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Abstract

The increasing amount of data collected in online learning environments provides unique
opportunities to better understand the learning processes in different educational settings.
Learning analytics research aims at understanding and optimizing learning and the environ-
ments in which it occurs. A crucial step towards this goal is to adapt and develop adequate
computational methods to process and analyze the learning-related data and to present
information in intelligible ways to educational stakeholders.

In this thesis we investigate interaction patterns of learners in two different online learning
environments: Massive Open Online Courses (MOOCs) and Realto, an online platform for
integrated Vocational Education and Training (VET). We analyze interaction patterns across
three principal dimensions: time, activity, and social. To obtain a better understanding of
the complex learning behaviours, it is essential to consider these different aspects of the
educational data. We develop novel methods and use existing techniques from sequential
pattern mining, content analysis, and social network analysis to model and track interaction
patterns of learners across the three mentioned dimensions.

As regards the time dimension, we present methods to model temporal patterns of learners’
participation. We introduce novel techniques to discover and quantify online regularity in
terms of following a certain daily or weekly time schedule. We investigate the relation between
students’ regularity level and their performance in a MOOC course.

Concerning the activity dimension, we analyze learners’ activity sequences in order to identify
and track the evolution of their study approaches over time. By clustering study pattern
sequences in a MOOC course, we extract different engagement profiles among learners and
describe their properties. Furthermore, we propose a complete processing pipeline for the
unsupervised discovery of study patterns from sequential interaction logs. This pipeline is
applicable at different levels of actions granularity and time resolution and enables to perform
temporal analysis of learners’ interaction patterns throughout the course duration.

For the social dimension, we explore the attributes of social interactions among learners. In
the MOOC context, we combine content and social network analyses to study dynamics of
forum discussions and the evolution of students’ roles over time. In the context of Realto, we
employ social network analysis to model the social interactions among learners and to study
the structure of Realto-mediated communication among different stakeholders in the VET
system.
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Using the presented analytic methods, we provide novel insights into the interaction patterns
of learners in MOOCs and Realto. Moreover, we present an implementation of these methods
into an analytics dashboard for Realto researchers.

Keywords: Learning analytics, Educational data mining, Temporal analysis, Sequential pat-
tern mining, Social network analysis, Massive Open Online Courses, MOOCs, Educational
dashboards, Vocational education and training.
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Résumé

La quantité croissante de données collectées dans les environnements d’apprentissage en
ligne offre des opportunités uniques pour une meilleure compréhension des processus d’ap-
prentissage dans différents contextes éducatifs. Le domaine de recherche “learning analytics”
vise a comprendre et a optimiser I'apprentissage et les environnements dans lesquels il se
produit. Une étape cruciale vers cet objectif est d’adapter et de développer des méthodes
computationnelles adéquates pour traiter et analyser les données liées a 'apprentissage et
pour présenter I'information de maniere intelligible aux acteurs de I’éducation.

Dans cette thése nous étudions les modeles d’interaction des apprenants dans deux environ-
nements d’apprentissage en ligne différents : les cours en ligne ouverts a tous (MOOCs) et
Realto, une plateforme en ligne pour la formation professionnelle connectée. Nous analysons
les modeles d’interaction a travers trois dimensions principales la temporalité, les activités,
et les interactions sociales. Pour obtenir une meilleure compréhension des comportements
d’apprentissage complexes, il est essentiel de considérer ces différents aspects des données
éducatives. Nous développons de nouvelles méthodes et utilisons les techniques existantes
de I'extraction de modeles séquentiels, d’analyse de contenu et d’analyse de réseaux sociaux
pour modéliser et suivre les modeles d’'interaction des apprenants dans les trois dimensions
mentionnées.

En ce qui concerne la dimension temporelle, nous présentons des méthodes pour décrire
les schémas temporels de la participation des apprenants. Nous introduisons de nouvelles
techniques pour découvrir et quantifier la régularité en ligne en termes de suivi d'un certain
horaire quotidien ou hebdomadaire. Nous étudions la relation entre le niveau de régularité
des étudiants et leur performance dans un cours MOOC.

Concernant la dimension de 'activité, nous analysons les séquences d’activités des appre-
nants pour identifier et suivre I’évolution de leurs approches de leurs études au fil du temps.
En groupant les modeles d’étude d'un cours MOOC, nous extrayons différents profils d’en-
gagement parmi les apprenants et décrivons leurs propriétés. De plus, nous proposons un
algorithme d’apprentissage non-supervisé qui identifie le stratégies d’apprentissage a partir
des traces d’interactions. Ce pipeline est applicable a différents niveaux de granularité des
actions et de résolution temporelle et nous permet d’effectuer une analyse temporelle des
modeles d’'interaction des apprenants tout au long de la durée du cours.

Pour la dimension sociale, nous explorons les caractéristiques des interactions sociales parmi
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les apprenants. Dans le contexte du MOOC, nous intégrons le contenu et I'analyse de réseaux
sociaux pour étudier la dynamique dans les forums de discussion et I’évolution des roles
des étudiants au fil du temps. Dans le contexte de Realto, nous utilisons 'analyse de réseaux
sociaux pour modéliser les interactions sociales entre apprenants et pour étudier la struc-
ture de la communication via Realto entre les différents acteurs du systeme de formation
professionnelle.

En utilisant les méthodes d’analyse présentées, nous proposons de nouvelles facons de modé-
liser les interactions des apprenants dans les MOOCs et Realto. De plus, nous présentons une
implémentation de ces méthodes dans un tableau de bord analytique pour les chercheurs de
Realto.

Mots-clé : Analytique de 'apprentissage, Exploitation de données éducatives, Analyse tempo-

relle, Exploitation de modeles séquentiels, Analyse des réseaux sociaux, Cours en ligne ouvert
a tous, Tableaux de bord éducatifs, Enseignement et formation professionnels.
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|} Introduction

1.1 Motivation

In recent years, there has been a growing interest in Learning Analytics (LA) and Educational
Data mining (EDM) among educational researchers and practitioners. LA refers to the process
of collecting and analyzing data from learners and their contexts, to understand and optimize
the learning processes, environments, and pedagogical scenarios; and EDM is concerned with
developing and applying methods to detect patterns in large amounts of educational data
[77]. Recent works in LA and EDM research, employ techniques from data-driven fields like
Data Mining and Machine Learning to gain insights on learners’ behaviors, interactions, and
learning paths. Such data-driven insights, enable a better understanding of different learning
processes in a variety of educational settings and could provide the basis to support learners,
teachers, and educational institutions.

In the recent past of LA research, a typical question would be how to accurately predict
students’ performance and provide early indicators of whether a learner is likely to successfully
complete a course or a study program. As it becomes possible to track the behaviour of learners
and teachers in digital learning environments, the landscape of LA research is getting broader
and the variety of questions that are being asked of the data are getting richer [131]. With
the increasing popularity of online learning environments and emergence of MOOC:s, a large
volume and variety of educational data is being collected which often include a granular
record of learners’ interactions with different learning materials. The collected sequential
data provide opportunities to gain insights into the learning behaviours and latent traits of
students.

In this thesis, we seek to contribute to the growing body of LA research that aims to utilize the
student-generated actions data for modeling their behavioral patterns and attributes. Our
research is focused on modeling, quantifying, and representing the interaction patterns in
online learning environments. The outcome of this research could provide opportunities
towards the design of personalized and adaptive learning environments which could tailor
the learning activities to the needs and attributes of the students. Moreover, by identifying the
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interaction patterns of successful students it could be possible to provide recommendations
to the struggling learners to optimize their learning pathways.

In order to model and analyze learners’ interaction patterns, we consider different aspects of
the educational data. In particular we study the temporal patterns in learners’ online participa-
tion and timing of their study sessions (time dimension), the type and sequence of performed
actions (activity dimension), and the social interactions among learners (social dimension).
Most learning analytics research focus only on one (or sometimes two) of these dimensions to
describe learners’ activities. Taking into account different aspects of the educational data in
this thesis, could enable us to gain a better understanding of the learning behaviours and the
modeled processes.

In our analysis we go beyond static analysis of certain situations or fixed snapshots of the data
and address the temporal and sequential dynamics of learners’ interactions. Consideration of
the temporal aspects is fundamental for better understanding the learning processes. However,
this aspect of educational data is yet under-explored in learning analytics research [50]. As
an step towards filling this gap, in all the different studies in this thesis we particularly focus
on the temporal attributes of learning behaviours. More specifically, we study how learners’
participation and activity patterns, their social interactions, and also the roles they undertake
in the social communications change over time. This continuous attention on the time
dimension could be a valuable contribution to the learning analytics research.

1.2 Contexts

We investigate learners’ interaction patterns in two different learning environments: MOOCs
and Realto.

* MOOCs: MOOCs deliver online learning on a wide variety of topics to a large number
of participants across the world. With minimal cost (often zero) and no entry barriers
(e.g. prerequisites, or skill requirements) a large number of learners with different
backgrounds can engage in learning opportunities that are often curated by leading
universities. MOOC courses offered through platforms such as edX!, Coursera?, and
Udacity®, comprise different learning materials such as video lectures, reading materials,
in-video quizzes, and assignments. In addition, discussion forums are a key part of
MOOC platforms to support social learning and peer-to-peer information exchange.
According to self-report surveys, learners have different motivations for enrolling and
participating in a MOOC. Personal interest in learning certain topics, learning topics
relevant to the current job, and earning a certificate for future career opportunities or
university credits are among the main MOOC enrollment reasons[138].

Ihttps://www.edx.org/ (last accessed 10 December 2017)
2https://www.coursera.org (last accessed 10 December 2017)
3https://wuw.udacity.com/ (last accessed 10 December 2017)
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* Realto: Realto” is an online platform developed in Dual-T® project, the research program
in which this the thesis is framed. In a nutshell, the Dual-T project aims at bridging
the dual contexts of vocational education, school and workplace, through learning
technologies which allow apprentices to connect workplace experiences to classroom
instructions. Realto platform is implemented towards this goal to bridge between
different contexts and stakeholders in vocational education. This platform provides
a digital space for sharing experiences captured in different learning locations and
consequently, feeding them into reflective activities.

In this thesis we aim to provide analytic methods that are applicable in both MOOC and
Realto contexts. Considering the different pedagogical settings, objectives, and target users
in MOOCs and Realto, the findings in one context might not be directly transferable to the
other. On the other hand, it could be possible to apply similar analytic methods to investigate
interaction patterns of learners in both settings. Our approach in this thesis is to use MOOC
data to develop such analytic methods and demonstrate their application and value to MOOCs
context. We will then adapt these methods to the context of Realto in order to provide tools for
modeling and analyzing interaction patterns of participants in this platform. One important
advantage of this approach is that the large volume and variety of interaction data available in
MOOC:s, enables us to examine different methods and find the most suitable ones for capturing
learners’ behavioral patterns from interaction sequences. This is of particular importance
given that at the current stage, Realto is not populated with large number of participants who
actively use it in their learning practices, and therefore not enough data is available to develop
the analytics tools for this platform.

1.3 Objectives

The main objectives of this thesis could be summarized as follows. These objectives will be
translated into concrete research questions in the following chapters.

e Providing analytic methods to model learners’ interaction patterns and analyze tem-
poral dynamics of learning behaviours: Being able to collect larger volumes and va-
rieties of educational data is only one of the necessary steps for understanding the
learning behaviours. In order to transform the low-level interaction logs into inter-
pretable indicators and models, it is essential to adapt computational methods or
develop new techniques to process and analyze the collected data. In this thesis we aim
to provide analytic methods and processing pipelines, generalizable to different context
and platforms, to model and investigate learners’ interaction patterns over time. We
present methods and introduce novel metrics of learners’ behaviours, which integrate
the time, activity, and social dimensions. Towards this goal, we adapt, expand, and
combine established techniques such as clustering, optimal sequence matching, and

“https://www.realto.ch/ (last accessed 10 December 2017)
Shttps://dualt.epfl.ch/ (last accessed 10 December 2017)
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social network analysis, but also develop entirely new approaches, such as methods for
modeling temporal patterns and assessing online regularity.

* Providing analytic tools to monitor and analyze participation patterns in Realto: In
order to enable monitoring, modeling, and analyzing users’ activities and interactions
in Realto, this platform needs to be equipped with adequate analytic tools. Providing
such tools is the other objective of this thesis. We intend to integrate into an analytics
dashboard, methods and indicators that enable researchers to understand how Realto is
being used by different user groups. This in turn could support data-informed planning
and decision making towards improving the features of this platform. In addition, we
will implement awareness tools for teachers, in the form of an interactive dashboard
that integrates indicators of students’ activities in Realto.

The role of MOOC scenarios and Realto environments in this thesis are indeed different and
in a way complementary. The large number of learners with variety of learning styles in
MOOCs and continuous records of their interaction traces, provides us with the data required
to develop analytic methods for modeling the interaction patterns. We use MOOC data to
introduce and assess new methods and demonstrate their application and value in providing
novel insights on temporal dynamics of learners’ behaviour. On the other hand, transferring
these methods to Realto for developing analytics tools for this platform is more of a system
engineering and application challenge in this work.

1.4 Thesis roadmap

The remainder of this thesis is organized as follows. In the next chapter (Chapter 2) we provide
an overview of the previous research in the field of learning analytics, focusing on the main
objectives, methods, and applications.

In Chapter 3 we present the Swiss vocational eduction system and describe the dual approach
of school-workplace training. We then portray the vision of Dual-T research project for
bridging the gaps between different learning locations in this system, and introduce the online
platform, Realto, designed towards this goal. We describe different features of Realto and
present our contribution to the development of awareness tools for teachers in this platform.

Chapters 4, 5, and 6 present our methods for analyzing learners’ interaction patterns across
time, activity, and social dimensions. As mentioned before and depicted in Figure 1.1, what
all these studies have in common is the focus on the temporality and patterns of change
in learners’ activities over time. This consistent focus on temporal dimensions is a unique
contribution and a unifying thread throughout this work. In each chapter, we start by intro-
ducing our analytic methods and present findings from their application in MOOC context.
We will then describe how we transfer the proposed methods to Realto and integrate them
into an analytics dashboard for this platform. This will be followed by examples of patterns
and relations that could be extracted from the developed dashboard.

4
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Chapter 4

Chapter5 ---- === Chapter 6

Activity

Figure 1.1 - Thesis roadmap: Chapter 4 focuses on temporal patterns of learners’ participation,
Chapters 5 and 6 respectively focus on activity and social interaction patterns and their evolution
over time.

In Chapter 4 we introduce methods to model temporal patterns of learners’ online partic-
ipation and propose metrics to measure different weekly or daily regularity patterns. We
demonstrate the application of the introduced methods in a MOOC course and then show
how they could enable to investigate the temporal patterns of activities in Realto.

In Chapter 5 we present methods to analyze types and sequences of the activities performed
by learners. We present two different approaches for extracting study patterns of MOOCs
learners and present results on how learners’ study approaches change over time. We then
describe activity analysis tools for Realto and present examples of different platform usage
patterns among Realto participants.

In Chapter 6 we integrate social network and content analyses to study the interaction among
learners in MOOC discussion forums. In this context, we explore the evolution of forum
activity level, discussion topics, social network structure, and learners’ roles over time. We
then present how network analysis techniques could enable to model and investigate the
structure of communication among different groups of participants in Realto.

Finally, in Chapter 7 we summarize the main contributions and findings of this thesis, mention
its limitations, and highlight potential future research directions.






¥4 Related Work

Learning Analytics (LA) and Educational Data Mining (EDM) are closely related and growing
fields of research which focus on the analysis of learning-related data, in order to understand
and improve the learning and teaching processes. In this chapter, we present an overview of
the previous research in the field of learning analytics and describe the overall picture of this
research area. We do not aim to provide an exhaustive literature review. Instead we refer to
few studies to exemplify the applications of different analytics method in LA research. In each
of the following chapters, we will then review the most relevant works to the particular topic
of the chapter.

The remaining of this chapter is organized as follows. We start by the description of LA and
EDM research in Section 2.1. We then present an overview of the models describing the LA
process and the main research objectives in this domain, respectively in Sections 2.2 and 2.3.
In Section 2.4 we review the most common methods and techniques applied in LA research.
We finally conclude the chapter in Section 2.5.

2.1 Learning analytics and educational data mining

LA and EDM significantly overlap in objectives and methods, despite having slightly different
perspectives. Enhancing the educational practice by analyzing large-scale data, extracting
useful information, and providing data-driven insights for supporting the stakeholders, is the
common goal of both research areas. The Society for Learning Analytics Research (SOLAR)!
defined Learning Analytics as:

“The measurement, collection, analysis and reporting of data about learners and their
contexts, for purposes of understanding and optimizing learning and the environment in
which it occurs.”

In a similar definition, EDM is described by the Educational Data Mining Society ? as:

Ihttps://solaresearch.org/about/, (last accessed 10 December 2017)
Znttp://educationaldatamining.org/, (last accessed 10 December 2017)
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"Discipline, concerned with developing methods for exploring the unique types of data that
come from educational settings, and using those methods to better understand students, and
the settings which they learn in."

