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Summary
This thesis targets challenges of large-scale teaching at the level of higher
education, especially individualization of learning and feedback at largescale. The challenges addressed are to scale and develop tool enhanced
teaching methodologies that work in large cohorts of students (more than
500).
To meet these challenges tools were developed which help lecturers to
scale the teaching by either providing automated feedback to developers
of learning materials (E.Tutorial) or by taking care of the micromanaged
certain teaching methodologies require at large-scale (PELE). The foundation of all approaches in this thesis is the collection and analysis of
educational data (learning analytics). To be able to collect these educational data at large-scale in different learning environments an open data
collection and storage system was developed, which focuses on ensuring
students’ privacy. Based on the collected data a system was developed
which helps lecturers to develop and improve distance learning materials,
by providing lecturers with automatic data analysis about the detailed
usage of the learning materials. In this way helping lecturers to understand how the students use the provided distance learning materials
without disturbing the process or having access to the students.
To further improve the learning of students in large-scale blended learning
courses a teaching methodology was implemented based on regular faceto-face feedback discussions over the period of a semester. The aim was to
focus on individual students and provide them with high-quality feedback.
To implement such a process at large-scale a tool was developed which
took care of the required micromanagement to organize the face-to-face
feedback discussions and help lecturers to have an overview and stay in
control of the whole process. Allowing to scale this process to more than
800 students and 50 teaching assistants, without a drop in quality.
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The tool enhanced teaching at large-scale and helped to improve the
learning process by increasing the efficacy and enabling lecturers to make
data-driven decisions. Thereby enabling lecturers to focus on important
aspects of teaching instead of spending time on micromanagement or
data collection and analysis.
The tool enhanced teaching elaborated in this thesis may be deployed
to a wide range of courses, where large cohorts of students are taught in
a blended learning setting.
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Zusammenfassung
Diese Dissertation beschäftigt sich mit den Herausforderungen durch
grosse Studierendenzahlen im Bereich der tertiären Bildung, insbesondere
die Individualisierung des Lernens und Feedback. Ziel der Arbeit war es,
toolunterstützte Lehrmethodiken zu entwickeln und zu skalieren, die bei
grossen Studierendenzahlen eingesetzt werden können (über 500).
Um diese Herausforderungen anzugehen wurden Tools entwickelt, welche
Dozenten helfen den Unterricht zu skalieren. Entweder, in dem automatisiertes Feedback für Entwickler von Lehrmaterialien bereitgestellt wird
(E.Tutorials), oder indem das Mikromanagement von bestimmten Lehrmethodiken bei grossen Studierendenzahlen übernommen wird (PELE).
Die Grundlage aller Ansätze in dieser Dissertation ist die Sammlung und
Analyse von Lehrdaten. Um die Lehrdaten in unterschiedlichen Lehrsystemen bei grossen Studierendenzahlen zu sammeln, wurde ein offenes
System für die Sammlung und Speicherung von Lehrdaten entwickelt.
Dieses respektiert die Privatsphäre der Studierenden. Basierend auf den
gesammelten Lehrdaten wurde ein System entwickelt, welches Dozenten
hilft Distanz-Lehrmaterialien zu entwickeln und zu verbessern, indem
sie automatische Rückmeldungen über die genaue Verwendung der Lehrmaterialien bekommen. Dies hilft den Dozierenden zu verstehen, wie die
Studierenden die bereitgestellten Lehrmaterialien verwenden, ohne den
Lernprozess der Studierende zu stören oder Zugriff zu den Studierenden
zu haben.
Um den Lernprozess der Studierenden in Grosslehrveranstaltungen im
Blended-Learning Konzept weiter zu verbessern, wurde eine Lehrmethodik entwickelt, welche auf regelmässigen persönlichen Feedback-Gesprächen
während eines Semesters basiert. Das Ziel dieser Methodik war, auf einzelne Studierende zu fokussieren und diesen Feedback von hoher Qualität
zu geben. Um solch eine Methodik in Grosslehrveranstaltung zu implementieren, wurde ein Tool entwickelt, welches das dafür notwendige
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Mikromanagement übernimmt und den Dozierenden hilft, den Überblick
und die Kontrolle über den gesamten Prozess zu behalten. Dies erlaubt es
die Methodik auf über 800 Studierende mithilfe von über 50 Assistierende
ohne Einbussen bei der Qualität anzuwenden.
Das toolunterstützte Lehren hilft bei grossen Studierendenzahlen die
Qualität des Lernprozesses zu verbessern, indem die Effizienz gesteigert
wird und es Dozierenden ermöglicht wird, datengestützte Entscheidungen zu treffen. Dies erlaubt Dozierenden sich auf wichtige Aspekte der
Lehre zu fokussieren, anstatt Zeit für das Mikromanagement oder die
Datensammlung und Analyse zu verschwenden.
Die durch diese Arbeit geschaffenen Grundlagen für das toolunterstützte
Lehren können auf eine grosse Anzahl von Vorlesungen angewendet werden, bei welchen grosse Studierendenzahlen im Blended-learning Konzept
unterrichtet werden.
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Sommario
Questa tesi affronta le sfide con i grandi numeri di studenti nel campo
dell’istruzione terziaria. Lo scopo consisteva nello sviluppo e nella diffusione di metodologie didattiche supportate da strumenti software che
potessero essere utilizzate con un gran numero di studenti (oltre 500).
Per affrontare queste sfide, sono stati sviluppati strumenti software per
aiutare gli docenti a scalare le lezioni. Sia fornendo un feedback automatico per gli sviluppatori di materiale didattico (E.Tutorials), sia prestando
il micromanagement di alcune metodologie didattiche per un gran numero di studenti (PELE). La base di tutti gli approcci in questa tesi è la
raccolta e l’analisi dei dati didattici. Al fine di raccogliere dati didattici
in diversi sistemi di insegnamento per un gran numero di studenti, è
stato sviluppato un sistema aperto per la raccolta e la conservazione dei
dati didattici. Questo rispetta la privacy degli studenti. Sulla base dei
dati didattici raccolti, è stato sviluppato un sistema che aiuta gli insegnanti a sviluppare e migliorare i materiali didattici per l’insegnamento
a distanza fornendo un feedback automatico sull’uso esatto dei materiali
didattici. Questo aiuta i docenti a capire come gli studenti utilizzano i
materiali didattici forniti senza disturbare il processo di apprendimento
degli studenti o avere accesso agli stessi.
Per migliorare ulteriormente il processo di apprendimento degli studenti
in corsi di grandi dimensioni nel concetto di apprendimento misto (Blended Learning), è stata sviluppata una metodologia di insegnamento che
si basa su feedback personali regolari durante un semestre. Lo scopo di
questa metodologia era quello di concentrarsi sui singoli studenti e di
fornire un feedback di alta qualità. Al fine di implementare tale metodologia in un corso con un gran’ numero di studenti, è stato sviluppato uno
strumento che assume il micromanagement necessario e aiuta i docenti
a mantenere il panoramico e il controllo dell’intero processo. Questo
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permette di applicare la metodologia con oltre 800 studenti con l’aiuto
di oltre 50 assistenti, senza compromettere la qualità.
L’insegnamento supportato da strumenti software aiuta migliorare la
qualità del processo di apprendimento per un gran numero di studenti,
aumentando l’efficienza e consentendo ai docenti di prendere decisioni basate su dati. Questo permette ai docenti di concentrarsi su aspetti importanti dell’insegnamento invece di perdere tempo con il micromanagement
o nella raccolta e analisi dei dati.
Le basi create in questa tesi per l’insegnamento assistito da strumenti
software può essere applicato a un gran numero di lezioni in cui un gran
numero di studenti vengono insegnati nel concetto di apprendimento
misto.
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Resumé
Cette thèse a pour objectif de défier l’enseignement à grande envergure au
niveau de l’éducation tertiaire. Les défis adressés sont de mettre à l’échelle
et de mettre au point des méthodologies d’enseignement enrichies par des
outils informatiques fonctionnant avec un groupe important d’étudiants
(plus de 500).
En vue de satisfaire ces défis, des outils informatiques ont été élaborés
pour aider les enseignants à mettre à l’échelle leurs cours. Cette aide
est réalisée soit en fournissant un retour automatisé aux créateurs de
matériaux d’enseignement (E.Tutorial), soit en prenant soin de la microgestion de certaines méthodologies d’enseignement requises à la grande
échelle (PELE). Le fondement de toutes les approches de cette thèse est
la collection et l’analyse de données éducationnelles. Destiné à rendre
possible la collection de ces données à grande envergure dans des cadres
d’enseignement différents, un système de collection et d’enregistrement
de données ouvert a été développé, mettant l’accent sur le respect de la
vie privée des étudiants. Basé sur les données collectionnées, un système
a été mis au point, aidant les enseignants à créer et à améliorer des
matériaux d’enseignement à distance, en leur provenant une analyse de
données automatisée, concernant l’utilisation détaillée des matériaux
d’enseignement. Ce système aide aux chargés de cours à comprendre
de quelle façon les étudiants emploient les matériaux d’enseignement
à distance fournis, sans perturber le processus d’apprentissage ni avoir
accès aux étudiants.
Afin d’améliorer davantage l’apprentissage des étudiants de cours hybrides mis à l’échelle, une méthodologie d’enseignement a été mise en
œuvre, fondée sur des entretiens rétrospectifs personnels réguliers durant
la période d’un semestre. L’intention était de se concentrer sur certains
étudiants en particulier et de leur assurer des retours de haute qualité.
Pour réaliser un tel procès à grande échelle, un outil informatique a été
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élaboré, prenant soin de la micro-gestion exigée pour organiser les entretiens rétrospectifs personnels, tout comme pour aider aux enseignants à
garder une vue d’ensemble et à maintenir le contrôle de la totalité du
processus. Cet outil permet de mettre à l’échelle le procédé pour plus de
800 étudiants avec 50 assistants enseignants, sans perte de qualité.
Les outils informatiques enrichissent l’enseignement et aident à améliorer
le processus éducatif à grande échelle, en augmentant l’efficacité et en
permettant aux enseignants de se baser sur les données pour prendre leurs
décisions. Les chargés de cours ont donc la possibilité de se concentrer sur
les aspects importants de l’enseignement, au lieu de perdre leur temps
avec la micro-gestion ou la collection et l’analyse de données.
L’enseignement enrichi avec des outils informatiques élaboré au cours
de cette thèse peut servir pour un grand nombre de cours, dans lesquels d’importants groupes d’étudiants sont enseignés dans le cadre de
l’apprentissage hybride.
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1. Introduction
Higher education faces fundamental challenges due to the massification
of third level education in the last decades. From higher order institutions
new concepts to provide high-quality teaching at scale are required to
cope with the challenges. There have been several approaches developed
in the last decades which helped to increase the quality of teaching by
putting the focus on the measurability of the outcomes. However, there
remain several challenges.
In this thesis I developed computational tools and educational approaches
which helped to automate and scale learning at large-scale. By changing rigid learning settings to dynamic, personalized, and individualized
learning at large-scale. These tools and the educational benefits will be
discussed and evaluated in this thesis.
In the introduction, a description and classification of the used educational approaches will be given. A focus is put on feedback and learning
analytics which are fundamental concepts to understand the benefit of
the developed tools. The second part contains case studies, where the
developed tool and educational approaches will be described and validated. The last part contains a summary of the overall benefits of the
developed approaches.

1.1. Higher Education
Higher education, often also known as third level education or post
secondary-education, is in most countries the final level of formal education. In most countries for admission to higher education it is required
to complete secondary education. Higher order education is mostly provided by universities or colleges of higher education. In Europe, higher
education was harmonized by the so-called Bologna Process [1] in the
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years 1999 through 2010. The Bologna Process led to a certain standardization of the workload via the ECTS credit points [2] and outcome-based
definition and validation of the programs and degree levels. Despite the
changes and adaption in higher education, there remain several challenges for quality learning in higher education, which will be explained
in the following sections.

1.1.1. Current Trends and Challenges in Higher
Education
Increasing Number of Students
Worldwide the number of students is growing exponentially. In the 1990s
worldwide around 15% of the population had attended higher education,
this number increased to around 40% in 2009 [3]. In Switzerland, the
number of persons with a degree in higher education increased from
around 12% in the year 2000 to around 30% in the year 2017 [4]. At
our institution, the ETH Zurich, the number of students increased from
13’412 in the year 2006 to 19’815 in the year 2016 which is an increase of
47% [5, 6]. This increase in the number of students put an enormous stress
on higher education institutions. Both on the infrastructure required and
on educational approaches to teaching the increasing amount of students.
Diversity of Students
Parallel to the increasing number of students the diversity of the students
increased. With a low percentage of the population attending higher
education, only the highly qualified and academically committed students
attended higher education. Due to the increasing number of students
also students with different goals, like getting a good job attend higher
education. This provides a challenge for teaching as the former ways of
instruction worked for academically committed students but often fail
to bring not academically interested students to the accepted levels. The
new kind of students needs new ways of teaching to help them reach
the required levels for a degree in higher education. The aim of teaching
in higher education should, therefore, be to close the gap between the
two extreme types of students [7]. In the last years, several educational
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approaches were developed, which aim to increase the students’ level of
engagement and help them to achieve the intended learning outcomes
(see section 1.1.2).
Trend Towards General First Year
In the last decades, the trend towards a more general first year at universities was developed. During the first year at many universities the basic
foundation for a more specialized study in the following years is provided
(e.g. [1, 8, 9]). As an example at the ETH, the first year ("Basisjahr") in
many subjects contains auxiliary science courses, which provide students
with the foundation in different areas of their primary focus field, for
example, mathematics or computer science. Additionally, the ETH does
not have any admission restriction for students from Switzerland, and
therefore uses the examination at the end of the first year for selecting the
students. This lead to the development of large-scale courses, where students of different fields learn subjects, not in their primary focus. These
auxiliary science courses, also known as service courses, require that the
used instructional approaches work for large cohorts of students from
diverse backgrounds and help them to achieve a basic understanding in
a field, not in their primary focus.
Professionalization of Teaching
An established development in the English-speaking countries of using
professionalized staff for teaching, mostly in undergraduate studies, is
becoming more frequent in Europe. The teaching of large-scale auxiliary
science courses in the general first year often requires more professionalization in teaching than in-depth scientific knowledge. This in addition
to the increasing number of students, which require more personal in
specialized science courses, lead to the development of full time teaching staff at higher order institutions. This allows research professors to
focus on teaching advanced and specialized courses in later years. At
the department of computer science at the ETH, the role of lecturers
was established in the last years for teaching service courses in computer
science for students from other departments. The requirement for the
professionalization of teaching also led to new developments which trans-
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form traditional lecture and exercise settings to new ways of teaching e.g.
flipped classroom [10], where the direct instruction is moved to distance
learning and lectures focus on interactive problem solving.

1.1.2. Current Developments in Higher Education
Due to the current trends and challenges in higher education, new approaches for teaching in higher education were developed. A selection of
the developments will be described in the next sections.
Outcomes-based teaching and learning (OBTL)
Due to the rising diversity of student backgrounds and number of students, it became a challenge in higher education that many students do
not study out of interest for their field of studies but to get a good job or
for some other motivation. This leads to challenges in courses where the
content of the lectures is not required for passing the course. This lead to
the behavior "learning to the test". Often resulting in superficial learning,
where the content is not internalized [11, 12]. In order to overcome these
problems outcome-based teaching and learning were developed [7] and
put into practice in Europe during the Bologna process [1]. The aim is to
define what the students should know at the end of their studies or the
end of a course. Based on these required outcomes the whole course or
curriculum is set up that these outcomes can be reached by the students
and in addition that these outcomes are tested in the final exam [13].
To achieve this a good alignment of the course content and the exam is
required. This requires that the development style is changed and starts
instead of defining the contents of a course, by defining the outcomes
and after that laying out the content of a course. In addition, it helps
to make sure that course contents do not overlap on the institutional
level and that the required knowledge can be expected from the students
which attended certain preliminary courses. By defining the outcomes
and testing them in exams the measurability of teaching is increased, as
with successful teaching most of the students should reach the defined
outcomes. Over the last decades, OBTL has been established in many
countries, in Asia [14], Australia [15], South Afrika [16] and Europe [1].
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Constructive Alignment (CA)
However, OBTL does not necessarily lead to a higher success rate of the
students [15, 17]. It becomes clear over the years that teaching only the
theory did not lead to improvement of students’ professional decisionmaking. In other words, students cannot be taught the evidence, they
have to reflect a new theory based upon their prior experience and prove it
themselves. The two important principles of CA are a constructive theory
of learning and similar to OBTL an alignment between teaching/learning
and the assessment. The constructive theory of learning requires that the
students use their own activity to construct knowledge based on their
existing schemata [18]. Like in OBTL the intended "outcomes specify
the activity that students should engage [in] if they are to achieve the
intended outcomes" [7, p. 97f]. This leads to a change in the role of the
teachers to set up a learning environment that fosters students to perform
those learning activities and in the end to assess students’ performance
against the intended learning outcomes.
This results in the fact that teachers need to focus on what and how
the students should learn instead about what topics should be taught.
So instead of focusing on content, the focus of teaching should be on
the impartment of knowledge. Often this results in student-centered
teaching, where teachers support the individual learning of the students.
This requires that teacher focus on activities the students should engage
in during learning rather than providing topics what should be covered.
This results in intended learning outcomes (ILO) which can be formalized
and can be used to plan courses or curricula [7, p. 95ff.]. In Switzerland,
CA was used for the development of the new "Lehrplan 21" which will
be established in the next years in the mandatory schools [19, 20]. At
the ETH CA is implemented to design courses and curricula [21].
Problem-based learning (PBL)
A problem in higher education is often the importance of theory during
the education, therefore CA was developed. One challenge of CA is that
at the beginning of higher education the required knowledge to internalize
the new theory is often not available [16, 22, 23]. Particular in medicine
this challenge was recognized in the 1970 years, where it was shown that
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the students often were not able to apply the theory they had successfully
learned into their working routine [24].
To fight this problem-based learning (PBL) was established. PBL is based
on realistic open-ended problems the students need to solve by applying
their newly learned theory [25]. This approach is student-centered and
the role of the lecturer changes to a tutor. For successful PBL it is
required that the students learn several core skills and attributes like
critical appraisal, literature retrieval, ongoing learning, and teamwork [23].
Therefore, PBL is an important part of CA centered learning as it helps
to develop good intended learning outcomes.
The drawback of PBL is that it is often hard to implement in large courses
and requires more active time from the students and the lecturers. Even
though, PBL has been adapted successfully in many areas, e.g. the first
two years in medicine at the University of Bern. At the ETH Zurich, a
4 step-model was developed to implement PBL in large-scale blended
learning courses with the help of an electronic tutor [26]. This enabled
the implementation of PBL in large-scale first-year courses with over 150
participants without increasing the personal and infrastructural resources.
This was achieved by shifting the active time the students need to spend
into distance learning and by replacing the lecturer by an electronic tutor,
enabling the lecture to focus on other aspects of teaching.

