on the course design and di�culty. Nevertheless, this and
related studies show the importance to better support the presented strategies for self-regulated
learning in MOOC environments. Thereby, di�erent shortcomings are identi�ed.

Currently, goal setting is mostly done with pre-course surveys. These can help the teaching
team to get a broad insight into the overall motivation of their learning community. However,
the learners have mostly neither the possibility to self-evaluate their learning process and outcome
regarding their stated learning objective, nor be able to adjust their objective during the course
runtime. Learner dashboards mostly focus on overall course completion [57], which does not
re�ect the objective of a large amount of learners, as the analysis has shown.

Also, the measurement of goal achievement is mostly done manually since the survey responses
cannot be processed automatically. Sub-goals like the completion of a certain topic section or week
are only provided if the teaching team prepares such survey answers. Generic answers like “I am
only interested in selected learning units” as being used in this study include a certain bias since the
learner is not aware of which selected learning units are available at all. Furthermore, also strategic
planning has to be considered in a concept to better support self-regulated learning, next to goal
setting and self-evaluation.
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3.5.2 A Concept for Personalized Learning Objectives

This subsection outlines a comprehensive concept to further support goal setting, self-evaluation,
and strategic planning in MOOCs. It builds upon of the previously identi�ed capabilities and
shortcomings of MOOC platforms in general but besides with a technical focus on feasibility
and automation in the context of the HPI MOOC Platform. Henceforth, we use ‘personalized
learning objectives’ as an umbrella term for the various aspects of this concept.

Goal Setting

Currently, goal setting is mostly done with pre-course surveys in many MOOC platforms. This
has to be implemented as a course-independent platform feature, which o�ers the available learn-
ing objectives in a clear way. It needs to be studied if this has to be a mandatory step, e. g., as part
of the course enrollment process, or an optional advice which can be shown to the user while
browsing through the course. Therefore, a multivariate experiment can be used to examine if this
is accepted and used by all learners or only by a sub-group. Also, it has to be possible to change
the desired objective at any given time. By implementing such a feature, goal setting does not need
to be maintained by the teaching team as a survey anymore. Also, this enables the evaluation of
learning objectives within the platform itself to further monitor the learning progress based on
them. In order to o�er course-speci�c learning objectives, the learning content needs to be cat-
egorized and labeled �rst. This can be automated to some extent. Typically, knowledge transfer
in MOOCs is based on video lectures and assessed with quizzes. Video segmentation is a well re-
searched �eld, e. g., by visual transition detection [172] and can be further improved with outline
extraction through analyzing the presentation slides [18]. Related quiz questions can be identi�ed
with natural language processing techniques. Also the course structure itself supports categoriza-
tion, since it already o�ers an order and titles for each learning item and section. Of course, it
is reasonable to do this manually �rst to test an initial prototype before implementing extensive
automation.

The biggest challenge is a practical one: the availability of content. Course content is often
provided and uploaded during the course runtime when users have already started learning. This is
problematic with regard to the selection of learning objectives. It can be solved by either extending
the scope of objectives as soon as new content is available and communicating this beforehand, or
by supporting the teaching team to implement a complete structured course outline before course
start without the actual content. A course builder tool enables to plan the weeks of a course ahead
and helps to enrich them with goal metadata.

Self-Evaluation and Strategic Planning

The support of these two strategies has already been addressed partly with the learner dashboard
(Section 3.3 and Section 3.4). Learner dashboards are a common practice to monitor learning
progress and goal achievement. Therefore, the main focus is to make this tool compatible with
learning objectives. In addition to the overall course progress, it has to be clearly visible which
learning objective is being targeted and how far it has already been achieved. Furthermore, it has
to be apparent which learning content belongs to the selected learning objective, but without
depriving the learner of further content.

71



3 Supporting Learning with Data-Driven Insights

Also, strategic planning methods were identi�ed as positive predictors of goal achievement [71].
Especially regarding learning objectives, technical support to plan time management and e�ort
regulation come in handy. Therefore, an estimated time e�ort can also be provided for the learning
objective and its contents. This has to be already visible during the goal setting, as well as during
the self-evaluation on the dashboard to estimate the remaining e�ort. This is only a �rst approach
to support strategic planning and more tools like custom reminders or planning prompts [4] can
be provided in the future.

3.5.3 Conclusion

This section introduced the potential of personalized learning objectives in MOOCs to further
support self-regulated learning. PLOs shift the focus from completion-centered success rates
based on gained certi�cates to individual course goals which better accomplish the needs of life-
long learners. Therefore, the current status quo of learning objectives in MOOCs was examined
with an observational study of �ve courses regarding how well learners in MOOCs achieved their
initially self-reported learning objectives (research question 2.5). The results and the comparison
with similar studies showed that goal achievement rates are course-speci�c and likely depend on
course design, examination modalities, and di�culty. In total, almost 70% of all active learners
at course middle provided a course objective (N = 13,865). 49,90% of learners achieved or ex-
ceeded their goals, but also the e�ort required for a speci�c goal strongly a�ected the achievement
rates. Nevertheless, technical support for goal setting and achievement is rare. Most studies rely
on self-reported data from user surveys, which does not allow to provide feedback based on the
selected goals and also the teaching team cannot draw any further conclusions about progress and
success afterward.

From a pedagogical perspective, self-regulated learning was identi�ed as a key skill set for learner
achievement, especially in online learning environments with low guidance and support such as
MOOCs. Therefore, the strategies goal setting, self-evaluation, and strategic planning were out-
lined with possible implementations in a concept to support personalized learning objectives in
MOOCs (research question 2.6). Here, the focus was set on technical feasibility and automation
to provide such functionality on a platform level instead of individual course designs by di�erent
teaching teams. This paves the way for further research in this �eld and supports the transition
from a one-size-�ts-all approach in online learning at scale to a more individual learning experience
tailored for the needs of lifelong learners. The implementation and examination of this concept
is addressed in the next sections.

3.6 The Integration of Personalized Learning Objectives

The concept for personalized learning objectives in MOOCs, which was outlined in the previ-
ous section, is now technically integrated into the HPI MOOC Platform and evaluated (research
question 2.7). Furthermore, it is assessed with a mixed-method approach with regards to the per-
ceived acceptance and usefulness (research question 2.8). The learners’ acceptance is examined
with an A/B/n test in two courses. Also, a survey is conducted to gather further feedback about
the perceived usefulness, next to the acceptance.
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3.6.1 Foundations on Learning Objectives

In this study, we continue our e�orts to better support SRL in MOOCs. In doing so, we strive for
a maximum degree of automation to ensure scalability and, ideally, to avoid additional e�ort for
course instructors. This section explains the de�nition of learning objectives to achieve a common
understanding of these terms and emphasize their bene�ts for learners.

Learning Goals and Learning Objectives

The terms learning goals and learning objectives are often used interchangeably as both describe
the intended outcome of a learning process. However, the following distinction can be made [99,
149]. A learning goal is a broad statement of what a learner is be able to do at a certain time. It
provides an overview describing a rather wide range of knowledge and skills a student acquires and
is therefore usually not explicitly measurable. In contrast, learning objectives have a narrow focus,
describing speci�c and discrete units of knowledge and skills being acquired. These objectives are
the results of short time activities that can be achieved by following a certain number of steps.
Consequently, they are speci�c enough to be observable and measurable.

In pedagogy, learning objectives are typically classi�ed and created using models like Bloom’s
(Revised) Taxonomy [74]. Another well-known approach to de�ne objectives is the SMART
acronym [29]—objectives have to be speci�c, measurable, achievable, relevant, and time-bound.
A learning goal thus can comprise multiple learning objectives.

Definition of Learning Objectives

Learning objectives describe the desired outcomes of learning processes. A learning outcome can
be the acquisition of subject-speci�c knowledge but also the development of skills, abilities, and
competences. This distinction is important since formally learned knowledge does not necessar-
ily enable learners to adequately apply the knowledge in a speci�c situation. Proper assessment
methods have to be in place to be able to measure and verify the attainment of objectives. Only
if the outcome is measurable, a quanti�ed decision about the level of success can be made and
provided as feedback to the learner, which is desired to enable self-regulation.

The predominant xMOOC concept focuses on the acquisition of subject-speci�c knowledge,
mainly imparted with pre-recorded video lectures. Courses group the content by speci�c topics
and typically address di�erent smaller thematic units. In contrast to the predominant orientation
towards the completion of the course, individual objectives can be understood as completing cer-
tain parts of the course material by o�ering a form of optional personalized pathways. Therefore,
we de�ne the completion of these thematic units, built upon the single learning resources as the
basis for learning objectives since they represent the smallest unit of imparted knowledge within
a course. This view is compatible with the xMOOC concept and re�ects the needs of lifelong
learners, who are primarily interested in gaining speci�c knowledge [89]. The veri�cation of the
acquired knowledge is possible through the provided exercises. Furthermore, personalization is
achieved by o�ering di�erent didactically appropriate objectives per course, created by the teach-
ing team and course instructors, from which the learner can select one if desired and follow it
individually.
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3.6.2 RelatedWork

So far, SRL has been extensively researched in formal classroom settings and also in traditional on-
line learning. The results show that SRL is an important factor of successful learning [13]. Over
the last years, it has increasingly gained attention in the context of learning in MOOCs. A com-
mon focus in literature is on identifying how learners apply SRL strategies and which strategies
are most e�ective with regard to the learner’s behavior and learning outcomes as this forms the
basis for a proper (technology-based) support of these strategies [71, 76]. This support is crucial
since learners di�er in their abilities and motivation to regulate their learning [88, 95]. Di�erent
authors proposed design guidelines and patterns to facilitate SRL in MOOCs [79, 97].

Despite the recognized importance of goal-orientation in MOOCs, goal setting has been real-
ized on the basis of pre-course surveys. For example, Wilkowski et al. [168] used a survey to enable
learners to set the initial goal, and a post-course survey in combination with clickstream analy-
sis to evaluate goal attainment. Also utilizing questionnaires, Henderikx et al. [50] analyzed goal
achievement based on the intention-behavior gap. In the previous study, we also examined the in-
tentions of learners in �ve courses using a survey for setting objectives and utilizing LA capabilities
to evaluate their achievement. All of these studies show that a certain number of learners achieve
their (initial) learning objectives while there is also a speci�c portion of learners which exceed or
underachieve their objective. The actual achievement rates depend on the speci�c courses in terms
of their design and di�culty as well as the required e�ort to complete the individual objectives.

Since the current capabilities in terms of goal setting are not su�cient to actively support learn-
ers, we have identi�ed the following key requirements for future work: First, MOOC platforms
have to o�er the possibility to set an objective within the platform itself so that learners can self-
evaluate their progress towards the achievement of their objective. This enables the automatic
calculation of the achievement and allows a more �ne-grained de�nition of objectives. Second,
learners have to be able to adjust the objective as the course progresses.

Interventions for strategic planning are rare, too. For example, a time planner was integrated
into a MOOC platform enabling students to schedule their next study sessions [4]. Asking learn-
ers to describe how they plan to study for the upcoming week, supplemented by another prompt
at the end of the week instructing learners to re�ect on the success of their plan, did not produce
signi�cant improvements [24]. In contrast, an intervention of Yeomans et al. [170], who also
provided a planning prompt at course start, positively in�uenced the learners’ course completion.

3.6.3 Concept and Implementation

This subsection describes the integration of PLOs into the HPI MOOC Platform as a proof of
concept for blurring the completion-oriented structure of current MOOCs (research question
2.7). It introduces support for the SRL strategies goal setting and selected aspects of strategic
planning. To overcome the current limitations regarding goal setting in MOOCs, the fundamen-
tal idea is to provide a tool, integrated into the platform, that empowers learners to actively choose
and set a speci�c learning objective.
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Course-Level Learning Objectives

Based on the presented de�nition of learning objectives, three types of objectives emerge that have
to be supported on course-level. These allow di�erent levels of engagement and are in line with
learners’ objectives reported in literature.

Striving for course completion to receive a certi�cate is still the intention of many learners par-
ticipating in online courses, and therefore this represents the �rst type of objectives. In terms of
the de�nition of learning objectives above, the completion of a course can be seen as the com-
pletion of a broader topic unit that comprises all course material. In the HPI MOOC Platform,
course completion is rewarded with a so-called Record of Achievement. In addition to this, a
Con�rmation of Participation can be received when a speci�c proportion of the learning material
is visited. Both types of certi�cates are possible objectives to be considered. Although these are not
objectives according to pedagogical theory in a narrow sense, this type of objectives is reasonable
as a simpli�cation approach in the MOOC context.

In addition, di�erent thematic units can be derived and o�ered as learning objectives. Beyond
the thematic focus, another option provided by these smaller objectives is to adapt to pro�ciency
or time aspects. While some objectives can go into detailed aspects of the courses, others can only
give an overview to accommodate learners with limited time or missing prior knowledge of a topic.

Last, since there is a large number of learners just having a look at the course to �nd out whether
it suits their needs and if it is worth pursuing, an objective approaching the course exploration may
be desirable for speci�c courses. Course exploration is a typical pattern that has been identi�ed by
di�erent authors [65]. Similar to the �rst type, this is not a pedagogical learning objective in the
narrow sense but enables the teaching team to track this intention.

All conditions of the de�nition of learning objectives are ful�lled for all three types, which is
why we use this term in the scope of this work. However, the de�nition of learning goals also
applies to the �rst and second type, as the de�nitions of objectives and goals are not mutually
exclusive. In addition, the teaching team determines the granularity and number of learning items
that belong to the third objective type.

Learning ObjectivesModel

As presented in the related work, goal setting so far has been realized with surveys, which has sev-
eral weaknesses. The goal of this work is to implement learning objectives as a platform feature
to be able to determine the learners’ achievement of objectives automatically. Therefore, a model
for learning objectives needs to be de�ned. For the model, two requirements are particularly im-
portant. Although our approach is initially limited to course-level learning objectives, it has to be
easily extensible to platform-wide objectives. Further, the model needs to be �exible in terms of
creating learning objectives for various courses that di�er in their structure, the type of included
learning material, and the actual content. With the de�nition of learning objectives above, learn-
ing items, mainly videos and quizzes, form the basis for learning objectives. In courses, items are
grouped by sections, i. e., by the weeks of a course. When considering platform-wide objectives,
learning objectives are likely to be de�ned across courses and thus also contain items or sections
from di�erent courses. Besides, learning objectives can be organized hierarchically, e. g., to rep-
resent sub-steps and aspects for the mastery of a larger objective. Figure 3.11 shows a simpli�ed
version of this logical composition of objectives.
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Objective ObjectiveObjective

Competence

Section CourseSection

ItemItem ItemItem

Figure 3.11: The Logical Composition of Learning Objectives. Bold arrows represent course structure de-
pendencies, while dashed arrows indicate the logical relation between the concepts.

A natural consideration for creating learning objectives is to reuse the structural elements, i. e.,
course sections. However, sections are designed as a part of a course and thus are de�ned on a dif-
ferent granularity level than objectives and are likely not to �t an objective’s focus and intention.
Consequently, learning objectives need to be built on the learning items as the most �ne-granular
structures within a course. As a second issue, several items often belong to one topic area or are use-
ful if studied after each other and can thus be grouped on a logical level. Therefore, it is necessary
to introduce an abstraction layer, the so-called learning units, to enable both grouping of content
and automatic calculation of goal achievement. Learning units can encompass several items and
classify them into knowledge acquisition and knowledge examination items. An objective can
then be created from di�erent learning units. This results in very high �exibility accomodating
many use cases. To enable platform-wide objectives, objectives need to be de�ned to be valid in a
speci�c context rather than bound to a course directly. Figure 3.12 shows the resulting conceptual
model for learning objectives.
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Figure 3.12: The Learning Objectives Model and the Relation to the HPI MOOC Platform
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Integration into the Platform Architecture

In the current system based on a service-oriented architecture, the course service contains the do-
main logic concerning the courses and their item structure [158]. Consequently, the learning
objectives can be implemented in this service as they depend on the course item representation
and rely on its data. However, some arguments contradict an extension of the course service. The
learning objectives extend the course domain but do not represent core functionality being crit-
ical for the platform. Besides, decoupling the new functionality from the course makes it easier
to extend the concept with platform-wide objectives or competency models in the future. For
these reasons, the learning objectives are integrated by creating a new learning objectives service.
Its core purpose is to store and manage the learning objectives and calculate their progress and
completion. Figure 3.13 shows the concept of the new service.
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Figure 3.13: The Concept of the Learning Objectives Service

Selecting Objectives

A user interface (UI) must be created to empower learners to decide on a learning objective for
a course. In the following, we present our concept for providing learners with a list of available
learning objectives and related information enabling informed decisions. Three aspects decisively
in�uence the selection of an adequate presentation concept. A �rst decision that has to be taken is
whether the selection of a learning objective is optional or compulsory. While compulsory objec-
tives may force learners to re�ect on their intentions and thus provide an opportunity to improve
learning, such an approach restricts the open nature of learning in MOOCs and is likely to upset
learners as they may want to stick to the learning path and platform features they are used to. Per-
sonal learning objectives as introduced in this work are an extension of the traditional learning.
As such, they have to be explorable as an optional feature.

In addition, it needs to be determined when exactly learners are allowed to choose a learning
objective. New courses are usually announced weeks before their start, which leads to many learn-
ers enrolling impromptu but then never showing up for a course. Further peeks of enrollment are
reached when actively advertising a course via email or social media. Consequently, an interesting
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option is to allow learners to select their learning objective directly after enrolling for a course.
Goal setting at this point may increase engagement and help to build a stronger relation with a
subject. A second possibility to select an objective is directly at course start when �rst visiting the
learning content. This can help learners to focus on a speci�c part of the course and to not spend
time on personally less relevant content. Last, other options include the selection of an objective
after the learner worked on some items, e. g., three items so that the user has already completed
the introduction and typically the �rst video and quiz.

Figure 3.14: The Infobox Indicating the Availability of Learning Objectives

A third decision must be made on how to present the objective selection as this may also a�ect
the adoption of learning objectives as well. Thus, multiple options are implemented. First, an
infobox indicating that learning objectives are available for the course is provided. This infobox, as
depicted in Figure 3.14, is added to the top of the learning item pages and thus prominently visible
for the learner when working on the course material. Nevertheless, it is optional and the user has
to click on a link to open the objective selection. Moreover, a modal is used for automatically
prompting learners with the objective selection. It is explained in detail in the next subsection.
For our purpose, the automatic display is an adequate approach to attract the students’ attention,
which is relevant since the feature is entirely new to the platform. To avoid learner frustration, the
modal can be dismissed. Afterward, it does not show up again for the course automatically. The
same applies to the infobox. The corresponding experiment setup and the results are detailed in
Subsection 3.6.4.

Objective SelectionModal

As a basis for the objective selection, a modal15 is used for two reasons. With the modal, learners
do not have to leave the current page and thus remain in the context in which they can continue
after selecting or refusing an objective. Another advantage of the widget-like presentation is the
reusability for di�erent pages and use cases, e. g., to allow the learner to change the objective while
working on the course material.

The modal itself contains information on how the selection of a learning objective a�ects the
learning process and lists the di�erent available objectives as shown in Figure 3.15. The objective
details, which are necessary to enable learners to make an informed decision, can be expanded by
clicking on an objective. Since time is an important factor, the students are presented with infor-
mation about the time needed to complete a particular objective. Besides the total time e�ort for

15A graphical overlay window also called dialog or pop-up.
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an objective, the distribution of learning material in terms of the estimated time to study mate-
rial constituting the learning objective is depicted aggregated by its type. With the information
provided, the objectives can be compared in terms of the topics covered, but also in terms of the
approximate e�ort to be invested for the successful completion of the objective. The stated type
of material can help learners to select an appropriate objective for the educational background
or pro�ciency level, e. g., to focus on videos rather than programming tasks or vice versa. In this
early phase of introducing learning objectives in MOOCs with the purpose of evaluating their
acceptance, the selection is currently limited to one objective per course at the time. After select-
ing a learning objective, the user is prompted with a con�rmation of the selection as shown in
Figure 3.16. The user can then choose to be directed to the �rst learning item part of the objective
to immediately start learning.

Figure 3.15: The Objective Selection Modal. It lists all available objectives and the respective details.
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Figure 3.16: The Objective Con�rmation Modal. It is displayed after selecting a learning objective.

Learning Objective Adaption

A requirement emerging from the de�ciencies of goal setting with surveys is that learners have
to be able to change their selected objective at any given time during the learning process in the
event of changing personal conditions. For example, learners may face time constraints or become
more or less interested and engaged and hence want to change their objective. Therefore, the
personal learning objective can be reviewed and changed on the progress page of a course as shown
in Figure 3.17.

Figure 3.17: The Learning Objective Adaption. An excerpt of the progress page of a course where the
selected learning objective can be changed.
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Learning Process Guidance

With the learning objectives, the traditional course structure can be opened up. To allow students
to quickly identify relevant content, the respective learning resources according to one’s selected
learning objective are highlighted. Speci�cally, the course items are indicated with blue triangles
in the course navigation, which can be seen in Figure 3.18. Additionally, a textual clue is given.
Thereby, learners can see where to start with the objective and the material to particularly focus
on. Since there are cases where an objective does not start in the �rst week of a course or skips a
week and thus no learning items can be suggested by then, the sections containing relevant learn-
ing material are emphasized as well. Beyond this indication of relevant content, the time e�ort
information is provided in the course navigation to help students priotizing their learning activi-
ties and scheduling learning sessions accordingly, i. e., it is provided to support strategic planning.

As can be seen, the selected approach of guidance does not pull learners entirely out of the
classic course setting. Instead, the course structure is maintained, i. e., the learning content is
not rearranged and learners can decide whether they follow the de�ned course structure or adapt
to a more �exible learning path according to the selected objective. This is important to motivate
learners to do more as initially intended since they can also view and access the course material not
being part of the objective. The decision on a learning objective consequently does not restrict the
learning content in any way and the control of learning is still with the learner. In the future, this
guidance can be explored further and extended with additional suggestions.

Figure 3.18: The Learning Process Guidance. It highlights the relevant content for a selected objective.

3.6.4 Evaluation

This subsection presents the evaluation of the integration of PLOs into a MOOC platform. There-
fore, the A/B test framework of the HPI MOOC Platform [104] is used to examine the acceptance
of learning objectives. Since the usability and perceived usefulness of a user-facing tool are critical
factors for its adoption, additionally a survey is carried out to quantify these factors.
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Sample Courses

The study was conducted in two courses—one each on openHPI and openSAP—to explore the
results for di�erent learner demographics and backgrounds.

On openHPI, the course “Mainframe - Crucial Role in Modern Enterprise Computing” (main-
frames201816) was selected, which started on November 5, 2018, running for six weeks until De-
cember 17, 2018. It covered di�erent aspects of mainframes including its concepts and features
like mainframe architecture, operating systems, application development, and also provided in-
dustry examples. 2,270 learners were enrolled at course start and the course language was English.
The following objectives for the course were derived:
1. Complete the course with a Record of Achievement. This objective comprised all course material

including the weekly assignments and the �nal exam.

2. Explore the course. Learners who did not know whether or not the course is interesting to them
could choose this objective to take a look at the course.

3. Introduction into the modern mainframe and its concepts. The introduction covered the main
parts of the �rst week and further mainframe concepts to give an overview of the topic.

4. – 7. Four more objectives covered the introductory content but then focused on speci�c as-
pects of the course: mainframe architecture and hardware, application development, database
and transaction processing, and examples and scenarios from industry.

On openSAP, the course “Intelligent ERP with SAP S/4HANA Cloud” (s4h1217) was chosen
which ran for four weeks from November 7, 2018, until December 6, 2018. The course presented
SAP’s intelligent cloud ERP solution for SAP S/4HANA Cloud and showcased use cases for
di�erent application areas. 13,512 learners were enrolled at course start and the course language
was English. The objectives for the s4h12 course were de�ned by the openSAP teaching team as
follows:
1. Complete the course with a course certificate. This objective aimed learners who want to complete

the entire course including all weekly assignments and the �nal exam.

2. Focus on the introduction into intelligent ERP. The objective included the �rst week’s mate-
rial providing the technical foundation and selected videos of subsequent weeks, e. g., giving a
general outlook for the course topic.

3. – 7. Five additional objectives covered the learning material of the introduction objective
as well as the respective material detailing a speci�c use case: �nance, procurement, project
management, sales, and manufacturing.

Acceptance of Learning Objectives

In the following, the design and evaluation of the performed A/B/n test are explained to ascertain
the acceptance of learning objectives and study research question 2.8. Speci�cally, the implemen-
ted presentation alternatives for the objective selection are examined to determine their e�ective-

16https://open.hpi.de/courses/mainframes2018/
17https://open.sap.com/courses/s4h12/
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ness in regard to engage learners to set an objective. In addition, the focus is on the analysis of the
learners’ preferred choice of objectives. This also helps to give a comprehensive answer to research
question 2.7 by identifying the best integration option for the new feature.

Experiment Setup The A/B/n test incorporated three di�erent realizations of the objective
selection. This resulted in four test groups, which were assigned at enrollment and formed on a
round-robin schedule.
Group 1: Learners assigned to this group were not able to select a learning objective. In the con-

text of this test, the group served as an independent control group.

Group 2: This group got to see the objective selection modal directly after enrolling in a course.

Group 3: Learners of this group were automatically prompted with the objective selection modal
when visiting the learning content the �rst time after the course had started. Since a �rst
decision can be to dismiss the modal, the infobox was added at the top of each item page,
to reopen the modal with a click on it.

Group 4: In contrast to the other groups, the learners assigned to this group only saw the in-
fobox at the top of each item page and therefore explicitly had to click on the link in the
infobox to see the objective selection modal.