In the literature, few distinctions are made between LA and EDM fields. For instance, EDM
is sometimes seen as rather focusing on methods and techniques for extracting information
from learning-related data; On the other hand, LA is seen to have relatively higher focus on
the applications of the derived information on the learning process [17]. Moreover, it has been
argued that EDM has a greater focus on automated methods for the discovery of trends and
also for applications in automated adaptation and personalization; while LA is considered as
amore holistic approach, where leveraging human judgment is a key factor and automated
discovery is considered as a tool towards this goal [205]. However, as both fields evolve over
time, their differences get less and less noticeable [137, 205]. Several review papers conjointly
describe LA and EDM concepts and methods [168, 207, 210, 17] and even the two terms are
sometimes used interchangeably [210]. In this thesis we use the term LA to refer to the wider
research area and process of LA and EDM.

2.2 LA models

LA is usually defined as a cyclic process [54, 49]. For instance, Chatti et al. [49] describe
the LA process as an iterative cycle which is generally carried out in three major steps: (1)
data collection and pre-processing, (2) analytics and action, and (3) post-processing. Data
collection and pre-processing refers to the gathering of educational data from different learn-
ing environments and preparing it for the next step. The analytics and action phase refers
to the actual application of analytic methods to discover meaningful patterns and extract
useful information from the data. Post processing involves refining the data set, determining
new required data sources or attributes, identifying new indicators, or refining the analytic
methods. Post processing is considered as a fundamental step for continually improving the
analytics practice.

Chatti et al. [49] proposed a reference model for LA, depicted in Figure 2.1. This model
provides a classification schema of LA solutions based on four principal dimensions: (1) data
and environments (what kind of data does the system gather, manage, and use for the analysis),
(2) stakeholders (who is target user of the analysis?), (3) objectives (why does the system
analyze the collected data?), and (4) methods (how does the system perform the analysis of
the collected data?). This reference model also includes several challenges in relation to each
of the four dimensions, which need to be addressed in LA practices. Some examples include
handling big data volume from heterogeneous sources, finding meaningful indicators, ethics
and data privacy, performance, scalability, and integration of LA into everyday practice.

Later on, Khalil et al. [118] proposed another model for describing the learning analytics life
cycle and constraints. As shown in Figure 2.2, their proposed model consists of four main
parts: (1) learning environment, where stakeholders such as learners and instructors produce
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Figure 2.1 - Learning analytics reference model proposed by Chatti et al., taken from [49]

data, (2) big data, which consists of large-scale datasets, including interaction traces and other
informations about the learners, (3) analytics, which refers to the different techniques used for
analyzing the collected data, and (4) act, where the outcome of the analysis is interpreted to
achieve the objectives of learning analytics and optimize the learning environment. The chal-
lenges that encompass the LA cycle (privacy, access, transparency, policy, security, accuracy,
and restrictions) were also integrated in this model.

Despite their differences, both of the described models consider similar dimensions (stake-
holders, dataset, objectives, and methods) to portray the LA cycle and mention similar con-
straints and challenges (such as security, privacy, policy, and ethics issues) which affect the LA
process and need to be considered in the research in this domain.

2.3 LA objectives

The overall objective of LA is to support different stakeholders in learning and education.
This includes not only learners and instructors, but also educational administrators, and
researchers. Each group of stakeholders, could have different objectives and perspectives
towards the analytics process and its outcome. Therefore Romero and Ventura [186] classified
LA objectives depending on the viewpoint of stakeholders:

* Learners: LA could be advantageous for learners by personalization of learning environ-

9
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taken from [118]

ments, supporting their reflection on the learning process and providing adaptive feedback
or recommendation to improve their learning performance

¢ Instructors: LA could inform instructors about their students’ learning processes (e.g.
performance, social, cognitive and behavioral aspects) to enable them to reflect on their
teaching methods and improve the teaching process.

e Administrators: Data-driven insights from LA could assist educational administrators to
identify the best way to organize institutional resources (human and material) and support
their decision process for achieving higher educational goals.

* Researchers: Educational researchers could benefit from LA methods to assess the effec-
tiveness of learning in different settings, recommend the most suitable method for each
specific educational tasks, and evaluate and improve the course models and information
delivery methods.

Although the described viewpoint clearly shows the benefits of LA research to the main actors
in education, some LA applications especially those addressing multiple user groups, could
not be easily classified according to this scheme. Chatti et al. [49], mentioned a different set
of objectives to reflect the research goal of LA applications. This includes monitoring and
analysis, prediction and intervention, assessment and feedback, adaptation, personalization
and recommendation, reflection, tutoring and mentoring. Learner modeling, and detecting
undesirable behaviours are the other goals which can be added to this list [185, 168]. The
listed objectives certainly have overlaps and a specific LA application often addresses several
of them. We briefly describe the mentioned goals in the following.

* Monitoring and analysis: Monitoring and analyzing learners’ activities, aim to provide the

10
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basis for supporting decision making by teachers and/or educational institutions. Through
the monitoring process, students with difficulties in following the course and the challenging
course units could be identified. This way, more objective feedbacks could be provided to
the instructors, enabling them to evaluate the learning processes and consequently improve
the course structure and design of learning activities.

e Prediction and intervention: The goal of prediction is to develop a model based on learners’
current activities and accomplishments to estimate their future performance or knowledge.
Predictions of students performance and identifying early indicators of their success or
failure, could enable the instructors to offer proactive interventions and support the learners
who need further assistance.

» Assessment and feedback: This objective is concerned with supporting the (self-)assessment
of improved efficiency and effectiveness of the learning processes. This in turn could enable
to provide more meaningful feedback to the learners and instructors.

» Adaptation: The goal of adaptation is to tailor the learning resources, instructions, and
sequence of activities to learners’ requirements. Adjustments of the learning processes
according to the needs of individual learners is of particular importance in intelligent
tutoring systems and adaptive learning environments.

e Personalization and recommendation: The aim of LA in personalization is to help learners
shape their own learning and learning environment towards achieving their objectives. To
foster self-directed learning, LA could provide learners with recommendations based on
their preferences and the activity profiles of other learners with similar preferences. Unlike
adaptation which is triggered by the teacher or the learning environment, personalization is
highly learner-centric and the control of the learning process is left to the learner [49].

e Reflection: Promoting (self-)reflection on the teaching and learning practices is another
aspect in which LA could be a valuable tool. LA could support students and teachers to
reflect on the effectiveness of their approach and progress, by providing comparisons with
past performance or comparison between learners, across courses or institutes.

e Tutoring and mentoring: Tutoring and mentoring aim at supporting students in the learn-
ing process. Tutoring is mainly focused on helping students in domain-specific learning
tasks limited to the context of a particular course. In contrast, mentoring has a broader
focus and is concerned with providing advices and guidances to learners, through the whole
learning process.

e Learner modeling: The aim of learner modeling is to develop cognitive models of stu-
dents to represent their skills, knowledge, learning styles, and behaviour. Such models
are constructed based on learners’ previous activities and preferences and could describe
other characteristics such as motivation, satisfaction, affective or meta-cognitive states.
Learner profiling is a crucial step to achieve several of the described learner-centered LA
objective, for instance to provide effective intervention and recommendations, and support
adaptation and personalization in the learning environments. This is a highly challenging

11
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task considering the complexity of learners’ behaviours, in addition to the diversity and
increasing complexity of the learning environments.

¢ Detecting undesirable student behaviours: This objective is concerned with detecting
students who are facing some type of problem in their learning process (e.g those with
learning difficulties, low motivation level, in risk of dropout or academic failure) or learners
who show undesirable behaviour (e.g. erroneous actions, cheating, misusing or gaming
the system). Early detection of undesirable behaviours could enable educators or learning
systems to provide appropriate and timely support.

Apart from the described categories, several other objectives such as constructing courseware,
providing reports, developing concept maps, planning and scheduling have also been men-
tioned in the LA literature [185, 207]. As mentioned, the listed objectives have overlaps and
measuring them usually requires to define tailored metrics and performance indicators. As
shown by literature reviews in [168] and [134], the most common goals in LA literature include
performance prediction, behaviour modeling, reflection, and monitoring.

2.4 LA methods and applications

The methods used in LA research to extract patterns from educational data, originate from
different fields including data mining, psychometrics and educational measurement, statistics,
and information visualization [210, 17]. The choice of LA techniques is affected by the analytics
task and objectives, and also the nature of the collected data [210]. Baker et al. [17] classify
LA methods into five main categories: prediction, structure discovery, relationship mining,
visualization, and discovery with models. In the following we describe these categories and
provide examples of their application in LA research.

2.4.1 Prediction

Prediction is one of the most common categories of methods used in LA research. Predictive
models are developed to estimate a certain variable (e.g. grade or knowledge level) based on a
combination of the other indicators from the educational data set. To train and validate the
predictive models, a set of labeled data for the output variable is required. The two general
types of prediction methods used in LA research include classification and regression.

Classification

Classification models are used to predict binary or categorical variables (e.g. pass/fail, or
achievement level). Popular classification methods in this field include decision trees, random
forest, support vector machines (SVM), logistic regression, and K-nearest neighbor (KNN). As
an example, Pardos et al. [172] applied different classification methods to detect students’
affective state or behaviours in a tutoring system, including boredom, concentration, confu-

12
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sion, frustration, off-task or gaming behavior. For this purpose they used learners’ interaction
features such as number of attempts, hint request, or incorrect actions. Classification methods
have also been widely used to predict dropouts in traditional education systems [150, 87] or
online learning environments [144, 243]. In few recent studies deep neural networks were
used for dropout prediction [228, 76]. Other examples include predicting correct or incorrect
answers to a question in intelligent tutoring systems [171] and in MOOC assessment tasks
[36], predicting students’ performance level [107, 167, 162, 239], or their satisfaction and the
main factors influencing it[63].

Regression

Regression models, are used for predicting continuous variables. Predicting final grade, as-
signment grades or test scores is the most common application of regression methods in LA
research [148, 188, 72, 182, 117]. Linear regression, neural networks, and SVM are among the
common methods used for this purpose.

2.4.2 Structure discovery

In this category of methods, the aim is to detect structure in educational data. Structure
discovery methods attempt to extract the naturally emerging structures from the data, without
strong a priori assumptions of what should be found [210]. This is in contrast to the prediction
methods which require a set of labeled data to model a specific variable. Common structure
discovery methods include clustering, factor analysis, domain structure discovery, and social
network analysis [17].

Clustering

Clustering methods aim to split the data into a set of categories based on the similarity of the
data points with respect to certain features. In LA research, clustering methods have frequently
been used to identify groups of similar learners [120, 220, 26, 126]. For instance Khribi et al
[120] clustered learners based on the similarity of their access patterns to the learning objects
in e-learning environments, in order to provide personalized resource recommendations. To
improve test score prediction in a tutoring system, Trivedi et al. [220] clustered students into
subgroup based on their activity features (e.g. number of problems solved, percent of correct
answers, average time spent per question). Next, they trained a grade predictor separately
for each of the resulting learner groups. Learner modeling and discovering different learning
behaviours from interaction logs is another application of clustering methods in LA research
[199,9, 129, 128, 97].

13
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Factor analysis

Factor analysis is a technique for studying the interrelationships among variables and finding
dimensions of variables which group together[157]. This technique could be used for both
confirmatory and exploratory analysis. Confirmatory factor analysis could be applied to test a
theoretically proposed factor model and is commonly used to validate scales in psychometrics
personality theories. This method has been extensively used in educational psychology before
the educational data was considered to be "big". Some studies in educational research,
have employed factor analysis to study the association between existing scales and outcome
measures. For instance to study the relation between motivational measures and course
completion in MOOC:s [229], or the impact of students’ achievement emotions (enjoyment,
anxiety, boredom, hopelessness [175]) on their learning choices between face-to-face and
online instruction modes [213].

On the other hand, exploratory factor analysis could be applied to determine the latent factors
from data, without strong theoretical assumptions about the factor model [157]. This method
could also be used for dimensionality reduction by collapsing a large number of observed
variables into a few interpretable underlying factors (unobserved variables). Each factor in this
case, consists of interrelated variables and explains a portion of variability within the dataset
[216, 223]. As an example, Deane et al. [61] performed exploratory factor analysis on features
extracted from learners’ writing process in an automatic essay grading system, to infer latent
factors which reflect students writing strategies and literacy skills.

Domain structure discovery

This category of methods aims to find the structure of knowledge in educational domain [210].
This could consist of identifying the relation between different knowledge components, or the
mapping between course content and the knowledge components[17]. A well-know example
is mapping question items to skills in intelligent tutoring systems, and Q-matrix [212] is a
standard means to model this mapping. Items to skills mapping plays a pivotal role in tutoring
systems towards effective grouping of the problems, monitoring learner’s progress, providing
personalized hints, and adopting the problems difficulty level and learning pace to individual
students [45]. The algorithms used for domain structure discovery in educational research,
range from fully automatic methods [67, 65, 23, 215] to methods which incorporate human
judgment within the process of model discovery [45].

Social network analysis

Social network analysis (SNA) focuses on the analysis of relationships among learners. SNA
techniques could be used to investigate the attributes and structure of networks composed
of individual learners and relations among them. In LA research, SNA has been applied to
analyze patterns of interactions among learners in knowledge exchange communities [59],
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collaborative learning activities [151, 52], and discussion forum communications [163, 101,
246, 237]. SNA methods were also used to study students’ access patterns to learning resources
[100].

Some studies have used SNA tools to measure the degree of interactions and quantify learners’
attributes in the learning networks (e.g. using centrality or density measures). Other studies
have used such quantitative analyses to identify important or isolated learners [60, 94], to
study the link between learning performance and network attributes [173, 111], and to identify
learners at risk of dropping out [25, 241]. In several studies, SNA techniques are complemented
with content analysis methods [102, 99, 248, 106]. Combining content and network analysis
tools could provide a deeper understanding of the nature and type of interactions among
learners [44]. As an example, Hecking et al. [102] analyzed social and semantic structure of
learners community in MOOC discussion forums. They determined the thematic areas in
which learners seek or provide information and modeled the socio-semantic roles of learners
in the communication.

2.4.3 Relationship mining

Relationship mining methods aim to discover relations among variables. This entails mea-
suring the strength of relations between pairs of variables in the dataset, or determining the
most strongly associated variables to a particular variable of interest. Three most common
relationship mining approaches in LA research are association rule mining, correlation mining,
and sequential pattern mining [17].

Association rule mining

This group of methods describe the relations between variables in the form of a if-then rules [5].
Association rule mining is among the most popular methods for discovering and representing
strong interesting relations among frequent items in a database [119]. The interestingness
of an association rules is evaluated based on two factors: support and confidence, which
respectively reflect the usefulness and certainty of the discovered rule. Support measures the
frequency of a rule in the entire dataset, and confidence measures its strength according to
the number of times the if-then statement has been found to be true. Most algorithms for
extracting association rules, such as Apriori algorithm [4], require the user to define threshold
values for support and confidence. The algorithm then identifies the set of rules which satisfy
the minimum support and confidence restrictions [81]. In LA research, association rule mining
is frequently used to evaluate students’ performance and identify the factors that affect their
academic achievements [130, 32, 119, 7], and also to provide recommendations to students
or teachers [6, 81]. For instance Garcia et al. [81], used the association rules extracted from
students’ usage data as the basis of a collaborative recommender system to support teachers
in maintaining and continuously improving e-learning courses.
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Correlation mining

Correlation mining methods are mainly focused on identifying positive or negative linear cor-
relations between different variables in a dataset. In educational research, correlation analysis
has been widely used to study the relation between performance and different factors such as
students demographic information [92, 8, 114], personality factors and learning approaches
[47, 2], affective states [169], and forum participation [173]. Other examples include analysis
of the relation between students’ learning attitudes and help-seeking behaviors in a tutoring
system [15], and relation between students’ learning strategies and interaction with different
course materials [125].

Sequential pattern mining

This category of methods aims to detect temporal associations between variables. Sequential
pattern mining is concerned with discovering interesting subsequences in sequential data,
where interestingness of a subsequence could be measured in terms of its occurrence fre-
quency, length or other domain specific criteria [78]. In LA research, sequential pattern mining
has been used to analyze students’ navigation and access patterns to learning resources in
order to develop personalized learning scenarios and activities [16, 154, 227], to adapt learning
resource sequencing [115], and to provide recommendations on learning content based on
students’ preferred learning styles [250, 187, 165]. Another example is to indicate characteriz-
ing behaviors of successful and unsuccessful groups in online collaborative environments in
order to support learner groups by early recognition of problems [177]. Sequential pattern
mining has also been applied for constructing student models in intelligent tutoring systems
[13], identifying meaningful characteristics and updating the learner models to reflect newly
gained knowledge [12].

Causal data mining

In causal data mining, the goal is to discover causal relationship between variables, which
in turn could provide a basis for action. Research in LA domain frequently relies on post-
hoc analysis and provides descriptive, correlational, and predictive findings which do not
necessarily imply causality [235]. However several studies in this field have investigated
the causal relation among variables through controlled experimental studies. For instance,
Sonnenberg et al [209], conducted an experiment to investigate the effects of metacognitive
prompts in a computer-based learning task on learning performance and regulation activities
by learners (e.g. planning, monitoring, and evaluation). Using HeuristicsMiner algorithm
[231] which searches for causal dependencies between activities and indicates the certainty of
arelation between two activities, they found that receiving meta-cognitive prompts increased
the occurrence of regulation activities (especially monitoring), which in turn enhanced the
performance. Similarly, Rau et al. [181] conducted experiments in a cognitive tutor for
fractions, to compare the effect of single and multiple graphical representations on learning.
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Using TETRAD package [192] for causal data mining, they found that multiple representations
increase error rate, which in turn inhibits learning.