Online Learning
In addition to educational developments over the last years, the technology progress resulted in new forms of learning. Over the last years,
the number of students increased significantly. This lead to an increased
demand for personal and infrastructural resources. At the same time, the
development of the world wide web exploded and it became a day to day
resource for most students. Therefore, soon the new web technologies
were used for learning in higher education. This allowed shifting parts of
the learning in higher education to distance learning, where the students
can decide when and where they want to learn [27].
There are several levels of online learning. They range from a simple online distribution of the learning materials to massive open online courses
(MOOCs). In MOOCs online learning is brought to its extreme: the par-
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ticipants are distributed over the whole world and all communication and
learning are done online. This, of course, leads to several problems, like a
huge difference in learners prior knowledge, different cultures of learning,
etc. [28]. This often results in the so-called funnel of participation [29,
30], where after a short period of time only a minority of the subscribed
students continue to actively take part in the course.
For many courses, the use of learning management systems (LMSs) such
as Blackboard1 and Moodle2 has become a must-have. The usage differs
for different lectures and institutions from simple learning material distribution to complex learning environments with quizzes, forums, and
dynamic learning content. The main factor for the success of LMSs is
institutional support for the resources by providing easy to use instances
of the LMSs, which can be used by lecturers with minimal additional
effort.
Blended Learning
So far most LMSs are used in conjunction with traditional lecturers.
Resulting in blended learning where the distance/online learning is combined with lectures and exercises. This allows moving certain learning activities to distance learning, reducing the learning time required to reach
the intended learning outcomes in presence phases [31]. Often blended
learning can result in students being able to apply conceptual knowledge
more flexible and it increases students self-confidence to work independently [32]. This helps to increase the active learning of all students
and therefore can help to close the gap between the intended learning
outcomes and previous knowledge. With blended learning, new concepts
of knowledge transfer can be applied like the flipped classroom [10].

1.1.3. Summary
In the last decades, there is a trend in education towards a measurability
of learning and a focus on the outcomes. To achieve this there is a shift
towards student-centered teaching and learning. Lecturers and institu1 http://www.blackboard.com/
2 https://moodle.com/
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tions today are expected to support the individual learning process of
students. To achieve this in face of the growing number of students new
technologies and methodics are required. With these advantages it is
possible to move large portions of the learning to distance learning and
to individualize the learning process. However, the scaling of individualized learning is not trivial and hard to achieve. In this thesis I developed
computational tools and processes which help to scale large-scale blended
learning courses, by providing better insight into students learning (see
chapter 5) and help to individualize the learning (see chapter 6).

1.2. Contributions of This Thesis
The context of this thesis is large-scale auxiliary science courses, where
an approach of problem-based learning with blended learning is used for
teaching. The developed tools and settings helped to scale the course
and increase the quality with less administrative effort. The focus of this
thesis is on three aspects, the data collection, to gain an understanding
of students’ learning, and lastly to improve and scale individual feedback.
The three different scientific questions are described shortly in the next
sections.

1.2.1. Question 1: Can Educational Data be Collected
Respecting Privacy?
To understand and optimize learning and the environments in which it
occurs, the collection and analysis of educational data are required. All
data collection and analysis have an impact on the privacy of the persons
the data is collected from. Privacy is often regulated by law or regulations.
This requires that the collection of educational data for learning analytics
respects the privacy of the affected persons. The theoretical background
will be discussed in section 2.1 and the developed system for the collection
of educational data will be presented in chapter 4.
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1.2.2. Question 2: How can Distance Learning
Materials be Optimized with Automatically
Collected Data?
Often learning analytics focus on providing insight into student learning
behavior. In this thesis, I will analyze how automatic feedback can be used
for lecturers or educational developers to optimize distributed distance
learning materials. The prerequisites and advantages of such a system will
be presented in chapter 5. The theoretical background will be discussed
in section 2.2.

1.2.3. Question 3: How can High-Quality Feedback
be Provided at Large-Scale?
Feedback traditionally requires a certain amount of interaction between
the feedback provider and receiver. By increasing the size of lectures this
becomes a challenge. In this thesis, a new approach was implemented
and tested, which allowed scaling the feedback in large-scale blended
learning courses. The developed approach and system will be presented
in chapter 6. The theoretical foundation will be discussed in section 2.2.

Overview about next sections
In the next chapter, the methodological foundation and background of
this thesis will be described. It focuses on two aspects, the required technological methodology (learning analytics) and the educational concept
(feedback). It starts with providing an overview about learning analytics,
which allows obtaining educational data for the purpose of scaling and
validating the developed concepts. Then an insight into the educational
theory of feedback is provided, which is fundamental to higher education
and the developed tools. Then the second part of the thesis starts, where
the developed tools and concepts will be presented and validated.
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2. Methodological
Background
The developed approaches of this thesis are based on two important
methodologies. On the one hand, the field of learning analytics is required
to collect, analyze and understand educational data and develop new
concepts based on them. In this chapter, first a short overview will
be provided. And secondly, to support individualized learning at largescale the concept of feedback plays a fundamental role. Therefore, this
educational methodology will be introduced in the second part of this
chapter (see section 2.2).

2.1. Learning Analytics
The increasing number of students and online learning provided challenges for higher education, as you will see in the next section. For
example, the scaling of feedback is not trivial. In other aspects, online
learning provided new benefits to education. With the rise of online
learning, a large amount of data was easily accessible for the first time in
higher education. This made it possible that a new research field called
learning analytics emerged, where these data are analyzed. One of the
first references to the term learning analytics was made in 2006 by Retalis [33]. In 2011 Siemens and Long [34] predicted that the future of
higher education is shaped by big data and data analysis. In recent years
the term learning analytics was refined and new descriptive models and
frameworks where proposed [35, 36]. The most commonly used definition
of the term was proposed by Siemens in 2012 [37]:
“Learning analytics is the measurement, collection, analysis
and reporting of data about learners and their contexts, for
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purposes of understanding and optimizing learning and the
environments in which it occurs”
The field of learning analytics is currently an active field of research
with lots of influences from different areas, especially cognitive science,
psychology, statistics and data sciences.
The rise of learning analytics is in strong correlation with the rise of
large online or blended learning courses. The development of learning
analytics can be seen in three waves. The first was the widespread use
of learning management systems (LMS) to manage lectures and courses
online around the year 2000. There the step was from individual, not
connected systems to systems working at institutional level where the
data of students could be collected over different lectures [38]. The second wave was the addition of a social learning application to the LMS
resulting in connectivism [39]. The widespread implementation of LMS
and social learning lead to an abundance of educational data [34], which
made it possible to actually start to analyze these data. This lead to the
third wave in learning analytics, where the usage of educational data to
develop new strategies for learning was implemented [40].
Today students leave data in different systems generating a huge amount
of educational data. For example, they use LMS for learning and exchanging information. They use electronic books or provide demographic
data to universities. These different pieces of data together provide a
network of information that is able to capture a large amount of data
about students and generated by students. This abundance of educational data is one of the drivers of learning analytics. Another driver
is the pressure towards outcome-based results in higher education [7].
Institutions nowadays need to prove their success to politicians and other
stakeholders [41]. With the analysis of data and their visualizations, it
is possible to increase the transparency and it can be made possible to
compare institutions.
The goals of learning analytics have been discerned by Siemens and Long
into the following points [34]:
• Improving institutional decision-making and resource use.
• Increasing the transparency at the institutional level.
• Increasing the productivity and efficacy.
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• Make data-driven decisions for administrative tasks like enrollment.
• Change of teaching methodologies based on collected data.
• Improving of student learning and helping students at risk.
• Gain a better insight into students’ learning.
The goals of learning analytics can be differentiated into two major
aspects. One aspect is to use learning analytics on an institutional level
and the other to use learning analytics on an educational level to develop
new teaching methodologies. In this thesis, the focus is on using learning
analytics on an educational level and focusing on developing new scalable
teaching methodologies with the help of learning analytics.

2.1.1. Action Research and Learning Analytics
In this thesis, an approach was taken to combine action research with
learning analytics [42]. The trigger were always questions or problems
that arose from teaching [43]. Learning analytics was used as a method
to actually target these questions. This lead to the following questions,
that are often seen in discussions in learning analytics [35].
• What kind of data should be measured and collected?
• What methods should be applied to these data?
• What conclusions should be drawn from the results?
By following these questions as guidelines it was possible to implement
the required learning analytics measurements and tools that helped to
answer the questions and helped to make adaptions to teaching methodologies. Most problems, this thesis wanted to solve, were approached
in an iterative circle shown in figure 2.1. During the planning phase,
where the problem was identified, it was also planned what data could
be collected and how it should be analyzed to help solving the problem.
It is important that both circles are independent of each other, so several iterations in the learning analytics circle could be made without
going one step forward in the action research circle. Results from the
learning analytics iterations can either have an influence on the acting
or reflecting phase. Depending on the usage of the learning data either
for implementing an action (act step) or for evaluation (reflect step).
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Figure 2.1.: Combination of the action research circle (blue) with learning analytics circle (green). The planning phase of the action
research had an influence on the data collection and data
analysis in learning analytics. Results from the learning analytics circle had an influence on the acting and the reflecting
phase of action research, depending on the data used for
evaluation or implementing new actions.
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2.1.2. Privacy Concerns in Learning Analytics
One big achievement of learning analytics is being able to collect an
abundance amount of data about students, this also results in different
concerns. Many concerns applicable to big data can also be applied
to learning analytics. For example with predictive analytics based on
socioeconomic data old prejudices can be perpetuated if one uses them
without other explanatory data [44]. Or users change their behavior
because they know that data is collected about them, this effect so far
is studied extensively in the aspect of surveillance [45]. The important
aspect of learning analytics is that it affects the privacy of the students
in different ways. To better understand how privacy is affected it is
helpful to see privacy as a three-part relation between a person, some
information about that person and some other person [46]. This helps to
understand privacy in learning analytics, where for example a student
with some marks has a certain privacy about the marks with respect to
different other persons like a possible future employer. Often this can be
simplified to the question of who has access to the information about a
person. In this way, the privacy of a person about some information can
be increased by limiting the access of other persons to that information.
With this concept of privacy, one can look at the privacy connected with
learning analytics. Rubel provided four questions one should address
in learning analytics [47]. In the next paragraphs, these questions are
discussed.
1. Privacy with Respect to Whom?
This question should help to think which other person should be provided
with the educational data. This addresses the issue that the collected
data is valid to be used in a certain context but not in other contexts.
For example, for a lecturer, it might be interesting to know if the usage of online learning materials correlates with the performance of the
students. However, the connection of these data is not justifiable for a
developer of online learning materials, which gain enough insight without
the correlation to performance. It might also be used to protect students
from insight into their own data if the data is used to predict the success of the students. One does not want to decrease the self-efficacy by

29

providing them with information about their likelihood to fail [48]. Often one should be careful to stay on a generalized knowledge about a
cohort of students and not focusing on single students. This could lead
to prejudice of a lecturer if he detects a behavior of students that he
does not support. Another important aspect of this question is if one
wants to share the data with third parties. This is often prohibited by
national laws or is only possible in certain circumstances. In summary,
to answer this questions, one should carefully analyze what educational
data is provided to whom and why.
2. Privacy About What
This question is about what data should be collected about a student.
As learning analytics is about the collection of educational data one
should focus on them. However, the border between legitimate data and
illegitimate data might be not so clear in all cases. For example, it is
not reasonable to collect data about political beliefs or socioeconomic
status of students to see if they have an influence on learning. Here
it helps to focus on the key premises of learning analytics, which is to
collect data about learning and make interventions based on them. Hence
Rubel argues, that only data should be collected where it is actually
justified for a higher education institution to intervene [47]. This makes
it unjustifiable to collect data about political beliefs or socioeconomic
data of students, as these are data a higher order institution should or
cannot intervene. With this argument, one should try not to use gender
as data for learning analytics, as this is a factor an institution cannot
change, and in addition, it might, as stated above, lead to perpetuated
prejudices.
3. Proper Accounting of Beneﬁts and Burdens
This question is about if learning analytics is actually beneficial. Currently learning analytics help us to better understand student behavior
and learning and might lead to benefits for education and learning. Nevertheless, there are aspects one should think of if using learning analytics.
One is, are the benefits of learning analytics worth the loss of privacy?
Another is, if the benefits diverge for different actors? And last, are the
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benefits distributed equally? One hard question is that in many settings
of learning analytics data about students are collected, but they do not
actually benefit from them, but instead other students sometime later.
This lead to a shift in the benefits, as the privacy of students is affected,
but they do not actually benefit from it. Other questions arise if institutions use the data for the future admission of students. Here the data
collected from students is used against some of them, by prohibiting them
from admission. Whereas before the data was available, they would be
admitted without any restrictions. This question should lead to weight
up of the benefits of learning analytics versus the burdens for all affected
parties. It should not be tried to trade the benefits of certain groups
versus the burdens of other groups.

4. Awareness and Control
This targets the question, who should be aware of and control learning
analytics. This question is whether the students should be informed about
the collection and analysis of learning analytics data. Often institutions
fear that if students are aware of the data collection they oppose against
it [47]. The second part of the question is, should students have the
control over the learning analytics data. For example, should they have
the power to opt-out, or is learning analytics implemented as an opt-in.
This question is often correlated to the laws in the corresponding country.
For example in Switzerland for any data collection the users need to be
informed, and they have the right to gain insight into all data collected
about themselves.
In conclusion the four questions should be considered for every learning
analytics data collection. They can help the developers of learning analytics to actually think about the benefits and affected parties. And can
guide the process of learning analytics and help to avoid implementing
analysis that are meaningless or lead to false conclusions or perpetuated
prejudice. All these questions can be actually targeted by, for example,
limiting the collection of data or restricting the access to the data. One
of the contributions of this thesis is a system to collect learning analytics
data while respecting the full privacy of the students (see chapter 4).
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2.2. Feedback
Unarguably feedback is one of the most important factors for students’
individual learning process. Feedback is important for CA as it helps
students to construct their knowledge [49]. Feedback is also known as formative assessment, which in contrary to summative assessment provides
feedback during the learning process and not after the learning process
has finished. In this thesis, the term feedback is used instead of formative
assessment to avoid the confusion with summative assessment. Feedback
is a two-way interaction, and not as often misunderstood a hierarchical
transmission. In this section, it will be tried not to talk about actual
roles and instead talk about feedback provider and recipient. It should
be noted that the roles of provider and recipient can change frequently
during one interaction and are not fixed.
Hattie showed in his meta-study that feedback is among the most important factors for learning and achievement [50]. Hattie also noted that
teachers "typically did not provide feedback, although they made claims
that they did it all the time, and most of the feedback they did provide
was social and behavioral" [51, p.5]. These results show that feedback
is important in higher education but many providers of feedback do not
actually understand the concept of feedback. In the next sections the different aspects of feedback are described and also the challenges feedback
providers need to face.

2.2.1. What is Feedback?
There are different ways to define and describe feedback [52–55]. In this
thesis the concept of feedback developed by Hattie [56] and Sadler [57]
is used, where feedback is defined as information provided by an agent
about aspects of one’s performance or understanding. An agent is not
limited to persons, like teacher, peers or oneself, but can also be a book
or electronic tools. Most studies about feedback deal with school-level
learning, but their results seem to be applicable to higher education
learning [57, 58]. Feedback consists of several important aspects. For
example, a teacher can provide corrective information. A peer can suggest
alternative solutions or a book can help to clarify ideas and electronic

32

tools, or can evaluate the correctness of a response. Or a learner can
provide feedback to the teacher about his understanding of a topic based
on his teaching. As one can see feedback has many aspects and it is often
bi-directional and based on a performance.
In education, it is often hard to differentiate between feedback and instruction. Often feedback is combined with instructions thus becoming
intertwined. During instructions, feedback should provide recipients with
information about how they can close the gap between their current and
the expected knowledge [54]. Thus, feedback can be seen as a guidance
process for learners where they are guided to the intended learning outcomes [59]. From a constructivist view of learning, feedback should help
learners to restructure, overwrite, tune or alter their current knowledge
in memory.