After the selection of an objective, the corresponding learning content was highlighted in the
course navigation. Learners could review or change their objective on the course progress page.

Analysis and Discussion The central questions to answer are whether learners do select
objectives, which tested selection alternative is best suited for the examined platforms, and which
type of objectives is preferred. Table 3.7 shows the proportion of learners who selected learning
objectives for the examined openSAP and openHPI courses respectively. Since only members of
the groups 2, 3, and 4 were allowed to choose an objective, the results for these groups are dis-
played. Learners assigned to group 2 were prompted to select an objective immediately after the
enrollment for the course. Because the number of additional enrollments after the start of a course

Table 3.7: Descriptive Statistics of the Learners With and Without Selected Objectives

With Objective Without Objective

Course Group N Learners Quota Learners Quota

s4h12 2 1,010 537 0.532 473 0.468
3 2,077 1,027 0.494 1,050 0.506
4 2,074 398 0.192 1,676 0.808

Total 5,161 1,962 0.380 3,199 0.620

mainframes2018 2 116 68 0.586 48 0.414
3 322 189 0.587 133 0.413
4 323 106 0.328 217 0.672

Total 761 363 0.477 398 0.523
Note: control group 1 contained 2,001 (s4h12) resp. 292 (mainframes2018) learners.
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is limited, this group contains fewer learners than the other groups, which also include learners
who enrolled prior to the A/B/n test start and then showed up during course run time. In general,
a considerable portion of 38% respectively 47.7% of the learners sets a personal learning objective
for a course demonstrating the interest of learners to select a personal objective and con�rming
�ndings of the related work. However, there are di�erences between the groups, i. e., the presen-
tation alternatives for the selection, which are consistent across both courses. In the groups where
the selection modal was shown, about 49.4% up to 58.7% of the learners selected an objective
while the more subtle alternative of showing an infobox attracted noticeably fewer learners. An
analysis of demographic variables, i. e., the learners’ age and gender, did not yield relevant di�er-
ences.

Table 3.8: Descriptive Statistics of the Alternative Used by Learners for Selecting Their Initial Objective

Modal Info Box Progress

Course Group N NM Quota NI Quota NP Quota

s4h12 2 537 529 0.985 - - 8 0.015
3 1,027 885 0.862 123 0.120 19 0.019
4 398 - - 356 0.894 42 0.106

mainframes2018 2 68 64 0.941 - - 4 0.059
3 189 155 0.820 30 0.159 4 0.021
4 106 - - 95 0.896 11 0.104

To further examine the e�ectiveness of the selection alternatives, for each group the di�erent
variants are compared regarding the learners’ initial selection of an objective. The results, which
are shown in Table 3.8, emphasize the importance of the objective selection via the modal as the
majority of learners assigned to groups 2 and 3 decided on an objective when prompted with the
modal. For the third group, the infobox additionally served as an important second step to attract
many students who �rst dismissed the modal but then decided to set an objective. For both the
second and third group, only a small portion of the learners had set the objective via the progress
page. This suggests that it makes sense to explicitly encourage learners to use the feature instead
of relying on its discovery by learners. Besides, there is relevance for o�ering di�erent places and
opportunities for selecting the objective. In sum, the third option of showing both a modal and an
infobox is best suited to nudge learners to set a personal learning objective. Although the option
of prompting learners when enrolling for a course seems promising as well, the current course
creation process does not allow to largely apply this selection alternative.

A relevant question concerning the selected objectives is whether the learners prefer to complete
the entire course or rather choose a speci�c topic unit of interest. Table 3.9 compares the respective
results for both courses revealing similar overall tendencies. For simplicity reasons, the results
for the objectives focusing on particular topic units of a course are aggregated. In both courses,
the majority of learners intended to complete the course (65.7% and 55.9%) while about thirty
percent of the learners either wanted to get an overview about the course or focus on a more
speci�c aspect of the course. In contrast to the mainframes2018 course, where the shares are evenly
distributed among these two groups, the s4h12 learners tended to choose the latter. These �ndings
con�rm that the interests and intentions for a course vary remarkably and learners do not solely
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Table 3.9: Descriptive Statistics for the Distribution of Selected Objectives. The objectives covering indi-
vidual topics are aggregated.

s4h12 mainframes2018

Objective Type Learners Quota Learners Quota

Completion 1,290 0.657 203 0.559
Topic 437 0.223 51 0.140
Introduction 235 0.120 51 0.140
Exploration - - 58 0.160
Total 1,962 1.000 363 1.000

focus on course completion but also prefer individual learning paths. Consequently, we can state
that the concept of providing learning objectives based on dedicated topic units is reasonable and
accepted by the learners. For the mainframes2018 course, an objective was provided for learners
who wanted to have a look at the course to �nd out whether the course is interesting to them
or not. This group is of considerable size with the objective being chosen the second-most. The
learning objective feature can therefore help to identify a variety of intentions.

In the related work presented before, learners had tended to change their objective during the
course. With the objectives integrated into the platform, the objective can now be explicitly set
and adjusted as needed. However, changes between objectives rarely happened in the examined
courses. In the s4h12 course, only 2.7% of the learners changed their objective during the course
while in mainframes2018 even fewer learners (0.8%) adapted it. Two possible reasons may con-
tribute to this low rate of changes. First, learners may simply not know or remember how to
change the objective as this is only described upon selecting an objective, but there is no further
note or hint throughout the course yet. Another reason could be that learners change their objec-
tive for the course but do not re�ect the change by selecting a new objective on the platform. A
general trend can be recognized for the s4h12 course concerning the type of changes. The majority
of learners switches to larger, more demanding objectives rather than between topic objectives or
less demanding objectives (Table 3.10). This suggests that learners get motivated to exceed their
initial intention.

Table 3.10: Descriptive Statistics for the Type of Changes of the Selected Objective

s4h12 mainframes2018

Objective Level Total Quota Total Quota

To Higher 45 0.763 2 0.500
Equal 4 0.068 0 0.000
To Lower 10 0.169 2 0.500

Usability and Usefulness of Learning Objectives

In addition to the A/B/n test, a survey was conducted to assess the usability and usefulness of
PLOs, next to the acceptance. This further elaborates the answer to research question 2.8.
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Methodology According to the well-known technology acceptance model (TAM) suggested
by Davis [26], two factors have a decisive in�uence on the acceptance of an information system:
its usability and the perceived usefulness. For this reason, the user survey particularly addressed
the usefulness of the objectives itself and the usability of the selection modal to understand the
in�uence of the chosen design and the provided information. To quantitatively measure the learn-
ers’ perception of di�erent aspects, the participants mainly had to rate their agreement with given
statements on the basis of a �ve-point Likert scale. Because this type of questions is not diagnostic,
the survey was complemented by open-ended questions to gather qualitative feedback. The con-
ducted survey targeted all participants who took part in the preceding A/B/n test and were able
to choose a learning objective, i. e., students who were assigned to the groups 2, 3, or 4. There
was a total of 163 complete survey submissions from learners. The detailed �gures can be found
in Appendix C.3.

Analysis and Discussion The majority of the learners (77.30%, Q1) who participated in
the survey also selected an objective on the platform. Most of these learners were interested in
trying out the new feature (57.14%) and in the experience of choosing and following a learning
objective for the course (53.97%, Q3). While the available number of learning objectives was
su�cient for the majority (55.21%), some learners prefered to have even more objectives available
(20.86%, Q2).

In general, the results regarding the learning objective selection, speci�cally the selection modal,
show that the usability is perceived well (Q4). Particularly, 59.51% of the participants liked the
presentation with a modal (Q4.7) and no usability issues were reported. Further, 54.61% of the
learners considered the selection of an objective as useful (Q4.4) with half of them stating that it
helped them to achieve their personal goals (50.92%, Q4.6). However, compared to the usability,
there is a stronger variation between the rating of the participants. The usefulness was considered
slightly worse, which could be related to the yet limited use of learning objectives throughout
the platform. In this experiment, the selection of a learning objective supported in determining
the learning path but did not relate to other activities, such as the evaluation of the learning out-
come, so far. With regard to the provided information for each objective, the users agreed or even
strongly agreed that it is useful (66.87%, Q5.1) and su�cient (61.35%, Q5.2) to decide on their
objective for the course. While 38.27% of the learners found the time e�ort information helpful
but did not explicitly use it for their decision, 33.33% of the participants utilized it as a decision
criterion (Q6). This con�rms the relevance of the provided information to allow learners to ade-
quately choose the best-suited learning path based on personal (time) constraints.

Also, several motivational e�ects and an in�uence on the students’ learning process are rec-
ognized. From the learners’ perspective, the objective selection helps to become clear about the
primary interest for the course (50.92%, Q5.4) and to focus on it appropriately (53.38%, Q5.5).
Moreover, the learning objective motivated49.08%of the learners to commit to the course (Q5.6)
and improved their learning e�ectiveness (50.30%, Q5.9). An in�uence of the motivation to com-
plete the learning material stands out as well since the majority of learners answered that they at
least completed the material included in the objective (51.53%, Q5.7) or the objective motivated
them to complete even more material than they initially intended to complete (42.95%, Q5.8).

Besides, the survey con�rmed the results of the experiment with regard to the limited number
of changes between objectives. Only 7.98% of the participants answered that they changed their
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objective during the course (Q9). Although changes have happened rarely in total, it emphasizes
one of the major advantages of integrating learning objectives in the platform: it can be adapted
if needed. After selecting an objective, the respective learning content is highlighted as described.
Most learners who selected an objective did adhere to the course structure (26.88%), and 19.38%
of the participants were focusing on the highlighted content only. Additionally, the learners were
motivated by the objective to work on additional content (25.62%) and thus did not only adhere
to the items being part of the objective (Q7). In total, the highlighting of the learning resources
was helpful for65.03%of the participants (Q8.1). With regard to the usability of the highlighting,
the users con�rmed that it is clearly distinguishable which learning items belong to the objective
as well as which sections contain respective learning content.

To sum up this part of the survey, the participants were asked to rate the learning objectives
concept with stars ranging from 1, being the worst, to 5, being the best. A proportion of 77.17%
gave 4 or even 5 stars resulting in a mean of 4.08 with a standard deviation of 1.01 (Q11). More-
over, 64.42%would like to have learning objectives available in other courses as well (Q10). It can
be concluded that the survey yielded positive results regarding the objective selection and the con-
cept in general. The motivational component is most bene�cial and could be related to improved
learning outcomes, which can be examined in future studies.

3.6.5 Conclusion

This study examined how personalized learning objectives can be integrated into a MOOC plat-
form (research question 2.7) with the aim of explicitly providing di�erent learning paths and en-
gaging learners in two SRL strategies: goal setting and strategic planning. For this purpose, ad-
equate tools for facilitating these activities have been developed for the HPI MOOC Platform.
First, the concept of learning objectives in MOOCs was de�ned considering educational and
platform-related limitations. Building on that, a new service was designed and implemented al-
lowing to �exibly create objectives for multiple use cases. These objectives can particularly cover
di�erent topic units of a course, and thus individual learning needs can be addressed better. The
learners are provided with an interface for selecting learning objectives and subsequently sup-
ported by guiding the learning process with respect to the selected objective. Consequently, a
learner can now follow individual learning paths while receiving guidance on the attainment of
personal goals at the same time.

To provide a conclusive answer on how the new feature is perceived by the learners (research
question 2.8), the concept was examined with a mixed-method approach. First, an A/B/n test in
two courses analyzed the learners’ acceptance. The results showed that the majority selects learn-
ing objectives in the platform and further con�rm the learners’ varying needs including the de-
mand for acquisition of speci�c knowledge. With regard to research question 2.7, nudging learn-
ers with an objective modal while o�ering multiple possibilities to set an objective was identi�ed
as the best-suited approach to engage learners. Additionally, a survey was conducted to receive
feedback on the perceived usefulness and usability. It revealed that the tools are well-perceived by
the learners. Therefore, the goal of integrating PLOs to support students in their learning was ac-
complished and thus also pave the way for future research. Based on the ascertained acceptance of
PLOs, the next study examines how learners perform in terms of achieving the de�ned objectives.
Also, self-evaluation is implemented into the concept of PLOs.
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3.7 Personalized Learning Objectives in Practice

In this section, we discuss a follow-up study of personalized learning objectives in MOOCs to en-
courage self-regulated learning, support the varying motivations and intentions of students with
di�erent social and cultural backgrounds from all over the world, and break up the one-size-�ts-all
approach of weekly-structured courses and the certi�cation-based de�nition of success. Based on
the previously well-perceived acceptance and usefulness of the concept of personal learning ob-
jectives, this study examines which learners select an objective regarding their socio-demographic
and geographical background (research question 2.9), compares the general course satisfaction
of students with and without a selected learning objective (research question 2.10), and investi-
gates how successfully learners achieve their selected objectives (research question 2.11). For this
purpose, a mix-method approach is chosen in which platform data and a survey are evaluated.
Thereby, the existing concept, which already supports goal setting and strategic planning, is ex-
tended by the possibility of self-evaluation regarding the student’s learning objective through the
integration of the learner dashboard.

3.7.1 Expansion of the Concept

Building on the results of the preceding studies, the existing toolkit to support personalized learn-
ing objectives is polished and extended for the current experiment. Three features for learners are
technically implemented and thus directly integrated into the HPI MOOC Platform: the learning
objective selection, guidance, and evaluation.

Objective Selection

Selecting an objective is always optional to not restrict the open nature of learning in MOOCs and
upset users who want to stick to the traditional learning path they are used to. Therefore, personal
learning objectives were introduced as an extension and optional feature. Based on the previously
examined UI alternatives in Subsection 3.6.3, an objective selection modal is shown when the user
accesses the learning content for the �rst time. This modal can be dismissed without selecting an
objective and it will never appear automatically again to avoid learner frustration. If the user later
decides to select an objective the modal can be opened again from an infobox displayed at the top
of each learning item page or from the progress page. Here, the currently selected objective is dis-
played and can be changed at any time. The infobox disappears if an objective was selected or if it
was dismissed by the user. Previous evaluations showed that it is reasonable to explicitly encourage
learners to select an objective instead of relying on its discovery by learners. Additionally, o�ering
objective selection at di�erent places was recommended.

The selection modal was chosen as an interface to avoid a complete context switch from the
learning process for the user and to reuse it at di�erent pages. The modal provides information
on how the learning process is a�ected when an objective was selected. Every objective provides a
short title and expandable details by clicking on it to make an informed decision. Next to a more
comprehensive description of the objective also the estimated time e�ort accumulated for each
learning item type and the whole objective is displayed. This also enables learners to compare the
di�erent objectives better. Currently, only one objective can be selected per course. After selecting
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an objective, a short con�rmation is shown with additional explanations on how the user is guided
through the learning items of the chosen objective.

Objective Guidance

Personal learning objectives provide the opportunity to open up the traditional course structure
in MOOCs. To quickly identify the content which is part of a selected objective, blue triangles
were implemented as highlights in the course navigation, as shown in Subsection 3.6.3. Also,
a tooltip is provided when hovering the navigation items. This enables learners to see where to
start with their objective and which content they should focus on. Since the learning items of an
objective can be placed in multiple weeks of a course, the left-hand section navigation is decorated
with the same blue triangles. As shown, the regular course structure is still maintained and the
implemented approach of guidance does not restrict the user from accessing the other content.
This also enables learners to do more than initially intended and exceed their original objective.

Objective Evaluation

Next to selecting and working on a learning objective, a user needs to constantly evaluate the
progress and achievement. Therefore, we adapt the platform’s progress overview on the learner
dashboard (Figure 3.19) based on the work in Section 3.3 and Section 3.4. At the top of the
progress overview, the overall course progress summary is complemented by the overall learning
objective progress summary as it becomes the main focus of learning. The objectives for the com-
pletion and the exploration of a course do not di�er from the usual course progression. Hence,
in such cases only the objective details are added to raise awareness for the selected personal ob-
jective. For the objectives targeting the completion of a speci�c topic not all course content is
relevant, and therefore two more indicators are shown: the achieved points and the percentage
of items visited being part of the objective. This progress is depicted using circular progress bars
and thus visually distinguished from the more detailed section progresses below. If the material

Figure 3.19: The Learning Objective and Course Progress Overview on the Learner Dashboard
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for a selected objective is �nalized and the student can still achieve it, this is stated in the presented
summary aiming to motivate the learner to continue with the course and actively work towards
the achievement of the objective.

Each section progress can be expanded and the objective material can be highlighted with a
checkbox above. By activating this checkbox, the learning items which are part of the selected
objective are grouped separately next to the regular material. This allows learners to follow their
objective but also to discover the other course material. Each learning item is visualized as a rect-
angle and colored if visited or partially �lled if not all points were achieved. This visualization was
introduced to distinguish between di�erent states of visited and completed content. All in all, this
overview supports to raise awareness and allow learners to self-evaluate their progress. Below that
part, the currently selected objective is displayed and can be changed.

3.7.2 Evaluation

The following subsection presents the evaluation of the three remaining research questions re-
garding personalized learning objectives. To investigate them, it is divided into an analysis of the
learners’ socio-demographic and geographical background, a post-course survey about the learn-
ers’ satisfaction, and an analysis of the achievement rates of learning objectives.

Sample Courses

We examined two courses of openHPI. The �rst course was “Introduction to Successful Remote
Teamwork” (international-teams201918) and presented bene�ts and risks of driving a virtual team
culture and how guided remote work leads to success, as well as intercultural competences as a key
factor of interaction and communication. It was held in English and was running from October
2, 2019, until October 30, 2019, starting with 2,327 enrollments. The course was structured into
four weeks and graded with a �nal exam (55% of all points) and one team peer assessment (45% of
all points). An RoA was gained by about 20% of all ‘shows at middle’ by earning more than 40%
of all graded points. A CoP was achieved by about 34% of all ‘shows at middle’ by completing at
least 50% of the course material. All numbers are listed in Table 3.11 as well. The teaching team
de�ned the following objectives:

1. Passive Participation with Certificate. This objective comprised all course material including
the �nal exam to gain a Record of Achievement if the learner got most of the exam right.

2. Active Participation with Certificate. This objective comprised all course material including
the �nal exam to gain a Record of Achievement if the learner got most of the exam right. Ad-
ditionally, the learner was encouraged to contribute to discussions or at least follow them.

3. Deep Dive Virtual Teamwork with Certificate. This objective comprised all course material
including the participation in discussions, the �nal exam, and the team peer assessment to gain
a Record of Achievement.

4. Peek In and Explore. This objective left it up to the learner to study the material and to receive
a Con�rmation of Participation.

18https://open.hpi.de/courses/international-teams2019/
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Table 3.11: Enrollments and Certi�cates in Sample Courses with Personalized Learning Objectives

Enrollments Shows Records of Con�rmations of

Course At Start At Middle At End At Middle Achievement Participation

prototype2019 3,029 3,356 3,533 1,568 (46.72%) 250 (15.94%) 626 (39.92%)
international-teams2019 2,327 2,778 2,991 1,074 (35.91%) 212 (19.74%) 370 (34.45%)

The second course on the topic of “Human-Centered Design: Building and Testing Proto-
types” (prototype201919) covered di�erent task-based approaches to turn an idea into a simple
prototype, set up a testing scenario, and collect feedback. The course was held in English and was
running from August 28, 2019, until October 10, 2019, starting with 3,029 enrollments. It was
structured into four weeks and graded with three exercises (40% of all points) and one peer assess-
ment (60% of all points). An RoA was gained by about 16% of all ‘shows at middle’ by earning
more than 50% of all graded points. A CoP was achieved by about 40% of all ‘shows at middle’ by
completing at least 50% of the course material. More detailed numbers can be seen in Table 3.11.
The learning objectives in this course built on user behavior observations from previous Design
Thinking MOOCs: the research team observed participants who only explored partial modules
of the course or browsed course contents for educational material to download. The teaching
team o�ered the following six learning objectives:

1. Complete Course Experience. This objective comprised all course material including the graded
exercises and the peer assessment to gain a Record of Achievement.

2. Explore. This objective comprised all introductory material about design thinking, prototyp-
ing, and testing. Following the objective was su�cient to gain a Con�rmation of Participation.

3. Deep Dive Prototyping. This objective focused only on content about prototyping.

4. Deep Dive Testing. This objective focused only on content about testing.

5. Material Collector. This objective highlighted the material items for users who were mainly
interested in collecting resources and templates.

6. Inspirational Trip. Learners who did not know whether or not the course is interesting to
them could choose this objective to take a look at the course.

Methodology

To investigate research question 2.9 and 2.11, the platform’s data of the two sample courses were
analyzed after the courses had ended and the �nal results and certi�cates were released. Therefore,
course reports were used to export information from the platform about each enrollment’s socio-
demographic pro�le data and metrics about the learning behavior and course completion. The
reports were enriched with data about the selected objectives and their achievement. All exported
data were pseudonymized and analyzed with external tools afterward. The enrollments are �ltered
by ‘shows at middle’. Users who have never showed up for the course or never had the chance to

19https://open.hpi.de/courses/prototype2019/
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achieve a graded certi�cate are excluded from the study. Gaining a certi�cate is the traditional way
to measure course success and also the most demanding learning objective in both courses. There-
fore, only users who have had a realistic chance to do so are of interest for the study and form the
total population in this scope. Since the users could choose an objective voluntarily, this was not a
controlled experiment with a control group but an authentic and real-world learning experience.
Thus, we compare users with a selected learning objective with the total course population.

To gather information on the students’ satisfaction and address research question 2.10, a post-
course survey was conducted in week four of the prototype2019 course, in which students could
participate voluntarily. Unfortunately, the survey could not be conducted in the international-
teams2019 course as well. There was a total of 279 complete submissions regarding the assessed
questions, 163 from students without a selected learning objective and 116 from students with a
selected learning objective. The �rst four questions could be answered with the use of a Likert
scale including answer options from ‘not satis�ed at all’ (1) to ‘absolutely satis�ed’ (10):

1. Please rate this MOOC by indicating how satis�ed you are with the overall course.
2. How satis�ed are you with the quality of the content presented in the course?
3. How satis�ed are you with the length of the course?
4. How satis�ed are you with the openHPI learning platform?

After that there was a single-choice question with the answer options ‘no’ (1) and ‘yes’ (2):

5. Were your personal learning expectations met?

Based on the numerical value of each answer option, we compare both user groups for statistically
signi�cant di�erences utilizing the nonparametric Mann-Whitney U test for two independent
samples. We also assess the practical relevance of the descriptive statistics, based on the authors’
long-term experience with the operation of several MOOC platforms and courses.

Socio-Demographic and Geographical Background

The students’ socio-demographic data is based on their platform pro�le. They can provide this
information voluntarily. Therefore, this data is not available for each student and missing en-
tries are excluded. For the prototype2019 course about 33% have provided this data and for the
international-teams2019 course about 44%.

Table 3.12 displays the gender distribution in both courses. It can be seen that roughly one
quarter in both populations is female and the rest is male. This also applies for the cohorts of
users who selected an objective. Again, we cannot identify a practically signi�cant di�erence in
this characteristic.

Table 3.12: Gender Distribution of Learners

With Objective Total

Course Female Male Female Male

prototype2019 27% 73% 29% 71%
international-teams2019 26% 74% 25% 75%
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In Figure 3.20 the age distribution is displayed for both course populations and the students
who selected a learning objective. It can be seen that there is no practically signi�cant di�erence
of the learners’ age. The mean age of users in the prototype2019 course is 42.32 with a median
of 42 years and the mean age of users with an objective in this course is 41.64 with a median of
41 years. The mean age of users in the international-teams2019 course is 44.36 with a median of
45 years and the mean age of users with an objective in this course is 44.52 with a median of 45
years. Figure 3.21 shows that more than 80% of users attended university and the majority of them
gained a Master’s degree. The results highlight that also the educational background of users does
not di�er noteworthy between the two courses and users with an objective.
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Figure 3.20: Age Distribution of Learners
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Figure 3.21: Highest Degree of Learners

As the last socio-demographic characteristic, we examine the career status (Figure 3.22). Again,
there are very similar results with no practically signi�cant di�erences. Around 80% of the learn-
ers were professionals and the remaining were students, researchers, teachers, and others. We also
examine the geographical background of each user (Figure 3.23). Therefore, the learner’s IP ad-
dress is mapped to a location for each action and the country with the highest frequency is picked.
With this automated process, the information is available for all learners and no self-reported data
is needed. It has to be noted that this variable re�ects the country where most of the learning activ-
ities took place but not the nationality of a user (although there is probably a strong correlation).
Even though both courses were o�ered in English, most users accessed them from Germany (up
to 70%). This is mainly because the platform originates from Germany and is best known there.
Users were further distributed among other German-speaking countries, such as Switzerland and
Austria, followed by more populous nations such as the USA, India, and other countries. How-
ever, again, the distributions between courses and users with an objective are very similar and there
are no practically signi�cant di�erences.

In summary, the examined learners are on average well-educated, working men in their mid-40s
which is very typical for MOOCs and diversity is still a large issue [46, 67]. Concerning research
question 2.9, we did not identify any practically signi�cant di�erences between students with
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selected learning objectives and the total course population regarding their age, gender, degree,
career status, or geographical location. Of course, this statement is limited to our case study and
a larger sample from other contexts is required to assess its external validity.
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Figure 3.22: Career Status of Learners
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Figure 3.23: Geographical Location of Learners

Course Satisfaction

Before we discuss the results of the statistical analysis of the course satisfaction, we �rst review the
learning success of the survey respondents. Many users drop out of a MOOC during its runtime
for a variety of reasons. Therefore, when surveys are conducted at the end of a course, it is usually
only the most engaged and successful learners who have made it to this point who participate.
Therefore, we want to assess the extent to which a survivorship bias may in�uences the results of
the survey.