2.4.4 Visualization

The results of LA analysis are usually either fed into recommendation and adaptation mecha-
nism, or reported back to the learners, teachers, or other stakeholders to increase awareness
and support the teaching and learning processes [210]. Inspecting and interpreting the analy-
sis outcome and fine-grained statistics available in LA, is sometimes cumbersome and time
consuming to perform. Visualization techniques could facilitate this process by making big
sets of learning-related data and results more easily accessible and understandable for the
end users [185]. Baker et al. [17] refer to this category as “distillation of data for human
judgment”. The aim of this process is to depict the data in intelligible ways, using summariza-
tion, visualization and interactive interfaces, which allow educational stakeholders to easily
recognize patterns that may otherwise be difficult to interpret [186]. Suitable visualization
play an essential role in gaining insights into the teaching and learning processes and their
interrelations [210]. This is in turn a prerequisite for empowering data-driven decision making
and pedagogical actions to improve the teaching and learning processes [42].

Visualization of learning traces are commonly integrated in learning dashboards [222, 70, 155].
Alearning dashboard aggregates different indicators about learners, learning processes, or
learning contexts into one or multiple visualizations in a single display [194]. Research on
learning dashboards aims to identify what data is meaningful to different stakeholders and
how data can be presented to support sense-making processes. Dashboards can provide
teachers and learners with an overview of their activities and how they perform in comparison
to others [217, 222]. Some dashboards, represent visualizations of different aspects of the
information side-by-side in one single view. Steiner et al. [210] refer to this approach as
“all-at-one-time” dashboards. Other dashboards, start with a single overview visualization and
allow the user to access further information and details from there [210, 42].

In our previous work we performed a systematic literature review of the research on learning
dashboards [195], and tools for monitoring, awareness, and reflection [184]. We analyzed the
state-of-the-art research with respect to the contexts in which dashboards were being applied
(including educational settings, target users, and learning activities), characteristics of dash-
board solutions (including purpose, data sources, indicators, visualization types, underlying
technologies), and their maturity regarding evaluation. In general, potentials of learning dash-
boards for fostering awareness, reflection, sense making, and in the end, improving learning
are well-known [222]. However, evaluation of the dashboards regarding their adoption and
learning impact is a challenging task, and probably the main yet under-explored aspect of
research in this domain.
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2.4.5 Discovery with models

Discovery with models, refers to the general approach of using the outcome of one analytics
method within another analysis, and so it does not denote a particular category of analytic
methods [210]. Most commonly, the model of a phenomenon obtained using prediction or
clustering is used as a component in further prediction or relationship mining analyses [34].
As an example Bouchet et al. [33] used clustering to categorize learners into different groups
based on their prior knowledge, learning performance, and strategies. In the next step, they
employed differential sequence mining to identify differentiating activity patterns among the
identified student groups, and interpret these patterns in terms of relevant learning behaviors.

2.4.6 Knowledge tracing

Knowledge tracing is the task of modeling students’ knowledge over time and estimating their
mastery of skills. It has been widely used in intelligent tutoring systems for predicting how
students will perform on future interactions and adopting the learning content accordingly.
Knowledge tracing could enable more effective resource suggestion and tailoring learning
activities sequence, for instance by skipping or delaying activities which are predicted to be
too easy or difficult for the learner. Bayesian Knowledge Tracing (BKT) [55] is the most popular
approach for building temporal models of students’ knowledge. This method models learners’
latent knowledge as a set of binary variable, where each variable denotes whether the student
has mastered a particular concept. As the learner proceeds through the learning tasks, a
Hidden Markov Model (HMM) is used to update the latent knowledge states based on correct
or incorrect answers to exercises of a given concept.

One assumption in BKT in its original formulation is that a skill is never forgotten once it
is learned. Several extensions to the original BKT could be found in the literature which
include contextual estimation of guessing and slipping probability [57], introducing students’
prior knowledge and learning speed parameters [245], and including problem difficulty in
the knowledge model [170]. Deep knowledge tracing (DKT) [178] is another recent method in
this category which applies recurrent neural networks (RNNs) to the problem of knowledge
tracing and has shown improved performance over BKT.

2.5 Discussion

In this chapter we presented an overview of the broad field of learning analytics. Research in
this domain is rapidly growing and has great potential to empower the educational processes.
As described, a wide range of computational methods are employed in LA research to analyze
the educational data. In this thesis, we introduce novel methods, which in combination with
the other well-established analytic methods, could provide valuable insights on learners’
interactions and behaviours. To fully exploit the potential of LA research for addressing
the outlined objectives, the high-level indicators and findings from the analyses need to be
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2.5. Discussion

incorporated into the workflow of educational practice. This could enable the LA research
to have impact on optimization of teaching and learning experiences, providing support for
educational stakeholders, and refinement of the educational structures. Moreover, the critical
issues of ethics, privacy, and transparency, in relation to the data collection and use, need to
be taken into account to establish proper implementations of learning analytics methods.
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8] Realto: Online Platform for
Integrated Vocational Education

3.1 The Swiss vocational education and training system

Vocational Education and Training (VET) is the most popular form of upper-secondary level
education and training in Switzerland. About two-thirds of Swiss youngsters, after finishing
their ninth year of compulsory education, enroll in a VET program which provides them with
their first exposure to working life and opens a wide range of career prospects [197]. The
Swiss VET system offers training in about 230 occupations, including electrician, IT technician,
logistician, florist, clothing designer, hairdresser, cook, carpenter, and car mechanic. Upon
successful completion of their vocational training, apprentices receive a federal certificate and
are considered as qualified workers in their field. After the upper-secondary VET program,
which is three to four years long, apprentices have the possibility to continue further with
professional training or get into higher education schools (Figure 3.1).

Two different types of programs are offered in Swiss VET system: single-track (or school-based)
and dual-track. The single-track training approach, involves full-time classroom instruction
and is more common in trade or commercial schools [197]. On the other hand, the dual-track
approach, which is the most common one, consists of part-time classroom instruction at a
vocational school (one or two days per week) combined with part-time apprenticeship at a
host company (three to four days per week). Vocational classrooms provide instruction in
general subject matters (e.g. language, mathematics, communication, and history), as well as
the profession specific theoretical aspects. The practical skills and know-how knowledge are
acquired during the remaining days spent in the host company. In the company, apprentices
are assigned to a supervisor who is usually a senior worker in the same field with several years
of experience and a license for training young employees. With the support of their supervisor,
apprentices acquire the practical competencies in authentic settings and actively take part in
the host company production processes.

Workplace experiences might differ among apprentices. Apprentices may get limited exposure
to some important aspects of their profession, depending on the size or geographical location
of the company they work for, and the roles they are assigned to. For instance, a carpenter
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Figure 3.1 - The Swiss educational system and possible pathways [197].

apprentice working in a small company might only get to work on a certain types of roof
structures, or an apprentices working in a company which uses computerized numerical
control (CNC), might not get exposure to other wood cutting machines. The role of school
in dual-track settings is to ensure that all apprentices obtain a certain level of theoretical
knowledge in all aspects of their profession.

3.2 School and company gap

In dual-track VET system, apprentice acquire different forms of knowledge by alternating be-
tween the company and school contexts. In this setting, school and companies are supposed
to work together to support aggregation of the information obtained in different locations
into a coherent body of knowledge. However, as Gurtner et al. [93] have mentioned, these
two contexts often have separate aims, content and sociological organization. Consequently,
putting together the skills, knowledge, and attitudes acquired from the two contexts is incum-
bent on the apprentice her/himself [93]. In workplace, apprentices often obtain knowledge in
implicit and concrete form, contextualized in the specific practice. In contrast, the knowledge
from school is mainly abstract, explicit and theoretical, situated outside of the target context
[73]. Transferring the knowledge and skills from one context to the other is not obvious and
does not take place spontaneously. Without adequate support, the obtained knowledge often
remains encapsulated in its original context. Consequently, apprentices often perceive gaps
between their learning locations and do not see adequate links between what they learn at
school, and what they face and do in practice [193].
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Figure 3.2 - The Erfahrraum model: a pedagogical model to inform the design of technology-
enhanced VET learning activities [193]

The Dual-T research project aims to bridge the gaps between different learning locations and
connect the actors of these locations in dual-track VET programs. Taking into account the
importance of differences between workplace and school for the success of dual model, the
project considers the necessity of connecting these two context without suppressing their
specificities. A primary hypothesis of Dual-T project is that learning technologies have the
potential to connect classroom activities and workplace experience by providing a space
within which knowledge can be reflected upon, communicated back and forth from one
context to another, and shared with all actors. This hypothesis is translated into the concept
of Erfahrraum, a pedagogical model that informs the design and implementation of learning
technologies, activities, and scenarios to connect school and work contexts in VET programs
[193]. The term Erfahrraum is a portmanteau consisting of the German words Erfahrung
(reflected experience) and Raum (space). Erfahrraum consists of technology-enhanced spaces
that facilitate integrating practical and theoretical knowledge through scaffolded reflection
activities. Erfahrraum describes boundary-crossing spaces to capture, share and process
experiences from different learning locations and facilitates conversations between work and
school contexts. As shown in Figure 3.2, the Erfahrraum model includes physical and digital
learning spaces (vertical axis) which can be found in school or workplace contexts (horizontal
axis). This model distinguishes between the role of supervisors (red ring) and teachers (blue
ring) in supporting apprentices’ actions (yellow ring) for the contextualisation of vocational
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knowledge (green ring).

3.3 Realto: the online platform for integrated VET

Realto (Figure 3.3), is an online learning platform for VET, which implements the Erfahrraum
principles!. This platform provides a digital space where apprentices, teachers, and supervi-
sors can upload and share digital artefacts, including photo, text, audio, video, or other digital
files. Realto is accessible through multiple devices and platforms, including smart-phones,
which enables apprentices to quickly capture experiences and use them for later reflection
activities at school or at workplace. For instance apprentices can take a photo of an interesting
experiences at their workplace, upload it into Realto, add additional information such as de-
scription or annotations to it, and share it with their teacher, supervisor, and peers. Teachers
can use the uploaded materials for classroom lessons to illustrate abstract and theoretical
concepts with concrete examples from the apprentices workplace experiences.
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Figure 3.3 — Realto: The online learning platform for integrated vocational education.

In Realto, teachers can create a flow (group) for a class (or a certain topic), which provides
a space for the members to share pictures or other digital resources. As in a social platform,
flow members can comment on and rate each others contributions. Moreover, the teachers
may define activities and assign tasks to the apprentices, for instance ask them to upload

Ihttp://dualt.epfl.ch/page-121584-en.html, (last accessed 10 December 2017)
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photos of specific tools, or workplace experiences relevant to current school topics. Using
features such as picture comparison and annotation in Realto, teachers can then exploit
apprentices’ submissions during the next session. It is also possible to perform classroom
activities using Realto. For instance, teachers can create a collaborative image annotation
activity, where apprentices can annotate a particular picture and the system then superposes
the created annotations on the original image. Alternatively, the teacher can select one or
multiple apprentices to overlay only the annotations made by them and project the resulting
image on the classroom screen to initiate discussion about certain mistakes or different
solutions made by the learners.

Besides creating posts and sharing experiences in Realto, apprentices can also prepare learning
documents (LD) to document their workplace activities. Throughout their training, appren-
tices are required to regularly create LDs to document and reflect on their workplace training
procedures and their professional development. LDs can also serve as personal records of ex-
periences made during the vocational training. Apprentices’ LDs in Realto are made available
to their workplace supervisors. Supervisors have their Realto profiles linked to the ones of
their apprentices to facilitate their communication. Supervisors are responsible for controlling
and validating their apprentices’ LDs. They can provide feedback to apprentices and suggest
modifications for improvement. They can also ensure that the materials which are protected
by company restrictions are not included in the LDs.

3.3.1 Awareness tools in Realto

In online learning platforms, it is often challenging for the teachers to be aware of what
their students are doing and how they are performing, to provide adequate guidance and
intervene when necessary. This task is not trivial for both small and large classes. Adequate
tools should be provided to the teacher to enable understanding of learners’ activities and
improve awareness [226]. In this section, we describe our contribution to the development of
learning analytics tools to support awareness of teachers in Realto platform.

The literature in learning analytics research provides several examples of tools developed
for facilitating awareness of teachers in a classroom [222]. Learning dashboards, with real-
time analysis and visualization of important information about learners’ online interactions
are considered to be an adequate mean for this purpose [217, 222]. The existing learning
dashboard solutions, could be divided into two broad categories with respect to the way they
are delivered to the user [225]. The first group includes external or standalone solutions, which
are not integrated into the learning platform, but use the data recorded by it. Examples in
this category include general web analytics services such as Google Analytics?> and Woopra3.
The second group consists of dashboards integrated into the learning platform, such as the
analytics dashboard in Graasp, a social media platform for learning and knowledge sharing

2http://www.google.com/analytics/ (last accessed 10 December 2017)
Shttp://www.woopra.com/ (last accessed 10 December 2017)
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[226]. Integrating analytics tool in the target platform facilitates users’ access to the analytics
without requiring them to switch between the platform and the analytics tools.

To provide awareness tools for teachers in Realto, we chose the integrated approach and devel-
oped an interactive learning dashboard which aggregates various indicators of apprentices’
activities in Realto. Our proposed dashboard solution is similar to Graasp analytics tools [226]
in the sense that it is integrated in the target platform (Realto), is embedded in the interaction
context within the platform, and presents contextual information. In Realto, the teacher can
access the dashboard directly from each flow, and the content of the dashboard is adopted
to include only the information about the activities made by learners in that particular flow.
Consequently the teacher does not need to leave the flow to observe and understand the
interactions happening there. The dashboard is accessible directly in the interaction context
and includes relevant information scoped by this context.

We could not directly involve the vocational teachers in the design process of Realto awareness
dashboard. The main limitation was that at the time when we started development of the
dashboard, the platform was not yet in a stable state and the teachers were not familiar
with its functionalities. Hence we decided to prototype an initial functioning version based
the guidelines from the literature on learning dashboards [48, 226, 152], and the internal
brainstorming sessions with the researchers involved in the Dual-T project. We implemented
an interactive awareness dashboard which is integrated into Realto and is accessible by the
teachers registered on the platform. This dashboard represents timeline of students’ activities
and their overall activity indicators such as sum of posts, comments, and responses to teacher-
defined activities. It represents indicators both at the class level and individual level, and
provides the possibility to compare students’ activities and identify at-risk learners. Our
proposed dashboard comprises four components which we describe in the following. This
includes: flow overview, individual view, comparison view, and post view.

* Flow overview: (Figure 3.4) provides an aggregated view of activities made by all flow mem-
bers. As shown in Figure 3.4, the top chart in this view presents the overall activity by all
flow members over time, and the bottom chart shows the total activity by each individual.
Learners’ activity level is measured by the number of produced artefacts including posts,
submissions to teacher-defined activities, LDs, and comments. The teacher can exclude/in-
clude any of these metrics either by clicking on the chart area or using the control buttons
on top. It is also possible to change the visualization type and customize the time period of
the data included in the visualizations. The information provided in this view, could enable
the teacher to track changes in learners’ engagement over time, identify most or least active
time periods and learners, and investigate the influence of interventions or certain events
on learners’ overall activity level.

* Individual view: (Figure 3.5) provides detailed information about activities of individual
learners and how they compare to the other flow members. In addition to the number and
type of produced entries, this view includes other indicators such as the level of details
in learners’ posts, their activity profile over time, and their last access time. The level of
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posts details is determined based on the resources and descriptions included in the posts.
Well-elaborated posts which include pictures and descriptions, are considered to have high
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level of details; Posts with only pictures or textual descriptions are considered as medium
detail level, and posts with no resource and no description are considered as low detail
level. Similar to the previous case, the control buttons on the top enable the teacher to
select the metrics to be included in the visualizations, the visualization type, and the time
period for the data being used. When hovering the mouse over the area for a particular
learner, the bottom chart in Figure 3.5 gets updated to show activities of the selected learner
over time. The time granularity (weekly/monthly) for this chart can be selected from the
interface. By clicking on the area for each learner, the teacher can show/hide the detailed
view of the learner’s activity indicators. The color of the region representing each learner
encodes learner’s status in comparison with the other flow members (green, yellow, or red
to respectively show high, medium, or low activity status). By default, learners’ activities
are compared to the most active learner in the flow. However this comparison criteria (flow
average or maximum) can be changed through the dashboard controls. In this view, the
teacher may also filter learners based on their activity status.

The individual view in the dashboard provides the possibility for the teacher to send direct
feedback to the learners who might need further attention. In order to do that, the teacher
needs to select the learners using the checkbox next to their names and then click on the
send email button on the dashboard control bar. This opens up a modal page for the teacher
to write down a message, which will then be sent to the selected learners. Therefore, without
requiring to leave the dashboard context, the teacher can provide personalized feedback to
the learners based on their activity status. This feature could therefore facilitates the process
of taking actions based on the insights from the provided analytics and visualizations.

e Comparison view: (Figure 3.6) includes similar information about individual learners as
in the previous view. The main difference between the two components is that in the
comparison view, the teacher can select any two learners to view their activity indicators
side-by-side. The information provided in the individual view could be overwhelming for
the teacher specially when dealing with large classes. The comparison view provides a less
cluttered view of the selected learners and facilitates their comparison.