2.2.2. Why is it Hard to Provide High-Quality
Feedback?
It is well accepted that feedback can make a difference to learning in
higher education, however increasing the amount of feedback does not
necessarily lead to improvements [58]. In addition, there is an increasing evidence that current feedback practices are not adequate [60]. For
example, Nuthall found that most feedback is actually incorrect and
most feedback is provided in classrooms from other students and not
teachers [61]. This is supported by a study from Carless, where 70% of
the teachers claimed they provide feedback but only 45% of the students
agreed with the claim of their teachers [62]. A national study in Australia
showed that feedback is one of the most problematic aspects of students’
experience in their first year [8].
One problem is that the way, timing, and type of feedback is important
for the success of the feedback [58, 63]. To provide high-quality feedback
it is required to take into account the current knowledge level of the
recipient and provide help based on that level with the goal to reach the
required level [57]. This requires that, before adequate feedback can be
provided, the current knowledge level of the recipient needs to be assessed.
To estimate the current knowledge level of recipients it is required to
gain an understanding about recipients’ internal constructed representa-
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tion of knowledge. Especially it is required to understand preconceptions
they have, as otherwise, they may fail to learn new concepts. With a
provided solution without further information, it is nearly impossible to
be able to correctly estimate their internal knowledge and preconceptions
as often recipients apply new concepts in tests without actually internalizing them [64, p. 21]. Feedback can, therefore, be seen as guidelines
for recipients to help them transform their informal thinking to formal
thinking [59]. Very important is that feedback should be recipient-friendly.
Feedback should not be used to grade recipients but rather providing
recipients with opportunities to revise and improve their knowledge [65].
This is supported by the fact that feedback used for punishment is not
very efficient [50]. If feedback is provided by grades, feedback is obliterated and the difference between summative and formative assessment
is obscured [66] Another important problem of feedback, arising out of
a constructive theory of learning, is that recipients of feedback need to
engage with the provided feedback to be actually able to act upon it [60].
Another important problem of feedback is, that it is often seen as a
one-way road of information hierarchically flowing from a lecturer to
a student [67]. Nicol and Milligan argue that feedback should be seen
as a dialog instead of a transmission of information [68]. It was also
shown that feedback can be enhanced by providing iterative dialogic
feedback in cycles [59]. With an iterative dialogic feedback, the roles of
recipient and provider of feedback change frequently. This should increase
the efficiency of feedback as it helps to understand feedback not as a
hierarchical one-way road but instead as a continuous process. Feedback
on regular intervals also helps recipients of feedback to learn to work
with the provided feedback [60] and act upon it. It seems that for quality
feedback it is important to actually understand that feedback should be
based on recipients current knowledge, should be recipient-friendly and
be seen as a dialog.

2.2.3. Quality Feedback
To provide effective and quality feedback it is helpful to further divide
feedback in two aspects, feed back and feed forward, and understand the
different levels feedback can be aimed at.
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Feed Back
Feed back (note the space) should allow one to answer the question: "how
am I going?". To answer this question it is important to understand
first the starting point and then how the person performed. Therefore,
one needs to provide information relative to the goal that should be
achieved [7]. Feed back is most efficient if it contains information about
the progress and how to proceed towards the intended goal [56]. It is
important to not reduce feed back to assessments or pass-fail criteria, as
these are only one way to assess this question and often actually fail to
convey information that helps students and teachers [64, 66].
Feed Forward
Feed Forward should help to answer the question: "where to next?". This
should help students and teachers to work towards the intended learning
outcomes [7]. It should provide information that helps to increase the
learning and should lead to deep learning [49]. An important aspect is
that it increased the self-estimation and self-regulation in further learning
and should help to deeper understand a topic. The aim of feed forward is
to avoid that students use surface learning, by proposing new information,
helping them to search for different solutions to solve the task or opening
their perspective on the task to a broader view [12].
One should not look at the two aspects of feedback (feed back and feed
forward) independently or provide them separately. Instead, they should
be linked with each other as they all help to close the gap between the
current knowledge and the required knowledge level [54]. This should
help to guide students towards the intended learning outcomes [59] and
helping them to not sidestep the actual problem and proceed with surface
learning.
The Three Target Levels of Feedback
Feedback can be targeted at different levels. It is useful to be aware of
the different levels feedback can be targeted at to better understand how
quality feedback can be provided.
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Feedback on the Task (FT): The first level feedback can be targeted
at is on the task. FT aims to provide feedback about the performance
of fulfilling a given task. One should not reduce this to a simple passfail criterion like in summative assessments but provide the recipient
with additional directions how he could acquire more, different or correct
information. If one only provides simple pass-fail feedback, this could
increase the likelihood of students to sidetrack to surface learning [7, 12].
Feedback on the Process (FP): The second level is feedback on the
process (FP). FP is targeted on the underlying process to solve a task.
It can focus for example on recipients’ strategies for error detection or
effective information search. The aim of FP is to help recipients to reach
deep learning instead of surface learning and was shown to be more
effective than FT [69]. The aim is to help the recipient to get better at
proceeding towards a target in the future, unlike FT where the aim is to
proceed towards the given target.
Feedback on the Self-Regulation (FR): The last important level is
feedback on the Self-Regulation (FR). FR addresses the way recipients
work towards a learning goal. The aim of FR is that recipients use and
create internal feedback when working to fulfill a task. It aims at providing recipients with an interplay between confidence, commitment, and
control. FR is about increasing internal confidence and self-evaluation
to engage further on a task [60]. FR focuses more on internal strategies
whereas FP focuses on external strategies to work towards a target.
There is another level that feedback can aim at. It is feedback targeted
at the person itself. Unfortunately this is not effective but nevertheless
too often used instead of FT, FP or FR [56]. It contains personal feedback with no task-related information. It has rarely a positive effect on
recipients’ further performance and should therefore be avoided.

2.2.4. Challenges for Feedback in Large-Scale
From the previous sections it should be clear that effective feedback
should contain the following aspects:
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• Based on current knowledge
• Recipient-friendly
• Interactive dialog
• Contain feed back and feed forward
• Target the levels feedback on the process and self-regulation

With an increasing amount of students in higher education, the faceto-face contact between lecturers and students is reduced. And the
transmission of feedback is often reduced to the transmission of written
feedback [70]. This has a huge impact on feedback, as quality feedback
needs an interaction between two agents and therefore requires a certain
amount of time. In this section, each of the points above will be shortly
discussed regarding scaling to large-scale.
As stated above, feedback should be based on the current knowledge
of the recipient to be effective. This requires that the provider of the
feedback has an understanding of the current knowledge of a recipient.
In higher education with the reduced contact between students and staff,
this is very hard to achieve as the number of students per lecturer is
high (1:200-1:500) compared to school-level (1:20-1:30). This makes it
hard to provide recipient-friendly feedback. Most students see every task
in higher education as exam relevant and it requires certain work from
lecturers to explain the concept of formative feedback to students [8].
Another problem is to have an interactive dialog in which feedback is
provided [70]. From my experience, students are often afraid of discussing
tasks with staff and require a certain amount of trust and time to achieve
this, which is often not available. These three aspects are problems related
to the workload in higher education and require changes at the level of
courses to actually be able to provide students with individual quality
feedback. To provide feed back and feed forward and focusing on the
process and the self-regulation it is required that the feedback providers
are trained to provide feedback targeted at these aspects. Often lowquality feedback results on misconceptions staff have about feedback,
like focus only on the task, or providing feedback on a person. In our
experience to increase the quality of the feedback, the staff needs to be
trained and also be provided with feedback to achieve this.
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Another problem of distance learning is that the feedback from students
to teachers vanishes. Feedback from students to teachers is one of the
most important feedback to improve the quality of teaching [56]. Most
current developments focus on providing feedback to students and not
in the other direction. In this thesis, I developed an approach where
automatically collected data is used for providing feedback to developers
of online learning materials (see chapter 5).

2.2.5. Current Developments in Feedback
Due to the challenges of providing high-quality feedback at large-scale,
several approaches were developed to increase the quality of feedback
or be able to actually provide feedback. They can be classified into
three categories: automatic feedback, semi-automatic feedback, and peer
feedback. The three categories will be described in the next sections.
Automatic Feedback
With automatic feedback, the feedback provider is replaced by an automatic system. And therefore often called computer-assisted assessment
(CAA). Automatic feedback can be used either as summative or formative feedback [71]. In this thesis, the focus is on automatic feedback for
formative feedback. The application of computer-assisted assessment is
limited to certain questions types, that can be corrected or graded automatically. Possible question types are draw an object, point and click,
move an object, and text entry [72]. There is a lot of research to move the
possible boundaries of CAA question types. For an example, a system
was developed to automatically assess essays from students [73] or provide content related feedback [74]. For formative feedback in computer
science, there have been different systems developed [75–77]. The advantages of CAA are that multimedia-based task can be used, the grading
is transparent and statistic values can be used to evaluate learners and
items [78].
Due to its efficacy and other advantages, CAA reached a mature level
and is used on a regular basis in distance education. However, with
CAA there are some fundamental problems that cannot be overcome
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with better tools. CAA requires that a task has a closed solution and
CAA works on the provided solution from the students. As stated above,
feedback on the task is just a small part of quality feedback. CAA cannot
provide feedback on the process and self-regulation as they do not have
any data they could provide the feedback on. For providing feedback on
the process and on self-regulation it would require that an automatic
tool can gain an understanding about the internal learning process of a
student and provide feedback based on this knowledge.
There are currently new approaches that claim to go beyond feedback on
the task [75] with CAA. Benotti starts to provide some hints to solve the
task or pin down the problem for the students. In my opinion, this is not
what Hattie described to be feedback on the process [56], as feedback on
the process should help students to actually develop strategies for error
detection or information search and not simply provide students with
strategies. These feedback levels can only be provided by tools which
gained an understanding of the underlying learning process of students.
And at the moment our technology has not reached this level yet.
Semi-Automatic Feedback
As CAA is currently limited to tasks, where the correct or incorrect solution can be defined in advanced. Semi-automatic feedback was developed,
where the staff is provided with tools to support the correction or grading
of provided solutions. There are different use cases for semi-automatic
feedback. First, it can be used to increase the objectivity and consistency
of grading if different graders are used [79], this is especially useful in
summative assessments. During formative assessment semi-automatic
feedback is used to provide feedback on either questions where there is
no closed solution or by providing feedback on the process. Often semiautomatic feedback is combined with automatic feedback and used to
provide more detailed feedback or feedback on parts of the solution that
cannot be provided automatically [80]. If a manual correction has access
to intermediate solutions and has an insight into the learning process
it can provide students with hints about their errors and help them to
develop new strategies with the provided feedback [81]. In this setting,
it is possible to actually reach the level feedback on the process, as a
human person can gain an understanding about the internal knowledge
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construction by following a learning process of a student through its
experience.
Peer Feedback
Peer feedback is a form of feedback, which is provided by peers of the
learners. It is often used in MOOCs when due to a large number of
students feedback provided by the staff is impossible [82]. Peer feedback
can be used as formative feedback and or as summative feedback [82–84].
Peer feedback helps students to better self-assess themselves [83]. As
peer contributions enhance self-assessment by challenges and questions
which prompt to reflect on what had been achieved [49]. Therefore, peer
feedback can provide feedback on the level of self-reflection. The problem
of feedback lies in the fact that peer feedback on the level of the task is
often wrong [61] or the peers struggle to provide adequate feedback [85].
Especially for novice learners providing feedback to peers puts them
under additional stress and the quality of the feedback on the task might
be low [82].

2.2.6. Conclusion and Discussion
Unarguably feedback is one of the most important fundamentals of teaching. However, to provide quality feedback is an art which is hard to master.
With the rise of online and blended learning and the increasing size of
cohorts, providing feedback became more and more challenging. To provide quality feedback several aspects need to be considered. Formative
feedback always needs to be based on the current knowledge, be recipientfriendly, should contain feed back and feed forward and provide feedback
on the process and at the self-regulation. With online and blended learning at large-scale, it is hard to fulfill all aspects of high-quality feedback.
As described above all current developments are able to cover certain aspects of high-quality feedback but not all. To achieve this a combination
can be used, but this increases the organizational overhead.
In this thesis, I provide two contributions which help to scale feedback.
The first contribution is about automatic feedback targeted at lecturers
helping them to improve learning materials for distance learning (see
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chapter 5). The second contribution is a new tool-supported approach
to provide feedback at large-scale, which is able to fulfill all the abovestated requirements. It provides regular feedback in an interactive dialog
between an expert and a student, but with technical means is able to
scale this process too, so far, to more than 700 students (see chapter 6).
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Part II.

Case Studies
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3. Overview of Part II & the
Context of the Thesis
In this part of the thesis, three case studies will be shown, where computational tools are used to scale and optimize two large-scale blended
learning courses. The focus is on the educational benefits the tools can
generate. The first case study is about the collection of educational data
(see chapter 4). The second case study describes how automatic feedback
can help to improve learning materials despite the loss of contact in distance learning (see chapter 5). In the third case study, it will be shown
how to scale up and optimize feedback at large-scale with regular face-toface feedback (see chapter 6). The chapter starts with an overview of the
context (see section 3.1), where the developed tools and approaches were
applied and a short overview of the developed tools (see section 3.2).

3.1. Courses and Students
In this section, the context and data source for this thesis will be presented. The data was collected starting from the fall term 2013 through
the fall term 2017. The source of all data were two introductory largescale blended learning courses, which both are auxiliary courses in computer science for first-year students in natural, health and applied sciences.
In table 3.1 the numbers of students over the years in both courses are
displayed. Over the years the number of students stayed more or less the
same for these two courses.
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2013

2014

2015

2016

2017

EvIM

298

304

339

322

291

GDI

489

518

482

513

528

Total

787

822

821

835

819

Table 3.1.: Number of enrolled students in the courses EvIM and GDI
over the years.

3.1.1. Course EvIM
The course EvIM ("Einsatz von Informatikmitteln") is an introductory
auxiliary science course to computer science worth 2 ECTS credit points,
which should correspond to an average workload of total 60 hours. It
provides students from applied science a first introduction to computer
science with an emphasis on standard tools and their advanced usage.
The curriculum covers the following topics: simulation and modeling,
visualization of multidimensional data, data management, and a short
introduction to programming. To learn these topics standard (e.g. Excel)
and advanced tools (e.g. MatLab) are used.
EvIM is organized as a blended learning course with a large portion
of distance learning (around 90% of the total workload). The course is
organized into six two week windows one for each topic. Each window
contains one lecture (1.5h), normally at the end and the beginning of a
window. The exercises are organized according to the 4-step model [26]
and require a large portion of the overall workload (around 8h). Students
are expected to get familiar with the new topic by working through online
learning materials, where they are guided by an electronic tutor. The
aim of this tutoring system is to reduce the inequality of knowledge to
the diverse background and previous knowledge. After using the tutoring
system, the students are presented a demanding problem-based project,
which they need to solve. The project is designed in a way such that the
solution is open, to allow adapting the projects to the knowledge level
of the students. In the last step, they need to present their project in
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an individual face-to-face discussion to a teaching assistant (for more
details see chapter 6). Except for the short discussion (around 10 to 15
minutes) all part of the exercises take place in distance learning. At the
end of the semester course, they need to pass a semester end exam. To
be allowed to attend the exam they have to present at least five of the
six topics.

3.1.2. Course GDI
The second course GDI ("Grundlagen der Informatik") is again an auxiliary science course with an introduction to computer science for natural
and health science students in their first semester. It is worth 4 ECTS
credit points corresponding to a total workload of 120 hours. In contrast
to EvIM this course focuses on providing an introduction to programming in Python and MATLAB. In addition, it covers visualization of
multidimensional data and data management. The exam of this course
is part of students’ first year exams, which can only be passed en bloc.
GDI is organized similarly to EvIM as a blended learning course. The
course is also organized into six two week windows covering different
topics. Each window contains two lectures (2 × 1.5 hours). The exercises
are organized as in EvIM. However, they have more complex topics and
projects such that they normally spend around 12 hours per exercise. At
the end of the semester, they can take a voluntary exam, which will give
them a bonus of 30% on the final exam during their first-year exams.
They can only take part in the bonus exam if they have at least presented
five of the six topics. For the admission to the final exam there are no
prerequisites, however, they cannot profit from the bonus.

3.2. Developed Software
During the thesis, I developed different software tools which helped to
scale the blended learning courses or helped to improve the quality of
teaching, by improving feedback and individualizing learning. In this
section, a short overview of the developed tools will be given. The focus
is to provide a short overview of the technology behind and the global
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usage of the tools. The benefits that can be achieved in higher education
by using these tools will be described in the next chapters.
The main focus of all applications was that the usage is simple. This
was achieved by developing them as web applications which can be
accessed with all standard web browsers. The design of the user interface
follows design guidelines developed by an external professional designer.
The user interface was developed mobile first to enable the use of the
applications with mobile devices. For the development, a continuous
deployment pipeline was set up, which allowed automatic running of
tests and automatically deploys the application on the virtual machines
provided by the ETH.