Table 3.13: Achieved Certi�cates (prototype2019)

Cohort Count Records of
Achievement

Con�rmations of
Participation

Shows at Middle 1568 250 (15.94%) 626 (39.92%)
Survey Respondents 279 214 (76.70%) 279 (100.00%)

Table 3.13 shows the number of certi�cates achieved by the ‘shows at middle’ of the entire
prototype2019 course, i. e., the users who had a realistic chance of receiving a graded certi�cate,
and the survey respondents. It can be seen that the survey respondents have gained a much higher
number of Records of Achievement (76.70%) than the ‘shows at middle’ (15.94%). In addition,
all survey respondents achieved a Con�rmation of Participation. Only 39.91% of the ‘shows at
middle’ achieved this. Table 3.14 displays the selected learning objectives and achievement rates
of the ‘shows at middle’ and survey respondents. In both cohorts the clearly most frequently
selected learning objective is the ‘Complete Course Experience’ which includes the completion
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of a Record of Achievement (71.88% and 83.63%). Also in these subsets, the survey respondents
reached the learning objective far more often (83.51%) than the ‘shows at middle’ (28.57%). The
second most frequently selected learning objective is ‘Explore’ which includes the achievement
of a Con�rmation of Participation (14.73% and 11.21%). All survey respondents completed this
objective, but only 46.97% of the ‘shows at middle’. The other topic-based learning objectives
were selected far less frequently, especially by the cohort of survey respondents. We discuss more
details of the achievement rates of learning objectives in the next part of this evaluation.

Table 3.14: Selected and Achieved Learning Objectives (prototype2019)

Shows at Middle Survey Respondents

Objective Type N Quota Achieved N Quota Achieved

Complete Course Experience RoA 322 71.88% 28.57% 97 83.62% 83.51%
Explore CoP 66 14.73% 46.97% 13 11.21% 100.00%
Deep Dive Prototyping Topic 31 6.92% 19.35% 3 2.59% 100.00%
Deep Dive Testing Topic 4 0.89% 0.00% 0 0.00% -
Material Collector Topic 3 0.67% 0.00% 0 0.00% -
Inspirational Trip Topic 22 4.91% 18.18% 3 2.59% 66.67%

The examination of the results in Table 3.13 and Table 3.14 has shown that the survey respon-
dents have clearly better learning outcomes than the course population, measured by the ‘shows
at middle’, both in terms of the traditional completion with a certi�cate and in achieving personal
learning objectives. It therefore has to be assumed that the answers of the survey respondents are
subject to a survivorship bias and that this shifts the overall course satisfaction into a more positive
direction.

Table 3.15: Descriptive and Inferential Statistics for Survey Respondents With and Without a Selected
Learning Objective (prototype2019)

With Objective Without Objective Mann-Whitney U

Question N Mean Std.Dev. N Mean Std.Dev. U p-value

1 116 8.422 1.610 163 8.441 1.461 9342.5 0.862
2 116 8.500 1.568 163 8.404 1.573 9115.0 0.597
3 116 8.172 2.022 163 8.404 1.780 8887.0 0.378
4 116 8.474 1.917 163 8.582 1.756 9242.0 0.739
5 116 1.939 0.239 163 1.914 0.281 9212.5 0.426

The results of the questions examined in the survey are shown in Table 3.15. The respondents
are divided into users with (N = 116) and without (N = 163) a selected learning objective.
It can be seen that the overall course satisfaction (Question 1) is almost the same for both co-
horts (8.422 and 8.441). The satisfaction with the quality of the course content (Question 2) was
slightly better perceived by users with a selected learning objective (8.5 and 8.404). This trend
may be due to the fact that relevant content is better highlighted for users with learning objec-
tives. Interestingly, users without learning objectives are a little more satis�ed with the length of
the course (8.172 and 8.404) which was asked in Question 3. We assume that users who choose a
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learning objective are more likely to have a speci�c focus in the course and are not interested in the
whole content, which is supported by the concept of personalized learning objectives. In Ques-
tion 4 users were asked for their overall satisfaction with the learning platform and both cohorts
show very similar positive results (8.474 and 8.582). The same applies to Question 5, in which
users were asked whether their personal learning expectations were met (1.939 and 1.914).

Overall, the generally very positive results show no statistically signi�cant di�erences between
the two cohorts based on the calculated p-values. Furthermore, we cannot derive any practical
relevance from the very small di�erences. It also has to be noted that the very positive results are
distorted by a proven survivorship bias. Research question 2.10 can therefore be answered to the
e�ect that in the Design Thinking MOOC studied, students with a selected learning objective
are no more, but also no less satis�ed with the course than students without a selected learning
objective.

Achievement of Learning Objectives

The total objective selection rates for both sample courses are presented in Table 3.16. The big dif-
ference between 28.57% and 63.87% of users who selected a learning objective is probably due to
the fact that objectives are de�ned individually for each course by di�erent teaching teams. There-
fore, they di�er in their complexity and in the way they are formulated. Furthermore, the diverse
course contents may attract users from di�erent industries and backgrounds. Unfortunately, this
information is not included in the socio-demographic pro�le data. Compared with the objective
selection rates from the two courses of the previous study (49.4% and 58.7%) in Subsection 3.6.4,
it can be stated that a notable portion of learners sets a personal learning objective and it further
con�rms the acceptance of the concept. However, the objective selection rates can di�er largely be-
tween courses. The number of changes of learning objectives by users are negligibly small, which
was also shown in Subsection 3.6.4.

Table 3.16: Total Selected Learning Objectives

Course Shows
At Middle

With
Objective Quota

prototype2019 1,568 448 28.57%
international-teams2019 1,074 686 63.87%

Table 3.17 and Table 3.18 display in detail the selected objectives of each course, as well as their
achievement and exceeding rates. We also de�ned a criterion for each objective by which it could
be measured whether a goal was exceeded. Objectives that already included the Record of Achieve-
ment could not be exceeded. Objectives that included the Con�rmation of Participation (some
topic objectives included that in the textual description) could be exceeded by gaining an RoA. All
other topic objectives, which only included a minor subset of learning items, could be exceeded
by achieving a CoP. It can be seen that in both courses the most frequently selected learning
objectives include an RoA, which indicates that a large amount of users is still interested in com-
pleting the course with a graded certi�cate. This is reasonable considering that the courses were
also primarily designed with this intention. However, this is not the case for a notable amount
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of learners who were not interested in gaining an RoA (28.12% and 16.33%). This is also sup-
ported by the numbers from the previous study (34.3% and 44.1%) con�rming our assumption
that learners enroll for courses with varying outcome intentions. For the prototype2019 course,
the two objectives ‘Deep Dive Testing’ and ‘Material Collector’ have almost never been selected.
This was unexpected since at least the other deep dive objective was chosen more frequently. The
reasoning for these outliers needs to be further investigated with qualitative user feedback.

Table 3.17: Selected Objectives with Achievement and Exceeding Rates (prototype2019)

Objective Type Selected Quota Achieved Exceeded Criterion

Complete Course Experience RoA 322 71.88% 28.57% - -
Explore CoP 66 14.73% 46.97% 6.06% RoA
Deep Dive Prototyping Topic 31 6.92% 19.35% 9.68% RoA
Deep Dive Testing Topic 4 0.89% 0.00% 0.00% RoA
Material Collector Topic 3 0.67% 0.00% 0.00% CoP
Inspirational Trip Topic 22 4.91% 18.18% 18.18% CoP

Table 3.18: Selected Objectives with Achievement and Exceeding Rates (international-teams2019)

Objective Type Selected Quota Achieved Exceeded Criterion

Passive Participation RoA 249 36.30% 23.29% - -
Active Participation RoA 174 25.36% 33.91% - -
Deep Dive Virtual Teamwork RoA 151 22.01% 41.72% - -
Peek In and Explore CoP 112 16.33% 23.21% 8.93% RoA

In this study, learners had the opportunity to evaluate the achievement of their learning objec-
tive on the new progress overview on the learner dashboard for the �rst time (Figure 3.19). This
is made possible by the automatic calculation of the objective progress within the platform also
allowing us to evaluate the achievement rates. From our perspective, with the experience of many
years of operating multiple MOOC platforms, these �gures ranging from 18.18% up to 46.97%
are considered a success. Also, between 6.06% and 18.18% of the learners even exceeded their ob-
jectives, which indicates an increase in motivation during the course. However, to the best of our
knowledge, there are currently no comparable �gures as this approach of success in MOOCs is
new. Only the certi�cation rates for objectives that included a Record of Achievement can be com-
pared with the traditional approach (Table 3.19) since gaining a graded certi�cate is the commonly
assumed course outcome to date. For the prototype2019 course, we see an increased certi�cation

Table 3.19: Traditional vs. Selected Objective Certi�cation Rates

Course Shows Traditional RoAs Selected Objective RoAs

At Middle N Quota RoA Objective N Quota

prototype2019 1,568 250 15.94% 322 92 28.57%
international-teams2019 1,074 212 19.74% 574 180 31.36%
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rate of 12.63%, from 15.94% of gained Records of Achievement for the total course population to
28.57% of users who selected objectives including this certi�cate. For the international-teams2019
course, we see an increased certi�cation rate of 11.62%, from 19.74% of gained Records of Achieve-
ment for the total course population to 31.36% of users who selected objectives including this
certi�cate. We consider both rates as a practically signi�cant improvement. However, these rates
relate to di�erent total quantities and therefore do not re�ect an absolute increase in the num-
ber of gained certi�cates. Nevertheless, they demonstrate that this objective achievement-based
method is more reasonable for calculating completion rates in MOOCs than the traditional ap-
proach.

All in all, we have observed varying objective selection rates, probably due to di�erent formu-
lations by di�erent teaching teams and target groups. Most users tend to select objectives that
include a graded certi�cate, but also a considerable number of learners select objectives with less
e�ort, covering only parts of a course. Regarding research question 2.11, about one-�fth to half
of the learners achieve their learning objectives and a notable amount of them even exceeds them.
We were also able to compare the certi�cation rates of the total course population with the users
who selected an objective which leads to a graded certi�cate. We observed a practically signi�cant
improvement.

3.7.3 Conclusion

In this section, we presented a continuative study of personalized learning objectives in MOOCs
to better support self-regulated learning and incorporated the three strategies goal setting, strategic
planning, and self-evaluation with technical means. These are crucial skills for students’ achieve-
ment and success in online learning environments with little support and guidance like MOOCs.
Having explored the students’ acceptance and usefulness of the concept in the last section, the
overall positive results prompted us to further investigate which learners select an objective, and
how successful they complete objectives. Regarding the learners’ socio-demographic and geo-
graphical background, i. e., their age, gender, degree, career status, or geographical location, we
did not identify any practically signi�cant di�erence between students with selected learning ob-
jectives and the total course population (research question 2.9).

Furthermore, we compared the course satisfaction of students with and without a selected
learning objective with self-reported data from a post-course survey. We found no statistically
signi�cant di�erences and no practical relevance. Therefore, students with a selected learning ob-
jective are no more, but also no less satis�ed with the course than students without a selected
learning objective (research question 2.10). It is interesting to note that the provided tools do
not seem to have any impact on the general course satisfaction, but usefulness and achievement
rates are perceived and in�uenced positively. To investigate causality, further qualitative studies
are necessary.

However, we identi�ed promising objective achievement rates. Additionally, we observed a
practically signi�cant improvement of the certi�cation rates comparing the total course popu-
lation and students who selected an objective that included a graded certi�cate (research ques-
tion 2.11), which provides further evidence that our concept of personalized learning objectives
in combination with a learning analytics dashboard ful�lls its intended purpose. The selection
and achievement of learning objectives enable users to pursue their individual intention and mo-
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tivation to enroll in an open online course, whereby they can evaluate their learning progression
by means of data-driven insights. Moreover, this concept also contributes to further detach the
de�nition of learning success in this open format from the exclusive achievement of certi�cates.

3.8 Summary

This chapter addressed the question of how data-driven insights can be used to support learning in
MOOCs. Due to the massive number of students in such online courses, individual guidance of-
ten cannot be provided. Therefore, it is crucial for the learner’s success to set goals autonomously,
plan them strategically, evaluate their progression, and adjust the own learning behavior if nec-
essary. However, many students do not self-regulate their learning because these skills need to
be learned and practised as well. Here, technical means can provide support. For this purpose,
we developed a learning analytics dashboard for learners, and also elaborated and integrated the
concept of personalized learning objectives into the HPI MOOC Platform. In several iterations,
we investigated various aspects and research questions. Thereby, a wide range of the platform’s
learning analytics capabilities was used.

First, we expanded the existing progress page of the platform into a dashboard. For this pur-
pose, requirements were derived from literature on the one hand and from an ideation session
with experts on the other hand. In the latter, six categories emerged to be considered in the de-
velopment of visualizations and widgets: an improved progress overview, the invested learning
time vs. the outcome, the time needed for the remaining course material, a more �ne-grained per-
formance evaluation, opportunities for social comparison, and call-to-actions. These, along with
the requirements and limitations of technical feasibility, were incorporated into the implemen-
tation process of the dashboard. The following components were developed: a revised progress
overview, the estimated time for course material, next course dates, the students’ forum activity,
information on the self-test and assignment performance, repetition suggestions, the achieved
points over time, the time spent on quizzes, the timeliness of submissions, the visited items over
time, the learning activity per hour per weekday, and session statistics. Also, empty states for the
widgets were implemented to encourage the learner to re�ect and adjust their learning behavior
if necessary. Furthermore, the entire technical foundation of the page was replaced in order to
load and render the various components independently of each other. In a �rst study, a survey
was conducted to investigate whether the dashboard is perceived as useful and accepted, as well
as which components are most valued by the learners. The majority of participants agreed or
strongly agreed that it is easy to use and extremely useful. The learners’ acceptance is therefore
clearly present. The most valued widgets on the dashboard were the progress overview, the course
dates, the achieved points over time, the quiz performance, and repetition suggestions. Other
ideas for improvement were also stated.

In the next iteration, we �rst incorporated the learners’ feedback. Therefore, some dashboard
components were rearranged, more explanations were added, and the session statistics were re-
moved. We then conducted an A/B/n test to determine whether the completion rates were statis-
tically signi�cantly di�erent when learners used the old progress page, the new progress overview,
or the complete revised dashboard. However, the results clearly showed that there are no signif-
icant di�erences in the completion rates of learners concerning the use of the three dashboard
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variants and thus all are su�cient to achieve a graded certi�cate. Nevertheless, one of our main
aims is to support self-regulated learning, which we explored further with a survey. The responses
revealed that in particular the strategy of self-evaluation is encouraged by the stimulation of aware-
ness and re�ection of one’s own learning situation and behavior. Besides, strategic planning is also
partly supported by stimulating the adaptation of the learning behavior when required.

The next step was the incorporation of the strategy of goal setting. Therefore, we �rst examined
the status quo of how learners in MOOCs set and achieve learning objectives. For this purpose,
self-reported pre-course surveys of the HPI MOOC Platform were analyzed and the results were
compared with similar studies. More than two-thirds of users selected a learning objective and
of those, only about one quarter were interested in a graded certi�cate. The majority was there-
fore mainly interested in learning the course content, regardless of a formal record. Based on the
analysis of platform data, we found that approximately half of the learners achieved or exceeded
their goal, but the precise ratios are very course-speci�c. The presented related studies also showed
very diverse objective achievement rates. On the one hand, this is probably due to the di�erent
course characteristics in terms of instruction design, examination modalities, di�culty, and re-
quired e�ort. On the other hand, it is also caused by the imprecise and inadequately comparable
analysis methods utilizing pre-course and post-course surveys. Therefore, we elaborated a concept
for personalized learning objectives, which incorporates goal setting, strategic planning, progress
evaluation, and goal achievement as technical platform features.

Thus, we developed a learning objectives model that supports course-level objectives including
certi�cates, thematic units, and course exploration. This model was implemented within a new
service for the service-oriented architecture of the HPI MOOC Platform. To set an objective,
di�erent UI alternatives were developed that can be used at di�erent places and times in a course,
of which the most accepted were examined later. The selection of an objective is accomplished
with a modal that lists all objectives with descriptions and the required time e�ort. It also outlines
how the objective impacts the learning process and afterward a con�rmation explains the objective
guidance, for which course sections and items are marked that are part of the selected objective.
Also, the objective can be changed at any time on the progress page. We conducted an A/B/n
test to assess the acceptance of the implemented prototype. Of all learners, about one-third to
one-half selected a learning objective. The UI pattern that performed best was to automatically
open the modal once the �rst time a learning item was visited, and also to display an infobox on
each item page that can be used to manually open the modal. Over one-third of learners selected
a goal that did not include a certi�cate. Changes to the objective after initial selection were rarely
made. In addition, another survey was conducted to determine the usefulness and usability of the
prototype. Positive results were measured here, especially with regard to motivating aspects of the
concept.

In the last step, the concept was re�ned based on the results of the previous test. The new
progress overview of the learner dashboard was incorporated to be able to track the progress of
the selected objective. Thus, the three self-regulated learning strategies goal setting, strategic plan-
ning, and self-evaluation were combined and technically supported within the platform, whereby
the prototypes realized one practical approach out of many. For the last evaluation, we explored
three research questions. First, we examined the sociodemographic and geographic background
of learners with selected learning objectives. The pro�le data evaluated for this purpose did not
reveal any practically signi�cant di�erences between learners with selected objectives and the to-
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tal course population regarding their age, gender, degree, career status, or geographical location.
Second, we used a post-course survey to examine whether the general course satisfaction di�ers
between learners with and without a selected objective. The results were very positive for both
cohorts but did not show any statistically signi�cant di�erences. Last, we examined the achieve-
ment of learning objectives. The varying selection rates and types of selected learning objectives
support the conclusions of the last study. Depending on the objective and course, about one-�fth
to one-half of the learning objectives were achieved. Compared to conventional completion rates
in MOOCs, these �gures are a noticeable success. In addition, even approximately six to eighteen
percent of the learning objectives were exceeded. This had not been measurable before and the
learning success could not be determined in such detail. However, this also makes it di�cult to
compare the rates with existing �gures. We were therefore only able to make a direct comparison
of learners who selected an objective that included a graded certi�cate with traditional certi�ca-
tion rates of the total course population. Here, we found increased certi�cation rates of about
11.6% to 12.6% when a learning objective was selected. We consider this a practically signi�cant
di�erence which emphasizes that the concept is ful�lling its purpose of supporting self-regulated
learning and is having a positive impact on students’ achievement.

All in all, we demonstrated that technology incorporating data-driven insights can support
learning and self-regulation in MOOCs. A LAD for learners served as a central component, allow-
ing them to additionally select and pursue a learning objective while evaluating their progression.
Thereby, we also showed the advantages and limitations of the technical integration in an authen-
tic MOOC environment.
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4 Supporting Teachingwith
Data-Driven Insights

This chapter shows how a learning analytics dashboard is utilized to support teaching in MOOCs.
The context-speci�c origin of a �rst prototype is explained, on the basis of which requirements
are de�ned through teacher interviews. Technical and functional improvements are implemented
and the usefulness of the integration of web analytics is investigated. Afterward, the usage and
perception of the dashboard is examined.

4.1 Introduction

Already in traditional classrooms, monitoring their students’ learning is a vital method for teach-
ers to deliver quality education e�ectively [20, 86]. With the advent of MOOCs, classrooms be-
came purely digital, �lled with thousands to hundreds of thousands of students, most of whom
communicate and interact asynchronously with each other and teaching sta� through video lec-
tures, forum discussions, and feedback surveys. The challenge of monitoring this tremendous
amount of students in MOOCs is evident and cannot be achieved with human resources alone,
but is even more important due to the lack of personal guidance and feedback in online and dis-
tance learning [42]. The technology that enabled these online learning environments in the �rst
place is therefore also in demand to support teachers with these shortcomings. Hence, this chapter
examines the following research question:

ResearchQuestion 3: How can data-driven insights support teaching in MOOCs?

One of the main approaches of learning analytics is to provide visual information [125]—e. g.,
to reveal data-driven insights for teachers into their students’ learning and to support them in
decision-making. Humans are capable to process large amounts of data if they are presented vi-
sually and meaningfully [72, 134] and thus empower to make better use of human intelligence
[6]. Therefore, learning analytics dashboards are used to process and illustrate learning data with
various visualization techniques [92]. After providing such learning analytics capabilities for the
HPI MOOC Platform and utilizing them to support learning in MOOCs, it also raises the possi-
bility to assist teachers. A dashboard had been created for teachers whose needs �rst evolved from
the day-to-day use of the platform. This resulted from the platform’s di�erent deployment con-
texts and the involved stakeholders as elaborated in Subsection 1.4.2. To formalize the dashboard’s
requirements we explore the following sub-question in this chapter:

ResearchQuestion 3.1: Which requirements do teaching teams have for a learning analytics
dashboard?
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Based on the identi�ed shortcomings, the existing dashboard prototype is technically revised.
In particular, the web analytics capabilities are utilized which were integrated into the platform as
introduced in Section 2.4. To investigate the added value for teachers of this extension, another
sub-question is studied:

ResearchQuestion 3.2: Can web analytics methods improve the usefulness of the dashboard
for teaching teams?

After that, we address functional improvements of the dashboard. The implementation allows
to understand how bene�cial the LAD for teachers is during the development, facilitation, and
evaluation of courses. Therefore, the following two research questions are formulated, the an-
swers to which also provide further evidence relevant to the overall research �eld in the form of a
real-world case study:

ResearchQuestion 3.3: How are the dashboard and statistics used by teaching teams?

ResearchQuestion 3.4: How are the dashboard and statistics perceived by teaching teams?

To investigate and answer the main research question 3, the �rst two derived sub-questions are
examined in Section 4.2, and the latter two are addressed in Section 4.3. After that, Section 4.4
provides a summary of the chapter.

4.2 Towards a LearningAnalyticsDashboard forTeachers

After the early days and �rst courses on the platform, it quickly became clear that teaching teams
need data-driven insights into their courses, for example, to identify and respond to problems,
or evaluate the courses after completion. Therefore, this section shows the transition from an
initial dashboard prototype that emerged from the platform’s daily operation to a scienti�cally
accompanied approach in order to systematically review and support the process of further de-
velopment. Thereby, the requirements of teaching teams for a learning analytics dashboard are
elaborated (research question 3.1) and �rst technical improvements are examined. In particular,
the use of web analytics methods is addressed (research question 3.2).

4.2.1 The Origin of the First Dashboard for Teachers

In the early and more turbulent years of the platform, many features emerged from the lessons
learned in the day-to-day business, especially when the �rst partners deployed the platform under
their brand. In order to support and evaluate courses, as well as for presentations, news, and to
answer management inquiries, requests were repeatedly made to the development team to pro-
vide speci�c �gures and data. Initially, these requests were executed manually, mostly as database
queries on the platform’s servers. Gradually, repetitive requests were translated into features and
thus made available in self-service via the platform itself. Various reports and dashboards were
thus provided, including a prototype of a course dashboard for teaching teams.

This prototype includes high-level data on the number of learners and ‘no-shows’, the forum
activity, the number of certi�cates achieved after completing a course, as well as information on
the geographic distribution of learners and what types of devices they use. In addition, other
statistics are available, such as how often a course has been shared on social networks.
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However, a systematic development process is lacking and requirements and shortcomings of
the dashboard are unclear. Therefore, in the following, we study related work and elaborate issues
of the prototype to revise the concept and increase its usefulness.

4.2.2 RelatedWork

The term ‘dashboard’ refers to a “visual display of the most important information needed to
achieve one or more objectives; consolidated and arranged on a single screen so the information
can be monitored at a glance” according to Few [39]. It is thus a reporting mechanism that ag-
gregates and visualizes metrics and KPIs to support decision-making by uncovering and commu-
nicating contextual insights [43]. In the educational technology domain, LADs are often used
to visualize learning traces for learners and teachers to increase their motivation, autonomy, e�ec-
tiveness, and e�ciency. For teachers, most of these dashboards are developed to raise awareness
of their students’ activity, to re�ect on their teaching practice, to �nd students at risk or isolated
students, and to adapt their teaching behavior [160]. In the development of LADs and other LA
tools, various disciplines must be taken into account, i. e., software engineering, human-computer
interaction, computer graphics, educational design, and psychology [84].

One of the major challenges for dashboards is to present data in a way that can be interpreted
by teachers and lead to actionable insights [134]. Studies showed that teachers often �nd it easy
to work with dashboards, but have di�culty turning LA-based recommendations into actions for
students in need [51]. Rienties et al. [108] examined that the majority of teachers are looking for
training and support in the use of LA tools. In addition, the general acceptance of technology
correlates positively with the satisfaction of such training, hence extra support is necessary for
individuals with a lower acceptance rate. Besides general usability, Isaias et al. [55] also propose a
training process based on the cycle: awareness, training, and monitoring. To improve awareness,
they suggest the presentation of successful case studies and peer guidance between teachers. The
training has to teach the everyday use of dashboards and how they can be utilized to improve their
teaching process. In the monitoring phase, teachers have to be provided with support during their
actual use of dashboards when conducting courses.

According to a study by Stephens-Martinez et al. [150], teachers especially value dashboard vi-
sualizations about the students’ performance, activity patterns—e. g., which materials students
use—as well as “what students have to say”—i. e., the forum behavior and survey feedback. How-
ever, it has to be noted that only a few students in MOOCs are active in the forum and that they
are therefore not representative of a course’s entire learning community. Also, a lot of MOOC
instructors perceive demographic and geographical insights to be very motivating [41]. For the de-
velopment of LADs, a user-centered design approach is recommended, since an iterative process
allows to better involve the actual target group in continuous cycles of design-implementation-
evaluation [72, 164].