* Post view: (Figure 3.7) represent the information about the most popular posts in the
flow during the time period indicated by the dashboard user (by default during last three
months/weeks). The popularity of a posts is measured by the number of comments, votes,
and views it has received from the flow members. This module could bring to the attention
of the teacher, the posts and resources which might be interesting for future classroom
activities or discussions.

The design of dashboard is a very subtle trade-off: too much information could overload the
teachers, too poor information would make the dashboard useless. The optimal solution
can only be approximated through an iterative participatory design process. Within the time
constraints of this thesis, we could not perform further design iterations. The usability of our
dashboard solution and its impact on the practice need to be evaluated and teachers’ feedback
should be taken into account for the future iterations.
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3.4 Discussion

In this chapter we outlined the structure of Swiss VET system and mentioned the characteris-
tics and limitations of dual-track vocational training programs. We described the Erfahrraum
model, which illustrates the vision of Dual-T research project to bridge the gaps between
school and workplace practices through technology-enhanced spaces that facilitate conversa-
tions between the two contexts. We then described Realto, the online platform developed in
Dual-T project to implement the principles of the Erfahrraum model by providing a digital
space for reflection on experiences and facilitating communication among different actors
in the vocational system. We presented our contribution to the development of awareness
tools for teachers in this platform. We implemented a contextual learning dashboard which
aggregates different indicators of students’ activities in Realto. Our proposed dashboard allows
for customizing the dashboard content, and enables the teachers to send direct feedback to
the learners who need attention.

It should be mentioned that this thesis is not dedicated to educational dashboards. The
focus of this thesis is upstream. We are looking for new metrics of learners’ behaviors, namely
metrics that integrate the time, activity, and social dimensions. Elaborating these metrics is our
scientific endeavor (which will be presented in details in the following chapters). We produced
some basic visualizations of these metrics in a teacher dashboard but did not consider the
design of these visualizations as our research question.
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Temporal Patterns of Online
Participation

The primary focus of this chapter is on the analysis of temporal patterns of learners’ partici-
pation in online learning environments. Effective use of time has been recognized as a crucial
factor for success in many different fields, including education and learning. In educational
research, the concept of time has not always been considered in the same way, however it
has been constantly regarded as a crucial explicative factor due to its important role in key
aspects of teaching and learning process [19, 21, 89]. Consideration of temporal aspects is
therefore essential for understanding these processes. However in educational research which
use aggregated features or fixed snapshots for describing learners’ activities, the temporal
dynamics are often overlooked [50].

In this chapter, we start by an overview of the role of time factor in traditional and online
educational research in Section 4.1 and formulate the research questions in Section 4.2. In
Section 4.3 we introduce quantitative methods facilitating the analysis of temporal activity
patterns. In particular we focus on methods for determining repeating patterns in timing
of learners’ online participation. After detailed description of our proposed methods and
metrics, in Sections 4.4 and 4.5 we demonstrate their application on two different educational
contexts, MOOCs and Realto. We conclude the chapter in Section 4.6.

4.1 Context

4.1.1 Time factor in educational research

Empirical educational research incorporating time aspect mainly focus on measuring learners’
time management behaviours and its relation with learning outcomes. Time management
competencies are most commonly considered as: time analysis, planning, goal setting, pri-
oritizing, scheduling, organizing, and establishing new and improved time habits [105]. The
common methods used for obtaining individuals’ time regulation attitudes and behaviours are
self-report measures captured through questionnaires or interviews [53, 71, 79, 147]. The most

Parts of this chapter have been previously published in [203].
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commonly used questionnaires for this purpose include time management behaviour scale
(TMBS) [145], time structure questionnaire (TSQ) [30] and time management questionnaire
(TMQ) [38]. TMBS is based on a list of popularized concepts of time management behaviours
such as setting goals and priorities, mechanics of time management (e.g. making to-do lists),
preference for organization, and perceived control of time. 7SQ on the other hand consists of
items referring to the extent to which time is used in a structured and purposeful way. Finally
TMQ includes items on attitudes towards time management (e.g. “Do you feel you are in
charge of your own time?”) and planning the allocation of time. Items related to planning
behaviours are a common feature among the available time management questionnaires
[53]. Alternatives to these questionnaires include personal diaries [71, 79] and self-report time
usage questions that measure how individuals manages their time in a typical weekday [10].

Management of time and its associated advantages in academic performance have been
highlighted in numerous empirical studies. Effective time management has shown to be
associated with greater academic achievement [24, 145, 147, 153] whereas, poor time manage-
ment practices, such as failure in proper time allocation or meeting deadlines are frequently
cited as major engagement obstacles and to be associated with poor academic performance
[141, 145]. Similarly, procrastination, defined as the tendency to delay of the task completion
[132] has been found to be negatively correlated with the learning outcomes [86, 109, 127].
Time management shares a strong empirical relationship with conscientiousness [139, 146].
Conscientiousness as a personality trait has also been found to be associated with attainment
in higher education [166, 218, 179]. Recent studies suggest that the relationship between
conscientiousness and academic performance is mediated by time management [56, 147]. In
particular, highly conscientious students tend to regulate their own learning through time
management strategies, particularly those related to organization, planning and self-discipline,
which in turn lead to academic success. Time management therefore appears as a behavioral
expression of high conscientiousness [147].

In summary, in empirical educational research, time-management behaviours were commonly
measured using self-report questionnaires. In this context, time-management has been found
to be associated with academic performance and learners’ conscientiousness.

4.1.2 Time flexibility in online education

With the emergence of open online education and MOOCs, the nature of educational processes
and in particular the temporal dimension has been highly transformed [98]. Flexibility in
relation to time, place, and pace of study is one of the main proposed benefits of online
education [143, 159, 19]. Online learners are required to self-regulate their learning and
determine when, how, and with what content they engage [22]. For instance, in MOOCs, course
materials including videos and assignments are usually made accessible on a weekly basis,
or at the beginning of the course and remain accessible during the course period. Although
some MOOCs have specific due dates for assessment tasks and learners are encouraged to
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follow the course regularly, they still have the possibility to adopt a study plan which suits
their lifestyle and may follow the course out of step with other participants [143].

The flexibility offered by online learning environment, may be a challenge for learners, as
much as a benefit. In this context, self-regulation is considered as a critical factor for success.
However, not all learners might be equipped with the self-regulation skills (including time
management [22]) to manage the flexibility and openness provided [82, 214, 143]. According to
recent studies in online educational settings, difficulties with time management are the main
obstacle for engaging in a MOOC. About 60% of the respondents to an online survey in [122],
indicated time-related reasons as influencing their decision to stop participating. Similarly
poor time organization and loosing the rhythm of the course were among the principal MOOC
dropout reasons for survey participants in [160].

4.1.3 Temporal analysis in educational research

In online education settings, availability of digital traces of online interactions enables detailed
analysis of the temporal aspect of learners’ activities. However, time factor in this context is
yet under-explored [89]. According to reviews of online educational research literature [20, 19],
time is explicitly taken into account only by few articles (23 in [20] and 40 in [19]). Analysis of
temporal patterns of learning activities could provide insights about learners’ study habits,
rhythms, and possible challenges. This aspect has been considered in few recent studies. As an
example, Brooks et al. [41] analyzed lecture view patterns in a lecture capture environment by
tracking in which weeks of the course learners had accessed the videos. This analysis revealed
five types of lecture viewing habits among learners: high activity (learners who habitually
watch lectures throughout the semester), just-in-time (learners who observed lectures the
week before the midterm exam), early (learners with consistent viewership in the first half of
the course), deferred (learners with consistent viewership in the second half of the course),
and minimal activity (learners who habitually did not watch lectures).

In a similar approach Goda et al. [86] tracked participants weekly completion rates of the
learning materials in a mandatory online course. They identified seven learning behavioral
types through manual categorization of weekly behaviours. These patterns include: procrasti-
nation (tendency to procrastinate), learning habit (appropriate learning pace throughout the
course), random (learning behavior without a definite tendency), diminished drive (starting
with a high learning pace, but gradually slowing down), early bird (completing the assigned
task far before the deadline), chevron (increment of learning activity towards the middle of
course and slowing down afterwards), and catch-up (slow learning pace at the beginning and
then catching up to the appropriate pace). Students exhibiting learning habits in this study
scored significantly higher compared to procrastinating students. In MOOCs context, Loya et
al. [143] considered participants who engaged with the course at roughly the same day every
week as being conscientious and self-disciplined, who in turn showed to have lower dropout
probability.
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Considering essential differences between traditional and online educational settings with
respect to the time factor, further empirical studies on time and its relation with learning in the
online education context are needed [19]. Furthermore, self-report measures in this context,
although effective for reflecting learners’ attitudes, intended time plans, and self-perception
of their performance, are insufficient for capturing actual learning behaviours. The literature
in this domain lacks adequate computational methods for investigating the temporal aspect
of learning and indicators to translate temporal analysis into actionable insights [50].

4.2 Problem formulation

The importance of time factor in education and learning, besides the absence of adequate
computational methods for studying temporal patterns of learning activities are the main
motivations for the presented work in this chapter. A temporal pattern refers to a structure
appearing periodically within a given temporal rhythm which enables the understanding of
past and anticipating future trends. In this chapter, we propose a quantitative approach for
analyzing the temporal patterns of learners’ online sessions.

Some learners following an online course, such as in MOOCs, might follow an adaptive
approach in which they regulate their learning time according to their daily work or other
personal activities and constraints. On the other hand, some learners plan their learning
activities and dedicate fixed time slots during the week to their online participation. The
timing of online sessions for such learners would represent a regular pattern, whereas this is
not necessarily the case for the learners affirming to the first strategy.

The primary focus of this chapter is to introduce methods to assess whether a learner follows
specific time schedule and in particular to measure his(her) regularity level in time domain.
Investigating the link between time regularity and performance in MOOCs context is our
other objective. The research questions we address in this chapter can be summarized as the
following:

Question 1. How can we quantify regularity in time domain?
Question 2. Is regularity related to performance?

Concerning the first question, we propose quantitative methods, inspired by time series
analysis techniques, to measure time regularity based on the digital traces of learners’ actions.
Regarding the second question, considering that planning and scheduling are important
constructs of time management, in addition to the evidence of positive links between time
management and learning outcomes in traditional education context, we hypothesize that
regular learners in MOOCs would have higher achievement level. However, considering the
time structure of MOOCs which permits participants to flexibly access learning resources at
any time during the course period, this hypothesis needs to be empirically validated.
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4.3 Method

Time regularity, observed as a repeating pattern in participation time, can be considered as a
seasonal component of a time series. In classic time series analysis, researchers often remove
this seasonal pattern and focus on modeling the remaining behaviour of the process. However,
in the case of students time regularity, the pattern varies for each individual and becomes a
characteristic of interest for discriminating students. Therefore, to quantify regularity we can
get inspiration from seasonality detection methods in time series analysis [39, 113].

We study regularity in two main domains: time and frequency. For the time domain methods
we slice the time series into segments of the length of interest and compare repeatability of
the slices. Frequency domain methods are based on the fact that inner product of a signal
with a periodic function is large if the signal has the same period as the function [176, 206].

4.3.1 Regularity patterns

Regularity can be assessed at different levels of time such as the day, the week, and longer
periods such as the duration of a learning activity. Without loss of generality, we consider
weekly and daily regularity, corresponding to periodic participation patterns in a weekly or
daily basis. Regularity may emerge as many different temporal patterns. Loya et al. [143]
considered only the first access of learners to videos of a week and defined a regular learner as
one who accessed videos on the same day every week. This definition, although intuitive, but
fails to cover many other forms of regularity, such as studying at multiple fixed week days (e.g
Mondays and Fridays) or studying at a certain time of the day (e.g at 8-10).

In this work, we consider six regularity patterns with varying levels of temporal granularity,
summarized in Table 4.1. This set of regularity patterns, is not inclusive but covers a wide
range of possible regular time patterns. In the next section, we introduce metrics for detecting
the described regularity patterns. The first five patterns in Table 4.1 (P1 to P5), correspond to
weekly and daily regularity. However, some learners could be considered as regular not due to
a timing routine, but because they follow the schedule of the course. An example could be a
learner who is responsive to the course related events and does not postpone watching videos
or submitting to the assignments. We refer to this type of regularity as course-based (P6) in
Table 4.1.

4.3.2 Design of measures

In the following, we propose nine measures in time and frequency domains to quantify
the regularity patterns listed in the previous section. Table 4.2 provides an overview of the
measures and patterns they reflect and in the remaining of this section we present the detailed
description of each measure.
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Table 4.1 — Regularity patterns in time domain and examples.

Pattern Type Description Example

Studying on Mondays, or Mondays

Activi tai f
ctivity on a certain day(s) o and Fridays every week but not nec-

P1 Weekly

the week essarily at the same hour
. Activity on certain hour(s) of Studying at 8-10, but not necessarily
p2 Daily
the day on all or fixed week days
Certain distribution of partici- Studying for 4 hours on Mondays and
P3 Weekly . . :
pation time among week days 2 hours on Fridays
Periodic hourly patt
P4 Daily erlodic hourly pattern across Studying at 8-10 on every day.
days
Ps5 Weekl Periodic hourly pattern across Studying at 8-10 every Monday;, or 8-
Y weeks 10 on Mondays and 16-18 on Fridays
P6 Course- Following the course schedule Accessing courfse materials aftfer they
based are released, without postponing

Table 4.2 - Overview of regularity measures and corresponding regularity patterns they reflect.

Measure Description Method Pattern
CWD Certain Week Day Time domain Pi
CDH Certain Day Hour Time domain p2
WSB Weekly Similarity Binary Time domain Pi
WSN Weekly Similarity Normalized Time domain pP3
WSR Weekly Similarity Raw Time domain pP3
PWD Periodicity of Week Day Frequency domain Pi
PDH Periodicity of Day Hour Frequency domain P4
PWH Periodicity of Week Hour Frequency domain p5
RSI Responsiveness Index Time domain P6

Binarization of action sequences

In order to study the temporal patterns of online sessions, we start by reconstructing learners’
action sequences using the timestamped interaction records from the platform data logs. We
then transform the action sequences into binary signals representing activity intervals during
the course timeline for each learner. This binarization procedure is explained in the following.

Let n be the number of actions (of any type) performed by a learner and T = {1y, to, ..., t,} be
the set of actions timestamps. We set the course start time to t = 0. Let Ly, Lz and L, be the
course duration length in hours, days and weeks respectively. We convert learner’s action
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sequence into a binary signal defined as:

1 if3geT:x=|]

. , where x € {1,2,...,L,/ W} 4.1
0 otherwise

Fy (x) ={

where W is the length of a time window in hours.

With a time window of one hour (W = 1), we obtain hourly time signal F;, where F;(x) =
1 implies that learner had at least one action at hour x after the course start. Similarly,
considering a one day time window (W = 24) results in the daily time signal F»4 where F>4(x) =
1 indicates that at least one action was performed by learner at day x of the course. Figure
4.1 depicts an example of daily time signal for a leaner following a 10 weeks long MOOC.
The hourly and daily time signals are the basis of regularity measures we introduce in the
remaining of this section.

Activity status

|

|

|

7 14 21 28 35 42 49 56 63 70
Dav of course

Figure 4.1 — Example of a learner’s binarized daily time signal F»4. Points with value of one
represent days on which the learner had online activities in the course platform.

Time domain: Entropy based measures

The first two regularity patterns we consider are studying on certain day of the week (P1I)
and on certain hour of the day (P2). In order to detect the first pattern, we build the weekly
histogram which represents the distribution of learners’ activities across different week days.
We define weekly histogram as a function W (d) on every day d of a week:
Ly—1
W(d) = ) Fu(7i+d), whered € {1,2,...,7}. (4.2)
i=0

Following a similar approach we construct the daily histogram to represent distribution of
activities over different day hours. Daily histogram is defined as a function D (/) on every hour
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Figure 4.2 — Examples of weekly and daily activity histograms for one learner, respectively
representing the distribution of study time over week days and day hours (time zones are not
compensated and the start time of the course is considered as the reference point with t =0).

of the day:

Lg-1
D(h) = dz Fy(24i + h), where h € {1,2,...,24}. (4.3)
i=0
Therefore W (d) represents the number of weeks in which learner was active at day d, and
D(h) corresponds to the number of days on which learner was active at hour k. Figure 4.2
depicts examples of weekly and daily histograms. If study time for a learner is concentrated
around a particular day (hour) it would appear as a peak at the corresponding point in the
weekly (daily) histogram. Therefore to reveal such pattern, we focus on detecting spikes in
the histograms. A simple approach would be to check if the largest value is above a certain
threshold. This however would require to manually define the threshold value. A popular
measure to identify if a given distribution is uniform or has a spike, is entropy. Based on its
definition, we suggest weekly and daily entropy as:

W(d)In(W (d)),
! (4.4)
Ep=-)_ DMIn(D(h))

h=1

M~

Ew=-

N
Ll

where D and W are normalized histograms.