3.2.1. E.Tutorial Platform
The E.Tutorial platform1 is a platform for learning materials developed
following the 4-step model [26]. During my thesis, I developed the platform to simplify the generation, management, and distribution of the
learning materials. Before the individual E.Tutorials where distributed
as static HTML files on USB-sticks. This made it impossible to update
the materials and collect detailed usage patterns. The newly developed
platform includes a measurement of the usage of the learning materials,
which helps developers of the learning materials to optimize them (see
chapter 5). The platform is a Node.js2 application developed with the
Meteor3 framework. Currently4 , there are 9’008 registered users from
146 different organizations. There are 80 distinct modules about various
computer science topics in 3 different languages available (German, Spanish and English). The platform is deployed as stateless docker containers
on virtual machines of the ETH.

1 https://et.ethz.ch
2 https://nodejs.org
3 https://www.meteor.com/
4 on

48

8.3.2018

3.2.2. Personal Electronic Learning Environment
(PELE)
PELE5 is a platform to scale individual face-to-face feedback for blended
learning courses (see chapter 6), developed by me. The platform was
started in fall term 2013 and new features were implemented over the
years. From 2015 until 2017 via PELE 1’635 exercise sessions and 23’034
individual face-to-face feedback discussions were organized. PELE is used
so far by 2’940 students in 9 different courses. The technological foundation and deployment of the application are identical to the E.Tutorial
platform.

3.2.3. Analytics Platform
The analytics platform was developed by me in 2013 to allow the collection of learning analytics data from other applications with respect
to students’ privacy (for further details see chapter 4). The platform
is written in the programming language R6 and uses the shiny7 framework. It was developed to be an open platform, which can be easily
extended. This was achieved by providing an extension mechanism via
shiny modules. Currently, 20 different modules for data visualization or
data analysis are enabled on the platform. The platform is deployed via
docker containers on virtual machines provided by the ETH.

5 https://pele.ethz.ch
6 https://www.r-project.org/
7 https://shiny.rstudio.com/
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4. Open and Privacy-Aware
Educational Data
Collection and Storage
System
4.1. Introduction
To achieve the goal of this thesis the availability of educational data
is required. Therefore, the first development step of this thesis was to
implement and validate a system for the collection and storage of educational data. In this chapter the requirements for such a system are first
described, then a short overview of the implemented system is provided.
This chapter closes with an evaluation and discussion of the data storage
system developed.

4.2. Requirements
There are three different types of requirements for a system that collects
educational data from learners:
• educational aspects,
• legal and ethical considerations,
• technical requirements.
It is important to note that the requirements seem to be independent,
but actually, the educational aspects and legal/ethical considerations will
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result in technical constraints. Next, these aspects will be discussed in
more detail.

4.2.1. Educational Aspects
Educational aspects arise from the need for data that could be used to
meet questions about the actual learning process of students or that can
help to improve the teaching. To answer these questions certain aspects
of the collected data are important. These are highlighted in the next
sections.
Be Aware that only Data Parts regarding a Learning Process
can be Collected
It is important to note that it is impossible to collect data covering the
complete learning process of the students. Even in entire online learning
courses, this is impossible, as the actual learning happens by students
constructing and incorporating new knowledge into their previous experience and this process cannot be monitored externally [86]. It is only
possible to capture small parts of their learning process indirectly by
monitoring interactions that one believes to be a result of their learning
process. Therefore, the collected educational data only represents a small
section of students’ learning.
Data Representing the Actual Learning Process
Even though, one cannot capture the complete learning process of students, one should not try to capture all interactions from students without
carefully analyzing if there is actually a correlation to their learning process. Otherwise, one would collect an enormous amount of data with
false correlations that might lead to misinterpretations or privacy issues
(see section 2.1.2) and would also require an over-engineered system for
the collection and storage of the data. Therefore, one should try to focus
on the data generated during the actual learning process of the students.
For example, the number of mouse clicks or the number of logins are
hard to correlate to the actual learning process [87], as they cover ac-
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tions, that are not related to an actual learning process where knowledge
is constructed. Reasonable data sources are surveys, time-on-task measurements, quizzes, results from exams, etc. [88]. However, for each data
source, one should be aware of the limitations of the data source: for
example, surveys cannot cover a detailed learning path; instead, they
are more useful to collect insights into the motivation and the overall
progress of the student [89, 90].
Continuous Data from the Learning Process
Often more important than the collection of enormous amounts of data
is that one has a continuous coverage of the overall learning process of a
student. Often log file analysis of access times of learning materials are
done, e.g. when is an exercise downloaded, when does a user login, etc.[87,
89]. This is a doubtful correlation to the actual learning time, as the access
rate can only represent a possible start of the learning process but not
the process itself. The continuous collection of educational data requires
that data from students collected in different LMS can be combined
into a consistent learning path of an individual student. The continuous
collection of students educational data can help to monitor the learning
process continuously [88]. Analysis of continuous learning paths help,
for example, to optimize online learning materials (see chapter 5). The
continuous monitoring of students can easily result in privacy issues as
data from different sources can be combined and it is often not clear who
is actually allowed to run analysis on these data and if the students are
aware of the collection and aggregation of this data.

4.2.2. Legal and Ethical Considerations Regarding
the Collection of Educational Data
As with all data collections, it is important to make sure that the collection of the data complies with the current law. In the previous section,
it was shown, which data might be of interest for understanding the
learning process of students. In this section, the legal considerations for
the data collection in Switzerland and the ETH Zurich are highlighted.
The ethical aspects regarding privacy of learning analytics were already
introduced in the introduction (see section 2.1.2).
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Swiss Data Protection Act
The Swiss regulations about data protection are defined in the Federal
Act on Data Protection (DSG) of 19 June 19921 and the Ordinance to
the Federal Act on Data Protection of 14 June 19932 . They define how
one needs to handle private data, which contains all information related
to an identified or identifiable person. In Art. 4 of SR 235.1 the principles
are defined how this data needs to be handled. It is important to note
that the data is only allowed to be processed for the purpose indicated
at the time of collection. In addition, the collection of private data and
in particular the purpose of its processing must be evident to the data
subject, in our case the students.
In Art. 7 and Art. 8 SR 235.1 important aspects are stated about data
storage and handling. The data security must be guaranteed. In Art. 8
of SR 235.11 this is specified in more detail. The system to handle these
data should fulfill the following aspects:
• prevent unauthorised or accidental destruction;
• prevent accidental loss;
• prevent technical faults;
• prevent forgery, theft or unlawful use;
• prevent unauthorised alteration, copying, access or other unauthorised processing.
In Art. 8 SR 235.1 the right to information is defined that persons may
request information from the controller of a data file whether and what
data concerning them are being processed.
These are the most important aspects of the Swiss data protection act
which concern educational data. The important aspect is to note that
only data is protected, which can be related to an identified or identifiable
person.

1 Status
2 Status
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as of 1 January 2014 (SR 235.1)
as at 16 October 2012 (SR 235.11)

ETH Regulations
In addition to the federal law, there are regulations at the ETH [91].
For this thesis, several meetings with the data protection official Nadine
Stadelmann of the ETH were conducted (in 2014 and 2015). According to her as soon as the data is completely anonymized, such that
individual persons are not identifiable, these data can be used without
any restrictions. But data representing the performance of individual
students should be seen as sensitive data, which need additional care.
Especially, one needs to ensure that these sensitive data is only accessed
by persons, that require processing the data, e.g. lecturers who need the
data for their evaluation.
Privacy of Learning Analytics Data
In the introduction, questions one should address concerning the privacy
of educational data was provided. The questions were addressed during
the development of the system and certain decisions were made. For an
example, most analysis focus on cohorts of students and not on individuals. Only analyses, where students need to be identifiable, for example
for exam admission, are able to identify individual students.

4.2.3. Technical Requirements for the Collection
and Storage of Educational Data
From the educational aspects and from the legal and ethical considerations certain technical requirements arise. Other technical requirements
result from other considerations, such as extensibility of the system.
Anonymization of Continuous Educational Data
From the point of view of legal considerations, privacy concerns and easier
handling of the data, it is beneficial to store the data in an anonymized
form. The important aspect of the anonymization is the protection of
students’ privacy [47]. On the other hand, from a lecturer’s perspective,
one would not want to collect continuous data from learners, in a way
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Figure 4.1.: Students generate educational data. Depending on the usage of the data they can be either stored in anonymized
form or they remain personal data, which require additional
protection.

that prevents following the learning path of individual students. This
provides a challenge for the data collection and storage system, as one
should not be able to identify single students, but on the other hand,
one wants to be able to see all data of individual students to gain an
understanding of the learning process.

Private Data
Certain data were required for the evaluation of the students and the
teaching staff. These data, of course, cannot be stored anonymized. The
access to these data, therefore, needs to be restricted to the required
personnel. It has to contain differential access to private students’ data
to protect the privacy. For example, lecturers should only be able to
see data generated in their lecture and not data from students in other
lecturers. An overview about the data flow can be seen in figure 4.1.
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Open System
For learning analytics, it is interesting to collect data from different data
sources. Therefore, an educational data collection and storage system
should be able to collect data from different data providers, resulting
in an open system where everybody interested can store and receive
educational data [92]. The openness should also extend to the addition
of new algorithms and visualization for data analysis.

4.3. Implementation
Based on the requirements stated above, the data collection and storage
system was implemented. In the next sections, different aspects of the
implementation are highlighted.

4.3.1. Implementation of the Anonymization
As stated above, one wants to have continuous data from students without
being able to identify them. This was achieved by assigning a random
string to every person and in the next step hashing the random string.
This hashed value is then used as a pseudo anonymized representation of
the student. It does not allow to identify an individual user but it allows
to have continuous data of different users without identifying them. The
additional hashing is used to have a one way mapping from users to the
hash but no way to revert the mapping. To make sure that the data could
not be used to deanonymize a user, all data was anonymized during their
generation. Meaning that any data was anonymized during the storage
process. This made it impossible to identify the students by comparing
the anonymized data sets with the raw data stored (see figure 4.2).
This set-up was designed such that it allows the collection of continuous
learning data over a certain period of time, by making sure that the
deanonymization is only possible if one has the ownership of the mapping
of students to random string. If students want to avoid a continuous
collection of their data, they can ask for a change of their random string at
any time. This allows students to take control over their own privacy [47]
and makes it impossible, even for the system, to connect their collected
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Figure 4.2.: Overview of the implemented anonymization. Arrows depict
the way data can be connected. In this example User 1 did at
some time point delete the random string, which means that
new data from this user will be collected as a new anonymous
user. With the hashing of the random string, it is impossible
to connect an anonymous user to an actual user.
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data continuously. The old mapping would then be seen during analysis
as a additional user. The only problem with this process is that the
mapping needs to be stored internally and with access to this mapping
the data could be deanonymized. Therefore, this mapping is an internal
process which is protected additionally and is not made public to anyone.
Therefore, even providers of data cannot deanonymize students after
the process, as they do not have the access to the internal mapping of
the random string to the students. The hashing of the random strings
provides an additional security as this is a one-way process and allows
the publication of the data to other users without accidentally leaking
a correlation with the internal mapping. An overview of the way the
anonymization works is depicted in figure 4.2. With this set up the
generated and stored data can be used without any restrictions from the
federal and ETH laws and regulations.

4.3.2. Implementation of the Data Storage
To be able to store any possible form of data, a MongoDB3 cluster was
used for data storage. The Mongo cluster is hosted on its own virtual
private cloud, thus isolating the data from other processes. The network communication is encrypted and access control is configured by IP
whitelists. In addition, accessing the database requires user authentication and authorization, with different users for different access levels. To
ensure high availability in the case of outages or maintenance a minimum
of three self-healing data nodes in different availability zones is used. The
developed data storage system is in service since 2014 and until now had
any outages or accidental data loss. The data is continuously backed
up with consistent backups and point-in-time recovery. This makes sure
that the data storage fulfills the Art. 8 of SR 235.11.

4.3.3. Implementation of the Data Collection
The collection of the data happens in different systems, in which educational data is generated. Currently, two ways are implemented for
the data collection. For Node.js applications, a plugin was developed
3 https://www.mongodb.com/
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which stores data anonymously in the data storage. For other applications, a REST-API is provided. The REST endpoint accepts a jwt
token [93]. The token contains the authentication secret of the external
data provider and the educational data as the payload. The students are
identified by the unique swiss student id. During the storage process, the
student is anonymized as stated above. Both endpoints are secured such
that only registered data providers are allowed to store the data. Data
providers have to accept the condition that they are not allowed to store
the provided data internally, which could be done in order to circumvent
the anonymization of the system. In addition, the data provider has to
provide a privacy statement, that declares which data is collected and
stored. This can be ensured, as the clients have to be registered prior to
usage of the data storage system.

4.3.4. Access to the Data
Access to the stored data is granted over an analytics dashboard. The
analytics dashboard is designed to be an open system that could be easily
extended with new widgets. The developed dashboard is written in R
and provides a web interface. The dashboard can be easily extended with
new analytic widgets via shiny modules or R packages. Access to the data
is limited for different users. Lecturers can currently only access private
data collected from their students and any anonymized record. Learning
analysts can only access anonymized records but no private data. This
makes sure that private data is only accessed by users that actually need
the access. With the analytics dashboard, it is easy to provide persons
with limited technical capabilities access to the collected data. Moreover,
developers can easily extend the dashboard with new analytic code and
graphics.

4.4. Evaluation
In the previous section, an overview of the requirements and the implementation was shown. The data collection and storage system was in use
since 2013 and new data sources were added over time (e.g. LMS). The
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Figure 4.3.: Overview of the data collection system. On the left side, data providers are shown. On the
right, the analytic dashboard with several extensions is shown. The arrows depict the flow of
the data through the system.

Anonymous
Data
Private Data

2013

2014

2015

2016

2017

0

0

521’169

874’170

882’604

20’156

41’132

80’622

87’402

79’599

Table 4.1.: Number of collected data points per year. The collection of
anonymous data started in the year 2015. The collection of
private data was increased over the years 2013 to 2015.

main data sources, so far, are the E.Tutorial4 platform and the PELE5
tool, which were developed during this thesis. The data collection of
the E.Tutorial platform was put into production in the year 2015. The
PELE system collected data since 2013. In total 2’586’854 data points of
4084 students were collected (see table 4.1). From the collected data it
is clear that the system works. The usefulness of the collected data will
be shown in the next two chapters (see chapter 5 and chapter 6). Due
to the openness of the system the addition of new data providers can be
achieved very easily.
Over time more analytic algorithms and graphics were added as simple
shiny modules to the analytics platform. The development of new modules requires only a basic knowledge of R and shiny and is straightforward.
To add a new visualization one needs to write the required R code for
the visualization and code for the new user interface module that defines
how the visualization is added to the web platform. Currently, more than
20 distinct modules are available which provide different insights into
the collected data.

4 https://et.ethz.ch
5 https://pele.ethz.ch
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4.5. Conclusion
Over the period of this thesis, the importance of the data collection and
storage system became evident. The collected data became the core of
all LA approaches and the provided system showed to be suitable for all
needs of developers and lecturers so far. Especially the openness of the
system showed to be an important factor for the extension of the system
over time. Another huge benefit was the implemented anonymization of
the data. One did not need to actually take care of the anonymization
in different data providers and on the other hand one was still able to
connect the data from different data sources after their anonymization.
This allowed following students’ activity in different data providers (e.g.
users of the et platform and the pele platform) without being able to
identify the students, which ensured their privacy. This reduced the effort
for data protection in different tools significantly, as they did not store
the data but passed them to the data storage system.
The developed system protects the privacy of students’ data automatically. In the introduction aspects about privacy in learning analytics
have been highlighted (see section 2.1.2). The developed system is able
to target all four aspects. The data collected from the students is made
accessible only to persons that actually need insight into these data. Lecturers only have access to the data of their own students and developer
of learning materials can only access anonymized data. The system only
collects relevant data for the required purposes, it does not collect socioeconomic data or information about gender. For each collected data
source the benefits were weighted up with the loss of privacy for the
students. Therefore, data which could not be used to increase benefits
for single students were collected anonymously. Only data that lead to
benefits for a single student were collected such that they can be mapped
to individual students. The students were put into control of their privacy by being able to permanently destroy the internal mapping. They
were made aware of the educational data collection in multiple ways.
The collection of the data by the data providers is made transparent to
all users, by providing privacy statements in which it is explained what
data is collected. These measurements help to protect the privacy of the
students’ data [47, 94].
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The only problem with this approach concerning the privacy of students’
data is the required internal mapping of the data. This mapping could
allow the owner of the data collection and storage system to deanonymize
the data if students did not change their mapping. To increase the privacy further one could outsource the mapping to a trustworthy third
party, which would be only responsible for taking care of the mapping.
So far the data protection official of the ETH was satisfied with the
current approach, as the deanonymization require a certain effort and is
only possible for the few persons with full administrative access to the
database.
The access to the data via a web interface provided lecturers with an
easy way to interact with the data. They did not need to work with
raw data but can simply use their web browser to access the data and
run analysis on them. In addition, the system makes sure that they can
only access data they are permitted to access, which would be impossible
to implement if they had access to the raw data. The openness of the
developed system also provided a benefit as they could easily implement
their own visualizations and analysis by developing simple shiny modules.
This could help to extend the system in the future to an open system [92].
Over time it became clear that with this system the effort to collect and
analyze of educational data was reduced significantly. The developers of
educational tools did not need to take care of the anonymization of the
data reducing the effort to collect data. In addition, lecturers and other
users of educational data can simply browse the data via the provided
dashboard, reducing their effort and hesitation to use the data for the
educational decision-making. Altogether, the developed data collection
and storage system provides privacy of the collected data, is an open
system, and can be easily integrated into existing learning tools such as
LMS.
Overall the developed data collection and storage system automatically
provides privacy of the collected data. It is an open system, and can be
easily integrated with existing learning tools. In the next two chapters,
it will be shown how this system helped to implement new educational
tools that helped lecturers to scale their courses.
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5. Automatic Feedback for
Optimizing Online Learning
Materials with
Automatically Collected
Interaction Data
5.1. Introduction
In this chapter the data collection and storage system is used to support
the engineering process to create and optimize high-quality online learning materials. With the rise of online learning, the role of lecturers was
redefined. Before lecturers were supposed to interact face-to-face with
the students in lectures or exercise sessions and prepare the teaching
materials for these settings. This allowed lecturers to implicitly or explicitly gather feedback about the provided learning materials. In online
learning, the role of lecturers has changed to include the development of
online and distance learning materials. With online or distance learning
materials lecturers lost the former ways of gathering feedback, as they
do not have access to the students working with the materials anymore.
Another challenge is that online learning materials need to work without
any intervention from lecturers, as the lecturers are not available during
the learning process of the students. This requires the quality of the
materials to be higher than in traditional settings. The development of
high-quality online learning materials is challenging and it requires several iterations during the design process [95]. The advantages of highly
optimized online learning materials are that they often can be used in
different courses and are therefore portable. It is also beneficial to have
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(a) Instructional design of modules