4.2.3 Elaboration of the Concept

In the following, we describe issues with the dashboard prototype that are identi�ed through ex-
pert interviews. Based on the gained insights, we elaborate functional and technical requirements,
of which the latter are incorporated into a revised concept at �rst.
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Issues of the Prototype

Several issues with the existing prototype were identi�ed by conducting semi-structured inter-
views with relevant experts. Six employees of openSAP were interviewed about usage scenarios of
the dashboard. The participants hold di�erent occupational roles in context of openSAP. Three
of them are in charge of certain courses as members of the corresponding teaching teams while
two hold the role of the platform owner. The last person has experience in both roles. Despite the
small number of available interviewees, the gained insights are highly relevant. The respondents
are experts in their �eld of duty, who work with the dashboard on a daily basis. Besides, openSAP
is a professional MOOC platform with a notable amount of users. Consequently, the views and
opinions of the interviewees are considerable in this context. The employees were asked for which
purposes they use the dashboard in their daily work and how they accomplish these tasks. In this
context, special attention was paid to identify parts of the dashboard that are essential and those
that are not used at all by the individual persons. Additionally, the interviewees were asked for
technical and conceptual issues as well as suggestions for improvements for the existing solutions.

The interviewees were interested in the general performance of a course which they derive from
the shown KPIs. Most important in this context are the number of enrollments and amount of
‘no-shows’ as well as the number of learners that received an RoA at the end of the course. Also,
they are responsible for identifying problems of learners and support them in �nding a solution.
This includes answering learners’ questions in the forum and examining statistics about quizzes
to detect questions that could be erroneous or too di�cult. For this purpose, the dashboard is of
little avail. It is used only to receive an overview of how many new posts there are on the forum.

One problem, which was mentioned by all interviewees, is the pages’ performance. Especially
when loading the dashboard, it takes a lot of time until the page is eventually shown in the browser.
In addition, the dashboard is usually visited frequently, which reinforces the issue. The reason for
these long loading times is that the page is not rendered until all required LA data is loaded and
visualized metrics and statistics are calculated.

Three of the interviewees criticized the dashboard to be cluttered. The page contains many
di�erent visualizations and the majority of them is not relevant for all stakeholders. As a conse-
quence, users may scroll over a number of components until they reach the visualization they were
actually looking for. Especially long tables, such as referrer or social share statistics take up a lot
of space, but are used only by certain users.

Another issue, that was however not mentioned by the interviewees, is the inconsistent use
of technologies. While a large part of the dashboard is realized as a client-side application being
executed in the browser, there are also parts being rendered server-sided in the backend. As a result,
the underlying code of these pages is spread across the frontend and backend code decreasing
understandability and modularity of the corresponding codebase.

Functional and Technical Requirements

The overall goal of the dashboard is to prepare and visualize learner data in a way that supports
teachers in decision-making, to increase their awareness of the students’ learning process, to re�ect
on their teaching practice, to adjust it if necessary, and to enable problem detection. Thereby, it
is important that the various visualizations are interpretable and can thus lead to action.
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In terms of content, the general performance of the course has to be evident at �rst glance, i. e.,
the number of learners, ‘no-shows’, and, after completion, certi�cates. After that, it is important
to visualize student activity and learning progress, i. e., what learning content is visited and how
assignments are accomplished, to see if quizzes are too di�cult or �awed. It is also important to
gather feedback from students to be able to respond to problems. For this purpose, forum and
data survey can be compiled. Also, geographic and demographic information are useful, to better
understand the composition of the learning community.

From a technical perspective, the dashboard has to be performant, i. e., available data is dis-
played in an acceptable amount of time and more complex longer-running calculations do not
block the entire rendering of the dashboard. Besides, the di�erent aggregation levels of the data
have to be re�ected in the structure of the dashboard, i. e., detailed data visualizations and large
tables are only displayed at subsequent pages and on request to not clutter the dashboard and
overwhelm the teacher.

Revised Technical Concept

To meet the needs of the stakeholders and solve issues of the existing prototype, the entire concept
of the dashboard is revised from di�erent perspectives. In this paragraph, we focus on the technical
requirements �rst, including the integration of WA metrics. The extension and completion of
the dashboard with regard to the di�erent functional domains of the platform is discussed in
Section 4.3.

On a structural level the general goal is to clean up the existing dashboard to simplify the access
to metrics and statistics. The actual objective of dashboards in general is to visualize complex data
in a simple way to provide a quick overview about a certain topic, in this case the performance
of speci�c courses. In the interviews it became clear that the existing dashboard contains a great
number of di�erent visualizations, whereas the majority of them is not relevant for all stakehold-
ers. The new concept focuses on visualizations being relevant for the majority of the users while
providing possibilities to obtain extensive information on demand. As KPIs are highly relevant
for all interviewees, the corresponding part is retained. In contrast, detailed visualizations built for
special purposes are moved to separate pages, referred as ‘statistics pages’ in the following. How-
ever, the information of the moved parts still have to be represented in the dashboard. Hence,
there is a component in the dashboard visualizing the underlying data at a higher level for each
statistics page, which takes up less space and is also easier to understand. At the same time, it
serves as a link to the corresponding statistics page. For example, the list of social networks the
courses have been shared in is moved to such a separate page. Along with this, the total number of
course shares is added as a KPI to the dashboard. In this way, users receive an overview about the
performance of a course and can follow the links in case they are interested in detailed information.

In addition to the revision of the existing concept, the new Google Analytics metrics intro-
duced in Subsection 2.4.3 are integrated into the dashboard. This is achieved by adding new vi-
sualizations and creating new statistics pages, e. g., a heat map showing the average number of
learners per hour per day of week. This component additionally links to a new activity statistics
page. It shows histograms of session durations and the number of days between two subsequent
sessions. The corresponding metrics group values to buckets, which ensures clarity and under-
standability of the visualizations. These bar charts also show the platform average for each bucket
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making it possible to compare the activity of a course with the average of all courses. Next to these
two visualizations another heat map shows the number of active users for each day and hour in the
course time frame. This visualization is similar to the heat map of the existing course dashboard
that shows the temporal activity of users.

From a technical perspective, all pages are now rendered consistently on the server-side, but
required analytics data is retrieved asynchronously through a dedicated API on the client-side.
This approach has the advantage that the initial page is loaded quickly in the browser and the users
already see the structure of the page while required data is loaded in the background. To retrieve all
data that is visualized in the dashboard, multiple API requests to di�erent endpoints are necessary.
These requests are sent and processed concurrently. As a result, data is shown on the page as soon
as it is received. Therefore, metrics which are calculated more quickly are already visible in the UI
while more expensive operations are still running. In addition, all API requests are cached, each
with an individual time frame based on the required timeliness of the data. Also, most of the data
is lazy loaded, i. e., the request is delayed until the element is scrolled into the viewport and visible
in the user’s browser. All these improvements contribute to a better dashboard performance. In
the backend, various queries of metrics are also optimized.

Listing 4.1: Example of a Data Visualization Pipeline

1 <ajax-wrapper data-url="/api/v2/statistics/course_dashboard/item_visits.json?

course_id=265...dec" lazy-load="true">

2 <data-selector key="count">

3 <score-card icon-classes="eye" link="/courses/ruby2018/statistics/item_visits"

link-text="More details" name="Item Visits"></score-card>

4 </data-selector>

5 </ajax-wrapper>

To encapsulate and unify the retrieval, transformation, and visualization of the data in the fron-
tend, a JavaScript library1 is created to provide reusable Polymer2 web components based on the
popular libraries Plotly3 and D34. Thus, various custom HTML data source, transform, and re-
ceiver nodes can hierarchically pass the data to the respective subordinate nodes and thus form
processing pipelines for the visualization of metrics. An example can be seen in Listing 4.1 which
is rendered as shown in Figure 4.1.

Figure 4.1: Rendered Data Visualization Pipeline for a Score Card Widget

1https://github.com/openHPI/m.e.i.n.e.l/
2https://www.polymer-project.org/
3https://plotly.com/javascript/
4https://d3js.org/
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4.2 Towards a Learning Analytics Dashboard for Teachers

4.2.4 Evaluation

This subsection focuses on evaluating the technical enhancements of the dashboard. Therefore,
the usability of the revised and extended LA dashboard is assessed by comparing it with the previ-
ous prototype on the basis of a conducted survey. This includes answering research question 3.2
by examining the usefulness of the implemented WA metrics.

Methodology

To achieve the goals of this evaluation, a survey was conducted addressing teaching team mem-
bers of openHPI and openSAP as they are the target group of the according dashboard. As the
audience is really speci�c and thus small, only 11 respondents could be acquired for answering
the questionnaire. However, the importance of participants’ views and positions are still highly
relevant as they are experts in their �elds, who utilize LA insights in their daily work. Therefore,
results of this survey are still meaningful despite the small number of respondents. The partici-
pants were asked to express their agreement with the following ten statements separately for the
existing and the revised dashboard:

Q01: The dashboard helps me to monitor the activity of my courses.
Q02: The dashboard facilitates access to relevant metrics.
Q03: The dashboard meets my needs.
Q04: I regularly use the dashboard for my work.
Q05: The dashboard is easy to use.
Q06: The dashboard is understandable.
Q07: The dashboard loads fast.
Q08: The dashboard is clear and tidy.
Q09: The dashboard works the way I would expect.
Q10: I like to use the dashboard.

A Likert scale with the following four levels and corresponding scores was utilized for giving
answers: (0) strongly disagree, (1) somewhat disagree, (2) somewhat agree, and (3) strongly agree.
The complete response data can be seen in Appendix C.4. For evaluating the signi�cance of di�er-
ences, a Wilcoxon test is performed based on the answers’ scores for each question. Additionally,
e�ect sizes are computed with Cohen’s d. These statistics can be found in Table 4.1. The partici-
pants were also approached for qualitative feedback by means of free-text questions. This includes
asking for suggestions for improvements. While the �rst two questions are considered in the fol-
lowing, the mentioned improvement suggestions are discussed later.

The survey results are analyzed concerning two aspects of this work. First, the usefulness of WA
insights in context of LA is evaluated for answering research question 3.2. Afterward, the ease of
use and satisfaction of the revised concept are assessed based on the answers of the participants to
examine whether the goals of the revision are accomplished.

Usefulness ofWeb Analytics Insights

From a content-related perspective, integrating the implemented WA metrics did not result in a
signi�cant di�erence of the usefulness (p < 0.05). The new metrics were not highly relevant
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Table 4.1: Descriptive and Inferential Statistics for Usability Before and After Revision of the Dashboard

Existing Dashboard Revised Dashboard Wilcoxon

Q Mean Std.Dev. Mean Std.Dev. p-value Cohen’s d

01 2.1818 0.6030 2.2727 0.6467 0.6547 0.1454
02 2.0909 0.7006 2.4545 0.8202 0.1573 0.4767
03 1.6364 0.6742 1.9091 0.7006 0.1797 0.3967
04 2.4545 0.6876 2.5455 0.5222 0.5637 0.1489
05 1.9091 0.9439 2.3636 0.8090 0.1025 0.5170
06 1.3636 0.6742 2.1818 0.8739 0.0235 1.0484
07 1.0909 0.5394 2.0000 0.7746 0.0152 1.3621
08 1.2727 0.6467 2.3636 0.8090 0.0097 1.4895
09 1.8182 0.6030 2.1818 0.7508 0.0455 0.5340
10 1.6364 0.5045 2.2727 0.7862 0.0196 0.9633

for the majority of participants (Q02) and could neither help them in monitoring the activity in
courses (Q01), nor increase the satisfaction of their needs (Q03) in a signi�cant extent. Further-
more, the additional insights did not lead to respondents planing to use the dashboard more often
in a remarkably scope (Q04).

The performance of the dashboard (Q07) was signi�cantly increased (p = 0.0152) with a large
e�ect (d = 1.3621). This was achieved partly by replacing certain existing metrics with appro-
priate WA metrics, which can be retrieved faster. Therefore, the integration of WA contributed
to this improvement. However, the performance of the local analytics stores can also be boosted,
e. g., by upgrading the underlying hardware. Especially for a non-commercial project, making use
of the provided cloud infrastructure of WA tools, which is in case of Google Analytics even free
of charge, is a meaningful decision to improve the performance of complex queries. The major-
ity of the underlying metrics can also be covered by using WA methods. Consequently, WA can
provide further insights and their usefulness is already proven. Nevertheless, the e�ect of these
insights cannot be measured in this context as there is no basis of comparison. However, online
learning platforms that do not have such sophisticated LA capabilities as the HPI MOOC Plat-
form can bene�t from integrating these WA metrics.

Ease of Use and Satisfaction of the Revised Concept

Besides examining the usefulness of the implemented WA metrics, the survey also aimed to as-
certain the ease of use and satisfaction of the revised dashboard concept. In addition to the im-
proved performance, the e�ect of which was already determined previously, the redesign led to a
signi�cant increase (p = 0.0235) of the understandability (Q06) with a proven large e�ect (d =
1.0484). Besides, a highly signi�cant di�erence (p = 0.0097) was found in regard to the clear-
ness (Q08) with a large practical e�ect as well (d = 1.4895). In terms of satisfaction of partic-
ipants, a signi�cant improvement (p = 0.0455) with an intermediate e�ect (d = 0.5340) was
measured in the extent that the dashboard works as expected by the participants (Q09). Addi-
tionally, the respondents also prefer working with the revised version (Q10) as a signi�cant di�er-
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ence (p = 0.0196) of respective answers with a large e�ect (d = 0.9633) was ascertained as well.
However, the revision had no signi�cant impact (p = 0.1025) on the simplicity (Q05).

In addition to the quantitative evaluation, the participants were asked to mention aspects of the
revised concept they liked most. The majority brought up the improved clarity caused by moving
detailed statistics to separate pages and enabling the possibility to drill-down. Besides, also the fact
that data for each chart is loaded independently was well received. Other mentioned aspects were
the availability of new KPIs and charts, the improved visualizations, and the increased number of
LA insights.

4.2.5 Conclusion

In this section, it was shown which requirements for a learning analytics dashboard for teaching
teams can be derived based on a prototype that has been developed in practice (research ques-
tion 3.1). For this purpose, experts who had used the prototype extensively were interviewed and
related work was examined. In addition to requirements based on the functional domains of the
platform, technical issues were also uncovered. In particular, the performance and hierarchy of
the visualized data are crucial. As a �rst step, a revised technical concept was therefore elaborated
and implemented, which included especially the use of WA methods.

The evaluation of the usability of the revised and extended dashboard has shown that the newly
implemented WA metrics did not have statistically signi�cant di�erences in terms of the usefulness
of the dashboards (research question 3.2). However, a large part of the existing LA capabilities,
which are indeed proven to be useful for the stakeholders, can also be realized by using WA meth-
ods. Consequently, WA can still provide useful insights in the context of LA. In addition, it can
contribute to an increase of the general performance by making use of the cloud infrastructure
of WA tools. Besides, the revision of the dashboards had a signi�cant impact on the ease of use
and satisfaction. Especially the clearness was improved notably as shown by the quantitative, but
also qualitative evaluation. Therefore, the intentions and goals of the revision were accomplished.
The next iteration focuses on the implementation of the remaining functional requirements.

4.3 The Teacher Dashboard in Practice

Building on the technical improvements of the last study, the functional requirements for the
teacher dashboard are completely implemented and examined in this section. In particular, the
focus is on the usage during di�erent teaching phases of a course (research question 3.3) and the
perception of teachers with di�erent experience levels (research question 3.4).

4.3.1 The Teacher Dashboard and Statistics

In this subsection, we present the di�erent visualizations and statistics that are implemented for
course teachers and managers on the platform to achieve the functional requirements described
in Subsection 4.2.3. The provided visualizations and statistics are based on the �ndings of re-
lated work (Subsection 4.2.2), the technically available data in the platform, and the previously
collected input and feedback from teachers. For this work, we explicitly limit the scope of the dash-
board to the visualization of data. This means that the interpretation of data and the derivation
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of recommendations for action are up to the teacher. We retain the possibility of implementing
such features in a future iteration of the system, which then allows to measure the impact of such
extensions compared to this version.

Enrollments & Certificates Overview

The dashboard serves as a central entry point and presents the most relevant KPIs aggregated for
the entire course. First, there is an overview of all enrollments and certi�cates (as soon as they are
available) as shown in Figure 4.2. In addition to the current numbers, di�erent points in time are
shown for the course: the start, the end, and the middle. The middle of the course is a �xed date
until which it is still possible to enroll in the course and achieve enough points to receive a Record
of Achievement. Based on this value, the completion rate is calculated. In contrast, the Con�rma-
tion of Participation is determined by the number of students at the end of the course. Addition-
ally, students are �ltered for ‘shows’ (the opposite of ‘no-shows’)—i. e., users who have viewed at
least one learning item. These �gures are the usual KPIs used to communicate the success of a
MOOC to the outside world and the higher management in organizations. Further details about
these �gures are discussed in Subsection 1.4.1.

Figure 4.2: Dashboard: Enrollments and Certi�cates Overview for the Overall Course

Learning Items and Forum KPIs

Afterward, certain KPIs for the learning items and the forum are displayed, with which, e. g.,
the activity and di�culty of several MOOCs can be compared quickly. The learning items KPIs
(Figure 4.3) show the number of total item visits, videos played by users, video asset downloads,
link clicks in texts, graded quiz performance, and self-test performance. Each KPI provides a link

Figure 4.3: Dashboard: Learning Items KPIs for the Overall Course
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to more details, which opens a statistics page with all individual items of the corresponding type,
that shows further key �gures per item. The forum KPIs (Figure 4.4) show the total number of
posts and topics in the forum and how many learners were active in the forum.

Figure 4.4: Dashboard: Forum KPIs for the Overall Course

Enrollments & Learners and Forum &Helpdesk Historic Data

The historical development of some data is displayed as a graph. First, the growth of enrollments
and learners is shown (Figure 4.5). In addition to the total enrollments, new learners on the plat-
form (i. e., their �rst course) and ‘no-shows’, the enrollments of the last day, and the active users
of the last day or the last 7 days can be displayed. The dotted vertical lines mark the start and end
date of the course. Second, the historical growth of forum and helpdesk KPIs is shown in another
graph (Figure 4.6), i. e., the total number of posts, topics, and helpdesk tickets.

Figure 4.5: Dashboard: Enrollments and Learners Historical Data for the Course

Figure 4.6: Dashboard: Forum and Helpdesk Historical Data for the Course
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User Locations

The dashboard displays a world map with countries as shown in Figure 4.7. The coloring visual-
izes the number of users having accessed the course from the respective countries based on an IP
address mapping. The user locations can, for example, help to identify and measure the reach of
geographical target groups.

Figure 4.7: Dashboard: User Locations

Active Learners by Time of Day, Age Distribution, and Client Usage

At the bottom of the dashboard, there are three more visualizations (Figure 4.8). First, a heat
map of active learners by time of day showing in aggregated form how many users were active
on average per hour per weekday. Courses are usually structured in weeks, which often results in
activity patterns on the platform, which can be traced here. Second, an age distribution is shown,
which compares the di�erent age groups of the course participants with the overall average of the
platform. This makes it possible to examine whether the course addressed a rather younger or
older target group. Third, a Venn diagram of the client usage is displayed, i. e., how many users
accessed the course via a browser on a computer, a browser on a mobile device, or with one of the

Figure 4.8: Dashboard: Active Learners by Time of Day, Age Distribution, and Client Usage
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mobile apps for Android and iOS, as well as the intersections of users who used multiple devices.
This enables to assess how many students have learned mobile or stationary.

In addition, the dashboard o�ers the possibility to open further statistics pages via a menu or
links below the individual KPIs. These pages o�er deeper insights into speci�c aspects of the
course, mainly about the di�erent learning contents and the students’ interactions.

Item Visits

The item visits page o�ers a table with all learning items of the course with the number of visits
and visits by unique users (Figure 4.9). A second table shows the average visits accumulated per
item type. This page can be used to identify the most and least viewed content and content type.

Figure 4.9: Statistics Page: Item Visits

Videos, Video Downloads, and Video Details

The videos page provides a table with all video items of the course with the number of plays by
users, the durations, the number of forward and backward seeks, and the average farthest watched
percentage by users (Figure 4.10). The latter is based on the largest video timestamp per user
captured during an interaction with the video player, e. g., by pressing play/pause or seeking in
the video. This means that the user has not necessarily watched the entire video content up to
this point, but it serves as an approximate value. This page can be used to detect videos that are
often aborted or in which jumps are frequently made. The video downloads page displays for the
same video items the number of downloads of the video streams, but also additional material like
presentation slides or audio �les (Figure 4.11). The video details page shows the presented KPIs
for a single video and below the captured interactions with the video player (play, pause, seek,
and changed speed) by users accumulated in chunks on a timeline (Figure 4.12). This can help to
detect anomalies, e. g., indicating ambiguities in the video.
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Figure 4.10: Statistics Page: All Videos of the Course

Figure 4.11: Statistics Page: All Video Downloads of the Course

Figure 4.12: Statistics Page: Details of a Video (Interactions)

Quizzes andQuiz Details

The quizzes page provides a table for all graded quizzes (Figure 4.13), self-tests, and surveys of
the course. For each quiz, the overall submission count, the average performance, and the average
submit duration are presented to quickly identify problematic items. As for all these tables, it can
be easily navigated to the quiz details page of a single quiz. Here, a historical graph is shown with
all submissions over time (Figure 4.14), as well as statistics for each question of a quiz (Figure 4.15).
These usually provide the number of correct and wrong submissions of a question, the average
points, and a bar chart with the number of all given correct and wrong answer options. All of
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this can be used to determine if a quiz matched the expected level of di�culty, or if a question or
answer was too challenging or ambiguous and should be re-graded.

Figure 4.13: Statistics Page: All Graded Quizzes of the Course

Figure 4.14: Statistics Page: Details of a Quiz (Submissions over Time)

Figure 4.15: Statistics Page: Details of a Quiz (Answers and Performance of a Question)

Texts and Text Details

The possible interactions with text items are very limited, so the texts and text details page can
only provide information about the number of clicked hyperlinks by users, if there are any (Fig-
ure 4.16).
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Figure 4.16: Statistics Page: All Texts of the Course

Activity

The last page that is part of this work is the activity page (Figure 4.17). Similar to the active learners
by time of day on the dashboard, here the active learners per hour are displayed in a heat map, but
for each calendar day during the full course runtime, instead of aggregated per weekday. Therefore
(missing expected) activity peaks for every day of the course can be identi�ed with this visualiza-
tion.

Figure 4.17: Statistics Page: Activity (Users by Hour of Day)

4.3.2 Evaluation

In the following, we present an analysis of the usage data of the teacher dashboard and statistics,
and the perception based on survey results to examine the two remaining research questions 3.3
and 3.4. By means of the �ndings, we also suggest future improvements and research directions.
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Methodology

To investigate the research questions, data were collected in two ways. First, automatically cap-
tured usage data were collected from teachers and managers within the platform when they visited
the dashboard and statistics pages. This was conducted in the period from January 1, 2020, to Oc-
tober 1, 2020. All publicly and freely accessible courses that ran on three selected instances of the
HPI MOOC Platform, which both started and ended during this period, are used for analysis.
Thus, the usage data of 33 courses and 4,461 dashboard and statistics page visits is evaluated. The
entire data set is available in Appendix C.5.

Second, these teachers and managers were invited to a voluntary survey, which 23 of them com-
pleted. It turned out to be di�cult to get this group of people to answer an extensive survey, as
none of them teach or manage MOOCs full-time. Often, it is only a small part of their everyday
work. The �rst part of the survey addressed the evaluation of the usefulness of the various visu-
alizations and statistics during di�erent teaching phases of a course. For this purpose, we use the
classi�cation of the MIT Online Course Design Guide [90], which is structured into four phases
and consists of:

Pre-Design:
• The readiness of existing course content
• The experience with online teaching and learning
• Learner target analysis

Design andDevelopment:
• Objectives and outcomes
• Course structure
• Lecture development
• Assessment design

Facilitation:
• Course announcements and guides
• Forum administration
• Community engagement
• Troubleshooting and content updates

Evaluation:
• Course feedback
• Assessing analytics and statistics

We use the same classi�cation for the analysis of the usage data, but only for the last three phases
since there is no data available during the pre-design phase. In this phase, usually no work is being
done on the platform and therefore there is no course or page to visit yet. With the second part of
the survey, we examine the overall perception of the dashboard and statistics based on the Evalu-
ation Framework for Learning Analytics by Sche�el [131], which provides quality indicators for
LA applications. We also subdivide and compare the results according to the di�erent teaching
experience levels in MOOCs of the participants, which were also questioned in the survey. The
complete survey responses can be found in Appendix C.6.
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Usage of the Teacher Dashboard and Statistics

Based on the usage data of nine months, it can be seen in Figure 4.18a that an average of 7 teachers
and managers per course used the dashboard and statistics pages, with a minimum of 3 and a max-
imum of 15 people. The pages were visited between 8 and 687 times, with an average of 135 hits
per course (Figure 4.18b). In about 11.5% of the cases, the accesses took place before the courses
started, in the design and development phase; in about 51.5% of the cases during the courses’
runtime, in the facilitation phase; and in about 37% of the cases after the courses ended, in the
evaluation phase (Figure 4.18c).