The value of Ep is bounded in [0, [7(24)] and similarly Ey is bounded in [0, [7(7)]. A small
entropy value encodes presence of spikes in the distributions. However, since entropy is
computed on the normalized histogram, it does not reflect the magnitude of the spike in the
original histogram. To overcome this limitation, we define our first regularity measure, Certain
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Week Day (CWD) as:
CWD = (In(7) - Ew)max(W(d)), ford € {1,2,...,7} (4.5)

In this formulation, a high value of the first component (In(7) — Ey) encodes the presence of a
spike in the weekly histogram and the second component (max(W (d))) reflects its magnitude.
A high value of CW D therefore reflects concentration of activities on a particular day. CW D is
bounded in [0, [n(7).L,,], where L,, is the course duration in weeks.

Similarly, we define Certain Day Hour (CDH) measure as:
CDH = (In(24) — Ep)max(D(h)), for h e {1,2,...,24}. (4.6)

CWD is bounded in [0, In(24).Lg4], where L, is the course duration in days. A high value for
this measure denotes that learner’s activities are concentrated around a particular time of the
day.

Time domain: Profile similarity measures

The second set of regularity measures we introduce in time domain, are based on the com-
parison of weekly study profiles. We define study profile (P;) of a learner during week k as a
vector encoding distribution of study time over week days:

Pi. = [Pk1) Pias - Pr7] €RY 4.7)

where pyq represents amount of study time (in hour) by the learner in day d of week k and is
computed using the hourly activity signal (F; in equation 4.1) as:

24
pra= Y. F1(24@7(k—1)+(d-1)) +i), where d € {1,2,..., 7}, k€ {1,2,..., Ly,}. (4.8)
i=1
Figure 4.3 provides an example of weekly profile matrix for a learner following a 10 weeks
long MOOC. In the profile matrix, rows correspond to course weeks, columns represent week
days and color intensities show learner’s estimated study time (in hours) on a particular day.
Learners who follow a certain weekly plan (P3 in Table 4.1) would have similar rows in their
profile matrix. In order to compare the weekly profiles, we define three similarity functions:

* Binary profile similarity (Simp): compares the binary version of the learner’s weekly
profiles and measures if the learner works on the same week days.

* Normalized profile similarity (Simy): compares the normalized profiles and measures
if learner has a similar distribution of workload among week days.

* Raw profile similarity (Simg): compares the raw profiles and reflects if the time spent
on each day of the week is similar in different weeks of the course.
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Figure 4.3 — Example of weekly profile matrix for a learner. Rows represents weeks, columns
represent days and intensity of colors encodes estimated amount of study time (in hours).

Binary profile similarity: Let Ay be the set of days in week k, on which the learner had some
activity. We define the binary profile similarity function as the ratio of common active days in
the weeks of comparison (Jaccard similarity coefficient):

Simy(B;, ) = Al 4.9)

BV S _|AiUAj| ’

The value of Simp is bounded in [0, 1] and for two weeks in which the learner is active on
the exact same days, irrespective of the count of such days, this similarity function has the
maximum value.

Normalized profile similarity: To compare the normalized profiles (P;) of two weeks, we
use Jensen-Shannon Divergence (JSD) [136], which is a symmetric and bounded metric for
measuring the similarity between probability distributions:

JSD(P;, Pj)

] 13,13 =1-—F 4.1
Simp(P;, Pj) e (4.10)

where Py, is the normalized profile (P = Pr/Y 4 pra) and JSD based on its definitions is:

n n
JSD(Py, .., Bp) = H(Zmﬁi)—ZmH(ﬁi), 4.11)
i=1 i=1

where 7; is the selected weight for the probability distributions P; and H is the entropy
function. We consider uniform weights for all weeks, hence m; = 1/n. The value of Simy is
bounded in [0, 1] and high value of this measure reflects similar shapes of study profiles in
the weeks of comparison. An example could be profiles with relatively more study time on
Monday compared to Tuesday and Wednesday.
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Raw profile similarity: In order to capture the similarity in shape and magnitude of weekly
profiles, we define the third similarity function, based on y? divergence [46] as:

1 ! (Pid—de)Z

Simp(P;,P;)=1-
v [Ai UAjl 7=y \Pia+ Pja

(4.12)
The value of Simp, is also bounded in [0, 1] and it highest value is achieved if the two weekly
profiles of comparison are identical.

Finally based on the presented similarity functions, we define three regularity measures Weekly
Similarity Binary (WSB), Weekly Similarity Normalized (WSN) and Weekly Similarity Raw
(WSR) as the average pairwise similarity of weekly profiles according to Simp, Simy and
Simp respectively.

Frequency domain measures

The third category of regularity measures we introduce are calculated in frequency domain,
aiming to detect seasonality in learners’ activity time signals which were defined in Equation
4.1. In signal processing and time series analysis, one common approach to detect seasonal
components of a signal is to convert it from the original domain (often time) to a representation
in the frequency domain by applying Fast Fourier Transform (FFT) algorithm [35]. Frequency
domain representation of a time signal X (¢) is computed as:

N-1 )
FO) =) X(pe 2o (4.13)
t=0

where N is the sequence length.

The resulting signal & (0) is referred to as spectral density or periodogram and is used to
detect periodicity in the data, by observing peaks at the frequencies corresponding to these
periodicities. The upper bound of F(0) is the coherent summation of all samples of the original
signal: & (0) < Z]t\i_ol |[X(1)] < N.max(|X(t)]) and therefore if V#|X(#)| < 1 this upper bound
would be smaller than N.

For the purpose of detecting weekly or daily regularity, we compute spectral density of learner’s
time signals, F} and F»4, to obtain hourly and daily periodograms %, (0) and %, (0). From the
resulting periodograms we then extract values corresponding to daily and weekly periods. If
there is a daily or hourly repeating pattern in learner’s activities time signal, we expect the
extracted values to be relatively large. This is illustrated by an example in Figure 4.4 which
presents the time and frequency domain representation of the activity signal for a learner who
follows a regular daily pattern. As it can be seen, this regular pattern is reflected by a spike in
the frequency signal at the point corresponding to one week period. Following this approach,
we define three regularity measures, Periodicity of Week Day (PWD), Periodicity of Day Hour
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Figure 4.4 — Example of daily activity signal in time (left) and frequency (right) domains for one
learner with a regular daily pattern. Dashed red line in the periodogram shows the frequency
corresponding to one week period (1/7).

(PDH) and Periodicity of Week Hour (PWH) as:

PWD =F,(1/week) = F4(1/7)
PDH = Fy(1/day) = F,(1/24) (4.14)
PWH = Z,(1/ week) = F,(1/(24 x 7))

PW D captures if the daily pattern of activities is repeating over weeks (e.g. the learner is
active on Monday and Tuesday in every week). PD H measures the extent to which the hourly
pattern of learner’s activities is repeating over days (e.g. the learner is active at 8h-10h and
12h-17h on every day). PW H identifies if the hourly pattern of activities is repeating over
weeks (e.g. in every week, the learner is active at 8h-10h on Monday, 12h-17h on Tuesdays,
etc.). The upper bound of PW D is L; (course duration in days) and the upper bound of PDH
and PW H is L, (course duration in hours).

It is worth noting that since our aim was to assess daily and weekly regularities, we focused
on the corresponding value of the periodograms at these intervals. However, other intrinsic
seasonalities in the activity signals could be detected by identifying the peaks at the frequency
domain signals.

Adherence to course schedule

The last regularity measure we define, reflects student’s responsiveness to course events
(pattern P6 in Table 4.1). Some students watch the lecture right after it is released whereas
others postpone watching lectures or submitting to assignments. Therefore some learners
are regular not due to time routine, but as they follow the course schedule and are responsive
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to course-related events. This constitute the basis for another approach to the analysis of
regularity. Since not all MOOCs consist of formative assessment during the semester, we
focus on video watching behaviours to capture adherence to the course schedule. We define
Responsiveness Index (RSI) measure as:

1ny™,(Vi-Ry)

RSI=1- (4.15)
Ly

where V; is the time of learner’s first view of the video i, R; is the release time of that video,
n is the number of watched videos, and L, as mentioned before, is the course duration in
hours. RSI is therefore opposite to the average delay in watching the course videos. Its value
is bounded to [0,1] and a learner who does not postpone watching video lectures, achieves a
high value for this measure.

4.4 Temporal participation patterns in MOOC

In this section, we present the results of applying the described methods on a MOOC dataset.
We provide examples for each of the regularity measures and investigate the link between
regularity and performance.

4.4.1 Dataset

Our analysis in this section is based on an undergraduate engineering MOOC, Produced
by EPFL university and offered in Coursera entitled “Functional Programming Principles in

Scala™

. This course covers the principles of functional programming paradigm including
the use of functions as values, recursion, immutability and several other topics, using Scala
programming language. Total duration of the course was 10 weeks and lectures were released
on a weekly basis during the first seven weeks. The final grade was calculated based on
six graded assignments and passing grade was 60 out of 100. For the analysis of regularity
patterns, we considered learners with at least three weeks of activity on the platform (14,900
learners). Learners who did not submit any assignments and therefore scored zero in the
course (4,644 learners) were removed from the dataset. Some participants, never watched
avideo on the platform, instead they downloaded the lectures and probably watched them
off-line (225 learners). Since activity traces for such learners is not available, we removed them
from the dataset as well. Therefore, in our analysis we considered all events by remaining
10,031 participants. Their average grade was 55.7 and 51% scored higher than the passing
threshold (60).

Thttps:/ /www.coursera.org/learn/progfunl
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Table 4.3 — Overview of regularity measures in the dataset

Measure Mean SD Max
CWD 1.12 1.08 13.62
CDH 4.65 3.65 49.92
WSB 0.14 0.13 0.90
WSN 0.17 0.15 0.88
WSR 0.11 0.10 0.74
PWD 0.36 0.35 4.64
PDH 0.34 0.64 14.65
PWH 0.17 0.25 4.2
RSI 0.86 0.11 1

4.4.2 Examples of regularity measures

Table 4.3 provides an overview of the computed regularity values for the 10,031 participants in
our MOOC dataset. In the following we present examples of proposed features to verify if they
capture the regularity patterns as expected.

Entropy based measures: CWD and CDH

These two measures, were defined respectively based on the entropy of the weekly and daily
activity histograms (Equations 4.5 and 4.6), to detect strong peaks in the histograms and
determine whether learner’s activities are concentrated around a particular day of the week,
or at a certain time of the day. Figure 4.5 illustrates examples of weekly and daily histograms
for learners with high and low values for CW D and CD H measures. The learner in Figure
4.5a, is mostly active on the second day of the week and as expected achieves a relatively
high value (6.13) for CW D. Learner in Figure 4.5b on the other hand has no modal day in the
weekly histogram as his(her) activities are quite uniformly distributed among different days.
As expected, this learner achieves a low value (0.04) for CW D measure. Regarding the CDH
measure, a similar trend is observable in Figure 4.5¢ and 4.5d where a high value (20) of CDH
represents peak of activity at particular day time. These examples therefore show how CW D
and CD H measures capture regularity patterns P1 and P2, introduces in Table 4.1.

Profile similarity measures: WSB, WSN and WSR

These three measures were defined based on the similarity between weekly study profiles
of the learner during the course duration. WSB, WSN, and W SR respectively results from
the comparison of binary, normalized, and raw version of the learner’s weekly study profiles
(Equations 4.9, 4.10, 4.12). Figure 4.6, 4.7, and 4.8 provide examples of study profile matrix
and the corresponding profile similarity measures for three different learners. Activities of the
learner in Figure 4.6 are clearly concentrated on the second half of the week and the amount
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Figure 4.5 - Examples of CD H and CW D measures: Daily (top) and hourly (bottom) histograms
of four learners with high and low values. Clearly a high value of CDH and CW D reflects a
peak in the corresponding activity histograms.

of study time does not vary largely. This learner obtains high values (0.86, 0.84 and 0.74) for
all the three regularity measures. For the learner in Figure 4.7 on the other hand, no regular
pattern is evident in weekly study profiles and all three profile similarity measures return a
low value (0.17, 0.2 and 0.13) in this case. Figure 4.8 provides an example highlighting the
difference between these three measures. The learner in this figure, is mainly active during
the forth and fifth week days and his(her) study time on day five is almost two times more
than day four in all weeks. This regular time distribution pattern results in similar rows in the
normalized weekly study matrix in Figure 4.8b which is also reflected by the high value (0.91)
of WSN measure. However, since in some weeks the learner has slight amount of activity
in few other days, the W SB returns a smaller value (0.69). Furthermore, according to Figure
4.8c the absolute amount of study time for this learner varies between different course weeks,
which in turn results in a smaller value (0.55) for W SR measure. These examples therefore
confirm that WSB, WSN and W SR measures capture the corresponding regularity patterns
as expected.
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Figure 4.6 — Example of WSB, WSN and WSR measures: (a) Binary (b) Normalized and (c) Raw
weekly study profiles of a learner with high values for the three profile similarity measures.
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Figure 4.7 — Example of WSB, WSN and WSR measures: (a) Binary (b) Normalized and (c) Raw
weekly study profiles of a learner with low values for the three profile similarity measures.
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Figure 4.8 — Example of WSB, WSN and WSR measures: (a) Binary (b) Normalized and (c) Raw
weekly study profiles of a learner with different values for the three profile similarity measures.
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domains for two learners with (a) high and (b) low values of PW D. Dashed red lines in the
periodograms show the (1/ week) frequency. The periodic daily pattern is clearly reflected by the

high value of PW D measure.
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Figure 4.10 — Example of PDH and PWH measures: Hourly activity signal in time (left) and
frequency (right) domains for a learner with high values of PW H and PD H. Dashed red and
solid blue lines in the periodogram respectively show the (1/ week) and (1/Day) frequencies.
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Frequency domain measures: PWD, PDH and PWH

These three measures were defined based on the frequency domain representations of learner’s
time signals (Equation 4.14) in order to capture periodic daily patterns over weeks (PW D),
periodic hourly patterns over days (PD H) and periodic hourly patterns over weeks (PW H).
Figure 4.9 illustrates examples of two users with high and low value of PWD measure. The
daily time signal in Figure 4.9a clearly shows a repeating weekly pattern. This periodic pattern
is captured by the large value (5.79) of the PW D measure, which is the magnitude of the
periodogram at the frequency corresponding to one-week period. On the contrary, no seasonal
pattern is evident in user’s time signal in Figure 4.9b and consequently PW D obtains a small
value (0.04). PDH and PW H measure follow the same principle and Figure 4.10 shows an
example of these two measures.

4.4.3 Correlation between regularity measures

Pairwise Pearson’s correlations between regularity measures shows that the profile similarity
measures, WSB, WSN and W SR, although sensitive to different study profiles (as shown in
Figure 4.8), result to have strong correlation (r(10029) = 0.9, p < .01) in the MOOC dataset
of our study. PW D measure is also moderately correlated with profile similarity measures
(r(10029) = 0.57, p <.001). The remaining set of measures are not strongly correlated with
each other, inferring that they capture orthogonal patterns of regularity.

4.4.4 Regularity and performance

This section addresses our second research question on the link between regularity and
performance (Question 2). We start by correlation analysis between regularity measures and
final grade. We then use clustering methods to extract different categories of learners with
respect to their regularity behaviours and investigate their performance level. Finally we track
the regularity level of learners over time, and explore differences between students who passed
or failed the course.

Predictive power of regularity measures

Correlation analysis reveals positive links between final grade and regularity measures. Pear-
son’s correlation between regularity measures and final grade shows that final grade is strongly
correlated? with WSN (r = 0.71) and moderately correlated with PW D (r(10029) = 0.47).
Figure 4.11 show the relation between grade and the two mentioned regularity measures. Final
grade also shows a moderate correlation with PDH (r(10029) = 0.32) and PW H (r(10029) =
0.37), slight correlation with CDH (r(10029) = 0.26) and RSI (r(10029) = 0.25). The high
correlation between final grade and weekly regularity measures (W SN and PW D) suggests

2p <.001 for all reported correlations
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Figure 4.11 - Scatter plots of grade vs. WSN and PWD measures. Red lines shows the linear
smoothed estimations and the blue curves represent the local smoothed estimations. The gray
areas show the 0.95 confidence intervals.

that learners who follow a certain weekly plan, also achieve higher grades in the course,
whereas following a certain hourly plan (daily regularity) is less strongly associated with the

performance.

In order to assess the predictive power of the regularity measures we build a linear model of
the final grade including all of the described regularity measures and use penalized regression
to improve the model by removing features of low importance. In our dataset, linear model
with variables WSN, PWD, PW H and RSI, captures 52% of the variability of the final grade
(R? = 0.52). This indicates the predictive potential of the designed metrics which makes
them promising for being integrated in performance prediction models. Table 4.4 shows the
estimated model.

Table 4.4 - Linear model for final grade estimated using regularity measures

Estimate Std. Error tvalue Pr(>|t|)

Intercept -9.6 2.0 -4.7 2.6e-06
WSN 166.8 2.3 72.3 <2e-16
RSI 40.4 2.4 16.9 <2e-16
PWD 11.6 0.9 11.7 <2e-16
PWH -9.9 1.3 -7.3 2.5e-13

Model: Im(Grade~W SN+ PWD+ PW H + RSI)

But do the regularity measures provide an added value to simple aggregated features such as
time on task? To assess this we do the following test. We extract a new feature to represent the
total amount of study time (in hours) during the course duration for each student. We then
build two different linear models of final grade, one including only this new feature, and the
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other including also the regularity measures. According to the results, integrating regularity
measures significantly improves the model (F[1,9] = 602.5, p < 0.001). The total study time
feature captures only 27% of the variability of the final grade (R? = 0.27 for the first model)
whereas the combined model reflects 53% of grade variance (R? = 0.53 for the second model).
This results show that regularity measures provide a novel view of learners participations
which is different from and complementary to the total study time.