(b) Instructional design of courses Design

Figure 5.1.: The instructional design of a portable module and a course
for problem-based learning used in this thesis. The online
learning materials are used as a preparation step to enable
students to complete the project. Every module consists of
online learning materials and an open-ended project and
face-to-face feedback. Each module can be used in different
order in various courses.
independent online learning materials, which are independent of other
modules such that they can be used in different orders in various courses
(see figure 5.1) [26]. In this thesis, the instructional design of the materials
was based on the 4-step model for problem-based online learning [26].
One of the main challenges in developing high quality online and distance
learning materials is that the access to the students working with the
online learning materials is limited. Developers of learning materials
are not able to observe the students live during their work with online
learning materials because they work in distinct locations. This results in
a loss of important feedback from learners to teachers. For an engineering
approach to create, optimize and improve learning materials one needs to
have information about the problems, misunderstandings and challenges
students face during the work with the learning materials [95]. If these
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data or feedback would be available, this would help lecturers to gain a
better understanding of their developed materials and the way students
use them.
This lack of feedback and data results in different approaches to gain
insight into the students’ learning process. Often data from surveys or
quizzes are used, where students are either asked for feedback or they
are tested for their knowledge [96]. This should collect data which give
lecturers an insight into the learning process of the students. However,
these data sources require that students take an active part in the data
generation. This leads to problems in the generated data as they often
contain a bias. Often the feedback is only provided by the either highly
satisfied or the highly unsatisfied students resulting in biased data [97].
Most of our conducted surveys had a return rate of less than 50% of the
actual audience. This makes the data highly disputable. At the beginning
of this thesis surveys were the only way to collect feedback when the
materials were used in distance learning.
In this thesis, I developed an approach, which uses automatically collected
interaction data from the interactions of the students with the distance
learning materials to provide feedback to developers of learning materials.
This approach and its benefits will be described in this chapter. This
chapter is going to present analysis of the collected data on three different
levels. First the level of individual online learning materials, then on the
level of modules and last on a course level. The chapter closes with a
conclusion and discussion of the developed approach.

5.2. Analysis of the Data
The analysis of the data was done via a shiny module developed for
the analytics dashboard of the data storage system. By the analysis, it
was tried to gain a better understanding of how the students are using
the learning materials at three different levels. The aim was to provide
automatic feedback to replace the lost feedback due to the switch to
distance learning. In the next sections, it is first shown what data was
collected and then how the data was analyzed and how it helped to gain
a better understanding of the students’ learning process.
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5.2.1. What Data was Collected
The data was collected in the E.Tutorial, a platform for portable online
learning materials (for details see section 3.2). The E.Tutorial platform
was a data provider for the data storage system, which automatically
collected interactions of students with the learning materials. Students
interact on the E.Tutorial platform with step-by-step instructions, which
they need to execute. For each step the duration the students need to go
through the step was stored, this is often called active time or time on
task, which was shown to be a good indicator for students’ learning [34,
88, 90, 98]. In addition, the exact time point was stored. As stated
before the data was anonymized during the storage process. The average
time duration the students need for the steps was around 2-3 minutes.
This allowed having continuous data on the actual learning process of
the students. The data was collected at the time they actually worked
through the materials and continuously collected over the whole learning
process. For most students, a set of around 1500 data points over a period
of one year was gathered. On average every semester 750’000 data points
were collected via this method. The collection of this data started in
the year 2015. In addition, on every step, students can send a problem
report, where they describe the occurred problems or misunderstanding
they had. Each problem report contains information about the exact step
in which it was submitted making it easier to know where the problem
is. Over the years 2015 until now over 5000 individual manual problem
reports were submitted and processed.

5.2.2. Improvement and Monitoring of Learning
Materials
The first level of analysis focuses on individual learning materials. As
stated previously the drawback of distance learning is that a lecturer
has little or no face-to-face contact with the students. Therefore, for a
lecturer, it is very difficult to determine where the students have problems
with the provided learning resources. With the analysis of the collected
data, it is possible to overcome this problem.
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Working Time per Step
As an example, newly developed learning materials on data processing
with sqllite1 will be used. The learning materials were developed for
the course EvIM and GDI in the year 2017 to replace the previous
materials, which used outdated software. The materials were applied in
both courses, but with a delay of three weeks between the usage. With
this delay, it was possible to optimize the online learning materials in
between, based on the results gathered from the analysis from the first
cohort of students. In the figure 5.2 the distribution of working time for
the learning materials in the two courses are shown.
From figure 5.2a one can see that it took students longer to finish step
19, as this step shows a longer median time duration and an increased
variance. This might be an indicator that students have problems in
this step by either having difficulties to understand the instructions,
mistakes in instruction or even a combination of both. This insight
that there are some problems in step 19 can be used with the problem
reports submitted about this step, which help to pin down the actual
problem the students had. In the time between the two courses this
step was optimized and in the second cohort (shown in figure 5.2b) one
can see that the median time duration and variance in step 19 was
reduced (see also figure 5.3). Quantitatively the median reduced from
6.8 minutes to 6.0 minutes and the variance reduced from 24.3 to 19.7.
The significance test for this reduction was done with the Mann–Whitney
U test with the alternative hypothesis that the duration of the EvIM
course is greater than the duration for GDI. With a p-value of 0.079 there
is a slight indicator that this may be the case but not on a significance
level of 5%. The Mann-Whitney U test was chosen as both variables
do not follow a normal distribution, which was tested with the Shapiro
test. During an optimization, one can either provide better explanations
remove mistakes or add more help to the instruction. This course is still
far away from being optimized and this is normally expected to be a
process over several years, where the data is analyzed and the materials
are updated accordingly. One can clearly see the difference compared
to the previous learning materials on data processing (see figure 5.4),
where the fluctuation per step is on a much smaller scale. These learning
1 https://frontend-1.et.ethz.ch/module/55TYdf8AkEpGRRAKx
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(a) EvIM course

(b) GDI course

Figure 5.2.: Boxplot of the distributions of the times for each step of the learning materials of the module
on data processing with sqllite in the year 2017 in different courses. The number of data sets
used was 27’153 for EvIM and 36’939 for GDI.
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Figure 5.3.: Detailed comparison of step 19 between the two courses
EvIM and GDI. One can see that in GDI the durations
are lower, as the notches overlap the median values are not
significantly different.
materials were already optimized over several years and show compared
to the new materials a much more optimized distribution of working
times. The reason to create a new module on data processing was to
adapt it to new tools and techniques developed in the last years.
By analyzing the time spent on the learning materials per step it is
possible to detect where students might have problems with the learning
materials during the work. This detailed analysis makes it possible to
gain an overview about the time students need to complete each step
and the whole tutorial very fast and it is a good indicator of problems
the students might have.

Fluctuation of Students per Step
Another indicator of the quality of a course is the fluctuation of students
per step. To help lecturers to better understand the fluctuation visualizations of the won and lost students per step of the learning materials
were developed (see figures 5.5a and 5.5b). One wants to have students
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Figure 5.4.: Boxplot of the distributions of the times for each step of the
learning materials of the previous module on data processing.
Note the much-reduced duration overall compared to the new
module. The number of data sets used was 100’675.
which work continuously through the materials and do not leave or skip
certain steps.
From the figure 5.5 one can see that there are certain steps where many
students quit and other steps were the students start again. This might be
an indicator that the students skip certain steps. The more interesting
aspect is that the fluctuations could be decreased by optimizing the
learning materials. The GDI course has much fewer spikes compared
to the non-optimized learning materials before. Compared to the old
optimized materials (see figure 5.6) one can see that there is still much
to gain from further optimizing the learning materials.

Stay Users Active?
Since the successful preparation prior to the face-to-face phase cannot be
enforced on our students it is declared as optional. However, the actual
usage of the material is of great interest for the lecturers. This is especially
the case as the production of the learning materials is very expensive and
time-consuming. To gain a better understanding, the number of unique
users per step in the instructions was analyzed and compared to the
number of students, registered for the course (see figure 5.7).
In the figure 5.7 one can see the number of unique users per step. As
one can see, the number of students stays more or less constant over
all steps and is similar to the number of registered students (291). This
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Figure 5.5.: A win-loss diagram of the learning materials of the module on data processing with sqllite in
the year 2017. For every step, the number of new users (green) and the number of lost users
are shown (red). The number of data sets used was 38’663 for EvIM and 34’518 for GDI.

(b) GDI course

(a) EvIM course

Figure 5.6.: A win-loss diagram of the learning materials of the previous
module on data processing. For every step, the number of
new users (green) and the number of lost users are shown
(red) The number of data sets used was 40’259.

Figure 5.7.: The number of unique users per step on the learning materials of the module on data processing with sqllite in the
EvIM course 2017. The number of total registered students
is 291. The number of data sets used was 38’663.
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shows that most students are actually going through the entire learning
materials. This behavior can be seen in all the online learning materials.
Discussion
On the level of single learning materials, the collected interaction data
is very helpful to optimize the learning materials. In the previous sections, an actual case was displayed where the analysis of the data lead
to improvements in a second iteration three weeks later. This shows
how important the monitoring is for improving the learning materials.
Without the automatically collected data, it would be hardly possible
to have such short circles of measuring and redefining. With surveys, it
would be hard to collect such detailed and meaningful data. Surveys can
hardly provide such detailed insight on the level of individual steps but
might provide helpful insight at the overall level.
With this circle of measuring and redefining very short periods for developing and optimizing online learning materials can be achieved. This
is an important achievement as it can significantly reduce the effort for
developing new online learning materials. And allows testing the learning materials at a distance as the lost feedback can be substituted with
automatically collected data.

5.2.3. Monitoring Students on Individual Modules
The second level on which this data can be used is to monitor and
understand students working on individual modules. In our case a module
can consist of several online learning materials, an open-end project and
an individual face-to-face discussion (see chapter 6). Analysis on this
level should provide lecturers with a baseline of the usage of individual
modules and help them to detect unexpected behavior to be able to react
appropriately. For example, whether do the students use the learning
materials as a preparation for the project of the module or are they
using them also exam preparation. If this behavior changes in one year
compared to the years before, this should be noted by lecturers and it
should be tried to understand why the usage suddenly changed. As this
might have an influence on students’ performance.
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When and how are the learning materials used?
With distance learning, it is possible for students to learn at any time
they want. A lecturer, on the other hand, cannot observe when the
students are working with the materials. This results in a loss of control
about students’ learning. Lecturers want to understand how students are
working with the materials, to optimize it according to students’ needs.
An important aspect is when are the materials actually used, as this gives
an insight whether the materials are used as initial learning materials or
as reference materials at later time points. To analyze this the collected
data was represented as a heatmap of students’ activity (see figure 5.8).
From the figures 5.8a, 5.8b, 5.9 and 5.10 it is very clear to see that most of
the activity takes place in a very well-defined time window. The phase of
increased activity corresponds to the time windows in which the students
are able to deliver their presentations (for details on the presentation
see chapter 6). This phase is represented in the figures by the black bar
above the usage pattern. However, it was expected that the usage of the
learning materials would happen at the beginning of, or before the time
window, as they need to finish the project before the presentation. This
behavior cannot be ignored, but it seems that not only do the learning
materials play an important role to master the problem-solving skills,
but they are also used as a reference during the work on the projects.
This usage of the learning materials as a reference is reinforced by the
fact that the usage activity also increases before the exam at the end of
the term. This can be clearly seen in the figures 5.8a, 5.8b, 5.9 and 5.10,
where the activity increases in the last week before the end of module six,
after which the exam took place. We assume therefore that the materials
for independent study play an important role in the exam preparation. If
one assumes that the learning materials play an important role during the
exam-preparation, one can also conclude that student exam preparation
starts one week before the exam. This is supported by the fact that the
activity also rises in the week before the final exam in the summer (see
figures 5.9 and 5.10).
In addition to this high-level information about the time-windows, a more
detailed view was gained. It seems that most of the activity was conducted
on Mondays and on Sundays. This observation fits the timetable of the
students, as most of them had a lecture free window of four hours on
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(a) Module 2 on simulation and modeling (44’407 data sets)

(b) Module 3 on visualisation of multidimensional data (45’666 data sets )

Figure 5.8.: Heatmap of the usage pattern of the instruction materials
in the year 2015. In black above the period of the feedback
discussions is highlighted.
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Figure 5.9.: Heatmap of the usage pattern of the module on simulation and modeling over three years.
The number of data sets used was 109’798.
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Figure 5.10.: Heatmap of the usage pattern of the module on visualization of multidimensional data over
three years. The number of data sets used was 217’362 .

Monday. This analysis gave the lectures a baseline about the learning
behavior of their students, as the pattern seems to be stable over the
years. This can be observed in the figures 5.9 and 5.10. This baseline
can be used to detect problems occurring during lecturers if the behavior
of the students’ differs from the expected pattern. It additionally gave
some support to the theory that the actual usage pattern of the learning
materials differs from the intended usage, as not only did students use
the material to master the projects but also as a reference during the
exam preparation.
The collected interaction data is superior to the download or time of
access data, as with access or download data it is not clear if the students
then actually worked with the learning materials or stored them for later
use. And therefore, download time-points do not provide an accurate
insight into the learning process. In addition, these analysis provide a
very detailed insight into the usage of the learning materials, which would
not be possible without the use of digital learning materials.
Overall Working Time per Module
Another interesting aspect is the total work time on the online learning
materials per module and the distribution of it. This would allow lecturers
to estimate the total effort the students invest in one module. Helping
them to understand if the workload was estimated correctly.
In figure 5.11 the total work time for the online learning materials for the
module on data processing with sqllite for different cohorts are shown.
As stated above in the three weeks after the first cohort went through
the materials the online learning materials were updated. This can be
observed in the total working time which decreased from 288 minutes to
176 minutes. The significance test for this reduction was done with the
Mann–Whitney U test with the alternative hypothesis that the overall
working time for EvIM is greater than the duration for GDI. With a pvalue of 2.2e−16 the alternative hypothesis can be accepted. Meaning that
the total working time in the EvIM course was significantly greater than
the total working time in the GDI course. The Mann-Whitney U test
was chosen as one of the variables does not follow a normal distribution,
which was tested with the Shapiro test. This reduction of total working
time was due to adaptations in the learning materials which helped
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Figure 5.11.: Comparision of the distribution of the total working time
on the module on data processing with sqllite. With 41’012
data points for EvIM and 36’676 data points for GDI. As
the notches do not overlap the difference in the median
values are significant.
students to not get lost during the instructions. For example additional
hints where provided and more intermediate solutions provided.
Another important fact is the huge difference in the total working times
for different students (see figure 5.12). For the previous module on data
processing, 50% of the students spend between 20 and 220 minutes and
95% of the students are in the range of 1 minute to 530 minutes. It is clear
that students working only 1 minute do not actually work through the
materials, and might be students which do not go through the materials.
Even though, this is a significant difference in the total working time
between individual students and should be acknowledged by lecturers if
they design the modules. This difference is believed to be a result of the
diverse background of the students, who are from different backgrounds
and therefore have a huge difference in their prior knowledge. Except
for the distribution of the working time, the median working time is
a good measurement as the lecturers can know how much time the
students actually spend on average working with the materials. From
our experience, lecturers often underestimate the actual working time
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Figure 5.12.: Distribution of the total working time on the old module on
data processing. The number of data sets used was 102’423.
the students spend on the materials significantly. Resulting in a too large
workload for the students. With these measurements, the working time
can be measured and be used to plan the total workload for students
more accurate and help to design better courses.

5.2.4. Designing Courses
In the previous sections, we went from single online learning materials
to whole modules. This journey can be completed by using the data to
actually design whole courses, consisting of different learning materials.
One of the most challenging aspects of designing a course is to design the
workload according to the workload defined by the ECTS credit points.
Without accurate data, this mostly is based on the gut instinct of the
lecturer or course designer.

Total Working Time per Course
Another interesting aspect is how much time the students actually spend
with using the online learning materials. The table 5.1 shows the median
total working time of the two courses EvIM and GDI over the years 2015
through 2017. The planned usage of the online learning materials is to
be roughly 25% of the total work time per course. For the GDI course,
this is more or less the case. However, for the course EvIM the students
spend much more time than expected.
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2015

2016

2017

EvIM

30.9h

29.4h

32.4h

GDI

34.2h

32.2h

27.3h

Table 5.1.: Median total working time per student on the E.Tutorial
online learning materials.