Research question 3.3 can be answered to the e�ect that the dashboard and statistics pages are
used very frequently and by several teachers and managers per course, mainly while a course is
running and afterward for evaluation, but rather less during the design and development of a
course. This is plausible since no data is available before the course starts. However, data from
other courses or previous iterations of the same course can be used to make design decisions, e. g.,
regarding the expected target group or to improve problematic content. The use during the eval-
uation phase is given. Nevertheless, these correlations between courses cannot be automatically
captured yet in the platform and are therefore not part of this analysis. Overall, the high usage
numbers show that the dashboard and statistics pages are accepted by teachers and managers and
are an integral part of their processes when working with the platform.
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Figure 4.18: Variations in the Number of Visits of the Teacher Dashboard and Statistics Pages in the Exam-
ined Courses (N = 33)

Perception of the Teacher Dashboard and Statistics

Regarding the demographics of the 23 survey participants, about 65% were male and 35% female.
In terms of age distribution, 22% said they were between 20-29 years old, 57% between 30–39,
17% between 40-49, and 4% between 50–59. Furthermore, 39% declared that teaching, in gen-
eral, is a regular part of their work. So we are mainly faced with experienced professionals who
have very di�erent expertise in teaching. In the �rst part of the survey, we asked about the useful-
ness of all visualizations and statistics, as presented in Subsection 4.3.1, according to the following
scheme: “How useful do you �nd the <visualization> in the di�erent course phases?” The four
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course phases pre-design, design and development, facilitation, and evaluation were introduced
and explained to the participants beforehand. The answers were captured with Likert scales with
a numerical range from 1 (not useful at all) to 7 (very useful). The average value for each dash-
board visualization is shown in Table 4.2 and for each statistics page in Table 4.3. Additionally,
we illustrate the values in Figure 4.19 as radar charts.

Table 4.2: Average Usefulness Scores of the Teacher Dashboard Visualizations in the Four Teaching Phases

Phase V1 V2 V3 V4 V5 V6 V7 V8 V9 Overall

Pre-Design 2.57 2.35 2.04 2.74 1.96 2.48 1.87 2.43 2.00 2.27
Design and Development 3.09 2.48 2.17 3.39 2.22 2.87 2.04 2.78 2.43 2.61
Facilitation 5.35 5.52 5.26 5.04 4.30 4.57 3.96 4.43 4.00 4.71
Evaluation 5.96 5.39 5.35 5.57 4.48 5.13 3.91 5.13 4.65 5.06

V1: Enrollments & Certi�cates Overview. V2: Learning Items KPIs. V3: Forum KPIs.
V4: Enrollments & Learners Historic Data. V5: Forum & Helpdesk Historic Data. V6: User Locations.

V7: Active Learners by Time of Day. V8: Age Distribution. V9: Client Usage.

Table 4.3: Average Usefulness Scores of the Statistics Pages in the Four Teaching Phases

Phase S1 S2 S3 S4 S5 S6 S7 S8 S9 Overall

Pre-Design 2.35 2.13 2.09 2.09 2.61 2.57 1.96 2.09 1.96 2.20
Design and Development 2.43 2.17 2.13 2.30 2.83 2.87 1.96 2.30 2.04 2.34
Facilitation 4.78 4.83 4.39 3.91 5.22 5.57 3.83 3.83 4.26 4.51
Evaluation 5.43 5.26 5.04 4.09 5.91 5.57 4.22 4.83 4.35 4.97

S1: Item Visits. S2: Videos. S3: Video Downloads. S4: Video Details. S5: Quizzes. S6: Quiz Details. S7: Texts.
S8: Text Details. S9: Activity.
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Figure 4.19: Perceived Average Usefulness of the Teacher Dashboard Visualizations and Statistic Pages in
the Four Teaching Phases
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For the dashboard visualizations (Figure 4.19a), it can be seen that the items regarding enroll-
ments and learners, certi�cates, geographical data (user locations), and demographical informa-
tion (age distribution) are considered most useful. For the statistics pages (Figure 4.19b), especially
the quiz pages are considered most useful, followed by the item visits and video pages. All in all, it
is visible that the usefulness is rather limited in the pre-design (2.27 and 2.20 overall) and design
and development phase (2.61 and 2.34 overall), whereas a higher usefulness is perceived during
the facilitation (4.71 and 4.51 overall) and evaluation phase (5.06 and 4.97 overall). The results
are in line with the usage statistics, which allows the same interpretations. Before a course has
started, the lack of data and comparisons with already completed courses reduces the usefulness
of the dashboard and statistics pages. Some participants only thought of this possibility during
the survey, as they noted in the open questions that followed. However, once data on the actual
course are available, its usefulness increases. How comprehensible and bene�cial these insights
are, is questioned in the next part of the survey.

Based on the EFLA questionnaire [131], we surveyed eight quality indicators for learning an-
alytics tools grouped by the three dimensions: data, awareness and re�ection, and impact. The
answer options were based on a Likert scale with numerical values from 1 (strongly disagree) to
10 (strongly agree). As the framework proposes, we calculate the average values for each question,
then the dimensional scores by rounding the result of ((x − 1)/9) ∗ 100 where x is the average
value of a dimension, and �nally the overall EFLA score as the mean of the three dimensional
scores. The questions were:

Data:
D1: For the Course Dashboard and Statistics it is clear what data is being collected.
D2: For the Course Dashboard and Statistics it is clear why the data is being collected.

Awareness and Reflection:
AR1: The Course Dashboard and Statistics make me aware of my students’ current learning

situation.
AR2: The Course Dashboard and Statistics make me forecast my students’ possible future

learning situation given their (un)changed behavior.
AR3: The Course Dashboard and Statistics stimulate me to re�ect on my past teaching be-

havior.
AR4: The Course Dashboard and Statistics stimulate me to adapt my teaching behavior if

necessary.
Impact:

I1: The Course Dashboard and Statistics stimulate me to teach more e�ciently.
I2: The Course Dashboard and Statistics stimulate me to teach more e�ectively.

We suspect that the interpretation and derivation of actions from the dashboard and statistics
pages depend on the experience level of the participants. To investigate this in more detail, we also
divide the results according to the question: “What is your experience as part of a teaching team
in MOOCs?” with following answer options:

Novice: I have only developed and taught 1 MOOC so far.
Proficient: I have developed and taught 2 to 5 MOOCs so far.
Expert: I have developed and taught more than 5 MOOCs.
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4.3 The Teacher Dashboard in Practice

The participants showed a balanced distribution of teaching experience levels in MOOCs: ac-
cording to our classi�cation, 35% were novices, 26% were pro�cient, and 39% were experts. The
results of the di�erent quality indicator mean values and dimensional scores are displayed in Fig-
ure 4.20. Among the novices, the reason for data collection (D2: 6.88) and forecasting the stu-
dents’ learning situation (AR2: 6.25) received the lowest ratings, whereas increasing the awareness
of the students’ learning situation (AR1: 7.38) and the e�ectiveness of teaching (I2: 7.88) received
the highest ratings. Among the pro�cient, also forecasting the students’ learning situation (AR2:
5.17) and increasing the e�ciency of teaching (I1: 5.33) were rated worst, and increasing the aware-
ness of the students’ learning situation (AR1: 7.00) and the type of data collection (D1: 7.17) best.
Among the experts, the adaptation (AR4: 6.11) and re�ection of teaching (AR3: 6.22) received
the lowest ratings, whereas the reason for data collection (D2: 7.44) and increasing the awareness
of the students’ learning situation (AR1: 7.89) received the highest ratings.
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Figure 4.20: EFLA Results for the Teacher Dashboard and Statistic Pages for the Di�erent Teaching Expe-
rience Levels in MOOCs

Altogether, the aspect of forecasting the students’ learning situation (AR2: 6.04) is improvable
in particular, whereas increasing the awareness of the students’ learning situation (AR1: 7.48)
represents the greatest bene�t of the dashboard and statistics pages for teachers and managers.
However, the values are not too divergent overall and in general within a neutral to a moderately
positive area. Almost no aspect was rated negatively, which is also indicated by the dimensional
scores in Figure 4.20b (100 is the highest possible value, 0 the lowest). There are no practically rel-
evant di�erences between the dimensions, but a tendency can be seen in all dimensions between
the di�erent experience groups. Novices have the highest scores (overall 69), pro�cients the lowest
(overall 59), and experts are in between of them (overall 65). This leads to the interpretation that
teachers with less experience explore the possibilities with a certain curiosity. Pro�cients become
temporarily a bit disillusioned, and experts, who know better what is useful for them and what is
not, become more productive again in working with the provided tools. There is one exception
in the data dimension: here, experts have a higher score (71) than novices (68). Since this is all
about the “what” and “why” of data collection, it seems that with increasing experience, the un-
derstanding of relationships between collected data and the available visualizations and statistics
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4 Supporting Teaching with Data-Driven Insights

in the platform is increasing. In total, the overall EFLA score is 65. This enables fellow researchers
and us to compare similar tools with our dashboard and statistics pages and to measure improve-
ments in future iterations.

Research question 3.4 can be answered to the e�ect that teachers and managers perceive the
dashboard and statistics pages most useful during the facilitation and evaluation of a course, but
less before, which matches their usage behavior. The greatest bene�t of these data-driven insights
is the increased awareness of the students’ learning situation. The level of experience in teaching
has only a minor impact on the perception, although teachers with little or very much practice in
MOOCs �nd these tools slightly more helpful for their work than those with moderate experi-
ence.

FutureWork

The results showed that the dashboard and statistics pages still have potential during the design
and development of a course. On the one hand, training can be o�ered for teachers to explain how
the dashboards from previous courses can be used to improve the design of their courses. On the
other hand, since this cannot be o�ered in a scalable way for everyone because of the sheer amount
of MOOCs, technical support is needed. This requires the dashboard to include comparison
features with other courses, which also has the advantage that the usage in the phases before a
course starts can be measured and analyzed more e�ectively.

In order to better support not only awareness, but also re�ection and adaptation of the teach-
ing behavior, the next iteration of the dashboard has to o�er more explanations of the presented
metrics and recommendations for action. Furthermore, automated predictions can be provided
to better forecast the future learning situation of students and to react to issues early on to make
teaching in MOOCs even more e�cient and e�ective.

4.3.3 Conclusion

In this section, we presented a subsequent study of a learning analytics dashboard for teachers in
MOOCs as these tools are vital in the development, facilitation, and evaluation of courses. The
dashboard and subordinate statistics pages were implemented for the HPI MOOC Platform based
on an examination of related work, previously collected feedback and input from teachers work-
ing with the platform, and the technically available data. Visualizations were developed regarding
course enrollments and active students, student performance in assessments, use of learning ma-
terials like videos, forum activity, demographic and geographic information, and activity patterns.

The mixed-method evaluation was divided into two parts: platform data were utilized to an-
alyze the usage of the dashboard and statistics pages (research question 3.3), and self-reported
survey data were used to assess teachers’ perception of these tools (research question 3.4). Based
on the data of 33 courses, we discovered that the dashboard and statistics pages are used very fre-
quently (135 times on average per course) and by several teachers and managers (7 users on average
per course). The accesses occur mainly during the course runtime and especially afterward, as part
of the course evaluation. The high usage �gures emphasize the acceptance of the dashboard and
statistics pages by teachers and are considered as an integral part of their teaching processes when
working with the platform. However, they are rarely used during the design and development of
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courses since there is almost no data available at this phase. Insights from previous courses can be
utilized, but this usage cannot be technically captured and linked yet.

Based on survey responses, we found that the perception matches the results from the usage
analysis: teachers and managers consider the dashboard and statistics pages most useful during
the facilitation and evaluation of a course, although less useful before. It helps them to increase
their awareness of the students’ learning situation, whereby the support to re�ect and adapt their
teaching behavior can be improved. The level of experience in teaching has little e�ect on the
perception, even though teachers with limited or extensive experience in MOOCs perceive these
tools more bene�cial than those with moderate experience. In the future, a solution can be im-
plemented allowing teachers to make comparisons with other courses within the dashboard and
to provide better support during the design and development of a course. Also, recommenda-
tions and more explanations of the visualizations can help to make the data-driven insights more
actionable for teachers.

All in all, we are con�dent that this study provides a valuable contribution to the still young
research �eld of learning analytics dashboards for teachers in MOOCs. We presented further evi-
dence of the bene�ts and need for data-driven insights to teach at scale, the design and evaluation
of such tools, and further challenges.

4.4 Summary

Based on the learning analytics capabilities of the HPI MOOC Platform, this chapter examined
how data-driven insights can also support teaching in MOOCs. The focus was set on technology-
enhanced monitoring of the students’ learning as it is a key method in teaching. However, per-
sonal supervision is barely feasible in MOOCs. For this purpose, a learning analytics dashboard
for teaching teams was developed in multiple iterations and improved based on user feedback.
Thereby, four aspects were formalized as research questions and investigated.

An initial prototype of the dashboard emerged from the daily use of the platform and the re-
peated data requests from various stakeholders. These were gradually implemented in a dashboard
and related mainly to high-level KPIs such as the number of learners in a course. Nevertheless, an
overall concept was lacking, which is why a systematic review of issues and the de�nition of re-
quirements were identi�ed as the �rst aspect. For this purpose, the approach was twofold. First,
related work from research and practice about dashboards for teachers in MOOCs was exam-
ined and its �ndings analyzed. Second, expert interviews were conducted with personnel from
openSAP who work primarily with the platform and develop and host courses. Based on these
insights, various functional and technical requirements were derived. The overarching purpose
of the dashboard is to prepare learner data in a way that supports teachers in decision-making,
increasing their awareness of the learning progress, stimulating re�ection on their own teaching,
and if needed providing impetus when problems require adjustments and action. Regarding con-
tent, di�erent functional domains of the platform need to be addressed. In addition to overall
learner numbers, ‘no-shows’, and certi�cates, insights into activity and learning progress are re-
quired, i. e., how learners visit the content and perform in assignments. It is also important to
provide indicators for and be able to respond to feedback and questions in the forum and surveys.
Lastly, geographic and demographic information are also useful to better understand the compo-
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sition of all students. On the technical side, there was criticism that the dashboard needs to be
more performant. Up to this point, the dashboard was only displayed as a whole when all data
was processed and available. It is inconvenient that certain longer running calculations block the
visualization of immediately available data. In addition, it was noted that the previous prototype
is too cluttered. Therefore, the presentation of more detailed data has to be moved to subordinate
pages and only be accessed when needed.

In a �rst improvement step, the technical requirements were implemented. Here, metrics based
on the already introduced integration of web analytics methods were also used experimentally.
Whether these can increase the usefulness of the dashboard for teachers was examined as a second
research aspect. For this purpose, a survey was conducted with people from teaching teams of the
openHPI and openSAP platforms, comparing the initial prototype and the revised dashboard.
No statistically signi�cant di�erences in terms of usefulness were found for the additional use of
WA methods, nor was any increased practical relevance reported as a result of their integration.
However, they were able to contribute to the perceived signi�cant increase of the performance of
the dashboard with a large e�ect size. Nevertheless, it has to be be mentioned that other techni-
cal solutions can also enable this, but WA platforms can outsource the required resources which
saves costs and e�ort. In addition, signi�cant improvements in understandability, clearness, and
satisfaction were measured. The new structure, where more detailed data is moved to subordinate
pages and linked from the dashboard, was also well received. Overall, the results showed that the
intended technical improvement of the dashboard was achieved.

In the next iteration, the functional requirements were completely implemented and a detailed
overview of all visualizations of the dashboard and statistics pages was presented. These include
an enrollments and certi�cates overview, KPIs about the learning items and the forum, historic
charts of the enrollments, learners, forum and helpdesk, a world map of the students’ locations,
a heatmap of active learners by the hour of weekday, a bar chart of the students’ age distribution,
and a Venn diagram of the used mobile and stationary client applications. The statistics pages in-
clude more detailed information about the students’ visits of the learning items, interactions and
downloads of the video lectures, statistics of quiz submissions, interactions with text items, and
active users by the hour of day across the timeline of the course. As the third and fourth research
aspect, we examined how teachers at di�erent phases of a course use the dashboard and how they
perceive it depending on their experience level. For the �rst study, the dashboard’s usage data
of teachers were analyzed. The dashboard and statistics pages were used very frequently and by
multiple teachers per course, but mainly during its runtime and afterward, less during the design
and development of it. At this point, there are almost no data available in the dashboard. It was
noted that the usefulness can be increased in this phase by having comparison possibilities with
other courses. Nevertheless, the usage �gures show that it already is an integral tool for teaching
in MOOCs. Afterward, the perception was examined by means of a survey. First, we analyzed
which visualization is most useful in each teaching phase. The results are consistent with those
of the previous usage evaluation. The usefulness generally increases with the availability of more
data after a course has started. In detail, for the dashboard, the enrollment, learner and certi�cate
�gures, and the geographical and demographical data are found to be the most useful. For the
statistics pages, the quiz statistics are perceived most useful, followed by the item visits and video
�gures. Second, we questioned eight quality indicators based on the Evaluation Framework for
Learning Analytics. Thereby, the participants were classi�ed according to their teaching experi-
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ence with MOOCs as novice, pro�cient, or expert. The greatest bene�t of the dashboard is the
awareness of the students’ learning situation, while the forecasting of the students’ learning sit-
uation has the greatest potential to be improved. The experience level has only little impact on
the perception. The main shortcomings of the dashboard are the possibility of comparison with
other courses and recommendations for action, which have to be addressed in future iterations.

Overall, we provided further evidence of the bene�ts and need for learning analytics dashboards
as one approach to support teaching in MOOCs with data-driven insights. Furthermore, we an-
alyzed how such a tool is used and applied in the day-to-day teaching of a real-world MOOC
platform, and which challenges and requirements arose during the development process.
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5 General Discussion

The research focus of this dissertation was to investigate the technical integration and application
of learning analytics in MOOCs to support learners and teachers with data-driven insights. For
this purpose, various research prototypes were iteratively developed and examined in case studies.
Thereby, the HPI MOOC Platform served as the learning environment, allowing the prototypes
to be tested with users in authentic real-world learning and teaching situations.

5.1 Main Findings

The studies and experiments conducted in the course of this thesis served to answer the main
research questions formulated in the general introduction. The �ndings acquired in the process
are summarized in the following according to said questions.

ResearchQuestion 1: How can learning analytics be enabled at the scale of MOOCs?

To answer this question on the example of the HPI MOOC Platform, a generic learning analytics
infrastructure was integrated into the platform’s service-oriented architecture, which enables the
provision of LA capabilities for all stakeholders of MOOCs. Building on the experiences and
lessons learned in over �ve years of delivering LA for learners, teachers, researchers, and managers
on multiple platform instances, we have compiled a set of design recommendations for platform
vendors and researchers. These best practices support their decision-making when implementing
LA features in MOOC platforms.

• ConcurrentDataCollectionandProcessing: The performance impact on the over-
all application caused by additional analytics tasks has to be kept to a minimum. A common
technique is to execute such tasks concurrently. This is realized by utilizing an asynchronous
message queue for event collection to avoid blocking the sending components. The data pro-
cessing is handled by a separate service running independently from other system components.

• Schema-Agnostic Pipelining: Di�erent data schemas and query requirements �t more or
less well to di�erent storage technologies. Therefore, various analytics data are stored eventually
in multiple databases. Hence, we propose a pipeline processing architecture. By utilizing an
ETL process for this, all data can be processed based on a generic data schema. This enables a
schema-agnostic data processing and minimizes technology and vendor lock-ins.

• Reusable Pipeline Components: By utilizing the proposed schema-agnostic pipeline ar-
chitecture, all transformation processing steps become reusable. For example, this allows apply-
ing the same anonymization step to all analytics pipelines. This reduces implementation and
maintenance e�orts by applying the don’t repeat yourself principle.
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• Central InterfaceforData-Driven Insights: Instead of having each application com-
ponent providing its own analytics interface, it is reasonable to have a central interface for data-
driven insights. This is realized with an index of all available metrics within the LA service. Also,
it abstracts the underlying database technology.

• Embrace Open Standards: Interoperability with other applications and systems can be
achieved best through the use of open standards. In the domain of LA, the xAPI format is
accepted widely. This standard also de�nes the learning record store. Thus, an implementation
of such an analytics store can be used right away without further data transformations.

• DataProtection byDesign: By taking data protection into account in every project stage,
privacy risks are reduced and trust increased. Users must stay in control of their data and the
bene�ts of capturing and processing personal data have to be communicated beforehand. It
must also be ensured at an early stage that legal requirements like GDPR are complied with.

In addition to the web-based access of the HPI MOOC Platform, users can also learn with
mobile devices. For this purpose, native mobile applications for Android and iOS are available.
Especially for lifelong learners, context is a key factor to integrate learning sessions in their daily
life with a wide range of private and work activities. To better understand and support mobile
learning, we developed mobile learning analytics capabilities that take the learners’ context and
requirements of mobile applications into account. Based on this, we proposed two architectural
enhancements.

• Enrich ContextData: By integrating a context model into all captured analytics events, it
is possible to identify di�erent learning situations and adapt the learning experience accordingly.
For this purpose, we enrich information about the used device and application, local time and
place, and type of the connected network.

• MobileDataCollection: Learning with mobile devices has some speci�cs which must be
considered. In particular, o�ine learning has to be supported by client-side data persistence,
and mobile data usage has to be reduced by batch transfers and prioritization of transmissions
based on the network type.

Lastly, the LA infrastructure was extended by an external web analytics provider, as web an-
alytics already provide sophisticated methods and are used productively in many industries to
support data-driven decision-making. Although the foundation of both �elds is similar, WA was
not profoundly used for LA purposes so far. Based on a server-side proof of concept integration
of Google Analytics, we investigated potentials and boundaries based on conceptual di�erences
between both �elds, while still maintaining data privacy.

• Limited Use of Web Analytics: Several aspects of LA can also be accomplished by utiliz-
ing WA. Nevertheless, the applicability of WA strongly depends on the type of stakeholder it is
intended for. Especially highly aggregated metrics, such as information about the general activ-
ity and progress of a course, can easily be obtained with WA. However, limitations are reached
when attempting to retrieve metrics about smaller groups or individual learners. Therefore, WA
can be utilized mainly for platform owners, managers, and partially for teachers and researchers,
but almost no use case can be provided for learners themselves.
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ResearchQuestion 2: How can data-driven insights support learning in MOOCs?

To address this question, we provided technical support for self-regulated learning through data-
driven insights, as this metacognitive skill set was identi�ed as an important factor positively as-
sociated with students’ achievement in online learning environments. Thereby, the focus was on
the strategies of goal setting, strategic planning, and self-evaluation. For the latter two, a learning
analytics dashboard for learners was developed to replace the existing progress page of the plat-
form. The initial design was based on �ndings of related work, identi�ed platform requirements,
and input from an ideation session with experts. To study the learners’ perceived usefulness and
acceptance, and which visualizations are valued the most, we conducted a survey in a course which
was completed by 217 learners.

• The learning analytics dashboard is considered as extremely useful by 84.79% of the learners.

• The most valued components are the progress overview (1.54 on a scale from -2 to +2), the
course dates (1.33), the achieved points over time (1.31), the quiz performance (1.30), and rep-
etition suggestions (1.14).

• Learners need detailed and easy-to-understand explanations of the displayed visualizations, in-
cluding recommendations for action, and they want to customize the amount of displayed data.

Based on the initial �ndings, the dashboard was revised. The components were rearranged
within their functional domain according to their perceived value. Also, further explanations
were added and one component was entirely removed. Afterward, an A/B/n test was performed
in �ve courses with three experiment groups: (1) learners that are able to use the old progress page
(N = 3,448), (2) learners that are able to use the new progress overview but not the additional
dashboard widgets (N = 3,440), and (3) learners that are able to use the complete revised learner
dashboard (N = 3,433). We compared the achieved points and visited learning items between
the groups to study completion rates and examined statistically signi�cant di�erences utilizing a
one-way ANOVA test. Also, group 3 was invited to a voluntary survey to evaluate whether the
dashboard supports learners in applying self-regulated learning. It was based on the Evaluation
Framework for Learning Analytics [131] and completed by 296 learners.

• No statistically signi�cant di�erences are found in all �ve courses for both metrics, the visited
items and achieved points.

• No statistically signi�cant di�erences are found for a repeated analysis of di�erent user cohorts
within the same test groups: �rst-enrolled users, users with an easy to intermediate regular com-
puter use, users older than 50, and users older than 60. We assumed that said user cohorts need
more guidance in completing online courses.

• Hence, there are no di�erences in the completion rates of learners with regard to the use of the
three dashboard variants. All three progress and dashboard variants are su�cient to achieve a
certi�cate-based learning outcome.

• The dashboard’s support for self-regulated learning is achieved especially for the strategy of self-
evaluation by the stimulation of awareness (EFLA-AR1: 8.15) and re�ection (EFLA-AR3: 7.11)
of the learning situation and behavior. Besides, strategic planning is partially encouraged by
stimulating the adaptation of the learning behavior when necessary (EFLA-AR4: 6.83).
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To elaborate a concept for the strategy of goal setting, the next study examined how successfully
learners achieve their self-reported learning objectives. For this purpose, related work was exam-
ined and �ve courses of the HPI MOOC Platform were analyzed. Here, learners could select their
learning objective in a pre-course survey: (1) I would like to receive a Record of Achievement in
the end and learn the course content; (2) I am mainly interested in learning the course content and
the Record of Achievement is not important to me; (3) I am only interested in selected learning
units; and (4) I just want to look around. The achievement of the learning objectives was deter-
mined by means of an evaluation of platform data. A total amount of 9,698 users provided their
learning objective through the pre-course survey resulting in a response rate of 69.95%.

• 26.63% of the users are interested in a graded certi�cate and considerably 61.54% of the users
are mainly interested in the content itself without the need of a certi�cate.

• 11.82% of the users are only interested in selected learning units or only want to look around.

• 49.90% of the users achieved or exceeded their goals and 50.10% missed their objective.

• Hence, a large user group either changes their goal during course runtime or drop out.

• The varying individual achievement rates across the di�erent courses and found in literature
point to the fact that goal achievement strongly depends on the course design, examination,
and di�culty of di�erent goals.