To explore in more details the effects of time regularity on final grade and its interaction with
the amount of study time, we build a regression model of final grade based on the interaction of
total study time and W SN weekly regularity features. The resulting model which is represented
in Table 4.5 has an R? of 0.56 which is considerably large for a model with only two parameters.
Figure 4.12 depicts the interaction plot between total study time and weekly regularity in
the resulting model and provides interesting insights on the interaction effect of these two
variables. According to this figure, learners with large amount of study time (e.g. 200 hours)
obtain high final grades regardless of their regularity value. On the other hand for learners
with limited study time (e.g. less than 50 hours), regularity is a factor which could positively
influence the final grade. That is, learners with few hours of study who follow a weekly regular
pattern (upper tercile of WSN) achieve high final grades, whereas those with low amount of
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Figure 4.12 - Interaction effect between weekly regularity (WSN) and total study time in regres-
sion model of final grade.

Table 4.5 — Linear model of final grade based on the interaction between weekly regularity and
amount of study time.

Estimate Std. Error tvalue Pr(>|t])

Intercept 12.3 0.6 21.6 <2e-16
WSN 2224 2.8 78.8 <2e-16
Total study time 0.48 0.02 23.9 <2e-16
WSN : Total study time -1.3 0.03 -36.4 <2e-16

Model: Im(Grade~WSN = Total_Study_Time)
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study time and not-regular study patterns (lower tercile of WSN) receive low final grades. In
summary, this results suggest that regularity is important for performance specially when the
dedicated study time is limited.

Learners categories

To investigate behavioral categories among learners with respect to time regularity, we ap-
plied hierarchical agglomerative clustering in combination with euclidean distance on the
calculated regularity measures. Prior to clustering, all measures were scaled and centered for
comparability. We used Silhouette method [191] to estimate the optimal number of clusters,
and set the number of clusters to four, as it resulted in the maximum average clustering coeffi-
cient. The obtained categories are represented in Figure 4.13. Learners in Cluster 1 and 4 have
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Figure 4.13 - Clusters of learners based on regularity measures. All values were scaled to [0,1]
for visualization purpose. Learners in Cluster 1 are not-regular but are responsive, Cluster 2
are weekly regular and responsive, Cluster 3 are daily regular and responsive, Cluster 4 are
not-regular and not-responsive.

Table 4.6 - Comparison of weekly and daily regularity measures for Cluster 2 and 3 in Figure
4.13, using one-way Anova test without assuming equal variances.

Measure Cluster 2 Cluster 3 F statistics

CWD 1.7 0.6 F[1, 1059.8]=639.8, p<.001
PWD 0.99 0.46 F[1, 1334.7]= 1096.8, p<.001
PWH 0.56 0.26 F[1, 1298.8]= 755.7, p<.001
CDH 4.27 8.3 F[1, 2649.5]=1087.2, p<.001
PDH 0.46 0.91 F[1, 2649.1]= 576.1, p<.001
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relatively low values for the time regularity measures. Regarding the responsiveness index,
according to one-way Anova test, this measure is relatively high for the first three clusters
and is significantly lower for learners in Cluster 4 (0.5 vs. 0.9, F[1,555.5] = 2549, p < .001).
Considering Cluster 2 and 3, as summarized in Table 4.6, learners in Cluster 2 are attributed
with significantly higher weekly regularity (CW D, PW D, and PW H) and lower daily regularity
(CDH and PDH).

Based on the described trends, Cluster 1 to 4, could respectively be labeled as not-regular
and responsive, weekly regular and responsive, daily regular and responsive, not-regular
and not-responsive learners. Comparison of average final grade by learners in each cluster
(Figure 4.14) shows that weekly/daily regular and responsive learners (Cluster 2 and 3) achieve
significantly higher grade compared to not-regular and responsive (Cluster 1) learners (86 vs.
46, F[1,8036.8] = 5482.6, p <.001). The lowest average grade (17) is associated to not-regular
and not-responsive learners.

100

75

50

Grade

25

Cluster 1 Cluster 2 Cluster 3 Cluster 4
Cluster

Figure 4.14 — Average grade of clustered learners. Daily/weekly regular and responsive learners
(Cluster 2 and 3) achieve significantly higher grades.

Regularity over time

The results presented so far, were based on the overall regularity level estimated at the end of
the course. The proposed measures, in particular the profile similarity measures (equations
4.9,4.10 and 4.12), could also be computed throughout the course duration, making it possible
to track learners’ regularity over time. As an example, Figure 4.15 presents the weekly regularity
for passed (IV = 5096) and failed (IV = 4935) students over the course duration. In this example,
regularity in each week is computed based on the similarity between learners’ binary weekly
profiles over the past two weeks (equation 4.9, the pattern of studying on the same week days).
According to this figure, both groups establish a more regular study pattern after about three
weeks from the course start. Passing students have relatively higher regularity level throughout
the course; whereas there is an evident drop of regularity around the fourth week for the failed
students. The final set of lectures and assignments were released on week seven which could
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Figure 4.15 — Regularity over time for passed and failed students. The gray area shows the 95%
confidence interval.

explain the decrement of passing students’ regularity level around this week.

4.4.5 Other applications

The regularity features proposed in this chapter could also be used for measuring the effect
of external factors (e.g. platform features, instructor’s interventions, or employment status)
on participation patterns. As an example, here we investigate the link between regularity
and employment status. The MOOC database used for this study contains employment
information for about 9.6% of the participants. Based on these information we extract two
categories of learners: full-time employed and full-time students (559 v.s. 113 learners). We
assume that participants in both categories have a daily or weekly routine imposed by their
occupation or school schedule. One-way Anova test (without assuming equal variances) with
regularity measure as dependent and employment status as independent variable shows that
employed participants have higher time regularity both in weekly and daily basis. This is
reflected by significantly higher values of W SN measure (F[1,170.7] =5.43, p =.02), PWD
measure (F[1,187.2] =5.51, p =.02) and CDH measure (F[1,295.9] = 19.83, p = 1e-5) for
employed participants.

4.5 Temporal participation patterns in Realto

In the context of Realto, investigation of temporal patterns of users’ activities is of particular
interest for the researchers involved in the Dual-T project. Information about the creation time
of entries in Realto (weekdays or weekends, during working hour or in the eventing and etc.)
could help in understanding the importance given by teachers, supervisors and apprentices
to the use of Realto. Furthermore identifying the time patterns adopted by different user
categories could be insightful for customizing the platform features. For instance, the timing
of notification and reminder messages could be adopted based on users’ activity time; Or the
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required steps for creating a new post or uploading materials in Realto could be simplified to
facilitate this process for the apprentices who mainly use the platform during working hours,
and reflective prompts could be sent out to them during other day times.

The methods presented in Section 4.3 are transferable to different contexts. As the only
input for the proposed methods is the set of actions timestamps, they can be applied to any
context and platform where interaction logs and their associated time information are being
recorded. We used the described methods to provide the time analysis infrastructure in Realto
and implemented the fime analysis module in Realto analytics dashboard (Appendix A.1).
Figure 4.16, 4.17 and 4.18 provide examples of the information included in the dashboard
for the members of a particular flow, selectable from the dashboard interface. In Figure 4.16,
each chart corresponds to a learner’s weekly histogram (Equation 4.2), depicting number of
weeks on which he/she was active on a particular weekday. Similarly the charts in Figure 4.17
represent the daily histograms (Equation 4.3), illustrating the number of days with activity at
each hour. Similar to the MOOC context, in Realto, the regularity measures could be applied
as indicators at the individual level to assess the presence of a periodic time schedule in user’s
activities, or can be utilized at the group level for comparing different user categories. The
chart headers in aforementioned figures include the value of the CW D and CD H regularity
measures and the boxplots on the right, show the distribution of the corresponding regularity
measure for all the apprentices in the selected flow. The dashboard also includes visualization
of the users’ weekly activity matrices (Equation 4.8), modeling the distribution of activity time
among week days. Considering the weekly similarity measure proposed in Section 4.3.2, we
included W SB it in the dashboard as shown in Figure 4.18.

Apart from the individual level information, the dashboard further includes group level time
histograms. Figure 4.19 and 4.20 show examples of average weekly and daily histograms for the
apprentices in two different flows. Figure 4.19 corresponds to a group of 10 apprentices whose
apprenticeship is based on a dual-track model where they spend four days at a workplace and
only one day at school (Thursday in this case). As shown by Figure 4.19, apprentices in this
class mainly use Realto on Wednesday evening (6-7 pm) just before the school day. Further
investigation of the activity types reveals that in this flow, the teacher defines frequent activities
(assignments) requesting apprentices to upload photos of their workplace activities, describe
their productions, and write down their comments on possible improvements. Therefore the
main entries produced by apprentices in this flow are submissions to the teacher-defined
activities. Figure 4.20 on the other hand, corresponds to a flow of 15 apprentices (same flow as
Figure 4.16 to 4.18), following a single track apprenticeship model, where practical training is
performed at in-school workshops instead of a workplace. Therefore these apprentices spend
all the five weekdays at school and according to their time histograms, their Realto usage is
more uniformly distributed among different weekdays (Monday to Friday, mostly between 7am
to 3pm). The main use of Realto by apprentices in this case is creating learning documents on
the practical training procedures. These two examples clearly show contrasting Realto usage
patterns within dual-track and single-track apprenticeship models and exemplify possible
information, that could be extracted from the time module in Realto analytics dashboard.
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Since apprentices’ activities in Realto is not being graded, we could not investigate the link
between regularity and performance in this context.

4.6 Discussion

In this chapter, we provided quantitative methods for analyzing temporal patterns, described
their properties and demonstrated their application in MOOC and Realto.

Concerning our first research question on quantifying time regularity (Question 1) we pro-
posed nine measures, in time and frequency domains, to capture three overall types of regu-
larity: daily, weekly, and course-based. The value of these measures could reflect if a learner
follows a particular time schedule and serve as indicators of planning and time management
behaviours. We showed that a subset of the introduced measures are not strongly correlated
with each other and capture different regularity patterns.

Concerning our second question on the link between regularity and performance (Question
2), we found positive correlations between regularity and final grade in a MOOC course. The
regularity measures explained over 50% of the grade variability which reflects their predictive
potential making them promising to be included in the existing performance models. We
showed that our proposed measures are complementary to features such as total study time
and provide additional information on learners’ participation. Interaction analysis between
weekly regularity and total study time showed that regularity is particularly important for
performance when the amount of study time is limited. Furthermore, through clustering
of learners based on their regularity values, we identified four categories of learners and
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showed that weekly/daily regular participants who did not postpone reviewing the course
materials, achieved higher grades. We further showed that the students who passed the
course, displayed higher regularity level during the course duration as opposed to the failed
students. The positive link between regularity measures and students’ performance, supports
the hypothesis that students who plan their learning activities in a regular manner have better
chances of succeeding in MOOCs [68, 160]. There are however two plausible explanations
for this observation. First, regular students follow the structure of the course and therefore
attains higher achievement. Second, time regularity is related to certain factors internal to the
students such as motivation, conscientiousness, commitment or learning strategies [29, 253].
Further investigations is therefore required to identify the factors influencing time regularity.

The methods and regularity measures presented in this chapter are general and applicable
to different contexts and platforms. They can be employed in different domains where time
pattern analysis and detecting regularity is of interest. The described methods could be utilized
for several applications, besides what presented in this chapter. For instance, regularity
measures can serve as indicators for quantifying the extent to which certain features of a
course or platform influence regularity and engagement of participants. They can also be used
to compare the courses and platforms regarding their habit inducing properties, or to measure
the effect of interventions and external factors on users’ temporal rhythms. For instance, the
regularity measures enabled us to confirm the impact of employment status on learning time
patterns in MOOCs [202], revealing that employed learners had higher regularity level both on
weekly and daily basis compared to not-employed learners.

In this chapter, we compared students’ activity against their own previous behaviour to
determine their regularity. However, the proposed metrics and in particular profile similarity
measures (Equations 4.9, 4.10 and 4.12) could also be employed to compare the activity
profiles of different learners and identify students with similar temporal patterns. The time
similarity criteria could in turn be integrated into automatic team formation modules in
online learning platforms [208, 232]. Teams composed of learners with similar time patterns,
have higher chances for synchronous communication which could be beneficial for particular
collaborative tasks.

Personalized notification or reminder systems are another potential application domain for
the proposed measures. For learners with high weekly regularity, the typical activity day(s)
could be identified based on their recent weekly profiles and the platform notifications could
be adopted accordingly. For instance, a reminder could be sent out to the learners in case of no
activity on the expected day, or the notifications time (hour of the day) could be adopted based
on the learners’ daily time patterns. Although our analysis was a posteriori, the described
features can be estimated over time, making it possible to track learners’ engagement patterns
and identify potential problems.

One limitation of the regularity measure we proposed is that, using our measures one can-
not distinguish between the different strategies used by those students who adaptively plan
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their learning activities based on their daily activities. Furthermore, the set of time regularity
patterns we addressed in this chapter, despite covering a broad range of possibilities, is not
inclusive. As any projections, our measures can only discriminate patterns that they were de-
signed for and should be combined for accurate assessment of regularity. Our MOOC analyses
in this chapter were based on a single structured course in engineering field. Therefore the
generalizability of our findings on the relation between regularity and performance needs
to be further assessed on a broader range of courses. Considering the time analysis module
in Realto dashboard, we showed examples of information which can be obtained from this
module. A systematic evaluation is still required to assess its usability and effectiveness for
gaining actionable insights into users’ time habits.

Finally, in this chapter, we did not discriminate between different action types and treated
learners’ activity sequence as a binary signal and considered equal weights for all the per-
formed actions. However some learning activities demand more effort compared to others,
or learners could be interacting with the course platform without really getting involved in
deep learning activities. Therefore complementary methods which take into account the types
and details of actions performed by learners, are essential to gain better understanding of the
interaction patterns and learning strategies adopted by different learners. We will consider
this aspect in the next chapter.
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Activity Patterns of Online
Interactions

In the previous chapter, we studied the temporal patterns of online participation. In this chap-
ter we investigate activity sequences in online learning environments and present methods
for detecting patterns in participants’ interaction sequences. Similar to the previous chapter,
we study activity patterns in MOOC and in Realto. Individual differences among MOOCs
participants with different backgrounds, motivations and learning styles, in combination with
the flexibility offered by MOOC platforms for navigating through the learning materials, could
result in different engagement patterns among learners. Similarly, different participation styles
could be observed in Realto, as this platform provides a set of functionalities to participants
from different professions and with different roles. Analysis of learners’ activity patterns in
both contexts, could provide insights on learners’ engagement and their preferred learning
styles.

In this chapter, we describe methods for extracting and temporal analysis of learners’ study
patterns in MOOCs in Section 5.1. We provide an overview of the context in section 5.1.1,
formulate the research question in Section 5.1.2, and describe the dataset in Section 5.1.3.
In Section 5.1.4 we describe a hypothesis-driven approach to capture predefined learning
styles in MOOCs and present the obtained results. In Section 5.1.5 we present an unsupervised
approach for automatic discovery of learning behaviours from interaction sequences. We
present experiments with synthetic data to demonstrate the properties of our proposed
method and further employ it for detecting and tracking learners’ study patterns in a MOOC
course. In Section 5.2 we present our activity analysis approach in Realto and provide examples
of the detected usage patterns among Realto participants. Finally, we conclude the chapter in
Section 5.3

Parts of this chapter will be published in proceedings of LAK18 [201].
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5.1 Activity patterns in MOOCs

5.1.1 Context

Mining sequential interaction logs to identify behavioral patterns of learners has gained great
deal of interest in educational data mining and learning analytics communities over the
recent years. Leveraging computational methods could reveal interesting hidden patterns in
students’ activity traces and provide insights about their learning strategies [185]. This in turn
could open up possibilities for improving adaptivity and personalization within educational
environments [129, 128].

In general, two main approaches could be considered for identifying learners’ study patterns:
hypothesis-driven and data-driven. Hypothesis-driven (or pattern-driven) methods aim to
detect predefined learning styles from interaction sequences, and require the set of possible
learning approaches to be defined by human operator. As an example, a hypothesis-driven
approach was employed in [123] for classifying learners’ interaction sequences based on sub-
mission time to MOOCs assignments. Four engagement types were considered in this work:
on track (on-time submission to the assignment), behind (late submission to the assignment),
auditing (watching the videos, without submitting to the assignment), and out (no partic-
ipation in the course at all). The hypothesis-driven approach could be utilized for mining
theoretically grounded and interpretable learning styles. However, due to the complexity of
students’ behaviour, it is not often feasible to accurately define a priori, the set of possible
learning patterns.