The calculated median total working time is a good indicator if the
working time for an average student is according to the ECTS credit
points. Even though, one needs to be careful with averaging the students.
From the figures 5.13a and 5.13b one can see the huge spread of the total
working time over the students. For both courses, there is a spread from
less than 10h total working time to over 60h of total working time. This
is a helpful information for lecturers to understand, that there is this
huge spread among individual students. Surprisingly for the lecturers
was the huge spread, most though about a factor of two between the slow
and fast learners. From our data, it seems to be closer to a factor of six.
The difference in the lower working time between the courses EvIM and
GDI in the figure 5.13 can be explained by students that need to repeat
the whole course. In GDI there are much more repeaters compared to
the EvIM course, which is based on the fact that the GDI course is a
part of the final first-year exams and EvIM is not (see section 3.1).

Designing a new Course and Beyond
All the learning materials are organized into portable modules, which
can be used in different courses. As one knows the working time per
module of existing ones, this can be used to design new courses based on
previously collected data. Or by exchanging modules that have a higher
workload with shorter modules. This should help in the future to better
align the actual workload to the expected workload based on the ECTS
credit points system. With a future broader data base it would also be
possible to design curricula based on the actual average workload. This
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(a) EvIM Course (291 students)

(b) GDI Course (528 students)

Figure 5.13.: Distribution of the total working time for both course in the year 2017.
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will then increase the fairness for the students, as their workload is based
on data and not on gut instincts.

5.3. Conclusions and Discussion
In conclusion, the automatically collected interaction data provided improvements on several levels. First, it allowed optimizing single learning
materials. Secondly it helped lecturers to understand their students learning process and lastly, it can be used to optimize the total learning time
per course. All steps are important to improve the quality of teaching
in higher education. It especially supported lecturers with data and
feedback to gain a better understanding of their materials and the way
students interact with them. This can lead, as shown, to fast iteration
cycles to optimize the materials and optimizing the learning process for
the students. After several years lecturers can build up a baseline of how
students are actually working and therefore can detect unusual behavior
and can react accordingly.
The automatically collected interaction data and the automatic feedback
generated by the data is in certain aspects superior to data and feedback
collected in classical face-to-face interactions and can help with the loss of
contact. With the collected data it is possible to avoid filter bubbles which
often happens when collecting data face-to-face and provide hard facts
about the materials. This might lead to problems with the acceptance of
these analysis, as they point out the errors and problems in the developed
learning materials. If these data were not be available, it would be easy
to pin the problems on the students and not on the actual learning
materials. However, when the analysis are implemented in a cycle of
measuring and redefining it helps over time to improve the quality of the
learning materials significantly.
All the analysis shown above were added as a shiny module to the
developed analytics dashboard, enabling the lecturers to run the analysis
on demand. This should make it very simple to optimize the learning
materials on the fly, and improve them over time. The provided analysis
would not be possible without the developed data storage and collection
system, as this allowed to collect anonymized students data by still being
able to connect all data from one student.
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It can be argued that these detailed analysis are superior to classical
feedback during face-to-face interactions of lecturers and students. These
data can show very detailed insight into the usage pattern of learning
materials, which are impossible to be collected by lecturers in face-toface settings as they are very detailed and accurate. In addition, these
data are collected without the help of the users avoiding any bias in the
collected data.
This chapter showed how data can be used to scale up online learning
and can compensate the loss of contact in large-scale blended learning
courses. In the next chapter, another use case will be shown where data
is used to scale individual face-to-face feedback for students in large-scale
courses.
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6. Scaling of High-Quality
Feedback in Large-Scale
Blended Learning Courses
6.1. Introduction
In the previous chapter, it was shown how online learning materials
can be optimized without any face-to-face contact with students. In
this chapter, a new tool-supported method will be presented on how to
provide high-quality feedback in large-scale blended learning courses.
With the rise of large-scale online learning courses, the interaction between lecturers and students changed fundamentally. Before, students
were able to interact face-to-face with each other or with teachers or teaching assistants (TAs), and to get direct and personal feedback. However,
especially in MOOCs and large-scale online and blended courses, this is
not possible anymore and the focus of students interaction changed to
digital collaboration via message boards or other means. This reduction
of face-to-face interaction results in less frequent and lower quality feedback. As stated in the introduction (see section 2.2), feedback is one of
the most important factors for successful learning in higher education [56].
This loss of feedback might be a reason for the increased drop in activity in many large-scale online learning courses, compared to traditional
lectures [30]. This loss of feedback was recognized and different methods to provide feedback at large-scale were developed, like automatic-,
semi-automatic-, or peer-feedback. All of these approaches lack some
fundamentals required for high-quality feedback (see section 2.2.5).
In this thesis, I developed an alternative tool-supported approach where
face-to-face discussions are used in large-scale blended-learning courses
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to provide individual personal feedback, which is able to provide students
with high-quality feedback. It will be shown how it is possible to scale this
process for large-scale blended-learning course with the help of digital
tools and analysis of the collected data. The primary goal was to provide every student of a large cohort with regular individual high-quality
feedback. To achieve this, an approach was developed where distance
learning is combined with intermittent face-to-face discussions. During
presence phases, a TA discusses with a student their project and provides
them with feedback based on the students’ knowledge level. Making sure
that every student gets regular feed back and feed forward during their
learning process, helping them to focus on the core concepts of the course
and to stay active through the whole course. In this chapter, the focus
is on the importance of the 5% face-to-face interaction phase, and the
benefits this provides compared to other forms of assessing the learning
process of the students.
This chapter consists of three parts. First, the background and requirements are described, which then lead to the development of our system
of individual coaching and feedback for students described in the second
part. The third part describes and evaluates the benefits of the suggested
approach. The chapter closes with the overall conclusions and discussion
and a short outlook to further developments of this method.

6.2. Part 1: The Requirements for
Individual Feedback in Large-Scale
Introductory Courses
In this section, the main requirements are presented which lead to the
developed system of individual coaching and feedback for large cohorts.
Different requirements are highlighted and our responses to these requirements are described. The developed system will be described in
the second part and in the third part, the benefits of the system are
described and evaluated.
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6.2.1. Feedback to Close the Gap between Previous
Knowledge to Intended Learning Outcomes
As stated in section 2.2, feedback should provide students with information on how to close the gap between their current and the intended
knowledge [57]. Both EvIM and GDI are auxiliary science introductory
courses in computer science for students in natural and applied sciences.
Therefore, students’ previous knowledge is relatively low. In the precourse survey, several questions were asked regarding the previous knowledge, the self-estimation, and students’ motivation regarding computer
science. Only 13% of our survey participants attended a computer science class in high school, and 36% had attended an ICT course, which
normally focuses on office software. Some responses to the motivation
are presented in table 6.1. The interesting fact is that their personal
interest and motivation to invest time for computer science (2.91, respectively 2.92 on a Likert scale) is relatively low compared to the question
of how important computer science is for their field of studies (3.59 on
a Likert scale). It seems that on the one hand they see the importance
of computer science for their field of studies, but they are still not really motivated to learn computer science. This relatively low previous
knowledge and motivation need to be addressed and the students need
help to close the gap between their currently low knowledge and the
intended knowledge about computer science in the end. Feedback on a
regular basis seems to be a suitable method to address this and increase
students’ motivation [59].

6.2.2. Ensure Activity in Distance Learning
Another requirement is to ensure that the long duration and the total
workload of distance learning for the students do not lead to a drop in
activity. As stated before, around 90% of the workload is conducted by
the students in distance learning. After around two weeks, of distance
learning it is important to provide students with a high-quality feedback,
which helps them to stay active for the whole semester [26, p. 122ff]. By
providing high-quality feedback the TAs try to provide the students with
feed back on their current knowledge level and provide them with feed
forward to help them to go through the next part of distance learning.
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My general interest in computer science is
Very small

Small

Average

High

Very high

7%

25%

42%

23%

3%

How large is your motivation to invest 3-4h per week for
computer science?
Very small

Small

Average

High

Very high

4%

25%

48%

19%

4%

How important is it to learn computer science for your
area of study?
Not important

Slightly important

Moderately important

Important

Very important

1%

12%

27%

45%

15%

Table 6.1.: Responses from pre-course survey on motivation on computer
science (N = 740).
The TAs are expected to provide the feedback on all three levels (task,
process, and self-regulation), which helps the students to increase their
internal motivation and self-regulation to work on the future tasks. This
helps them to stay active over the entire course.

6.2.3. Achieve Deep Learning at Large-Scale
As stated above an important goal for higher education is to achieve deep
learning [7]. A crucial prerequisite for deep learning was identified as the
personal interaction between the teacher and the students [12] and to
focus on understanding [7]. This requires teachers to provide individual
coaching and feedback to their students. At large-scale, this becomes
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infeasible, due to the workload. The only solution is to distribute this
work with the help of TAs, however, without the help of electronic tools
and data, this process cannot be scaled.

6.2.4. Scalability of Feedback in Large Cohorts
With distance learning, it is very easy to handle a large number of students, as one can see in the success story of large-scale MOOCs. However,
as stated before, providing regular high-quality feedback requires that
one takes direct face-to-face contact with the students on a regular basis.
As stated in the introduction of this chapter the courses this approach
was developed for consist of a high number of students. Until the year
2013, the individual face-to-face interactions were organized without any
tools. In the year 2013, both courses EvIM and GDI started to be taught
in the same semester, making the previous approach impossible, as it was
not feasible to organize the large number of students and the required
TAs anymore. With the previous approach, the students could simply
show up at certain given time slots and teaching assistants assigned to
these took over the discussion. This resulted in a huge imbalance of the
workload, as certain time slots and rooms were preferred by students.
Thus certain discussions were shortened to be able to handle the large
number of students and in other rooms and time points, the TAs did not
have any work at all. With the provided systems it was possible to overcome these problems and make sure that all students get the same time
and quality during their feedback. This was achieved by load balancing
the students and TAs based on the collected and analyzed data.

6.2.5. Ensuring the Quality of Teaching Assistants
With large cohorts a large number of teaching assistants are required to
handle the load in our case there were around 45-50 TAs each semester.
However, with more teaching assistants the lecturers also lost contact
with them, making it hard to ensure that they provide high-quality feedback. The quality of the feedback and discussions are one of the most
important factors for students satisfaction as it is one of the few possibilities to interact face-to-face with an individual teaching staff. This
leads to a change in the role of the lecturer. It focuses more on providing
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teaching assistants with feedback, but therefore they require data to use
as they hardly have contact with them anymore. With the developed
system we were able to collect the required data automatically, data
lecturers can use to give TAs feedback, which focuses on improving their
further work.

6.2.6. Summary of the Requirements
The requirements for the developed system can be divided into two
aspects. Educational aspects, which clearly show that individual feedback
is beneficial or even required for increasing the quality of learning. And
on the other hand scalability aspects. To provide individual feedback
to students is not a problem in small classes with around 20 students.
However, for a large number of students the provision and organization
of feedback becomes the challenge and not the feedback itself. Scaling of
individual feedback is only possible by distributing the feedback to several
feedback providers, which results in new requirements like assuring the
overall quality and fairness.

6.3. Part 2: The Setup and Developed
System to Organize Face-to-face
Interactions
From the requirements, it is clear that one wants regular individual faceto-face feedback for the students. It is clear that these individual discussions are very time-consuming, in our case (the courses EvIM and GDI)
every semester at least 850 discussions had to be organized every two
weeks taking around 10-15min each, resulting in around 5000 discussions
and a total workload of around 900-1300h. The actual workload is higher,
as students were provided with around 33% of additional discussion slots
to provide them with more options. This workload cannot be handled
by the lecturer alone, and a large amount of TAs (in our case around
45 - 50) is required. But even then the micromanagement of organizing
the discussions cannot be handled without an automatic tool. Therefore,
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PELE (personal electronic learning environment, see section 3.2), a tool
to organize individual student coaching and feedback, was developed.
The educational requirements of the systems are very clear, as stated in
the section before. However, the successful implementation of the face-toface feedback discussion at large-scale is challenging. To implement these
feedback discussions at large-scale and take care of the micromanagement
PELE was developed. In this part first, the technical platform is described
and then the different user roles and their abilities are described.

6.3.1. Technical Platform
PELE was developed as a web application, which can be used via a
web interface from all current devices. The platform needs to be able to
reactively distribute changes to all online users and update their state
live. Therefore, the open source meteor1 framework was used. It allows
distributing parts of the database to different users and automatically
updates the distributed data upon data changes. This simplifies the
handling of data changes and the distribution of them. The application
was developed to be usable on mobile devices or desktop browsers. More
technical details can be found in section 3.2.
To describe the developed application it is helpful to differentiate the
three different actors of the system: students, TAs, and lecturers. The
most important aspects of the three roles are provided in the next sections.

6.3.2. Student Perspective
For an individual face-to-face feedback, students need a simple way to
sign up for a feedback discussion slot, as soon as they have finished their
project. During the sign-up for a slot, they see some indicators of how
many other students are already signed up and how many slots are left.
This indicator depicts an expected waiting time, as each slot is one hour,
and the TAs are expected to handle at least 5 discussions with different
students per slot and TA. By providing students with information about
1 https://www.meteor.com
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the utilization of the slot, it was possible to gain a better distribution
of the students over the available slots, improving the workload for the
TAs. The utilization is encoded by colors representing the percentage of
already taken slots. After the sign up, the students are assigned to a room,
where they need to show up for their face-to-face feedback. The students
are not given an exact time but a window of one hour in which their
presentation is going to take place. On the day before the appointment a
automatic reminder is sent to the students. The students then will go to
the room they are assigned and wait until a TA is calling their name and
then conducts the face-to-face feedback discussion. After the feedback
discussion, the TA grades the students internally. Next the students are
asked by the system to provide feedback on the discussion. After these
steps, the students have completed a module. If a student does not show
up, an email is automatically sent by the system with a link, where the
student can give a reason for not showing up. The student will then
get an additional possibility to sign up for a feedback discussion for this
module. The focus of the student view was to have a very simplistic
and easy-to-use system. Which helps to guide the students through the
learning materials and the whole course (see figure 6.1).

Figure 6.1.: Student overview of their current status and progress. All
modules which they have finished are marked in green. The
next steps are marked in blue. This helps to guide students
through the materials and process steps they need to follow.
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Over the years the view and work flow of the students has been updated
regularly and has been improved. In the beginning, the student view
allowed students to choose a room and see the assigned TAs. This lead to
imbalance of the number of students in different rooms, as they preferred
certain rooms and TAs. Therefore, the system was updated to only show
time slots and randomly assign the students to actual rooms. Another
huge improvement was to implement an automatic way to organize an
additional feedback discussion, when the student missed the original
appointment. In the first years this was handled manually via individual
emails, which required a huge amount of micromanagement. Via gradual
updates over the years the guidance of the students was improved and
the required micromanagement could be decreased, which lead to a drop
in the required workload for lecturers to manage students’ feedback
discussions.

6.3.3. TA Perspective

Figure 6.2.: A single room during the presentation slots. In the middle
the students are shown and their current status. So the
TAs see which students are already called by the other TAs,
and which student to take next. All data is live and synced
between all TAs. On the right side all TAs registered for the
room are displayed and on the left information about the
room is displayed.
The second participant of the feedback discussions are the TAs. They
of course also use PELE to organize their work. They sign-up at the
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beginning of the semester for the rooms they will take care of during
the semester. Normally four to six TAs are together in one room. This
provides several benefits, for example the rooms are utilized better, they
can help each other with occurring problems, and they are able to handle
imbalances better. If TAs are absent at a certain date, e.g. due to illness,
they can unregister via PELE. Other TAs will see the vacant slots and
can take over the slot. After they sign up at the beginning of the semester
the TAs will then show up in their assigned room over the whole semester.
For every slot PELE provides them a real-time table of the signed-up
students ordered by the time of sign-up. They will then select the first
student in the list and call his or her name. This student is then removed
from the list, to avoid that several TAs are calling the same student. If
a student is not present during the call of a TA, the student’s name is
moved to the end of the list. After the face-to-face discussion, the TA
has to grade the student and then calls the next student on the list. The
focus of the TAs view is that the system is easy to use and allow them
to call and grade the students with a mobile device, directly in the room
(see figures 6.2 and 6.3).

Figure 6.3.: The grading form for teaching assistants allowing them to
easily grade the students from their mobile devices.

Over the years several changes were implemented for the TAs. The first
extension was to implement a real time synchronization of the students
during a slot, such that they see at the first glance which student is next.
Another extension was to force TAs to grade students directly after the
feedback discussion, before it was often forgotten and lead to a lot of work
for lecturers to figure out, which student was graded by which assistant.
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Figure 6.4.: Lecturer view to overview the current status the different
rooms of the lecture, with each four to six TAs. Slots where
not enough TAs are available are marked in red. The filling
of the small star displays the amount of students signed-up
for the slot. In this example, the slot on Monday at 9 o’clock
is full.