Based on the found capabilities and shortcomings of goal setting and achievement in MOOCs,
a concept for personalized learning objectives was proposed with a technical focus on feasibility
and automation, which was then implemented for the HPI MOOC Platform. In an initial evalu-
ation that incorporated features for objective selection and guidance, the learners’ acceptance was
examined with an A/B/n test in two courses. Four experiment groups were de�ned: (1) this con-
trol group was not able to select a learning objective (N = 2,293); (2) this group saw an objective
selection modal directly after enrolling in a course (N = 1,126); (3) this group was automatically
prompted with the objective selection modal when visiting the learning content the �rst time and
an infobox was added at the top of each item page, to open the modal again in case it was dismissed
(N = 2,399); and (4) this group only saw the infobox at the top of each item page and therefore
explicitly had to click on the provided link to see the objective selection modal (N = 2,397). Af-
ter the selection of an objective, the corresponding learning content was highlighted in the course
navigation. If necessary, learners could review or change their objective on the progress page of the
course. A survey was conducted to gather further feedback about the perceived usefulness, next
to the acceptance. All learners assigned to the groups 2, 3, or 4 could participate. A total number
of 163 submissions was collected.

• In total, a considerable portion of learners (38.0%–47.7%) sets a personal learning objective for
a course which demonstrates the interest to select a personal objective.

• In the groups where the selection modal was shown, 49.4%–58.7% of the learners selected an ob-
jective while the more subtle alternative of only showing an infobox attracted noticeably fewer
learners (19.2%–32.8%).

• Hence, nudging learners with an objective modal while o�ering multiple possibilities to set an
objective is identi�ed as the best-suited approach to engage learners.
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• The majority of learners intended to complete the course (65.7%–55.9%) while the minority of
the learners either wanted to get an overview of the course or focused on a more speci�c aspect
of the course (34.3%–44.1%).

• The interests and intentions for a course vary remarkably and learners do not solely focus on
course completion but also prefer individual learning paths. Consequently, the concept of pro-
viding learning objectives based on dedicated topic units is reasonable and accepted by the learn-
ers and helps to identify a variety of intentions.

• These types of learning objectives can be applied best to courses with a wide subject breadth or
depth to o�er focus topics or pro�ciency levels to learners.

• Changes between objectives after an initial selection rarely happened (0.8%–2.7%).

• The provided features are well-perceived by the learners: 64.42% like to have learning objectives
available in other courses as well and 54.61% consider the selection of an objective as useful.

In the next iteration, the learner dashboard was combined with personalized learning objec-
tives. Thus, for the �rst time, learners were able to evaluate the progression and achievement of
their learning objectives. In addition, the UI variant from the last experiment was implemented,
which combines the modal with the infobox. In a last evaluation, platform data from two courses
with a total of 2,642 ‘shows at middle’ were analyzed to investigate which learners selected an
objective regarding their socio-demographic and geographical background, and how successfully
learners achieved their selected objectives. Also, a survey with 279 submissions was conducted
in one course to compare the general course satisfaction of students with and without a selected
learning objective. Here, we compared both user groups regarding statistically signi�cant di�er-
ences utilizing the Mann-Whitney U test and assessed the practical relevance of the descriptive
statistics. Answers were collected from 163 students without a selected learning objective and 116
students with a selected learning objective.

• No practically relevant di�erences are found between students with selected learning objectives
and the total course population regarding their age, gender, degree, career status, or location.

• Hence, students with a selected learning objective are no more, but also no less satis�ed with the
course than students without a selected learning objective. The generally very positive results,
which are distorted by a proven survivorship bias, show no statistically signi�cant di�erences
between the two cohorts and no practical relevance is derived as well.

• Objective selection rates di�er largely between courses (28.57%–63.87%), probably due to the
fact that objectives are de�ned individually for each course by di�erent teaching teams. This is
supported by the �ndings of the last study.

• Learners enroll for courses with varying outcome intentions. Even though the most frequently
selected learning objectives included a graded certi�cate (71.88%–83.67%), which is reasonable
considering that the courses were primarily designed with this intention, also a notable amount
of learners were not interested in gaining a Record of Achievement (16.33%–28.12%). This is
also supported by the �ndings of the last study.
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• Compared to typical MOOC completion rates, the objective achievement rates ranging from
18.18% up to 46.97% are considered a success. Also, between 6.06% and 18.18% of the learners
even exceeded their objectives, which indicates an increase in motivation during the course.

• As this approach to measure success in MOOCs is new, only the certi�cation rates for objectives
that include a Record of Achievement can be compared with the traditional approach, which
assumes that all learners aim to achieve a certi�cate.

• Improved certi�cation rates of 11.62% and 12.63% are found, comparing gained Records of
Achievement for the total course population and users who selected and completed objectives
that included this certi�cate. We consider both rates as a practically signi�cant improvement.

ResearchQuestion 3: How can data-driven insights support teaching in MOOCs?

To pursue this question, a learning analytics dashboard for teachers was developed and exam-
ined in two iterations. In particular, it is intended to support teaching teams in monitoring their
courses with thousands of learners and responding to problems more e�ectively. The �rst version
improved an existing prototype, which was technically and functionally re�ned based on identi-
�ed shortcomings and requirements. Especially the performance and the hierarchy and structure
of the visualizations and widgets were revised and web analytics incorporated. By means of a sur-
vey, the usability and usefulness were investigated and compared with the previous prototype,
especially with regard to the use of WA methods. In total, 11 teaching experts participated in the
survey. To evaluate statistically signi�cant di�erences, a Wilcoxon test was performed and e�ect
sizes were computed with Cohen’s d.

• The revision of the dashboards has statistically signi�cant di�erences regarding the ease of use
and satisfaction with intermediate to large e�ect sizes. Especially the clearness is improved as
shown by the quantitative, but also qualitative evaluation.

• No statistically signi�cant di�erences are found regarding the usefulness of WA metrics.

• A large amount of the existing LA metrics, which are indeed proven to be useful for the stake-
holders, can be realized with WA methods as well. Consequently, WA can still provide useful
insights in the context of LA.

• WA can contribute to an increase of the dashboard’s general performance by making use of the
cloud infrastructure of WA tools. This is demonstrated by a statistically signi�cant di�erence
with a large e�ect size in terms of perceived performance.

The second version of the teacher dashboard incorporated the remaining requirements, which
targeted the functional domains of the HPI MOOC Platform. Afterward, a last evaluation was
conducted, which examined how the dashboard and statistics are used and perceived by teaching
teams. For the �rst part, platform data from 33 courses and 4,461 dashboard and statistics page
visits were analyzed. For the second part, another survey was conducted with 23 teaching experts.
The survey questioned the usefulness of the various visualizations and statistics during di�erent
teaching phases of a course and the teachers’ perception with di�erent experience levels based on
the EFLA questionnaire.
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• The dashboard and statistics pages are used very frequently, between 8 and 687 times with an
average of 135 hits per course.

• The dashboard and statistics pages are used by several teachers and managers, with 3 to 15 people
involved and an average of 7 teachers and managers per course.

• The dashboard and statistics pages are used mainly while a course is running (51.5%) and af-
terward for evaluation (37%), but rather less during the design and development of a course
(11.5%) probably due to the lack of available data.

• The high usage �gures clearly show that learning analytics dashboards are a key tool and an
integral part for teaching in MOOCs.

• The visualizations and widgets regarding enrollments and learners, certi�cates, geographical
data (user locations), demographical information (age distribution), as well as quiz submissions,
item visits, and video interactions, are considered most useful.

• The usefulness is perceived as rather limited in the pre-design and design and development phase
(2.20–2.61 on a scale from 1 to 7), whereas a higher usefulness is perceived during the facilitation
and evaluation phase (4.51–5.06). The results are in line with the usage statistics.

• The level of experience in teaching has only a minor impact on the perception, although teach-
ers with little (EFLA Score: 69) or very much practice (65) in MOOCs �nd these tools slightly
more helpful for their work than those with moderate experience (59).

• The greatest bene�t of the dashboard and statistics’ data-driven insights is the increased aware-
ness of the students’ learning situation (EFLA-AR1: 7.48).

5.2 Contributions of the Thesis

In addition to the presented �ndings which advance the body of knowledge in the relevant re-
search disciplines, this thesis also elaborated a conceptual blueprint of how learning analytics can
be technically integrated and applied in MOOCs to provide learners and teachers with data-driven
insights. In summary, this resulted in four cornerstones that serve as a guideline and reference for
related studies and projects.

• The Learning Analytics Architecture: A technical infrastructure to collect, process,
and analyze event-driven learning data based on schema-agnostic pipelining in a service-oriented
MOOC platform.

• The Learning Analytics Dashboard for Learners: A tool for data-driven support
of self-regulated learning, in particular to enable learners to evaluate and plan their learning
activities, progress, and success by themselves.

• Personalized Learning Objectives: A set of features to better connect learners’ success
to their personal intentions based on selected learning objectives to o�er guidance and align the
provided data-driven insights about their learning progress.
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• The Learning Analytics Dashboard for Teachers: A tool supporting teachers with
data-driven insights to enable the monitoring of their courses with thousands of learners, iden-
tify potential issues, and take informed action.

In parallel, the various evaluations of the presented case studies demonstrated how learning
analytics can be used from a researcher’s perspective. Therefore, the implemented LA capabilities
enabled many innovative approaches to the research design, applying proven statistical methods
to previously unavailable learning data. In particular, these help to better understand the learning
and teaching in MOOCs. Examples include:

• An inferential statistical analysis of seven learning behavior metrics of learners who used the
mobile applications next to the web platform and those who did not (Subsection 2.3.4).

• An inferential statistical analysis of two learning completion metrics of learners with regard to
the use of three dashboard variants in an A/B/n test (Subsection 3.4.2).

• A descriptive statistical analysis of the achievement rates of self-reported learning objectives
(Subsection 3.5.1).

• A descriptive statistical analysis of objective selection rates of learners with regard to the use of
the three objective selection UI variants in an A/B/n test (Subsection 3.6.4).

• A descriptive statistical analysis of the achievement rates of personalized learning objectives
(Subsection 3.7.2).

• A descriptive statistical analysis of the usage of the teacher dashboard and statistics pages in
di�erent teaching phases of the corresponding courses (Subsection 4.3.2).

5.3 Limitations of the Thesis

The elaborated �ndings and research contributions of this thesis are subject to certain technical
and methodical limitations that have to be taken into account. First, the proposed LA architec-
ture was designed speci�cally for the HPI MOOC Platform. At the time of completion of this
thesis, the platform was still closed source, but the disclosure of the code base as open source has
been already planned. Nevertheless, even then the speci�c implementations are not transferable
to other MOOC platforms without major technical e�orts. Also, the context of a service-oriented
architecture involved many speci�c requirements. The most likely to be reusable is the dedicated
learning analytics service, also as an extension for monolithic applications. All user-facing fea-
tures were integrated directly into the existing frontend of the platform and are therefore strongly
coupled to it. Hence, the technical prototypes are only transferable to other platforms on a con-
ceptual level. The widgets and visualizations displayed on the dashboards were selected through
expert interviews and related work, and re�ned with user feedback. Nevertheless, not all possible
elements were implemented and tested. Thus, the presented results refer only to the selection we
made. Also, the coarse selection of learning objectives de�ned and o�ered by the teaching teams
can reveal more precise nuances regarding learners’ intentions through �ner granularity, which
enables to o�er more useful data-driven feedback.
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Second, the conducted case studies were �eld experiments that were subject to uncontrollable
e�ects in contrast to lab settings. This caused, for example, unequal sample sizes, which in con-
junction with an overall high number of participants can lead quickly to statistically signi�cant
di�erences and a�ect the probability of Type II errors. Additionally, the demographics of the users
on the platforms studied are very homogeneous. As demonstrated, these are often well-educated
male lifelong learners with a technical a�nity. Although this makes the generalization of the �nd-
ings di�cult, the value of conducting experiments in an authentic learning environment with
real users outweighs these drawbacks. Furthermore, the collected self-reported data relied on the
participants’ self-awareness and truthfulness—and was always requested voluntarily. In addition,
post-course surveys were subject to a demonstrated survivorship bias which shifted the results into
a more positive direction. Besides, it was di�cult to engage a large number of teachers as survey
participants. Additional qualitative research methods can complement this. Lastly, all studies had
a technical focus and were conducted in the context of MOOCs, which limits the applicability
of the results to other learning settings such as blended or distance higher education and omits a
deeper educational sciences perspective.

5.4 Implications and Future Research

The contributions of this thesis are most bene�cial for the further development and research of
innovative data-driven educational tools, as well as learning and teaching practices in MOOCs. We
showed that self-regulated learning and in particular self-evaluation of students utilizing a learning
analytics dashboard can be supported more successfully by incorporating the various intentions
of lifelong learners as a reference. This was enabled by setting objectives, which in turn must be
provided meaningfully by teaching teams and considered in the instructional design of courses.
Hence, this is crucial for a large-scale adaption of our corresponding �ndings. Additionally, we
demonstrated that a learning analytics dashboard is an essential tool for teachers to conduct and
monitor their MOOCs. All in all, we provided further evidence that learning analytics methods
are clearly suited to address the challenges caused by the massiveness of MOOCs. Our presented
concepts are tested and applicable in practice.

However, learning analytics provides further approaches. As the research �eld evolves rapidly,
additional user feedback can be implemented, and limitations be addressed, there are several op-
portunities to continue this work. To verify the external validity of the presented results, the re-
search prototypes need to be transferred to other MOOC platforms and further VLEs. This en-
ables the examination of additional learning settings and more diverse demographics. As already
discussed, this involves major technical e�orts. By fully supporting the xAPI standard, at least
the integration of the LA service into other systems becomes easier when the code is published as
open source.

The learner dashboard can be further enhanced and explored in terms of customization op-
tions, support for action, and additional reference frames. Learners expressed interest in turning
widgets on and o�, as well as reordering them. Customization is also discussed in current liter-
ature as a design recommendation for LADs [58], as well as more support for action [56]. We
already provide information for planning, such as the estimated time e�ort for learning items
and objectives, as well as objective-based guidance and recommendations for repetitions. Besides,
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recommendations for adapting the learning behavior can be explored to achieve a learning objec-
tive more e�ciently and e�ectively. Furthermore, in addition to the already supported reference
frames regarding progress and achievement, social reference frames can be examined. Neverthe-
less, social comparison with peers, such as low or high performers or learners with the same learn-
ing objective, have to be investigated with caution as this can also lead to negative e�ects [93, 109].
In general, it has to be ensured that all dashboard elements are based on learning theory and all
phases of SRL are supported. Nevertheless, they have to be technically feasible at the same time.
In this regard, current literature is concerned with approaches to better automate the detection
of SRL activities [35, 128, 130] so that evaluations are less dependent on self-reported data which
is also a limitation of this work.

For the concept of personalized learning objectives, it is of interest to de�ne them across multi-
ple courses, as well as to add a competency model. The implemented data model already supports
this abstraction. Another approach is to enable learners to formulate learning objectives individ-
ually for more customization. However, this con�icts with the ability to automatically measure
progress and achievement of learning objectives, which was one of our main requirements. Fur-
thermore, the current concept is mainly focused on active courses during their runtime. However,
learning objectives can also be bene�cial for self-paced courses, which can be explored further.

There were also several suggestions for the continuation of the teacher dashboard. First, more
interaction options need to be provided for the visualizations, as well as recommendations for
action. For the latter, the initiated concept of automated quality control can be enhanced and
further integrated [106]. Moreover, the usefulness of the teacher dashboard can be increased,
especially in early course phases, by providing reference frames such as the comparison with other
courses or the overall platform. Also, the design can be further informed by conceptual models
such as teacher inquiry or data-driven instruction. However, this has to be practically feasible and
depends on the instruction design and production process of a MOOC.

The outlined approaches to continue our work show that the potential of data-driven learning
and teaching tools has not been fully explored yet. We are proud to have provided an essential con-
tribution to this young research �eld and to have implemented practical tools that enhance learn-
ing and teaching in an increasingly digital world. We are therefore convinced that our research
and �ndings support personal and societal development—as learning means development.
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Acronyms

AI Arti�cial Intelligence

API Application Programming Interface

cMOOC Connectivism MOOC

CoP Con�rmation of Participation

DSL Domain-Speci�c Language

EDM Educational Data Mining

EFLA Evaluation Framework for Learning Analytics

ETL Extract, Transform, Load

EU European Union

GDPR General Data Protection Regulation

HPI Hasso Plattner Institute

HTTP Hypertext Transfer Protocol

KPI Key Performance Indicator

LA Learning Analytics

LAD Learning Analytics Dashboard

LMS Learning Management System

LRS Learning Record Store

LTI Learning Tools Interoperability

MIT Massachusetts Institute of Technology

MLA Mobile Learning Analytics

MOOC Massive Open Online Course

OCW Open Course Ware

OER Open Educational Resources

OLAP Online Analytical Processing

OLTP Online Transaction Processing

PII Personally Identi�able Information

PLO Personalized Learning Objective

QC Quali�ed Certi�cate
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Acronyms

RDF Resource Description Framework

RoA Record of Achievement

SDK Software Development Kit

SOA Service-Oriented Architecture

SRL Self-Regulated Learning

TAM Technology Acceptance Model

TEL Technology-Enhanced Learning

UI User Interface

ULA Ubiquitous Learning Analytics

URL Uniform Resource Locator

VLE Virtual Learning Environment

WA Web Analytics

WHO World Health Organization

xMOOC Extension MOOC
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A Analytics Events

Overview of all analytics events on the platform. Deprecated or temporary events are omitted.

Category Event Description

Course enrolled A user has enrolled for a course.
un_enrolled A user has unenrolled from a course.
completed_course A user has completed a course.
share_button_click A user has clicked on the share button of a course.
share_open_badge A user has clicked on the share button of an open badge.

Navigation visited_item A user has opened a learning item.
navigated_next_item A user has opened the next learning item.
navigated_prev_item A user has opened the previous learning item.
visited_pinboard A user has opened the course forum.
visited_question A user has opened a forum thread.
visited_progress A user has opened their course progress.
visited_peer_assessment_results A user has opened their peer assessment results.
visited_announcements A user has opened the course announcements overview.
visited_announcement_detail A user has opened the an announcement.
visited_learning_rooms A user has opened the collab spaces overview.
visited_recap A user has opened the recap tool.
visited_pro�le A user has opened their account pro�le.
visited_dashboard A user has opened their account dashboard.
visited_documents A user has opened their certi�cates overview.
visited_downloads A user has opened their downloads overview.
visited_preferences A user has opened their preferences.
visited_course_dashboard An admin has opened the course dashboard.
visited_course_statistics An admin has opened a course statistics page.
visited_item_statistics An admin has opened an item statistics page.

Assignments submitted_quiz A user has submitted a quiz.
submitted_lti(_v2) A user has submitted an LTI exercise.

Recap recap_started A user has started the recap tool.
recap_stopped A user has stopped the recap tool.
recap_answered A user has submitted answers in the recap tool.
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A Analytics Events

Table continued from previous page.

Category Event Description

Video Player video_play A user has played a video.
video_seek A user has seeked to another position in a video.
video_pause A user has paused a video.
video_end A user has watched a video to the end.
video_close A user has closed a video.
video_slide_seek A user has seeked in a video with the slide preview.
video_transcript_seek A user has seeked in a video with the transcript.
video_fullscreen A user has resized a video to fullscreen.
video_landscape A user has rotated a video to landscape (mobile).
video_portrait A user has rotated a video to portrait (mobile).
video_subtitle A user has toggled the subtitles of a video.
video_transcript A user has toggled the transcript of a video.
video_change_quality A user has changed the quality of a video.
video_change_size A user has changed the size of a video.
video_change_speed A user has changed the playback speed of a video.
video_dual_stream_change A user has toggled the dual stream mode of a video.

Downloads downloaded_hd_video A user has downloaded the HD quality of a video.
downloaded_sd_video A user has downloaded the SD quality of a video.
downloaded_hls_video A user has downloaded the HLS playlist of a video.
downloaded_audio A user has downloaded the audio track of a video.
downloaded_slides A user has downloaded the PDF slides of a video.
downloaded_subtitles A user has downloaded the subtitles of a video.
downloaded_reading_material A user has downloaded the reading material of a video.
downloaded_section A user has downloaded video assets for a course section.
downloaded_certi�cate A user has downloaded a course certi�cate.
downloaded_open_badge A user has downloaded an open badge.

Forum asked_question A user has opened a forum thread.
answered_question A user has answered a forum thread.
answer_accepted A user has accepted a forum thread answer.
commented A user has commented a forum thread.
toggled_subscription A user has subscribed to a forum thread.

Support helpdesk_opened A user has opened the helpdesk.
helpdesk_closed A user has closed the helpdesk.
helpdesk_ticket_created A user has created a support ticket.
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B Sample Courses

Overview of all courses that are subject to experiments and evaluations throughout this work, ordered
alphabetically by their course code.

bigdata2017: Big Data Analytics

https://open.hpi.de/courses/bigdata2017/

Language German
Term 6 Weeks from Nov 06, 2017, to Jan 03, 2018
Enrollments Start 8,118 Middle 9,373 End 10,093
Shows - Middle 5,169 End 6,108
Completion CoP 2,575 RoA 916 QC 69
Examination Weekly Assignments and Final Exam
Study Learning Behavior of Learners with and without Mobile App Usage (Section 2.3)
Description In the course, you will learn how to proceed sensibly in the evaluation of huge amounts

of data - starting with the most modern data mining techniques for “digging” previ-
ously hidden or unused information, to the preparation and analysis of the data. Cur-
rent applications and memorable practical examples will familiarize you with the basic
problems. Which di�erent algorithms can help to solve them will also be discussed. Fi-
nally, we will present common methods that will enable you to evaluate data mining
solutions for concrete applications.
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B Sample Courses

cp5: Cloud-Native Development with SAP Cloud Platform

https://open.sap.com/courses/cp5/

Language English
Term 6 Weeks from Apr 10, 2018, to May 30, 2018
Enrollments Start 5,694 Middle 7,661 End 9,286
Shows - Middle 3,619 End 5,249
Completion CoP 1,560 RoA 627 QC -
Examination Weekly Assignments and Final Exam
Study Learning Behavior of Learners with and without Mobile App Usage (Section 2.3)
Description In this new advanced course, you’ll learn how to develop microservice-based cloud-

native applications with SAP Cloud Platform through hands-on exercises. You’ll be
working primarily with the Cloud Foundry environment within SAP Cloud Platform
and many of its open-source services to develop step-by-step a Java-based application
that is made for the cloud.

digitalhealth2020: Digital Health for Beginners

https://open.hpi.de/courses/digitalhealth2020/

Language German
Term 2 Weeks from Sep 22, 2020, to Oct 06, 2020
Enrollments Start 4,059 Middle 4,537 End 5,034
Shows - Middle 2,228 End 3,467
Completion CoP 2,431 RoA 1,693 QC -
Examination Weekly Assignments
Study Completion Rates of the 3 Learner Dashboard Variants and SRL Support (Section 3.4)
Description The two-week course provides an up-to-date overview of the topic of digital health. It

provides basics, practical exercises and further excursions in the topics of our research.
In the course, we also discuss ethical and legal aspects that are extremely important
when dealing with health and patient data. Participants will gain insight into the chal-
lenges and exciting trends in arti�cial intelligence, sensor technologies and precision
medicine. The aim of the course is to provide a broad overview of the aspects of Digital
Health. In addition, the course team wants to create understanding for possible appli-
cations and optimization approaches that a�ect the health of each individual as well as
the entire healthcare system.
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imdb2017: In-Memory Data Management

https://open.hpi.de/courses/imdb2017/

Language English
Term 6 Weeks from Sep 18, 2017, to Nov 18, 2017
Enrollments Start 4,683 Middle 5,276 End 5,825
Shows - Middle 2,402 End 3,128
Completion CoP 1,078 RoA 453 QC 27
Examination Weekly Assignments and Final Exam
Study Achievement of Self-Reported Learning Objectives (Section 3.5)
Description The ‘In-Memory Data Management’ MOOC in 2017 is the �fth iteration of Prof.