To overcome this limitation, data-driven methods are used for unsupervised discovery of
concrete behavioral patterns from learners’ interaction data. In this approach, human in-
tervention in the process is being reduced to the assessment of validity and utility of system
findings [129, 83]. Clustering methods have received growing attention in this domain, as they
allow semi-automatic or open ended behavioral style detection. In particular clustering of
sequential data is commonly applied for discovering learners’ study patterns. In some studies,
learners’ activity sequences are being compared in their original format using sequence simi-
larity measures [199, 66, 174, 28], whereas some other works make use of a summarized form
or an aggregated representation of the fine-grained activity sequences [128, 83, 200].

Common techniques applied for modeling and analyzing learners’ activity sequences include
sequential pattern mining [161, 149, 121], Markov chain [97, 128, 75, 129], Hidden Markov
Models (HMM) [83, 200, 110], and process mining [221]. In the following we presents examples
of previous studies using these methods.

Sequential pattern mining methods [3] seek for the most frequent patterns across a set of
action sequences. Nesbit et al. [161] applied this method to study learners’ self-regulation
behaviours in a multimedia learning environment, and Maldonado et al. [149] used it to
identify frequent interaction sequences which differentiate high and low achieving groups in
a collaborative tabletop activity. Similarly, Kinnebrew et al. [121] employed sequential pattern
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mining techniques in combination with time-series segmentation to identify and compare
segments of students’ productive and unproductive learning behaviors.

Markov chain representation aggregates sequences of users’ actions into memory-less state
transition models, encoding the probability of performing one action type after the other. In
[75] Markov chains were used to model learners’ interaction logs as transition probabilities
between different learning activities, and Expectation-Maximisation (EM) algorithm [64] was
employed to identify behaviour profiles that characterize groups of similar students. Similarly,
students’ activities were modeled and clustered based on different similarity measures such as
euclidean distance [129] or Jensen-Shannon Divergence (JSD) [128] defined on the transitional
probabilities in the Markov chain models.

HMMs have also been broadly applied to model students’ learning processes in online learning
environments. For instance the use of HMM-based clustering techniques for automatic
discovery of students’ learning strategies in a tutoring system was investigated in [200]. In
[133] HMM were employed to extract stable groups from temporal data by joint optimization
of the model parameters and the cluster count. In [83] a two-layer HMM was proposed to
discover students’ behavioral patterns and transition between them over time. Following this
approach authors identified four behavioral patterns (states) for MOOC students: low activity,
active, forum browsing, and passive. By contrasting state transition of high and low performing
students, authors showed that high performing students show longer concentration on quizzes
and forum participation.

Process mining [221] is another technique that has been applied on educational data to
analyze students’ learning processes [156, 219, 18, 27]. This technique originates from business
community. It aims to extract process models from activity logs and provide insights into the
underlying processes to improve their efficiency. Process mining methods could be adopted to
compare students’ interaction patterns with predefined models (conformance checking), or to
discover the underlying process model from the activity sequences (process discovery). As an
example compliance between students MOOC video watching behaviours over the duration
of a MOOC course and the predefined sequential video viewing model was assessed in [156],
revealing that successful students are more likely to study sequentially than unsuccessful
ones. However, while dealing with large scale unstructured data such as interaction logs from
thousand of students in online courses, the discovered process models are often “spaghetti-
like” showing all details and failing to distinguish the important trends [91]. This makes
process discovery methods in their original format inefficient to identify study patterns in
MOOC context.

5.1.2 Problem formulation

In this chapter, we investigate learners’ study patterns in MOOCs and perform temporal analy-
sis of their longitudinal behaviour. Previous works of mining students’ activity sequences in
MOOC:s, often focus on characterizing relatively short interaction sessions as a composition of
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learners’ interaction with different course materials [75, 83, 233]. In this work, we aim to iden-
tify learners’ study patterns during assessment periods, that is their learning sequences from
the time when an assignment is made available until the submission deadline. Furthermore,
similar to [83], we consider that learners might change their study approach over the course
duration depending on the context of the new assignment or for instance, if they find their
previous approach inefficient. Through temporal analysis of interaction patterns, we explore
the evolution of learning approaches over time. Temporal dynamics of student’ behaviour
is overlooked in many of the previous studies such as [75, 97, 200] which assume students to
exhibit a fixed behavioral patterns in a course. The question we aim to answer in this work
could be summarizes as:

Question 1. What are the different study patterns exhibited by learners during MOOCs as-
sessment periods and how do learners’ study patterns evolve over time?

We employ two different methods to answer this question. In the first method, following a
hypothesis-driven approach, we label students’ activity sequences according to predefined
patterns and perform clustering to identify prototypical engagement trajectories over the
course duration. In the second method we propose a data-driven approach to automatically
capture study patterns from learners’ interaction sequences. We introduce a complete pro-
cessing pipeline which starts by modeling learners’ activity sequences, applies clustering
to identify common study patterns based on the modeled sequences, and performs cluster
matching to enable tracking learning approaches over time. We present detailed description
of both methods and the obtained results in the following sections.

5.1.3 Dataset

The dataset used for this study consists of the interaction logs of participants in “Functional

”1, an undergraduate engineering MOOC, Produced by EPFL

Programming Principles in Scala
university and offered in Coursera. The course is composed of seven sets of video lectures and
six graded assignments. Course materials (videos and assignments) are released on a weekly
basis and no assignment is anticipated for the sixth week. Submissions to each assignment
are accepted before the (hard) deadline and duration of the assessment periods (assignment
release day to hard deadline) varies between 11 to 18 days. The final grade is computed as a
weighted average of individual assignment grades with a passing threshold of 60 out of 100.
The dataset includes three categories of events, describing learners’ interaction with video
lectures (play, pause, download, seek, change speed), assignments (submit) and discussion

forums (read, write a post or comment, vote).

In order to analyze learners’ study patterns during assessment periods, we split the full se-
quence of interaction logs into subsequences corresponding to each assessment period. As
the assessment periods of assignments might overlap, we refine the resulting subsequences
to contain learners’ interactions only with the materials of the corresponding week. In our

Thttps:/ /www.coursera.org/learn/progfunl
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analysis we consider learners who were active in at least three assessment periods. Follow-
ing these data preprocessing steps, the final dataset used in this study contains interaction
subsequences of 7527 learners during six assessment periods.

5.1.4 Hypothesis-driven approach
Method

A typical study pattern that could be assumed for MOOC participants, is to watch video
lectures, read or write in the discussion forum concerning the difficult concepts and then
solve and submit the assignment. However, learners can freely navigate through the course
content once it is made available. It is therefore presumable that not everyone would follow the
mentioned approach. Some learners might prefer to directly attempt to solve the assignments
using trial and error approach. Other learners might decide to skip the videos as they are
already familiar with the topic, or since they prefer to attempt the exercises first, and then refer
to selected parts of videos if needed. Learners might also skip submitting to the assignment or
even watching the videos in some periods.

To identify such study patterns in learners’ interaction logs, we examine activity sub-sequences
for each assessment period according to two criteria: (1) whether the learner starts his(her)
learning sequence by watching a video or by submitting to the assignment, (2) whether the
learner submits to the assignment before the hard deadline. Considering these criteria, we
label activity sub-sequences with one of the following study patterns:

e V_start: learner watched the video(s) before submitting to the assignment.

e A_start: learner submitted to the assignment without having watched the corresponding
video(s).

* Audit: learner watched the video(s) but did not submit to the assignment.

* Inactive: learner did not watch the video(s) and did not submit to the assignment.

Based on the labels that a learner is assigned to for each assessment period, we construct
study pattern sequence, describing his(her) engagement over the course duration.

Once we have the study pattern sequences for all learner in the course, we apply hierarchical
agglomerative clustering on the sequences to extract categories of learners with similar study
profiles and identify prototypical study pattern sequences over the course duration. To
determine the optimum number of clusters, we use Calinski-Harabasz (CH) index [43] which is
a well-known method for cluster count estimation. To assess pairwise distance between study
pattern sequences we use optimal matching (OM), a common distance measure for sequence
alignment [1]. In optimal matching, the degree of dissimilarity between two sequences is
determined as the least number of required edit operation to turn one sequence into the other
(i.e. to match the two sequences). Three kinds of edit operations are generally used: insertion,
deletion, and substitution. However, in the case of equal length sequences, similar to study
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Figure 5.1 - Hypothesis-driven study patterns, (a) Overal frequency and (b) distribution over
different assessment periods in the MOOC dataset.

pattern sequences in our case, substitutions are the only relevant edit operation.

Results

Study pattern distribution and attributes

Following the described approach, study patterns of 7527 learners during each of the six
assessment periods were identified (a total of 45162 study sessions). The overall frequency
of study pattern types and their distribution over time is represented in Figure 5.1. In the
most common case (69% of all study sessions), learners watch videos before submitting to
an assignment (V_start). However, in all assessment periods, around 10% of the learners skip
video lectures and directly submit to the assignments (A_start). Proportion of learners who
watch the videos but do not submit the assignments (Audit), gradually increases towards
the course end (8% vs. 18% in the first and last assignment respectively). Proportion of
Inactive students also considerably increases in the last two assessment periods (4% vs. 20%
respectively in the first and last assignment).

Comparison of the identified study patterns shows that learners who start by watching videos,
start their learning sequence earlier than those starting by assignment. This is reflected
by significantly longer time between the activity sequence start time and the assignment
deadline in V_start and Audit approaches, compared to A_start approach (8 vs. 4.2 days,
F[1,41575] = 3031, p <.001). Considering the assignment resubmission behaviours in V_start
and A_start sessions, y? test shows a significant relation between number of submissions
and the study approach ()(2 =254,df =1, p <0.001). According to the test residuals, learners
in A_start sessions are less likely than the other group to have multiple attempts for solving
an assignment (65% of A_start sessions, include only one submission to the assignment).
However, learners in both approaches perform equally well and get an average score of 8.8
out of 10 (sd = 2) in their first attempt. Further investigation of learners’ activity sequences
in A_start session reveals that only in 6% of such cases, learners access the lectures after
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submitting to the assignment. These results suggest that learners in A_start approach, are
likely to have prior knowledge about the assignment topic, since they achieve a high grade in
their first (and often only) attempt, without viewing the course lectures.

Fixed study pattern

Analysis of individuals’ study pattern sequences shows that 53% of learners continue with
their initial study approach during the course duration. These learners can be clustered into
three categories, represented as Cluster 1 to 3 in Table 5.1. Learners who follow the V_start
approach in all the assessment tasks, form the largest cluster, Cluster 1, comprising 44%
of participants. This group represent typical MOOC learners who rely on lectures to attain
the knowledge required for solving the assignments. On the other hand, 2% of participants,
represented by Cluster 2, do not spend time on watching the videos before submitting to any
of the assignments. Their high performance level (average grade of 90 out of 100), reflects
their proficiency in the course topics. Earning the completion certificate could therefore
be the main participation motivation for these learners. On the contrary, 7% of learners,
Cluster 3, do not submit to any of the assignments, but they follow most of the video lectures
during the course period. This group of learners watch the videos as a source of knowledge
without having the intention of receiving a certificate. This group can be referred to as auditing
students, similar to the categorization scheme in [123].

Changing study pattern

Unlike the described groups with fixed approaches, 47% of the learners change their study
approach at least once during the course duration. Transition probabilities among study
pattern types for this group of learners are represented in Figure 5.2. Several interesting

A_start
Audit

Inactive
V_start

e OO0 @

Figure 5.2 - Transition probabilities between different study patterns for learners who change
their approach over time. Node size is proportional to the pattern frequency and edge thickness
is proportional to the transition probability.
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observations can be made from this diagram. In general, high probabilities associated with
the self-loops suggest that in each assessment period, learners are more likely to continue with
their previous study approach, specially for the V_start and Inactive states which have a stay
probability of 0.69. Learners who start by watching videos, have a low probability of skipping
videos in the next period (transition probability from V_start to A_start = 0.14); whereas
learners with A_start approach show a relatively high probability (0.39) of watching the videos
before submitting the next assignment. Students who audit the course in one assessment
period, will most likely continue auditing (probability = 0.44) or go Inactive (probability= 0.41)
in the next period. Once entering the Inactive state, participants are not very likely to get
engaged in solving the next assignments, but they might continue watching the videos in the
next period (transition probability from Inactive to Audit = 0.18).

To identify the common study pattern trajectories for learners with change of approach during
the course duration, we applied clustering on their study pattern sequences (hierarchical
clustering in combination with OM distance) and obtained eight clusters, represented as
Cluster 4 to 11 in Table 5.1. Description of the resulting clusters and their attributes, including
cluster size, average final grade and ratio of passed students, in addition to the visualizations
of study pattern sequences in each cluster are provided in the same table.

Learners in Clusters 4, 5, and 6, despite having different study pattern profiles, complete the
course by submitting to almost all the assignments and more than 94% of them pass the course
with high average grades (above 84). Learners in Cluster 4, mainly follow A_start approach,
but in few assignments, mostly the first or last ones, they watch the videos prior to submitting.
Cluster 5 on the contrary comprises learners whose main approach is V_start, but they skip the
videos in one or two assignments during the course. The start time of the learning sequence
for these learners is closer to the assignment deadline in the A_start sessions, in comparison
with the previous assessment period (4.2 vs. 8.4 days left for the deadline respectively in
A_start session and the preceding V_start session, t[1,977] = —14.5, p < 0.001). One possible
explanation could be that during such periods the learners procrastinate their activities
and consequently, the proximity of deadline makes them to temporally change their study
approach and submit to the assignments without watching the videos. Learners in Cluster
6, also prefer to watch the videos first, in most of the course duration. But in the last two
assessment periods, they submit to the assignments without watching the videos. These
learners achieve nearly complete grade in the first four assignments (average grade 9.7 out of
10 sd = 0.8). Considering that the final grade is calculated based on the assignment grades,
such learners are likely to have a high final grade even without receiving the complete score in
the remaining assignments. This might be one factor influencing their decision to skip videos
in the last periods and directly submit to the assignments. However, more information about
learners’ experience and conditions is required to precisely determine the factors triggering
changes in learners’ study approaches.

The last five clusters (Clusters 7 to 11), show learners who start the course with an active
approach as they get engaged both in watching the videos and submitting to the assignments
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Table 5.1 - Clusters of study pattern sequences extracted using hierarchical clustering. Cluster 1
to 3 represent learners with fixed study approach during the course. Cluster 4 to 11 represent
categories of role sequences for learners who change their approach over time. Vertical axis in
the pattern sequence charts represent students in each cluster and horizontal axis represent
assignments. Note that the charts height is not proportional to the cluster size. Other columns in
this table represent cluster size, average final grade of cluster members, ratio of passed students
in each cluster, and description of the study pattern profiles.

Size | Final | Pass L.
Study Pattern sequences %) d % Description
(] grade (
B A stat O Inactive B Audit B V_start
] . .
= 3304 92 Submit .all, V_start: -
§ d 96% | watch videos before submitting to
=15 (44%) | (sd:13) all the assignments
IS
£l x 140 90 Subm-lt all, A_start: . .
s ‘%’ d 94% | submit to all the assignments with-
TS P 2%) | (sd:15) out having watched the videos
‘5 signment_t signment_¢ signment_: signment_ signment_ ignment_¢
= "
g 545 0 Auditing:
‘%‘ d 0% | watch most videos without submit-
5 Assignment 1 Assignment 2 Assianment 3 Assianment 4 Assianment 5 Assianment 6 (7%) (S .O) ting to any aSSignment
< Submit all, mainly A_start:
8 494 88 94% submit to all the assignments, oc-
E (7%) | (sd:15) ? casionally watch videos before sub-
1S Assignment 1 Assignment 2 Assignment 3 Assignment 4 Assignment 5 Assignment 6 mission
I Submit all, mainly V_start:
8 1157 | 84 95% submit to all the assignments, skip
E (15%) | (sd:14) °| videos before only one/two assign-
& Assignment_1  Assignment_2 Assignment_3 Assignment 4 Assignment_5 ments
© Submit all, V_start then A_start:
§ 305 89 99% watch videos before submission at
= E 4%) | (sd:12) "1 the beginning, skip them at the final
§ S Assignment_1  Assignment 2 Assignment 3 Assignment 4 Assignment_5 assignments
’é ~ Complete,V_start then Audit:
e 8 349 44 200 | StOP submitting to the assignments
gn _% (5%) | (sd:15) ° | after the first half of the course, con-
g S Assignment_1 Assignment 2 Assignment 3 Assignment_4 Assignment 5 Assignment_6 tinue Watching VideOS
6 © Complete,V_start then Audlit:
8 111 19 0% submit only to the first one/two
E 1%) | (sd:10) ? assignments, continue watching
O Assianment 1 Assianment 2 Assianment 3 Assianment 4 Assianment 5 Assianment 6 VideOS Without submittlng
o Disengage at the end :
8| s 182 63 660 | Sttt by V_start approach, in the last
__3 it 2%) | (sd:11) | two weeks switch to audit and then
O " osigninont 1 Assignment 2 Assignment 3 _Assignment 4 Assgnment 5 Assgnment 6 dr()p out
S| s Disengage in the middle:
SIRE 424 47 Loo | Start by V_start approach, switch
- Py oy s
gl e (6%) | (sd:11) | to audit in the second half of the
O 7 sesuwenss ez Assgmenis Assommen_¢ AsonmenLs Asment 5 course and eventually drop out
- " Disengage at the beginning:
EIRE 251 23 0% | St by V_start approach, switch to
E Ie 3%) | (sd:10) audit after only one/two weeks and
o " hssionment 1 Assanmant 2 Assarant 3 Assornt 4 Assarent 5 Assianment & then drop out

o/



Chapter 5. Activity Patterns of Online Interactions

(V_start), but their engagement level decreases over the course duration. Learners in Cluster
7 and 8 remain engaged until the course end. However, over time they loose motivation for
submitting to the assignments and continue watching the course lectures without making any
submission. learners in Cluster 7 submit to nearly half of the assignments, whereas those in
Cluster 8 submit only to the first one or two, before switching to the auditing state. Cluster 9,
10, and 11, demonstrate profiles of disengaging learners or dropouts. The dominant pattern
in learners’ study profiles in these clusters is to start by V_start approach, change to Audit state
(stop submitting to the assignments) and finally stop watching the videos and drop out. The
three clusters differ in the point at which learners’ engagement level decreases. Participants
in Cluster 9 submit to the first four assignments and 66% of them acquire enough points to
pass the course. Whereas those in Cluster 10 and 11 stop doing assignments after one to three
weeks, and eventually drop out about a week after.