6.3.4. Lecturer Perspective
The two most important actors of the individual feedback systems were
described in the previous sections. Now the role of the overall controller
of the process, the lecturer, is highlighted. They need to have an overview
of the current status of the course and the feedback discussions. To get
an easy overview, they are provided with several indicators about the
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Figure 6.5.: Analytics view for lecturers, where for each TA the most
important data is displayed. The marks the TA gives the
students and the marks the TA receives. On the left side
open feedback from students is displayed.

different rooms and slots, for example, they see, how many students
signed up and how many TAs are currently assigned to the room (see
figure 6.4). If there are too many students signed up for the available TAs,
they are informed. This might happen if TAs are ill or not available. The
lecturer can then react and for example move TAs from a different room or
organize additional TAs. This is very important to have an overview over
the 45-50 TAs and the large cohort of students. Additionally, lecturers
have access to the learning analytics dashboard, where they can see a
lot of different indicators about the learning process of the students and
the face-to-face discussions. For example, they can see the feedback the
students give to the TAs or the marks the TAs give the students. This
allows the lecturers to react if there are any abnormalities, e.g., a TA is
only giving 2 stars to the students, or a TA gets very bad grades from
the students. Especially these analytic parts of the lecturer view help to
keep the quality of the face-to-face discussions on a high level. Without
these analytics, they would not know what they should focus on and
where to intervene (see figure 6.5).
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6.3.5. Evaluation
To evaluate the technical platform, the students were asked in the postcourse survey how difficult the usage of the system was (4.65 on a Likert
scale) and how fair they find the whole process (4.59 on a Likert scale).
It seems that the students had no problems with the usage of PELE
and they accept the distribution of the slots by the first come first serve
principle.
The TAs also took part in a post-survey. They also saw no problems with
the usage of PELE (4.76 on a Likert scale). In addition, they were asked
to evaluate how the system changed their way of teaching. This was done
via qualitative questions. The main responses can be classified into three
categories. One factor was that PELE helped to reduce the organizational
overhead by taking care of the micromanagement. Additionally, it helped
to make sure that no students slipped through the net, and that every
student gets roughly the same amount of time. Answers from the last
category stated that their role changed from that of an instructor, to that
of a learning partner who gave the students tips on what they should
focus on and where they should be heading next. However, it is also clear
from these answers that not all TAs were satisfied with their new role.
Some still prefer a more traditional approach of teaching, where they
present to the students in a lecture style.

6.4. Part 3: Beneﬁts of Face-to-Face
Interactions
In this section the benefits of individual face-to-face feedback discussions
will be described and the new educational approach will be evaluated. As
stated above, an important factor for students’ success is that they learn
to estimate their current knowledge, to learn this feed back and feed
forward are one of the most important factors [56, 57] (see section 2.2).
Feedback is only successful if it is targeted at specific individuals [68].
To achieve this a system was developed to enable individual face-to-face
feedback discussions between students and TAs, which helps the students
to estimate their current level of knowledge and to detect topics where
they have not yet reached the required level. The important aspect was to
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The usage of PELE was very easy?
Strongly
disagree

Disagree

Neutral

Agree

Strongly
agree

0%

0%

2%

31%

67%

The distribution of the presentation slots was fair?
Strongly
disagree

Disagree

Neutral

Agree

Strongly
agree

0%

0%

4%

33%

63%

Table 6.2.: Responses from post-course survey on PELE (N = 502 from
the year 2016).

focus on the students’ level of understanding and not on their provided
solution. Even though, the feedback is based on a discussion of their
project solution. To estimate the current learning process, each student
is taking part in a direct face-to-face discussion with a TA. During the
discussion, the students need to present and explain the project solution
and the process to the TAs. The TAs guide the students through the
discussion and help them to focus on the important intended learning
outcomes. At the end of the discussions, the TAs provide the students
feed back and feed forward and target the different feedback levels. This
allows to give a specific feedback targeted at individual students, based
on their current knowledge level. For the evaluation of this process, these
discussions are rated internally by both the TAs and the students with
either 0, 1, or 2 stars. If the student has no understanding of the current
topic, the TAs should give him or her a 0. Students with an average
understanding of the current topic are marked with 1, and students
which gained an above average understanding of the topic are marked
with 2 stars. The mark aims to be a representation of the knowledge level
of the students on the topic and not of the actual produced solution. The
mark of the TAs does not have any influence on the final grade, neither
does it have any negative consequences for the students. The TAs are
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asked not to tell the students their mark, but instead provide them with
high-quality feed back and feed forward. In the next sections, we will
show the benefits the students and lecturers obtained by this system.
What Data was Collected
To evaluate the new systems, different data sources were used. The
participants took part in both a pre-course and post-course survey for
each course. In addition, for each student six feedbacks during a semester
were collected from a teaching assistant. Additionally, the feedback the
students provided to the teaching assistants were collected. Together with
the feedback for the teaching assistants, a process analysis was carried
out (see figure 6.6), where the students answered the same questions over
the period of one semester to see if there are any motivational changes.
The data generated in PELE were stored as private data in the developed
data storage and collection system, as they are required for the exam
admission. From PELE around 150 data points per student and semester
were collected and around 500 data points for each teaching staff. In total
around 80’000 data points per semester were collected from the PELE
platform. The collection of the data started in 2013 and was continued
and increased over the years (see table 4.1).

6.4.1. Increase Students’ Motivation
As stated above, the motivation of students to learn computer science
seems to be low compared to the importance of computer science in their
field of study. To increase their motivation several actions are taken. The
learning materials are adapted such that all problems and projects the
students need to solve have some connection to their area of studies.
This aims to increase the motivation and improve their willingness to
learn computer science [99]. Another important factor is assumed to be
the regular feedback during the short face-to-face discussions between
the students and the TAs. These assumptions are supported by the postcourse survey (see table 6.3), where a score of 3.89 on a Likert scale
was reached on how their view about computer science has changed. For
other questions the answers improved over the semester.
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Compared to the beginning of the semester, how did your
view about computer science has changed?
Strongly
negative

Negative

Neutral

Positive

Strongly
positive

0%

3%

29%

41%

27%

I could see a increase of my skills over the period of the
semester.
Strongly
disagree

Disagree

Neutral

Agree

Strongly
agree

0%

2%

14%

50%

34%

The contents of the lecture were suited, to help me as a
natural scientist to impart computer science.
Strongly
disagree

Disagree

Neutral

Agree

Strongly
agree

1%

3%

26%

53%

17%

Table 6.3.: Responses from post-course survey on motivation on computer science (N = 502).

6.4.2. High Success Rate
The regular feedback increases the chances to successfully finish the
course, as the learners know their level of knowledge which helps them to
focus on their individual knowledge gaps. In addition, the TAs provide
feed forward helping the students to focus on the important aspects of the
facts they are expected to know at the exam. This helps to align the exam
to the course materials and therefore should increase the success rate [7,
see part 2]. These assumptions could be supported by the outcomes of
the exam compared to other courses our students are taking. The success
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rate in our course with 86% is very high compared to other courses at
our university (average success rate < 65%). In addition, the average
mark is much higher than in other courses. The main factors for these
findings are believed to be due to the good aligning process which is
supported by the regular feed forward.

6.4.3. Feedback for Open Projects
The projects, the face-to-face feedback discussion is about, are open
ended projects with no closed solutions. Therefore, to correct them in
a traditional way the effort would be immense and it would require a
huge amount of time to actually correct them. This would result in a
delay between the hand-in of the solutions and the provided feedback.
As the timing of feedback plays an important role for the efficiency
of feedback [55, 67], this would reduce the usefulness of the provided
feedback. In addition, written feedback is less efficient then individual
face-to-face feedback [67]. With the developed system of individual feedback discussions it is possible to provide just-in-time feedback so that
the students can actually benefit from the feedback for their work on
their next project.

6.4.4. No Plagiarism
As the discussion is not focused on the produced solution but on the
understanding and process of the students, plagiarism is not problematic.
Students are encouraged to work in teams on the projects, so that there
are similar solutions. However, as the TAs are focused on the individual
knowledge the students have gained by working through the project
and not on the produced solution for the project this not a problem. In
addition, students refrain from discussing solutions where they did not
participate at all in a face-to-face interaction, as they fear the awkward
situation if the TA detects it.
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6.4.5. Increased Fairness
There will always be differences in the competence of the TAs which cannot be removed by supervision and training, such that, with fixed groups
of students assigned to a TA, students might be handicapped compared
to other groups. This problem of unfairness can be circumvented by randomly matching TAs and students repeatedly. In the presented system,
each student is nearly randomly assigned to a TA for each module, such
that only very few students had the same TA in several face-to-face
discussions (see table 6.4).
0

1

2

3 or more

49%

38%

10%

3%

Table 6.4.: Percentage of discussions a student had where the same TA
took part (N = 635, data from 2016).

6.4.6. Focus on a Single Student
With the individual discussion it is possible that, even at a large-scale of
790 students, each student gets an individual time period every two to
three weeks, where individual feedback is provided by a TA. Especially
for first-year students in a subsidiary subject, this is important to cope
with their low motivation and low prior knowledge. From observations,
it is clear that their confidence to talk to the TAs is increasing over
the semester. Another benefit of having individual time slots with each
student is that no student can slip through the net and is lost. This is
supported by the low fail rate in our course compared to other courses at
our university. Another indicator is the decrease in the students’ expectation to get a good or very good grade at the final exam. As one can see
in the process analysis (see figure 6.6) the question of where they need
to estimate their final grade drops from unrealistic 75% to around 50%,
which is more realistic. The overestimation is due to the fact that most
students at our university have been among the best students in their
high-school classes, such that they have a too optimistic self-estimation at
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Figure 6.6.: Extract from the progress analysis, where the students are
asked the same questions over the semester. The percentage
of agreement to the questions is displayed (N = 541).
the beginning. The regular feedback helps them to gain a more realistic
estimation of their current knowledge.

6.4.7. The Students Stay Active During the Semester
The regular feedback should increase the activity of the students in
the course, as it helps to keep the learners engaged [28]. As the grade
the students receive for their individual discussion does not have an
influence on the final mark, the students could actually stop preparing
their projects and then would receive 0 stars by the TAs. This would
then result in an increase of 0 stars during the semester. However, this
effect was not observed in our group of students (see figure 6.7). Only
after the first module, the percentage of 0 stars increased from 5% to 8%.
This could be interpreted as some students giving up at the beginning
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Figure 6.7.: The stars the students received form the feedback discussions
over all modules (N = 635 in the year 2016).
of the semester. After the first loss of students, there is only a small
increase from 8% to 10%. Overall, more than 90% of our students stayed
active during the whole semester.

6.4.8. The Measurement of the Learning Progress
Correlates with the Final Mark
It is important to make sure that the TAs are correctly estimating the
performance of the students, as otherwise the provided feedback would
not be accurate. To analyze this the estimations of the learning process
by the TAs were correlated with the performance of the students at the
final exam. If one assumes that the estimation of the TAs does actually
represent the learning process of the students, this should correlate with
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Figure 6.8.: Regression between the P-value of the marks given by the
TAs and the percentage rank in the final exam. The blue
line represent the regression curve through the data and the
gray shadow represents their 95% confidence interval.
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the exam performance. The higher the estimation of the learning process
of the students by the TAs, the better the exam performance should be.
If a linear correlation between the P-value of the marks given by the TAs
and the percentage rank reached in the exam is calculated, a significant
P < 2.2 · 10−16 positive correlation R2 = 0.24 is seen (see figure 6.8).
The P-value of the marks is calculated as a percentage of the maximum
value students could reach in all modules combined, e.g. for 6 modules
the maximum value would be 12 and if a student gains in total 6 stars a
P-value of 0.5 would be reached. It is important to note that these results
are based on individual independent estimations of our TAs, over a long
period of time (normally around 14 weeks). Nevertheless, the marks of
the TAs seem to be one of the best prediction factors for the final exam
seen so far. To gain this significant correlation, it is important that the
TAs know their job, and that their marking is done reliable.

6.4.9. Ensuring the Competence of the TAs
As noted above, it is very important to ensure that the TAs are able to
reliably estimate the knowledge level of the students and give the students
adequate high quality feedback. The work of the TAs is fundamental
for the success of the face-to-face discussions, and therefore the lecturer
must rely on the TAs being able to do their work with the highest quality
possible. This requires that the TAs are trained for their job and that
they are supervised and monitored to improve their skills over the time.
Due to the large amount of TAs, the lecturer is not able to supervise
each TA on a regular basis. To enable TAs to provide good feed back and
feed forward to the students, they are trained in several steps. Before the
semester starts, they get an introduction on how to ask questions and
how to lead the discussions in a way that enables the TAs to estimate
students’ learning process. During the semester, there are meetings where
they reflect on the discussions they had so far. In addition, the lecturer
visits every TA at least once and listens to a discussion and then provides
feedback to the TA.
To detect problems the students are asked to evaluate each discussion.
They mark the quality of the feedback of the TA and the discussion. This
marking of the TAs can be monitored by the lecturers via the learning

108

Figure 6.9.: Analytic dashboard for lecturers to identify problematic TAs.
It consists of a graph where the students which graded their
TA with 0 are displayed as vertices directed towards the
TA. One can now easily identify TAs who got bad grades
from different students, as they have several red vertices
directed towards them, which is a indicator for problems. In
this example one can easily identify three TAs which show
problematic patterns. This helps lecturers to focus their
supervision on these TAs.

analytics interface (see figure 6.5), such that the lecturer is able to identify
the TAs who need additional supervision and training. One interesting
feature is if a TA gets several bad grades from different students, this TA
is displayed in the lecturer’s dashboard and can therefore be identified
easily (see figure 6.9). Overall, our students were very satisfied with our
TAs over the whole semester, and the TAs got an average more than 1.60
stars without much fluctuations over the whole semester (see figure 6.10).
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Figure 6.10.: The average grade for the students and TAs over the whole
semester. Important is that the fluctuation is relatively low
over all modules (N = 635).
Other indicators are the two questions in the progress analysis, where
the students are asked whether they profit from the feedback of the
TA and the question whether they were able to show the TA that they
understood their project (see figure 6.6). The first questions focus on
the quality of feedback provided by the TA. There the students are very
satisfied with our TAs (more than 80% agreement of the whole semester).
The second question asks whether the TA focused on the student. There
the agreement drops down to 60%, which is not the quality we want to
reach. Therefore, during the introduction of the TAs, the focus should
be more on the way how to guide the discussion and how to ask the
questions.

6.4.10. Student Perspective on the Face-to-Face
Discussions
For the evaluation of the system, some questions were asked during the
post-course survey. The students were asked to rate the usefulness of
the different support and learning materials they were provided. The
presentation of the modules got on average 4.41 on a Likert scale. Which
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is very high, compared to other parts in the course like videos (1.24 on a
Likert scale) or lecture slides (1.49 on a Likert scale). Also other questions
targeted on the face-to-face discussions, like how it helped to distribute
the workload (4.25 on a Likert scale) or how it helped to estimate their
knowledge level (3.75 on a Likert scale) were clearly positive answered by
the students (see table 6.5). Most of the students agree that the system
should be implemented in other lectures (3.7 on a Likert scale).

The regular presentations with a TA helped me to
distribute the workload over the semester
Strongly
disagree

Disagree

Neutral

Agree

Strongly
agree

1%

3%

15%

47%

34%

The regular presentations with a TA helped me to better
estimate my current knowledge level on this topic
Strongly
disagree

Disagree

Neutral

Agree

Strongly
agree

1%

10%

32%

44%

13%

I would like to see the introduction of individual coaching
and feedback in other subjects
Strongly
disagree

Disagree

Neutral

Agree

Strongly
agree

4%

14%

32%

32%

18%

Table 6.5.: Responses from post-course survey on the face-to-face presentations (N = 502).
Especially the rating of the usefulness compared to other concepts which
are often provided in distance learning courses was surprising and it
showed that the students really want to have face-to-face interactions
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where they get individual feedback based on their current learning process.
On the other hand, the system also helped them to better distribute
the workload over the semester and helped them to better self-estimate
their current knowledge level. This finding is supported by the process
analysis, where more than 80% of the students agreed or strongly agreed
that they profit from the feedback discussion during the whole semester
(see figure 6.6).

6.4.11. Eﬃcient for Large Classes
It is clear that the individual discussions are very personnel-intensive and
require a lot of micromanagement, compared to other means of learning
control measurements like automatic or peer feedback. Compared to
manual correction where the TAs need to correct the solutions handed in,
the system of individual discussion takes around the same amount of time
of around 10-15min per student per exercise/project. But the students
profit more from the discussions, as they get an individual feedback
based on what they know and not what they have produced. Compared
to automatically corrected exercises, the system of the presentation is
much more time-consuming, but the feedback provided to the students
is more personal and based on their current knowledge. In addition, it
is possible to include feedback on the process and on the self-regulation.
With automatic feedback it would not be able to use open ended projects,
as they are not correctable.
Another advantage is that the required infrastructure can be utilized
better. With the developed system, it is possible that several TAs work
in the same room without interfering. However, the micromanagement
of assigning the rooms and TAs to students in large cohorts can only be
managed with automatic systems.