Hasso Plattner’s successful introduction into the inner mechanics of this recent tech-
nology. It is a repetition of the 2015 course and builds on the same, revised mate-
rial. The course focuses on the management of enterprise data in column-oriented
in-memory databases. Latest hardware and software trends led to the development of
a new revolutionary database technology that enables �exible and lightning-fast anal-
ysis of massive amounts of enterprise data. The basic concepts and design principles
of this technology are explained in detail. Beyond that, the implications of the un-
derlying design principles for future enterprise applications and their development are
discussed. The MOOC will explain in detail the di�erences and advantages of an in-
memory column-oriented database in contrast to traditional row-oriented disk-based
storages.

informationssicherheit2019: Data Security on the Internet

https://open.hpi.de/courses/informationssicherheit2019/

Language German
Term 2 Weeks from Jan 16, 2019, to Jan 30, 2019
Enrollments Start 4,354 Middle 4,947 End 6,002
Shows - Middle 2,967 End 4,737
Completion CoP 4,525 RoA 2,030 QC -
Examination Weekly Assignments
Study Usefulness and Value of the Learner Dashboard (Section 3.3)
Description In this course, we will shed light on how and whether their connection to online bank-

ing is secure or the content of an e-mail is trustworthy. To do this, we will look at the
basics of cryptography, security objectives and di�erent types of encryption. In addi-
tion, there will be insights into di�erent models and standards used in practice.
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B Sample Courses

international-teams2019: Introduction to Successful Remote Teamwork

https://open.hpi.de/courses/international-teams2019/

Language English
Term 4 Weeks from Oct 02, 2019, to Oct 30, 2019
Enrollments Start 2,327 Middle 2,778 End 2,991
Shows - Middle 1,074 End 1,425
Completion CoP 370 RoA 212 QC -
Examination Team Peer Assessment and Final Exam
Study Achievement of Personalized Learning Objectives (Section 3.7)
Description Tele-working is becoming a more and more popular topic amongst modern organiza-

tions. However, it also comes with some challenges for both: tele-workers and man-
agement. This course will make you and your team �t for virtual collaboration in geo-
graphically distributed contexts. You will learn about the bene�ts and risks of driving a
virtual team culture and how guided remote work drives to success. Furthermore, you
will learn how to use intercultural competences as a key factor of interaction and com-
munication. In the hands-on part of the course you will learn how to select appropriate
online collaboration tools and how to employ them in a practical task. Working with a
‘real life’ virtual team, you will gain �rst-hand experience about the opportunities and
challenges of tele-working.

internetworking2020: A Half Century of Internet: How it works today

https://open.hpi.de/courses/internetworking2020/

Language English
Term 6 Weeks from Sep 01, 2020, to Oct 20, 2020
Enrollments Start 3,440 Middle 4,823 End 5,398
Shows - Middle 2,131 End 2,827
Completion CoP 809 RoA 582 QC 17
Examination Weekly Assignments and Final Exam
Study Completion Rates of the 3 Learner Dashboard Variants and SRL Support (Section 3.4)
Description The Internet connects more than half of the world’s population. This revolutionary

form of transmitting all kinds of data between places on the planet has made the net-
work of networks the indispensable backbone of societies. The number of users has
exploded to four billion people. The speed of change is dramatic and for some breath-
taking. Many well-known and even more unknown personalities have shaped the devel-
opment of the Internet. However, this exciting success story also reveals the dark sides
of this development. What has become of the original hope for a democratization of
communication? To what extent has the Internet provided access to better educational
opportunities? How do large Internet companies and governments use the Internet?
How can you safely communicate over this network?
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intsec2018: Internet Security for Beginners

https://open.hpi.de/courses/intsec2018/

Language English
Term 6 Weeks from Feb 26, 2018, to Apr 27, 2018
Enrollments Start 6,242 Middle 7,734 End 8,147
Shows - Middle 4,564 End 5,094
Completion CoP 1,745 RoA 971 QC 46
Examination Weekly Assignments and Final Exam
Study Learning Behavior of Learners with and without Mobile App Usage (Section 2.3)
Description Protection from Internet risks requires more action worldwide: from businesses, insti-

tutions, public authorities, and every one of us. In this 6-week free course in English,
we o�er practical support to face this challenging task. With no prior knowledge re-
quired, participants can �nd out what methods hackers use to break into computers
and networks. Learn how cybercriminals manage to steal passwords and how you can
protect yourself from such cyberattacks.

javaeinstieg2017: Object-Oriented Programming in Java

https://open.hpi.de/courses/javaeinstieg2017/

Language German
Term 4 Weeks from Mar 27, 2017, to May 14, 2017
Enrollments Start 7,127 Middle 9,242 End 10,402
Shows - Middle 6,610 End 8,015
Completion CoP 3,883 RoA 2,124 QC -
Examination Programming Exercises, Weekly Assignments and a Bonus Team Peer Assessment
Study Achievement of Self-Reported Learning Objectives (Section 3.5)
Description In this openHPI beginner’s course, we will deal with the basics of object-oriented

programming and solve a mysterious kidnapping case together with Detective Duke.
An essential feature of object-oriented programming is the appropriate distribution of
tasks to components, each of which has its own properties and behaviors and can in�u-
ence each other. Through regular programming assignments, participants apply what
they have learned and acquire practical skills in the Java programming language. The
course is rounded o� by an in-depth excursus on modeling classes and their dependen-
cies.
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B Sample Courses

javawork2017: Introduction into a Java IDE

https://open.hpi.de/courses/javawork2017/

Language German
Term 2 Weeks from May 01, 2017, to May 15, 2017
Enrollments Start 3,881 Middle 4,112 End 4,336
Shows - Middle 1,482 End 2,096
Completion CoP 1,481 RoA 194 QC -
Examination Peer Assessment
Study Achievement of Self-Reported Learning Objectives (Section 3.5)
Description This two-week MOOC workshop is o�ered as a supplement to the ‘Object-Oriented

Programming in Java 2017’ course. Our course participants will be given an introduc-
tion to the use of a Java IDE (Integrated Development Environment). With this course
we would like to enable our participants to consolidate the knowledge they have learned
in the programming course and to implement their own programs.

kieinstieg2020: Arti�cial Intelligence and Machine Learning for Beginners

https://open.hpi.de/courses/kieinstieg2020/

Language German
Term 4 Weeks from Sep 08, 2020, to Oct 06, 2020
Enrollments Start 9,268 Middle 10,515 End 11,284
Shows - Middle 5,492 End 6,856
Completion CoP 3,847 RoA 2,775 QC -
Examination Weekly Assignments and Final Exam
Study Completion Rates of the 3 Learner Dashboard Variants and SRL Support (Section 3.4)
Description Here, young people and other interested people without programming experience and

technical background knowledge learn to understand the world of machine learning
and arti�cial intelligence. We will introduce you to the basic concepts. You will learn
about the di�erences between traditional programming and the development of self-
learning software. Using examples, you will learn what supervised, unsupervised and
reinforcement learning are. These concepts form the core for the algorithms that make
machine learning work. Experience how such a learning process can be used to recog-
nize patterns and structures in large amounts of data by means of a practical application.
Ethical issues in the use of arti�cial intelligence and the limitations of machine learning
technology are also addressed in the free four-week course.
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knowledgegraphs2020: Knowledge Graphs

https://open.hpi.de/courses/knowledgegraphs2020/

Language English
Term 6 Weeks from Oct 27, 2020, to Dec 15, 2020
Enrollments Start 4,812 Middle 6,081 End 6,511
Shows - Middle 2,994 End 3,527
Completion CoP 947 RoA 468 QC 29
Examination Weekly Assignments and Final Exam
Study Completion Rates of the 3 Learner Dashboard Variants and SRL Support (Section 3.4)
Description In this course you will learn what is necessary to design, implement, and use knowledge

graphs. The focus of this course will be on basic semantic technologies including the
principles of knowledge representation and symbolic AI. This includes information en-
coding via RDF triples, knowledge representation via ontologies with OWL, e�ciently
querying knowledge graphs via SPARQL, latent representation of knowledge in vector
space, as well as knowledge graph applications in innovative information systems, as
e.g., semantic and exploratory search.

learningtheory2020: Computational Learning Theory and Beyond

https://open.hpi.de/courses/learningtheory2020/

Language English
Term 2 Weeks from Oct 06, 2020, to Oct 27, 2020
Enrollments Start 2,312 Middle 2,855 End 3,012
Shows - Middle 1,246 End 1,638
Completion CoP 350 RoA 61 QC -
Examination Weekly Assignments and Final Exam
Study Completion Rates of the 3 Learner Dashboard Variants and SRL Support (Section 3.4)
Description In this course you will be introduced to computational learning theory and get a

glimpse of other research towards a theory of arti�cial intelligence. Our starting point
will be a hands-on binary classi�cation task. Basically, this is the challenge of classifying
the elements of a given set into two groups (predicting which group each one belongs
to) on the basis of given labeled data. Thus the goal of the supervised machine learn-
ing algorithms is to derive a correct classi�cation rule. Our interest lies in strategies that
work not only for one speci�c classi�cation task but more universally for a pre-speci�ed
set of such. You will get to know a formalization of the aforementioned notions and see
illustrating examples. In the main part, you will get to know di�erent learning models
which are all based on a modular design. By investigating the learning power of these
models and the learnability of the prominent set of half-spaces, we also give arguments
for how to choose an appropriate one.
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B Sample Courses

mainframes2017: Mainframes

https://open.hpi.de/courses/mainframes2017/

Language German
Term 6 Weeks from Jun 05, 2017, to Jul 27, 2017
Enrollments Start 2,635 Middle 3,026 End 3,396
Shows - Middle 1,670 End 2,115
Completion CoP 929 RoA 438 QC 23
Examination Weekly Assignments and Final Exam
Study Achievement of Self-Reported Learning Objectives (Section 3.5)
Description Prof. Andreas Polze will lead the course ‘Mainframes’, which will feature speakers from

the Academic Mainframe Consortium. This consortium promotes academic educa-
tion on mainframe computers and has, among other things, the goal of promoting and
advancing research and development in this area. The course is an introduction to the
subject and will speci�cally address mainframe architecture and application develop-
ment issues. In addition, databases and transaction systems, the topic of security and
mainframes, and storage management will be covered in the course. This course is in-
tended for anyone who is interested in the topic of mainframes and has a basic knowl-
edge of computer science and algorithms.

mainframes2018: Mainframe - Crucial Role in Modern Enterprise Computing

https://open.hpi.de/courses/mainframes2018/

Language English
Term 6 Weeks from Nov 05, 2018, to Dec 17, 2018
Enrollments Start 2,270 Middle 2,534 End 2,614
Shows - Middle 974 End 1,096
Completion CoP 439 RoA 224 QC 18
Examination Weekly Assignments and Final Exam
Study Acceptance and Usefulness of Personalized Learning Objectives (Section 3.6)
Description The digital transformation poses a big challenge for enterprises today, and the modern

mainframe plays a crucial role in addressing this challenge. As the typical platform for
the ‘systems of record’ of most large organizations, its unique features support today’s
requirements regarding performance, �exibility and security and enable companies to
successfully manage the challenges of an online world. This course will give an overview
of the modern mainframe, its concepts and features and their role in enterprise com-
puting. Topics addressed range from mainframe architecture, hardware and operating
systems (z/OS, z/VM, Linux), Mainframe application development and transaction
processing to state-of-the-art workloads such as blockchain and analytics. In addition,
industry success stories will be presented.
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ml2: Enterprise Deep Learning with TensorFlow

https://open.sap.com/courses/ml2/

Language English
Term 6 Weeks from Oct 23, 2017, to Dec 14, 2017
Enrollments Start 5,704 Middle 8,568 End 10,212
Shows - Middle 5,855 End 7,276
Completion CoP 3,169 RoA 1,569 QC -
Examination Weekly Assignments and Final Exam
Study Learning Behavior of Learners with and without Mobile App Usage (Section 2.3)
Description The objective of this course is to provide a hands-on introduction to deep learning,

with emphasis on practical enterprise applications. Taking an engineering approach to
deep learning, the course focuses on building deep neural network models for typical
enterprise problems, including when to use deep learning, examples of industry appli-
cations, and how to deploy deep learning in enterprise systems. The course features
experts from academia and industry to show di�erent perspectives on deep learning.
All examples are implemented using the TensorFlow deep learning framework.

prototype2019: Human-Centered Design: Building and Testing Prototypes

https://open.hpi.de/courses/prototype2019/

Language English
Term 4 Weeks from Aug 28, 2019, to Oct 10, 2019
Enrollments Start 3,029 Middle 3,356 End 3,533
Shows - Middle 1,568 End 1,851
Completion CoP 626 RoA 250 QC -
Examination Three Exercises and Peer Assessment
Study Achievement of Personalized Learning Objectives (Section 3.7)
Description This course introduces you to helpful skills for making an idea tangible and testing it

with potential users. We take a task-based approach to build these skills. You will learn
to take an idea to the next level and build a simple prototype, plan a testing scenario and
collect feedback. This MOOC builds on the 2018 ‘From Synthesis to Creative Ideas’
course, but you can also take it as a stand-alone MOOC. The assignments are designed
for individual work.
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B Sample Courses

s4h12: Intelligent ERP with SAP S/4HANA Cloud

https://open.sap.com/courses/s4h12/

Language English
Term 3 Weeks from Nov 07, 2018, to Dec 06, 2018
Enrollments Start 13,512 Middle 15,258 End 16,539
Shows - Middle 5,142 End 6,981
Completion CoP 4,248 RoA 1,786 QC -
Examination Weekly Assignments and Final Exam
Study Acceptance and Usefulness of Personalized Learning Objectives (Section 3.6)
Description Join this free open online course to learn how you can bene�t from the automation of

business processes using machine learning, prepare for the future using predictive an-
alytics, and operate your intelligent cloud ERP hands-free based on natural language
interaction. In the �rst week of this course, we’ll set the foundation and provide in-
formation on our key pillars for intelligence, such as automation primarily achieved
by machine learning, and digital user experience. After setting the scene, we’ll present
several use cases across LoBs that showcase the built-in intelligence in SAP S/4HANA
Cloud. In the second week, you’ll hear how our intelligent technologies, such as ma-
chine learning, predictive analytics, and natural language interaction, can be used in
practice in the areas of �nance, procurement and EPPM. In the third week, we’ll con-
clude the use cases with the areas of sales and manufacturing. Completing the course,
you’ll learn in detail how innovative technologies such as machine learning, predictive
analytics, and digital user experience using SAP CoPilot can be utilized in practice to
gain an intelligence edge over the competition.

searchengine2017: How does a search engine work?

https://open.hpi.de/courses/searchengine2017/

Language German
Term 2 Weeks from May 29, 2017, to Jun 20, 2017
Enrollments Start 3,922 Middle 4,145 End 4,484
Shows - Middle 1,702 End 2,660
Completion CoP 2,081 RoA 814 QC -
Examination Final Exam
Study Achievement of Self-Reported Learning Objectives (Section 3.5)
Description In this course we want to introduce the technical basics and take a closer look at simple

concepts of information retrieval in the web context: How is a search engine built?
What happens when I type in a search query? What criteria are used to create lists of
results? Topics such as search engine optimization (SEO) or the speci�c use of certain
search engines will not be discussed in detail.
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C Study Data

C.1 Usefulness and Value of the Learner Dashboard

Survey data analyzed in Section 3.3. Number of Participants: 217.

Q1: The learning dashboard is easy to use.
Q2: The functions of the learning dashboard are exactly right for my goals.
Q3: It is quickly apparent how to use the learning dashboard.
Q4: I consider the learning dashboard extremely useful.
Q5: The operating procedures of the learning dashboard are simple to understand.
Q6: With the help of the learning dashboard I will achieve my goals.

strongly
disagree

-2
disagree

-1 0
agree

+1

strongly
agree

+2
no

answer

Q1 1 / 0.46% 1 / 0.46% 7 / 3.23% 87 / 40.09% 118 / 54.38% 3 / 1.38%
Q2 2 / 0.92% 6 / 2.76% 18 / 8.29% 113 / 52.07% 74 / 34.10% 4 / 1.84%
Q3 1 / 0.46% 5 / 2.30% 16 / 7.37% 91 / 41.94% 101 / 46.54% 3 / 1.38%
Q4 3 / 1.38% 6 / 2.76% 21 / 9.68% 86 / 39.63% 98 / 45.16% 3 / 1.38%
Q5 1 / 0.46% 3 / 1.38% 10 / 4.61% 103 / 47.47% 98 / 45.16% 2 / 0.92%
Q6 4 / 1.84% 9 / 4.15% 46 / 21.20% 96 / 44.24% 53 / 24.42% 9 / 4.15%
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C Study Data

C1: I consider the learning progress overview as useful.
C2: I consider the time estimation for available course material as useful.
C3: I consider the overview of the next course dates as useful.
C4: I consider the overview of my forum activity as useful.
C5: I consider the overview of my self-tests and assignments as useful.
C6: I consider the repetition suggestions as useful.
C7: I consider the overview of my achieved points as useful.
C8: I consider the information on my time spent on quizzes as useful.
C9: I consider the information on the timeliness of my submissions as useful.
C10: I consider the overview of my visited items as useful.
C11: I consider the overview of my learning activities per week as useful.
C12: I consider the overview of my learning sessions as useful.

strongly
disagree

-2
disagree

-1 0
agree

+1

strongly
agree

+2
no

answer

C1 0 / 0.00% 5 / 2.30% 6 / 2.76% 73 / 33.64% 132 / 60.83% 1 / 0.46%
C2 8 / 3.69% 8 / 3.69% 27 / 12.44% 100 / 46.08% 71 / 32.72% 3 / 1.38%
C3 2 / 0.92% 4 / 1.84% 13 / 5.99% 98 / 45.16% 97 / 44.70% 3 / 1.38%
C4 6 / 2.76% 13 / 5.99% 78 / 35.94% 77 / 35.48% 25 / 11.52% 18 / 8.29%
C5 2 / 0.92% 3 / 1.38% 12 / 5.53% 108 / 49.77% 87 / 40.09% 5 / 2.30%
C6 3 / 1.38% 6 / 2.76% 23 / 10.60% 101 / 46.54% 74 / 34.10% 10 / 4.61%
C7 0 / 0.00% 6 / 2.76% 14 / 6.45% 100 / 46.08% 93 / 42.86% 4 / 1.84%
C8 5 / 2.30% 11 / 5.07% 47 / 21.66% 96 / 44.24% 54 / 24.88% 4 / 1.84%
C9 7 / 3.23% 8 / 3.69% 44 / 20.28% 98 / 45.16% 53 / 24.42% 7 / 3.23%
C10 7 / 3.23% 12 / 5.53% 39 / 17.97% 92 / 42.40% 56 / 25.81% 11 / 5.07%
C11 10 / 4.61% 11 / 5.07% 62 / 28.57% 83 / 38.25% 42 / 19.35% 9 / 4.15%
C12 9 / 4.15% 16 / 7.37% 64 / 29.49% 80 / 36.87% 38 / 17.51% 10 / 4.61%

How did you like the new learning dashboard in general?

1? 2? 3? 4? 5?

5 / 2.30% 5 / 2.30% 18 / 8.29% 86 / 39.63% 103 / 47.47%
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C.2 Supporting Self-Regulated Learning with the Learner Dashboard

C.2 Supporting Self-Regulated Learningwith the Learner
Dashboard

Survey data analyzed in Section 3.4. Number of Participants: 296.

D1: For the new Learner Dashboard it is clear what data is being collected.
D2: For the new Learner Dashboard it is clear why the data is being collected.
AR1: The new Learner Dashboard makes me aware of my current learning situation.
AR2: The new Learner Dashboard makes me forecast my possible future learning situation given my (un)changed

behavior.
AR3: The new Learner Dashboard stimulates me to re�ect on my past learning behavior.
AR4: The new Learner Dashboard stimulates me to adapt my learning behavior if necessary.
I1: The new Learner Dashboard stimulates me to study more e�ciently.
I2: The new Learner Dashboard stimulates me to study more e�ectively.

Q

strongly
disagree

1 2 3 4 5 6 7 8 9

strongly
agree

10

D1 12 / 4.05% 6 / 2.03% 13 / 4.39% 10 / 3.38% 11 / 3.72% 15 / 5.07% 25 / 8.45% 62 / 20.95% 62 / 20.95% 80 / 27.03%
D2 12 / 4.05% 6 / 2.03% 13 / 4.39% 7 / 2.36% 21 / 7.09% 18 / 6.08% 29 / 9.80% 59 / 19.93% 56 / 18.92% 75 / 25.34%
AR1 10 / 3.38% 8 / 2.70% 3 / 1.01% 7 / 2.36% 11 / 3.72% 11 / 3.72% 22 / 7.43% 54 / 18.24% 57 / 19.26% 113 / 38.18%
AR2 19 / 6.42% 10 / 3.38% 14 / 4.73% 13 / 4.39% 29 / 9.80% 25 / 8.45% 42 / 14.19% 66 / 22.30% 38 / 12.84% 40 / 13.51%
AR3 15 / 5.07% 7 / 2.36% 15 / 5.07% 15 / 5.07% 17 / 5.74% 25 / 8.45% 41 / 13.85% 50 / 16.89% 60 / 20.27% 51 / 17.23%
AR4 17 / 5.74% 13 / 4.39% 18 / 6.08% 10 / 3.38% 26 / 8.78% 26 / 8.78% 31 / 10.47% 62 / 20.95% 45 / 15.20% 48 / 16.22%
I1 21 / 7.09% 15 / 5.07% 26 / 8.78% 14 / 4.73% 29 / 9.80% 40 / 13.51% 40 / 13.51% 44 / 14.86% 35 / 11.82% 32 / 10.81%
I2 19 / 6.42% 12 / 4.05% 20 / 6.76% 20 / 6.76% 28 / 9.46% 31 / 10.47% 38 / 12.84% 51 / 17.23% 42 / 14.19% 35 / 11.82%
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C Study Data

C.3 Usefulness of Personalized Learning Objectives

Survey data analyzed in Section 3.6. Number of Participants: 163.

Q1: Did you select a learning objective for the course?

Answer Count Percent

Yes 126 77.30%
No 21 12.88%
No answer 16 9.82%

Q2: Did you like the number of available learning objectives?

Answer Count Percent

I would like to have more learning objectives available. 34 20.86%
The number of learning objectives available was su�cient. 90 55.21%
There were too many learning objectives available. 10 6.13%
No answer 29 17.79%

Q3: What was your motivation to select a learning objective?

Answer (Multi Select) Count Percent

I wanted to support the research. 45 35.71%
I wanted to try the (potential) new feature. 72 57.14%
I was interested in the experience of choosing and following
an objective for the course.

68 53.97%

I always decide on my personal objective anyway and could now
select it on the platform.

35 27.78%

Other 1 0.79%
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C.3 Usefulness of Personalized Learning Objectives

Q4.1: The learning objectives selection is easy to use.
Q4.2: The functions of the learning objectives selection are exactly right for my

goals.
Q4.3: It is quickly apparent how to use the learning objectives selection.
Q4.4: I consider the learning objectives selection extremely useful.
Q4.5: The operating procedures of the learning objectives selection are simple

to understand.
Q4.6: With the help of the learning objectives selection I will achieve my goals.
Q4.7: I liked the presentation of the learning objectives selection (i. e., using a

modal).

strongly
disagree

-2
disagree

-1 0
agree

+1

strongly
agree

+2
no

answer

Q4.1 0 / 0.00% 3 / 1.84% 10 / 6.13% 51 / 31.29% 61 / 37.42% 38 / 23.31%
Q4.2 2 / 1.23% 7 / 4.29% 14 / 8.59% 62 / 38.04% 33 / 20.25% 45 / 27.61%
Q4.3 1 / 0.61% 6 / 3.68% 9 / 5.52% 60 / 36.81% 47 / 28.83% 40 / 24.54%
Q4.4 4 / 2.45% 5 / 3.07% 24 / 14.72% 53 / 32.52% 36 / 22.09% 41 / 25.15%
Q4.5 1 / 0.61% 4 / 2.45% 12 / 7.36% 56 / 34.36% 49 / 30.06% 41 / 25.15%
Q4.6 2 / 1.23% 8 / 4.91% 27 / 16.56% 52 / 31.90% 31 / 19.02% 43 / 26.38%
Q4.7 4 / 2.45% 1 / 0.61% 18 / 11.04% 55 / 33.74% 42 / 25.77% 43 / 26.38%
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C Study Data

Q5.1: The information displayed on each learning objective was useful.
Q5.2: The information displayed on each learning objective was su�cient to

decide on a particular objective.
Q5.3: I decided on a particular objective based on the provided details (i. e.,

time e�ort) rather than the topic covered.
Q5.4: The selection of a learning objective helped me to become clear about my

primary interest for the course.
Q5.5: The learning objective helped me to focus on my primary interest for the

course.
Q5.6: The learning objective motivated me to commit to the course.
Q5.7: The learning objective motivated me to complete at least the learning

material included in the objective.
Q5.8: The learning objective motivated me to complete more than the material I

initially intended to complete.
Q5.9: Working towards a selected objective did improve my learning e�ectiveness.
Q5.10: I achieved my personal learning goals in this MOOC.

strongly
disagree

-2
disagree

-1 0
agree

+1

strongly
agree

+2
no

answer

Q5.1 2 / 1.23% 0 / 0.00% 13 / 7.98% 67 / 41.10% 42 / 25.77% 39 / 23.93%
Q5.2 1 / 0.61% 4 / 2.45% 18 / 11.04% 71 / 43.56% 29 / 17.79% 40 / 24.54%
Q5.3 9 / 5.52% 16 / 9.82% 23 / 14.11% 51 / 31.29% 23 / 14.11% 41 / 25.15%
Q5.4 3 / 1.84% 8 / 4.91% 27 / 16.56% 54 / 33.13% 29 / 17.79% 42 / 25.77%
Q5.5 2 / 1.23% 10 / 6.13% 20 / 12.27% 59 / 36.20% 28 / 17.18% 44 / 26.99%
Q5.6 3 / 1.84% 13 / 7.98% 22 / 13.50% 52 / 31.90% 28 / 17.18% 45 / 27.61%
Q5.7 4 / 2.45% 11 / 6.75% 19 / 11.66% 54 / 33.13% 30 / 18.40% 45 / 27.61%
Q5.8 4 / 2.45% 13 / 7.98% 31 / 19.02% 45 / 27.61% 25 / 15.34% 45 / 27.61%
Q5.9 6 / 3.68% 9 / 5.52% 23 / 14.11% 52 / 31.90% 30 / 18.40% 43 / 26.38%
Q5.10 3 / 1.84% 4 / 2.45% 14 / 8.59% 56 / 34.36% 43 / 26.38% 43 / 26.38%

Q6: Did you use the estimated time e�ort as criterium for selecting a learning objective?

Answer Count Percent

Yes 54 33.33%
No, but I found the information helpful. 62 38.27%
No, because the information was not helpful. 4 2.47%
No answer 43 26.54%
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C.3 Usefulness of Personalized Learning Objectives

Q7: To what extent did you focus on the learning resources that were part of your
learning objective?

Answer Count Percent

I have only focused on the highlighted content. 31 19.38%
The given learning resources motivated me to work on further learning re-
sources which were not part of the objective.