6.5. Conclusion and Discussion
The benefits of the individual face-to-face feedback discussions are important for large-scale blended-learning courses to help students to participate successfully and motivated. The main challenge for a widespread
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implementation is the enormous personal and financial cost of this approach, compared to automatic tools. However, with the combination of
automation of the required micromanagement and individual face-to-face
feedback discussions it was possible to benefit from the system without
increasing the workload enormously.
As stated in the introduction, from many studies on feedback it is clear
that regular individual feedback is an important factor for successful
learning in higher education. The challenge is how to provide regular
individual feedback at large-scale, also in traditional lectures or exercises.
With the developed approach individual face-to-face feedback can be
scaled without the burden of the required micromanagement, as this is
handled automatically. Compared to other approaches to scale feedback
the focus of the developed system is not on providing the feedback
automatically, but instead on simplifying the process to organize the
feedback. The provision of high quality feedback can, at least in the next
years, not be automatized as this requires a human interaction.
The developed approach could also be applied to peer feedback, where
students coach other students. In the setting of introductory courses
this is not suitable as the peers lack the required knowledge to actually
provide high quality feedback (see section 2.2). In advanced courses
this problem is reduced and there the developed approach could be
applied. The advantages would be that the collected data could be used
by lecturers to provide the students with feedback on how they provide
feedback.
In addition to be able to provide high quality feedback, the described setup provides some additional benefits like increased fairness, monitoring
of TAs, greater flexibility for students, and a better targeted education of
the TAs. This is possible due to the collection of important data during
the whole process. One could also argue that traditional exercises face
a problem for larger-cohorts, as then the monitoring and supervision
of TAs becomes a challenge. The described set-up allows lecturers to
constantly monitor the performance of the TAs and allow them to take
data-driven actions.
Another obstacle for the successful implementation is, that at large-scale
this approach heavily depends on the work of the TAs. This requires
the TAs to accept this system, which means for some of them that they
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need to change their more traditional views on teaching and think of
themselves as learning partners and coaches. It is also fundamental that
the quality of individual discussions and coaching is as good as possible.
This requires that lecturers monitor and supervise their TAs, especially
in the beginning. The training of the TAs also plays an important role
and helps in our experience, to improve the quality significantly. However,
this requires that the lecturers also changes their role by focusing more
on the TAs than on direct interactions with the students. From our
experience this system requires a fundamental change in most parts of a
lecture, e.g., one needs to adapt the learning materials (open questions),
get rid of traditional exercises, and focus on students’ understanding and
not simply on the produced solutions anymore.
This is very challenging and fundamental, however, the individual coaching and feedback might be critical for students’ learning and success and
it should be tried to be implemented at other large-scale classes. The
reason that most large-scale courses reduce the face-to-face interactions
is due the difficult handling and workload. We think with our approach
this will also be possible at even larger scale. The limiting factor for
this approach is the number of TAs that can be trained and supervised.
However, this can also be distributed among different shoulders such
that not one lecturer alone needs to handle all the workload concerning
the TAs.

6.6. Outlook and Future Work
This project was started for the lectures EvIM and GDI. In the mean
time several other courses have started or will start this system in their
lecturers. The first adaption was the in fall term 2017 the course Mathematik I for medicine students, which will continue in the spring term
2018 and the course Anwendungsnahes Programmieren mit Python. The
UWIS department is currently also evaluating and wants to implement
the developed approach in a lecture in the fall term 2018.
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6.6.1. Adaption to Distance Courses.
So far, this kind of discussions is only possible in blended-learning courses,
as the face-to-face interaction requires that the students and TAs meet.
For MOOCs or online courses where the students are distributed all
over the world, the feedback discussions need to be in a way such that
meetings are not required. We initiated a pilot project with around 20
students where the face-to-face discussions took place over TeamViewer2 .
The aim was to test whether we could adapt the current setting for
distance learning courses. The setup with TeamViewer allowed the TAs
to see the current desktop of the students and they were able to chat with
each other. It is also possible to take over the computer of the student
for example to point out something in the solution. During the pilot,
it could be shown that with TeamViewer the same level of discussions
could be reached like in the current approach. One drawback of the
discussions via TeamViewer is that one cannot help students who have
difficulties in managing their computer, even if the setup is quite simple.
Another requirement is a fast internet connection. This pilot project was
successful. However, the technical overhead, especially for the students,
made this process less efficient than the current solution. Compared to
the current solution with 10-15min for each feedback discussions a time
window of 20-25min is required. We now plan to use this approach when
students are not able to attend the current sessions at all due to illness
or other factors.

6.6.2. Bonus System
To further extend this approach in the year 2017 bonuses were implemented the students can earn if they fulfill certain steps. For example,
after each feedback discussion they are provided with some mock exam
question. The admission to the exam at the end of the semester that
will give them a bonus of 30% for the final exam was made dependent
on taking part in 5 of 6 presentations. The aim was to further increase
students’ participation and also better manage their learning process.
We want to achieve that our students work the same amount of time
2 https://www.teamviewer.com
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during the course but we want to distribute it into smaller steps. Since
this seems to improve the overall learning process of students [100].

6.6.3. Training of TAs
From our analysis, several problems with the current setting could be
detected, which influence the further training of our TAs, especially how
to guide the discussion and how to evaluate students’ knowledge can
be further improved by training them in different techniques, e.g., how
to ask questions. In addition, we now know what data are produced by
problematic TAs, such that the interventions can be targeted better and
earlier. To aid this process, the analytics dashboard will be improved,
such that the important indicators for each TA are better represented
to the lecturers.

6.6.4. Combination with CAA
At the department computer science of the ETH codeexpert3 was developed, which is a system for computer-aided assessment for programming
tasks. The developed approach of individual face-to-face feedback discussion would provide some benefits to the current system and it should be
tried to combine the advantages of both systems. As stated above, CAA
is limited to provide feedback on the task level. This can be beneficial in
small programming tasks, where a closed solution is available. However,
for larger programming task often automatic correction is not possible
or is only able to provide feedback on limited aspects. For these larger
programming tasks it is planed to combine automatic assessment with
individual face-to-face feedback discussions. This would allow to increase
the overall feedback for students gain. CAA would be used to provide
feedback during small programming tasks and for larger projects the
developed system is going to be used. Allowing to provide feedback on
the level of the process and self-regulation.

3 https://expert.ethz.ch
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Part III.

Results and Conclusion
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7. Results and Conclusion
The contributions of this thesis are in different areas. Either more technically driven enhancements of teaching or implementing new teaching
methodologies with newly developed tools. In the next sections the research questions, which were described in the introduction, will be discussed and then a final conclusion will be drawn.

7.1. Question 1: Can Educational Data be
Collected With Respect to Privacy?
With the developed data collection and storage system the privacy of
students regarding their educational data could be increased significantly.
The interesting fact is that not a single student actually used the provided
system to increase their privacy further by requesting a new random
string. Additionally, no student complained about the collection of their
educational data. It would require further research to figure out if they
do not care about their privacy, are not aware of the data collection, or
accept the collection of their data. Despite the lack of interest of the
students the system is very helpful for the other participants. Developers
of educational systems, which could collect educational data, profit with a
much reduced effort to implement the collection according to the current
law. Persons developing learning analytics profit from a broader data base
and easier connection of students over several data providers, without
being able to identify them. The system also helps them to implement
new dashboards for analytic results. Lecturers profit from an easy to
use dashboard where the most important data about their students are
presented, and they need no special tools to browse and access the data.
In our experience this increased the likelihood to actually make use of
the data and make educational decisions based on the collected data.
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Lastly institutions could benefit from the system as it makes, data from
different data providers, easily connectable accessible and analyzable.
It seems that the original goal of the system, to increase the privacy of the
students, moved into the background over the years. But the developed
tool still provides huge benefits as it simplifies the overall process to
collect and analyze data. The system was originally developed internally
and not intended to be implemented at institutional level. However, over
the years it became clear that such a system would be beneficial at a
larger scale. The Innovedum fund of the ETH provided us with some
founding to further work on this system in the next years, with the aim
to make the collected data available to the students and/or use the data
in the educational tools. One of the steps missing so far to an open
system would be to release the software under an open source license.
This would require some work on the code to reduce the dependency on
specific code logic for internal login services.
As stated above currently the privacy cannot be guaranteed utterly, as
persons with administrative access to the underlying database are able
to access the internal mapping of the system. So far the privacy level the
system provides was enough to be according to the current law and for
the data protection official of the ETH. If this would change, it would
be possible to move this mapping to a trustworthy third person.
With the developed system it is possible to collect educational data
and respecting the privacy of the students. Additionally, it simplified
the collection and analysis of educational data significantly. The system
provides benefits for all educational stakeholders. Without the developed
tools the other contributions of this thesis would not be possible.

7.2. Question 2: How can Distance Learning
Materials Optimized with Automatic
Collected Data?
The implementation of automatic feedback for learning materials increased the efficacy to develop online learning materials significantly.
With the help of the feedback the iteration circles to optimize the materi-
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als could be reduced and speeded up. Developers of learning materials can
use the automatic feedback at a very early stage to collect information
about the problems students have with the materials and optimize the
materials in iterative circles. From a student perspective the collection of
the data used for the automatic feedback is imperceptible and does not
need any active participation. Compared to surveys this increased the
return rate to more or less 100%. The automatic feedback is very helpful
to gain an overall understanding about where the students have problems
with the online learning materials. This information can be combined
with the active feedback provided by students to actually understand
the specific problems students have.
The automatic feedback is not limited to single online learning materials
but also helps to gain an overall understanding about the way students
learn. This can help lecturers to detect overall problems in students’
learning process. It can help them to improve the alignment of different
online learning activities or help them to understand in which ways students are using the learning materials. In addition, the collected data
allows to gain an understanding at the level of a course, where it can provide information about the overall workload and the time points at which
students are active. This allows lecturers to control the workload based
on the planed workload and they do not need to fallback to estimations
about students workload.
The developed approach can help to fight the problems arising if learning
materials are used in distributed educational settings, where one does
not have access to the students working with the materials. It helps to
improve the quality of the learning materials faster, to better understand
the usage of the materials and gain an better understanding about students’ learning. This helps to increase the efficiency of online learning
for lecturers, as they need less time for optimizing the learning materials.
In this way they can focus more on developing new learning activities
for students in distributed learning.
The developed approach for automatic feedback for distributed learning
materials fulfilled all the requirements requested by lecturers and will
be used further. There are currently no significant changes or adaptions
planed.
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7.3. Question 3: How can High-Quality
Feedback be Provided at Large-Scale?
The developed tools allowed providing high-quality feedback in large-scale
blended learning courses, by handling the necessary micromanagement.
Feedback at large-scale is often limited by the required time to organize
it. Often it is not possible to provide students with face-to-face feedback
at large-scale even if unarguably this is one of the best ways to provide
feedback (see section 2.2). When scaling lectures often the amount of
feedback is reduced or tried to provided in automatic ways. At the same
time when the number of student increases the students are lost in
the anonymity of the large cohort and often require more guidance in
their learning process to reach the intended learning outcomes. As stated
before automatic ways to provide feedback are mostly limited to feedback
on the accomplished task and can only be used for tasks which can be
evaluated automatically, it is not very suitable for problem based learning.
Peer feedback in introductory courses are limited as peers often can only
help to increase self-reflection, but not estimate the correctness of the
provided solution. With the developed approach of organizing regular
individual face-to-face feedback discussions it is possible to provide highquality feedback from experts at large-scale.
The developed tools do not provide feedback but handle the micromanagement required to organize face-to-face feedback at large-scale. The
tool helps to organize the face-to-face meetings and helps lecturers to
monitor the overall process such that they are able to intervene appropriately. Additionally, it collects data which help to ensure that the quality
of the distributed feedback discussions are high, or otherwise pinpoint
the lecturers to problems such that they can intervene. The developed
approach helped to scale feedback and to improve the quality of the
feedback provided. The developed tool supported approach was recognized by the Konferenz des Lehrkörpers of the ETH Zurich and won the
KITE Award 2018 (Key Innovation in Teaching at ETH Zurich). It is
also starting to be used in more and more courses at the ETH.
So far the approach aimed to organize the face-to-face feedback discussions. There are several ideas of further improving students’ learning
with this approach. One promising idea is to combine it with automatic
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feedback, e.g. codeexpert, to increase the amount of total feedback the
students receive. The automatic feedback can be used as guideline during the process towards the final product, which then would receive the
individual face-to-face feedback.

7.4. Final Conclusions
The three developed systems and approaches seem to be independent.
However, only with the combination of the three approaches it is possible
to individualize learning at large-scale. For individual learning at largescale different factors are important. One challenge for lecturers is that
with distance learning they lose the control over the students and their
learning. At the same time successful individualized learning requires
that lecturers gain a fundamental understanding of students’ learning, to
develop suitable high quality learning materials for distance learning. The
developed tools and approaches presented in this thesis can help lecturers
in this process. With the developed data collection and analysis platform
of distance learning materials (see chapters 4 and 5) it is possible to gain
an understanding of students’ learning process and to provide lecturers
with the tools required to optimize the distance learning materials such
that the students do not get stuck during the instructions. The approach
of individualized face-to-face feedback at large-scale (see chapter 6) aims
at helping students to stay active and provide them with individualized
feedback in their learning process, such that they are able to work in
distance without getting lost in the process.
Additionally, the usage of the developed tools and approaches helped to
reduce the workload of lecturers for large-scale blended learning courses
significantly without negatively affecting the quality of the course. This
enabled lecturers to focus on important aspects of teaching as the tools
either help with the micromanagement of individual feedback discussions
or provide automatic feedback for learning materials. For example lecturers can now optimize the learning materials live during the semester,
based on automatic feedback generated by the students working through
the materials. Or they can focus on improving the quality of the teaching
assistants, by providing them with feedback or provide them with further
training.
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In distance learning the challenge is that direct interactions are reduced,
and therefore it is important to focus on the few remaining direct interactions and increasing the quality of them, for example by individualizing
the feedback students gain during these interactions. With the developed approach of individual face-to-face discussions distributed over a
semester the students get several personalized feedback sessions at different stations of their learning process. These feedbacks help the students
to guide them through their learning process and help them to focus on
the important aspects. With automatic or semi-automatic feedback or
even written feedback this is hard to achieve as these lack important
aspects of successful feedback. With automatic or semi-automatic feedback it is not possible to achieve the same level of individualization that
can be achieved with individual face-to-face feedback discussions. With
written feedback the big challenge is the timing. The written feedback
arrives to late in the learning process as the students did already focus on
other topics when the feedback arrives. Making it hard for the students
to actually benefit from the feedback.
In distance and/or blended learning the quality of learning materials is
significant for the success of students’ learning. The usage of distance
learning materials provides huge benefits for the students and lecturers.
Students can learn when and where they want and at their individual
pace. Lecturers can use the data generated by the students working
through the materials to optimize the materials and improving their
quality. This indirect interaction between the students and the lecturers
via the distance learning materials is very important for the learning
process. In distance learning the development of learning materials is
more important for students’ success than in traditional settings. As
other means of interaction are often reduced, like lectures or exercise
sessions. Therefore, the development of the learning materials requires
more time reducing the time lecturers can spend on developing other
learning activities or organizing TAs. With the automatic feedback the
time for the optimization of learning materials could be reduced, enabling
lecturers to spend more time to improve the quality of feedback by
spending time to teach and monitor TAs for the individual face-to-face
feedback discussions.
From a students’ perspective the overall quality increases without affecting their learning process significantly. The collection of data during

124

their work with the online learning materials happens imperceptible for
them. The organization of face-to-face feedback discussions is simplified
with the developed system and requires very few interactions with the
systems. The benefits achieved by using the developed tools are recognized by most students. They have highly optimized electronic learning
materials which help them to take the first steps in problem based learning. The feedback they receive reaches a high-quality helping them to
reach the intended learning outcomes better.
For the scaling of teaching efficiency in teaching is required. Efficiency
in teaching is often negatively affected, however, at large-scale efficiency
is important to improve the learning process, by having time to focus
on the important aspects of teaching. The developed approaches help
lecturers to spend their time on the important tasks by either taking
care of collecting and providing feedback or taking care of the required
micromanagement.

7.5. Final Outlook
The developed systems helped to improve the quality of teaching significantly, however there will always be further optimizations that can help
to improve the learning and teaching.
The individual face-to-face feedback discussions are suited for blended
learning courses using problem based learning. For distributed distance
courses like MOOCs the developed approaches are currently infeasible
as they still require a certain time of face-to-face contact. The test with
teamviewer to move the feedback discussions to distance, showed that
this would require some further technical developments to make this less
challenging and error prone.
The collection of usage data of distance learning materials is very useful
for understanding students’ learning and optimizing the learning materials. These tools can be included in any kind of online learning materials,
which has small enough steps to be monitored. The duration for each
step the students need to take should be in the range of a few minutes.
Longer instructions would not allow such meaningful analysis of the data
and are therefore unsuitable. The developed analytics could be improved
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further and the automation could be increased further. One problem is
that at the moment the analytics are displayed in a different system than
that in which the content is generated. For a better experience it would
be beneficial to combine the systems to directly display the results to
the editor of the materials.
The data storage and collection systems could be used at the ETH
by other educational tools to store learning analytics data. The next
step would be to release the developed system under an open source
license to enable widespread use of the system. For these steps it would
be required to optimize the software. For example, at the moment the
system is tightly integrated with the login system of the ETH and cannot
be used with other systems.
To implement the required system changes in the data collection and
storage system, a new project member will start in the beginning of July
2018 to focus on this system. In addition, a new software engineer position
will be provided by the department of computer science, which will help
to maintain and continue with the development of the software developed
during this PhD and combine the developed approaches with the code
expert platform. Due to the success of the implemented approaches
the further development of these tools and techniques is secured, which
help to ensure that these tools will be available long term for interested
lecturers.
It is also planed to carry out a study with Prof. Manu Kapur of the chair
of learning sciences and higher education, where it is planed to make
changes in the instruction materials and analyze the collected data to see
if there is any further improvement or change in students’ learning. Here
the advantages of the data collection and analysis system will be used,
as it makes it very simple to add additional measurements to current
systems and a large user basis is available.
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