41 25.62%

I have adhered to the course structure and worked on all learning resources,
regardless of my selection.

43 26.88%

No answer 48 29.45%

Q8.1: The highlighting of the learning resource was helpful.
Q8.2: It was clear which learning resources were part of my learning objective.
Q8.3: It was clear which sections contain learning resources being part of my

learning objective.

strongly
disagree

-2
disagree

-1 0
agree

+1

strongly
agree

+2
no

answer

Q8.1 4 / 2.45% 2 / 1.23% 10 / 6.13% 70 / 42.94% 36 / 22.09% 41 / 25.15%
Q8.2 2 / 1.23% 2 / 1.23% 11 / 6.75% 71 / 43.56% 36 / 22.09% 41 / 25.15%
Q8.3 1 / 0.61% 2 / 1.23% 12 / 7.36% 70 / 42.94% 35 / 21.47% 43 / 26.38%

Q9: Did you change your objective during course run time?

Answer Count Percent

Yes 13 7.98%
No 108 66.26%
No answer 42 25.77%

Q10: Would you like to have learning objectives available in other courses, too?

Answer Count Percent

Yes 105 64.42%
No 18 11.04%
Uncertain 21 12.88%
No answer 19 11.66%

Q11: Please rate the overall concept of personalized learning objectives.

1? 2? 3? 4? 5? no answer

5 / 3.07% 3 / 1.84% 21 / 12.88% 46 / 28.22% 52 / 31.90% 36 / 22.09%

lix



C Study Data

C.4 Usefulness ofWeb Analytics Insights and Usability of
the Teacher Dashboard

Survey data analyzed in Section 4.2. Number of Participants: 11.

Q01: The dashboard helps me to monitor the activity of my courses.

Dashboard version
Strongly
disagree (0)

Somewhat
disagree (1)

Somewhat
agree (2)

Strongly
agree (3)

Existing dashboard 0 / 0.00% 1 / 9.09% 7 / 63.64% 3 / 27.27%
Revised dashboard 0 / 0.00% 1 / 9.09% 6 / 54.55% 4 / 36.36%

Q02: The dashboard facilitates access to relevant metrics.

Dashboard version
Strongly
disagree (0)

Somewhat
disagree (1)

Somewhat
agree (2)

Strongly
agree (3)

Existing dashboard 0 / 0.00% 2 / 18.18% 6 / 54.55% 3 / 27.27%
Revised dashboard 0 / 0.00% 2 / 18.18% 2 / 18.18% 7 / 63.64%

Q03: The dashboard meets my needs.

Dashboard version
Strongly
disagree (0)

Somewhat
disagree (1)

Somewhat
agree (2)

Strongly
agree (3)

Existing dashboard 0 / 0.00% 5 / 45.45% 5 / 45.45% 1 / 9.09%
Revised dashboard 0 / 0.00% 3 / 27.27% 6 / 54.55% 2 / 18.18%

Q04: I regularly use the dashboard for my work.

Dashboard version
Strongly
disagree (0)

Somewhat
disagree (1)

Somewhat
agree (2)

Strongly
agree (3)

Existing dashboard 0 / 0.00% 1 / 9.09% 4 / 36.36% 6 / 54.55%
Revised dashboard 0 / 0.00% 0 / 0.00% 5 / 45.45% 6 / 54.55%
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C.4 Usefulness of Web Analytics Insights and Usability of the Teacher Dashboard

Q05: The dashboard is easy to use.

Dashboard version
Strongly
disagree (0)

Somewhat
disagree (1)

Somewhat
agree (2)

Strongly
agree (3)

Existing dashboard 1 / 9.09% 2 / 18.18% 5 / 45.45% 3 / 27.27%
Revised dashboard 0 / 0.00% 2 / 18.18% 3 / 27.27% 6 / 54.55%

Q06: The dashboard is understandable.

Dashboard version
Strongly
disagree (0)

Somewhat
disagree (1)

Somewhat
agree (2)

Strongly
agree (3)

Existing dashboard 1 / 9.09% 5 / 45.45% 5 / 45.45% 0 / 0.00%
Revised dashboard 0 / 0.00% 3 / 27.27% 3 / 27.27% 5 / 45.45%

Q07: The dashboard loads fast.

Dashboard version
Strongly
disagree (0)

Somewhat
disagree (1)

Somewhat
agree (2)

Strongly
agree (3)

Existing dashboard 1 / 9.09% 8 / 72.73% 2 / 18.18% 0 / 0.00%
Revised dashboard 0 / 0.00% 3 / 27.27% 5 / 45.45% 3 / 27.27%

Q08: The dashboard is clear and tidy.

Dashboard version
Strongly
disagree (0)

Somewhat
disagree (1)

Somewhat
agree (2)

Strongly
agree (3)

Existing dashboard 1 / 9.09% 6 / 54.55% 4 / 36.36% 0 / 0.00%
Revised dashboard 0 / 0.00% 2 / 18.18% 3 / 27.27% 6 / 54.55%

Q09: The dashboard works the way I would expect.

Dashboard version
Strongly
disagree (0)

Somewhat
disagree (1)

Somewhat
agree (2)

Strongly
agree (3)

Existing dashboard 0 / 0.00% 3 / 27.27% 7 / 63.64% 1 / 9.09%
Revised dashboard 0 / 0.00% 2 / 18.18% 5 / 45.45% 4 / 36.36%

Q10: I like to use the dashboard.

Dashboard version
Strongly
disagree (0)

Somewhat
disagree (1)

Somewhat
agree (2)

Strongly
agree (3)

Existing dashboard 0 / 0.00% 4 / 36.36% 7 / 63.64% 0 / 0.00%
Revised dashboard 0 / 0.00% 2 / 18.18% 4 / 36.36% 5 / 45.45%

lxi



C Study Data

C.5 Usage of the Teacher Dashboard and Statistics

Platform data analyzed in Section 4.3.

Course
Nr. Platform Page

Visits
By

Teachers
Visit Ratio in Course Phases

Design and Dev. Facilitation Evaluation

1 openHPI 259 11 0.2432 0.6100 0.1467
2 openHPI 233 10 0.0129 0.7639 0.2232
3 openHPI 537 11 0.3464 0.4227 0.2309
4 openHPI 312 8 0.1410 0.5737 0.2853
5 openHPI 687 13 0.1223 0.7496 0.1281
6 openSAP 221 8 0.3575 0.4887 0.1538
7 openSAP 149 5 0.0336 0.7785 0.1879
8 openSAP 49 4 0.0408 0.4082 0.5510
9 openSAP 41 6 0.0000 0.7805 0.2195

10 openSAP 17 4 0.0000 0.4118 0.5882
11 openSAP 118 8 0.0254 0.5424 0.4322
12 openSAP 36 7 0.2778 0.2500 0.4722
13 openSAP 187 5 0.0267 0.5882 0.3850
14 openSAP 16 4 0.0000 0.2500 0.7500
15 openSAP 69 11 0.1884 0.5362 0.2754
16 openSAP 30 9 0.0333 0.3667 0.6000
17 openSAP 82 6 0.0244 0.6707 0.3049
18 openSAP 28 5 0.0000 0.7143 0.2857
19 openSAP 8 3 0.0000 0.2500 0.7500
20 openSAP 19 5 0.0000 0.2632 0.7368
21 openSAP 65 5 0.0154 0.5538 0.4308
22 openSAP 133 8 0.0000 0.4737 0.5263
23 openSAP 132 8 0.4848 0.2879 0.2273
24 openSAP 47 8 0.0426 0.7021 0.2553
25 openSAP 34 6 0.0294 0.4118 0.5588
26 openSAP 22 6 0.1364 0.2273 0.6364
27 openSAP 77 5 0.0519 0.7273 0.2208
28 openSAP 133 7 0.0451 0.7218 0.2331
29 openSAP 32 5 0.0625 0.5938 0.3438
30 openSAP 27 4 0.0370 0.5185 0.4444
31 mooc.house 570 15 0.3737 0.4737 0.1526
32 mooc.house 48 6 0.2917 0.4375 0.2708
33 mooc.house 43 6 0.3488 0.4419 0.2093
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C.6 Perception of the Teacher Dashboard and Statistics

C.6 Perception of the Teacher Dashboard and Statistics

Survey data analyzed in Section 4.3. Number of Participants: 23.

How useful do you �nd the Enrollments and Certi�cates Overview in the di�erent course phases?

Phase

not useful
at all

1 2 3 4 5 6

very
useful

7

Pre-Design 11 / 47.83% 4 / 17.39% 2 / 8.70% 0 / 0.00% 3 / 13.04% 2 / 8.70% 1 / 4.35%
Design and Dev. 8 / 34.78% 3 / 13.04% 3 / 13.04% 1 / 4.35% 5 / 21.74% 2 / 8.70% 1 / 4.35%
Facilitation 1 / 4.35% 0 / 0.00% 1 / 4.35% 2 / 8.70% 9 / 39.13% 4 / 17.39% 6 / 26.09%
Evaluation 1 / 4.35% 0 / 0.00% 0 / 0.00% 3 / 13.04% 3 / 13.04% 3 / 13.04% 13 / 56.52%

How useful do you �nd the Learning Items KPIs in the di�erent course phases?

Phase

not useful
at all

1 2 3 4 5 6

very
useful

7

Pre-Design 12 / 52.17% 4 / 17.39% 2 / 8.70% 1 / 4.35% 1 / 4.35% 2 / 8.70% 1 / 4.35%
Design and Dev. 12 / 52.17% 3 / 13.04% 2 / 8.70% 1 / 4.35% 2 / 8.70% 2 / 8.70% 1 / 4.35%
Facilitation 0 / 0.00% 2 / 8.70% 1 / 4.35% 2 / 8.70% 5 / 21.74% 4 / 17.39% 9 / 39.13%
Evaluation 0 / 0.00% 2 / 8.70% 2 / 8.70% 2 / 8.70% 3 / 13.04% 7 / 30.43% 7 / 30.43%

How useful do you �nd the Forum KPIs in the di�erent course phases?

Phase

not useful
at all

1 2 3 4 5 6

very
useful

7

Pre-Design 13 / 56.52% 5 / 21.74% 2 / 8.70% 0 / 0.00% 1 / 4.35% 1 / 4.35% 1 / 4.35%
Design and Dev. 12 / 52.17% 4 / 17.39% 4 / 17.39% 0 / 0.00% 1 / 4.35% 1 / 4.35% 1 / 4.35%
Facilitation 2 / 8.70% 1 / 4.35% 2 / 8.70% 2 / 8.70% 3 / 13.04% 3 / 13.04% 10 / 43.48%
Evaluation 2 / 8.70% 1 / 4.35% 1 / 4.35% 0 / 0.00% 6 / 26.09% 5 / 21.74% 8 / 34.78%

How useful do you �nd the Enrollments and Learners Historic Data in the di�erent course phases?

Phase

not useful
at all

1 2 3 4 5 6

very
useful

7

Pre-Design 9 / 39.13% 5 / 21.74% 1 / 4.35% 3 / 13.04% 1 / 4.35% 4 / 17.39% 0 / 0.00%
Design and Dev. 6 / 26.09% 4 / 17.39% 0 / 0.00% 5 / 21.74% 4 / 17.39% 4 / 17.39% 0 / 0.00%
Facilitation 2 / 8.70% 0 / 0.00% 2 / 8.70% 5 / 21.74% 2 / 8.70% 6 / 26.09% 6 / 26.09%
Evaluation 1 / 4.35% 1 / 4.35% 1 / 4.35% 1 / 4.35% 4 / 17.39% 7 / 30.43% 8 / 34.78%
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C Study Data

How useful do you �nd the Forum and Helpdesk Historic Data in the di�erent course phases?

Phase

not useful
at all

1 2 3 4 5 6

very
useful

7

Pre-Design 13 / 56.52% 3 / 13.04% 4 / 17.39% 1 / 4.35% 2 / 8.70% 0 / 0.00% 0 / 0.00%
Design and Dev. 12 / 52.17% 2 / 8.70% 4 / 17.39% 3 / 13.04% 1 / 4.35% 1 / 4.35% 0 / 0.00%
Facilitation 2 / 8.70% 2 / 8.70% 3 / 13.04% 5 / 21.74% 6 / 26.09% 1 / 4.35% 4 / 17.39%
Evaluation 2 / 8.70% 1 / 4.35% 6 / 26.09% 3 / 13.04% 3 / 13.04% 2 / 8.70% 6 / 26.09%

How useful do you �nd the User Locations in the di�erent course phases?

Phase

not useful
at all

1 2 3 4 5 6

very
useful

7

Pre-Design 12 / 52.17% 5 / 21.74% 1 / 4.35% 0 / 0.00% 1 / 4.35% 1 / 4.35% 3 / 13.04%
Design and Dev. 9 / 39.13% 6 / 26.09% 0 / 0.00% 2 / 8.70% 2 / 8.70% 1 / 4.35% 3 / 13.04%
Facilitation 3 / 13.04% 1 / 4.35% 1 / 4.35% 6 / 26.09% 4 / 17.39% 3 / 13.04% 5 / 21.74%
Evaluation 1 / 4.35% 2 / 8.70% 2 / 8.70% 1 / 4.35% 5 / 21.74% 6 / 26.09% 6 / 26.09%

How useful do you �nd the Active Learners by Time of Day in the di�erent course phases?

Phase

not useful
at all

1 2 3 4 5 6

very
useful

7

Pre-Design 15 / 65.22% 5 / 21.74% 0 / 0.00% 0 / 0.00% 1 / 4.35% 1 / 4.35% 1 / 4.35%
Design and Dev. 15 / 65.22% 4 / 17.39% 0 / 0.00% 0 / 0.00% 1 / 4.35% 2 / 8.70% 1 / 4.35%
Facilitation 8 / 34.78% 1 / 4.35% 2 / 8.70% 0 / 0.00% 3 / 13.04% 3 / 13.04% 6 / 26.09%
Evaluation 5 / 21.74% 2 / 8.70% 4 / 17.39% 2 / 8.70% 3 / 13.04% 3 / 13.04% 4 / 17.39%

How useful do you �nd the Age Distribution in the di�erent course phases?

Phase

not useful
at all

1 2 3 4 5 6

very
useful

7

Pre-Design 10 / 43.48% 5 / 21.74% 3 / 13.04% 1 / 4.35% 2 / 8.70% 1 / 4.35% 1 / 4.35%
Design and Dev. 9 / 39.13% 5 / 21.74% 0 / 0.00% 4 / 17.39% 2 / 8.70% 2 / 8.70% 1 / 4.35%
Facilitation 1 / 4.35% 2 / 8.70% 6 / 26.09% 3 / 13.04% 4 / 17.39% 2 / 8.70% 5 / 21.74%
Evaluation 1 / 4.35% 1 / 4.35% 0 / 0.00% 4 / 17.39% 8 / 34.78% 4 / 17.39% 5 / 21.74%

How useful do you �nd the Client Usage in the di�erent course phases?

Phase

not useful
at all

1 2 3 4 5 6

very
useful

7

Pre-Design 12 / 52.17% 7 / 30.43% 0 / 0.00% 2 / 8.70% 0 / 0.00% 2 / 8.70% 0 / 0.00%
Design and Dev. 11 / 47.83% 4 / 17.39% 2 / 8.70% 3 / 13.04% 0 / 0.00% 2 / 8.70% 1 / 4.35%
Facilitation 5 / 21.74% 1 / 4.35% 4 / 17.39% 5 / 21.74% 0 / 0.00% 3 / 13.04% 5 / 21.74%
Evaluation 2 / 8.70% 2 / 8.70% 2 / 8.70% 5 / 21.74% 2 / 8.70% 5 / 21.74% 5 / 21.74%
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C.6 Perception of the Teacher Dashboard and Statistics

How useful do you �nd the Item Visits Statistics in the di�erent course phases?

Phase

not useful
at all

1 2 3 4 5 6

very
useful

7

Pre-Design 11 / 47.83% 4 / 17.39% 3 / 13.04% 2 / 8.70% 1 / 4.35% 1 / 4.35% 1 / 4.35%
Design and Dev. 11 / 47.83% 4 / 17.39% 2 / 8.70% 2 / 8.70% 2 / 8.70% 1 / 4.35% 1 / 4.35%
Facilitation 1 / 4.35% 2 / 8.70% 2 / 8.70% 5 / 21.74% 5 / 21.74% 2 / 8.70% 6 / 26.09%
Evaluation 0 / 0.00% 1 / 4.35% 0 / 0.00% 4 / 17.39% 8 / 34.78% 3 / 13.04% 7 / 30.43%

How useful do you �nd the Videos Statistics in the di�erent course phases?

Phase

not useful
at all

1 2 3 4 5 6

very
useful

7

Pre-Design 12 / 52.17% 5 / 21.74% 3 / 13.04% 0 / 0.00% 1 / 4.35% 1 / 4.35% 1 / 4.35%
Design and Dev. 12 / 52.17% 5 / 21.74% 2 / 8.70% 1 / 4.35% 1 / 4.35% 1 / 4.35% 1 / 4.35%
Facilitation 2 / 8.70% 3 / 13.04% 1 / 4.35% 1 / 4.35% 5 / 21.74% 6 / 26.09% 5 / 21.74%
Evaluation 2 / 8.70% 1 / 4.35% 1 / 4.35% 2 / 8.70% 4 / 17.39% 5 / 21.74% 8 / 34.78%

How useful do you �nd the Downloads Statistics in the di�erent course phases?

Phase

not useful
at all

1 2 3 4 5 6

very
useful

7

Pre-Design 12 / 52.17% 6 / 26.09% 1 / 4.35% 2 / 8.70% 0 / 0.00% 1 / 4.35% 1 / 4.35%
Design and Dev. 12 / 52.17% 5 / 21.74% 2 / 8.70% 2 / 8.70% 0 / 0.00% 1 / 4.35% 1 / 4.35%
Facilitation 3 / 13.04% 4 / 17.39% 1 / 4.35% 1 / 4.35% 6 / 26.09% 3 / 13.04% 5 / 21.74%
Evaluation 4 / 17.39% 1 / 4.35% 1 / 4.35% 1 / 4.35% 3 / 13.04% 3 / 13.04% 10 / 43.48%

How useful do you �nd the Rich Texts Statistics in the di�erent course phases?

Phase

not useful
at all

1 2 3 4 5 6

very
useful

7

Pre-Design 15 / 65.22% 3 / 13.04% 0 / 0.00% 3 / 13.04% 1 / 4.35% 0 / 0.00% 1 / 4.35%
Design and Dev. 14 / 60.87% 4 / 17.39% 1 / 4.35% 2 / 8.70% 1 / 4.35% 0 / 0.00% 1 / 4.35%
Facilitation 5 / 21.74% 4 / 17.39% 3 / 13.04% 1 / 4.35% 3 / 13.04% 2 / 8.70% 5 / 21.74%
Evaluation 4 / 17.39% 4 / 17.39% 2 / 8.70% 2 / 8.70% 3 / 13.04% 0 / 0.00% 8 / 34.78%

How useful do you �nd the Quizzes Statistics in the di�erent course phases?

Phase

not useful
at all

1 2 3 4 5 6

very
useful

7

Pre-Design 12 / 52.17% 3 / 13.04% 2 / 8.70% 1 / 4.35% 0 / 0.00% 3 / 13.04% 2 / 8.70%
Design and Dev. 10 / 43.48% 2 / 8.70% 4 / 17.39% 2 / 8.70% 0 / 0.00% 4 / 17.39% 1 / 4.35%
Facilitation 1 / 4.35% 0 / 0.00% 4 / 17.39% 2 / 8.70% 3 / 13.04% 7 / 30.43% 6 / 26.09%
Evaluation 0 / 0.00% 0 / 0.00% 2 / 8.70% 0 / 0.00% 6 / 26.09% 5 / 21.74% 10 / 43.48%
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C Study Data

How useful do you �nd the Rich Text Item Details Statistics in the di�erent course phases?

Phase

not useful
at all

1 2 3 4 5 6

very
useful

7

Pre-Design 13 / 56.52% 4 / 17.39% 1 / 4.35% 3 / 13.04% 1 / 4.35% 0 / 0.00% 1 / 4.35%
Design and Dev. 12 / 52.17% 3 / 13.04% 2 / 8.70% 3 / 13.04% 2 / 8.70% 0 / 0.00% 1 / 4.35%
Facilitation 4 / 17.39% 3 / 13.04% 3 / 13.04% 5 / 21.74% 3 / 13.04% 1 / 4.35% 4 / 17.39%
Evaluation 2 / 8.70% 3 / 13.04% 1 / 4.35% 2 / 8.70% 6 / 26.09% 1 / 4.35% 8 / 34.78%

How useful do you �nd the Video Item Details Statistics in the di�erent course phases?

Phase

not useful
at all

1 2 3 4 5 6

very
useful

7

Pre-Design 14 / 60.87% 4 / 17.39% 1 / 4.35% 1 / 4.35% 0 / 0.00% 2 / 8.70% 1 / 4.35%
Design and Dev. 13 / 56.52% 3 / 13.04% 1 / 4.35% 3 / 13.04% 0 / 0.00% 2 / 8.70% 1 / 4.35%
Facilitation 4 / 17.39% 2 / 8.70% 6 / 26.09% 1 / 4.35% 3 / 13.04% 4 / 17.39% 3 / 13.04%
Evaluation 5 / 21.74% 3 / 13.04% 2 / 8.70% 1 / 4.35% 4 / 17.39% 3 / 13.04% 5 / 21.74%

How useful do you �nd the Quiz Item Details Statistics in the di�erent course phases?

Phase

not useful
at all

1 2 3 4 5 6

very
useful

7

Pre-Design 12 / 52.17% 3 / 13.04% 2 / 8.70% 2 / 8.70% 0 / 0.00% 1 / 4.35% 3 / 13.04%
Design and Dev. 11 / 47.83% 2 / 8.70% 2 / 8.70% 3 / 13.04% 0 / 0.00% 2 / 8.70% 3 / 13.04%
Facilitation 1 / 4.35% 0 / 0.00% 4 / 17.39% 2 / 8.70% 0 / 0.00% 5 / 21.74% 11 / 47.83%
Evaluation 1 / 4.35% 1 / 4.35% 2 / 8.70% 0 / 0.00% 5 / 21.74% 4 / 17.39% 10 / 43.48%

How useful do you �nd the Activity Statistics in the di�erent course phases?

Phase

not useful
at all

1 2 3 4 5 6

very
useful

7

Pre-Design 14 / 60.87% 5 / 21.74% 1 / 4.35% 0 / 0.00% 1 / 4.35% 1 / 4.35% 1 / 4.35%
Design and Dev. 13 / 56.52% 5 / 21.74% 2 / 8.70% 0 / 0.00% 1 / 4.35% 1 / 4.35% 1 / 4.35%
Facilitation 3 / 13.04% 2 / 8.70% 4 / 17.39% 3 / 13.04% 3 / 13.04% 4 / 17.39% 4 / 17.39%
Evaluation 3 / 13.04% 3 / 13.04% 2 / 8.70% 3 / 13.04% 4 / 17.39% 3 / 13.04% 5 / 21.74%
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C.6 Perception of the Teacher Dashboard and Statistics

D1: For the Course Dashboard and Statistics it is clear what data is being collected.
D2: For the Course Dashboard and Statistics it is clear why the data is being collected.
AR1: The Course Dashboard and Statistics make me aware of my students’ current learning situation.
AR2: The Course Dashboard and Statistics make me forecast my students’ possible future learning situation given

their (un)changed behavior.
AR3: The Course Dashboard and Statistics stimulate me to re�ect on my past teaching behavior.
AR4: The Course Dashboard and Statistics stimulate me to adapt my teaching behavior if necessary.
I1: The Course Dashboard and Statistics stimulate me to teach more e�ciently.
I2: The Course Dashboard and Statistics stimulate me to teach more e�ectively.

Q

strongly
disagree

1 2 3 4 5 6 7 8 9

strongly
agree

10

D1 0 / 0.00% 1 / 4.35% 2 / 8.70% 2 / 8.70% 1 / 4.35% 2 / 8.70% 0 / 0.00% 5 / 21.74% 5 / 21.74% 5 / 21.74%
D2 1 / 4.35% 1 / 4.35% 1 / 4.35% 2 / 8.70% 3 / 13.04% 0 / 0.00% 3 / 13.04% 2 / 8.70% 4 / 17.39% 6 / 26.09%
AR1 0 / 0.00% 1 / 4.35% 1 / 4.35% 0 / 0.00% 2 / 8.70% 2 / 8.70% 3 / 13.04% 6 / 26.09% 4 / 17.39% 4 / 17.39%
AR2 0 / 0.00% 1 / 4.35% 1 / 4.35% 5 / 21.74% 2 / 8.70% 3 / 13.04% 5 / 21.74% 4 / 17.39% 1 / 4.35% 1 / 4.35%
AR3 0 / 0.00% 1 / 4.35% 2 / 8.70% 1 / 4.35% 2 / 8.70% 2 / 8.70% 4 / 17.39% 8 / 34.78% 2 / 8.70% 1 / 4.35%
AR4 1 / 4.35% 0 / 0.00% 3 / 13.04% 0 / 0.00% 2 / 8.70% 5 / 21.74% 2 / 8.70% 7 / 30.43% 2 / 8.70% 1 / 4.35%
I1 1 / 4.35% 1 / 4.35% 1 / 4.35% 1 / 4.35% 1 / 4.35% 7 / 30.43% 3 / 13.04% 5 / 21.74% 1 / 4.35% 2 / 8.70%
I2 0 / 0.00% 1 / 4.35% 2 / 8.70% 0 / 0.00% 1 / 4.35% 5 / 21.74% 4 / 17.39% 5 / 21.74% 3 / 13.04% 2 / 8.70%
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