The identified engagement profiles, could inform the design of intervention mechanisms
to support and improve the engagement level of learners who might be facing problems in
completing the assignments (e.g. learners in Cluster 7 to 11). An example could be providing
supplementary learning materials or connecting them to the well performing learners, in the
discussion forum.

5.1.5 Data-driven approach

In the previous section we presented a hypothesis-driven approach for analysis of MOOC
study patterns. In this section, we present a data-driven approach for unsupervised discovery
of behavioral patterns in different online learning environments.

Method

We introduce an unsupervised processing pipeline to discover and track latent study patterns
from students’ interaction sequences. The proposed pipeline consists of four steps: (1) Activity
sequence modeling, (2) distance computation, (3) clustering, and (4) cluster matching. The
method receives as input the action sequences extracted from learners’ log data, transforms
them into probability distributions which model transitions between different action types,
computes pairwise dissimilarities between the modeled sequences, estimates the optimal
number of clusters and performs clustering to identify groups of learners with similar study
patterns in each time period. At each time step ¢, matching clusters with those at times ¢ — 1
and earlier are identified. This enables us to track learners’ study patterns over time and
capture changes in their study approaches, which is an advantage of our proposed method
to a recent clustering method proposed in [128]. As the only input to our method is the
sequence of learners’ activities, it can be used to model and track learners’ interaction patterns
at different levels of actions granularity or time resolutions. Moreover, our clustering pipeline
is able to automatically capture changes in the number and size of clusters, and can be used to
detect cluster evolution events such as cluster forming, dissolving, splitting and merging [40].
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Activity sequence modeling

Let A={ay, ay, ..., a;} be the set of possible actions in a platform and St =(51,52,..,8), S; € A
be the sequence of actions performed by a learner during time period ¢. We model learner’s
action sequence as a matrix Fi.; where f;; represents the frequency of observing action
a; right before a; in S*. We then transform F into a normalized vector P, by normalizing
frequencies to represent proportions. Since the entries in P sum up to one, we can consider P
as a probability distribution. P provides an aggregated view of the original sequence, encoding
probabilities of transitions between different action types. Unlike Markov chain models (as
used in [128] and [129]) our representation can directly reflect frequent transitions in learners’
action sequences. Hereafter we refer to P as learner’s activity model.

Distance computation

To perform clustering on the modeled sequences, a dissimilarity measure needs to be defined
to compare learners’ activity models. Since the introduced models are in the form of probabil-
ity vectors, we can use Jensen-Shanon Divergence (JSD) [136], a distance metric designed for
comparison of probability distributions. The JSD for two probability distributions is bounded
in [0,1] and the value of zero denotes identical distributions.

Clustering

Based on the pairwise dissimilarity matrix between learners’ activity models, any standard
clustering method can be used to identify learners with similar activity patterns. We use
hierarchical agglomerative clustering for this purpose. In cluster analysis, determining the
optimal number of clusters is a major challenge. Several methods have been proposed in the
literature to automatically estimate the number of clusters based on the information intrinsic
to the data (see a review in [95]). Calinski-Harabasz index [43] and Silhouette Coefficient
[191] are among the most well-know methods for this purpose. Such methods in general,
measure compactness of clusters (similarity between points in same cluster) and separateness
between different clusters (how far points in different clusters are). In our pipeline, we use
Calinski-Harabasz index for estimating the number of clusters based on the distance matrix
between learners’ activity models. Since learners might change their behaviour, some clusters
might disappear or new clusters might emerge over time. Therefore we separately compute
the number of clusters in every time period.

Cluster matching

After extracting clusters of activity models in each time period, cluster matching is required
to identify the correspondence between clusters in the most recent time step and those of
previous steps. In social network analysis, cluster matching is often employed for group
evolution discovery [40] or tracking dynamic communities over time [88]. In this context,
the overlap between cluster members is a criteria considered for computation of clusters
similarity. However, in our processing pipeline, this step aims to identify corresponding study
patterns in the clustering results of different time periods. Therefore, the similarity of activity
pattern models should be taken into account for assessing clusters similarity. We apply a
method, similar to Ward method [158], for computing the similarity of activity pattern clusters.
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Ward method is used in hierarchical agglomerative clustering for selecting the clusters to be
merged in each step?. According to Ward method, the most similar clusters are the ones which
minimize the increase in the sum of squared errors (euclidean distance) once being merged.
Inspired by this approach, we define the distance, d, between two clusters C; and Cj, as the
amount of increment in the sum of errors (JSD distances in our case) when they are combined:

da(c;, Cj) = SEC[j - (SECi + SECj) (5.1)

where C;; is the union of the two clusters, C; and Cj, and SEc is the sum of errors for cluster
C defined as:

SEc= ) JSD(x;,mc) (5.2)

x,-(—:C

where m¢ represents the centroid of cluster C, defined as the mean vector, and JSD refers to
the Jensen Shanon Divergence.

Based on the defined cluster distance measure, for each cluster C; at each time step, we
identify the closest one to it, C;, from the set of clusters obtained in previous time steps.
In case of multiple candidates for the closet cluster, we choose the most recent one. If the
distance between C; and C; is smaller than a threshold (95% quantile of the set of distances
between candidate matching clusters), we consider the two clusters to be matching and assign
the same labels to them. Otherwise we consider C; as a new cluster and associate a new label
to it.

Results

In this section, using a synthetic dataset, we first demonstrate the application of our proposed
clustering pipeline for modeling learners’ activity sequences and tracking their behaviour
over time. For this purpose we use the synthetic dataset presented in [128], which simulates
students’ action sequences in an intelligent tutoring system. This synthetic dataset consists
of different scenarios including changes in learners’ interaction patterns and can be used
to validate the ability of our method in capturing behavioral changes and detecting cluster
evolution events. Next, we employ the proposed method to capture and analyze learners’
study patterns during the assessment periods in the previously described MOOC dataset
(Section 5.1.3).

2In hierarchical agglomerative clustering, each point is initially assigned to its own cluster, and at each step, the
two clusters with the smallest distance are merged into a new one.
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Simulated study

The synthetic data in [128] simulates action sequences of 80 learners over 50 training sessions
in a tutoring system. In each session, students needed to complete 20 tasks. Each task was
composed of eight steps and students had to correctly solve all the steps in order to finish
the task. Learners’ abilities 6 were sampled from a normal distribution with mean =0 and
variance o = 1, and task difficulties d were sampled uniformly from the [-3,3] range. The
probability of correctly solving a task for each student was given as p(y) = (1 + e~ @971,
Students could request for help at any point during the training session, with a probability
of py. Six types of actions were considered for the learners: S = {New task, Correct, Incorrect,
Correction, Help, Finish}. In the simulated data, good performing students were modeled
by setting 8 = 1 and poor performing learners were simulated by setting 8 = —1. Moreover,
normal help seeking behaviour was modeled by a small probability of help request py = 0.05,
whereas frequent help seeking behaviour (help abuse) was simulated by a large probability
of asking for help py = 0.2. Following this approach, four groups of learners with different
behaviours were simulated, including:

e Group A: bad performing learners with rare help requests

e Group B: bad performing learners with frequent help requests

* Group C: good performing learners with rare help requests

e Group D: good performing learners with frequent help requests

In the synthetic dataset in [128], four artificial scenarios were considered, simulating different
cluster evolution events including cluster merge, split, dissolve, and form. The first scenario,
simulates merging clusters. In this scenario, after about 20 sessions, bad performing learners
with rare help requests (groups A) start abusing the help, and eventually group A completely
merges into group B. The simulation in the second scenario, starts with three groups, B, C, and
D. Over time, some of the bad performing students with frequent help calls (group B), stop
abusing the help and consequently group B splits into group A and B. In the third scenario
which simulates a dissolving cluster, learners in group B switch to the other approaches and
eventually group B completely dissolves into the other three groups. Finally, forming cluster
event is simulated in the fourth scenario. In this case, the simulation starts with three groups,
A, C, and D. Over time a fourth group, B, is formed which gradually absorbs students from the
other groups until all the four groups have equal sizes.

For all the described scenarios, we used our processing pipeline to model and cluster learners’
action sequences in each session, and identified corresponding clusters in different sessions
using the cluster matching step. Using this approach, four clusters of interaction patterns
were identified in all the scenarios. Figure 5.3 represents the average activity models for the
resulting clusters in the first scenario (similar results were obtained for the other scenarios).
According to the transition probabilities between different action types, the resulting clusters
clearly correspond to the four simulated learner groups. The two clusters in Figures 5.3a and
5.3b, depict bad performing learners as reflected by the relatively high transition probabilities
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(a) Group A (bad performing, rare help) (b) Group B (bad performing, frequent help)

e._
T of
e

(c) Group C (good performing, rare help) (d) Group D (good performing, frequent help)

Figure 5.3 — The average activity models for the four resulting clusters in the first simulated
scenario (cluster merge). In the transition diagrams, node color intensity is proportional to the
action probability and edge thickness is proportional to the transition probability. The resulting
clusters, correctly capture the four simulated behaviours.

between Incorrect and Correction actions. Such learners therefore make more mistakes com-
pared to the good performing learners in Figures 5.3c and 5.3d. Regarding the help seeking
patterns, the help abusing behaviour is reflected by the frequent transitions between Help and
Correct actions in Figures 5.3b and 5.3d, whereas such transitions are quite rare for learners
with normal help seeking behaviour in Figures 5.3a and 5.3c.

Based on the clusters that students were assigned to in each session, we build their interaction
pattern sequences in the four simulated scenarios. According to the resulting sequences,
illustrated in Figure 5.4, our method successfully captures the described cluster evolution
events in all the scenarios. Furthermore, comparison of our clustering results with the ground
truth, confirms the high accuracy of our method in labeling learners’ study sessions. Our
proposed method, achieves 95% accuracy in first and third scenarios (clusters merging and
forming) and 93% accuracy in second and forth scenarios (clusters split and dissolve).

Overall, the presented experiments with simulated data, demonstrate that our processing
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O GroupA B GroupB @O GroupC B Group D

Learner ID
1.9 19 30 41 52 63 74
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Session Session
(a) Merge (b) Split

Learner ID
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Learner ID

1 9 19 30 41 52 63 74

1 4 7 10 14 18 22 26 30 34 38 42 46 50 1 4 7 10 14 18 22 26 30 34 38 42 46 50
Session Session
(c) Dissolve (d) Form

Figure 5.4 - Sequences of the learners’ interaction patterns over 50 sessions in the four simulated
scenarios. In the sequence charts, each horizontal line represent the interaction pattern sequence
of one learner. Our proposed pipeline correctly captures the changes in cluster count and size
and detects clusters merge, split, dissolve, and form.

pipeline is able to detect different interaction patterns among learners, and provides models
which are easy to interpret. The validity of the clustering and cluster matching steps is also
confirmed by these results, showing that our method correctly captures changes in the number
and size of clusters and is able to detect changes in learners’ behaviours over time.

MOOC study patterns

In order to employ the described data-driven approach to model study patterns in MOOC, we
choose daily granularity of actions. We label each day according to the type of activities (re-
gardless of their order) performed by the learner (Video access, Forum access and Assignment
submission), with one of the following states: {A, F, V, AF, AV, FV, AFV, Inactive}. We then
describe individuals’ daily state sequences as the list of daily states between their first and
last activity day during each assessment period. As an example, if a learner starts the learning
sequence by watching the videos on two successive days, does not perform any action on the
next three days, accesses the forum (read/write) and submits to the assignment the day after,
his(her) daily state sequence would be as: {V, V, Inactive, Inactive, Inactive, AF}.

Following this data preparation procedure, we construct the daily state sequences for all the
six assessment periods for a randomly selected sample of 2000 learners in our dataset®. The

3Sampling was done due to high memory requirement for pairwise distance computation on the full dataset.
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set of state sequences is then provided as input to the described clustering pipeline. For
each assessment period, learners’ activity models, which in this case represent transition
probabilities between different daily states, are constructed and clustered according to the
estimated number of clusters. Cluster labels are then refined based on the cluster matching
results. The center of each cluster (average vector) is considered as the representative study
pattern for the learners in each cluster.

Following this approach, we identified 13 different study patterns (clusters) from learners’
interaction logs. Table 5.3 provides a summary of the results, including visualization of the
study patterns and the most frequent daily state sequences in each cluster. Description of the
study patterns and their attributes (size and average cluster errors) are also provided in Table
5.3. The low average cluster errors (0 to 0.1) reflect the accuracy of the clustering results.

The resulting clusters, capture meaningful patterns in learners study sequences. According to
the state transition diagrams and their descriptions in Table 5.3, the extracted study patterns
differ in the duration of study sequences and also the performed daily activity types. In most
cases, learners work on materials of a week during one or multiple consecutive days. For
instance, learners with Patterns 8, 10, and 12 have a single activity day. In Pattern 10, learners
directly submit to the assignments without accessing any other course materials, whereas in
Pattern 8, they watch the videos and submit to the assignment, and in Pattern 12, they also
access the discussion forum. Learners in Patterns 4, 5, 6, and 9 study during two or more
successive days, whereas, in Patterns 3, 7, and 13, learners have multiple inactive days during
their learning sequence.

Table 5.2 provides an overview of the estimated number of clusters and the list of detected
study patterns at each assessment period. As reflected by the cluster counts, a higher variability
is observed in learners’ study approaches at the beginning of the course. Most of the patterns
detected in the first assignment, remain present in learners’ interaction sequences over the
course duration (Patterns 1, 2, 4, 7, 8, 10, and 11), whereas some other patterns such as Patterns
5and 9disappear over time. During the second and fourth assessment periods, two new study
patterns are formed (Patterns 12 and 13), both of which dissolve into other patterns after only

Table 5.2 - Estimated number of clusters and list of identified study patterns in each assessment
period. New patterns in each period are highlighted in bold blue font. Study patterns are
described in Table 5.3

Assignment Estimated cluster count  Clusters list (study patterns)

1 11 Pattern 1, 2, 3,4,5,6,7,8,9,10,11

2 12 Pattern 1, 2, 3,4,5,6,7,8,9,10,11, 12

3 10 Pattern1,2, 4,5, 7,8,9,10,11,12

4 10 Pattern 1, 2,3,4,5, 7,8, 10,11, 13
5 8 Pattern1,2, 4, 6,7,8 10,11,

6 8 Pattern1,2, 4, 6,7,8 10,11,
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Figure 5.5 — Transition probabilities between data-driven study patterns in MOOC dataset.
Node size is proportional to the pattern frequency and edge thickness is proportional to the
transition probability (Transitions with probability smaller than 0.1 are not displayed).
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one or two periods.

Figure 5.5 depicts the transition probabilities between different study patterns, extracted from
learners’ study profiles over the course duration. According to the self-loop probabilities,
Patterns 10 and 7 are the most stable study patterns, in the sense that learners following these
approaches, are likely to continue with the same approach in the next assessment period.
Pattern 11, which represents inactive learners during a period, is also associated with high
stay probability, suggesting that inactive learners in one period would remain inactive in the
next period, with a probability of 0.6. Pattern 10 represents learners with only one activity day
on which they submit to the assignment and do not access any videos or the discussion forum.
This pattern could represent a similar approach as A_start, described in Section 5.1.4. Pattern
7, which is the most frequent study pattern, represents students who watch the lectures, and
after few inactive days they either continue watching the videos or submit to the assignment.
This pattern receives relatively strong connections form the other nodes (except Pattern 10),
suggesting that learners with other approaches, might adopt this study pattern for the next
assessment period, with probabilities between 0.2 to 0.4.
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Table 5.3 — Data-driven study patterns extracted from MOOC learners interaction logs. For
each pattern, transition diagrams (left) show the average activity model (node color intensity is
proportional to the state probability and edge thickness is proportional to transition probability).
The grid charts (right) show the 20 most frequent daily state sequences for each study pattern.
Horizontal axis in sequence charts represent days in the assessment period and rows represent
sample sequences (row height is proportional to the sequence frequency). In the patterns
description, N represents the frequency of each pattern and AE is the average error (average
distance between activity models and cluster mean vector).

Study pattern Sample state sequences

Study pattern Sample state sequences
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Pattern 9, N=166 (1%), AE=0.04
Watching videos on one day, continue watching,
access the forum and submit to the assignment on
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Pattern 11, N=2478 (21%), AE=0.01
Inactive, no access to the materials of the
corresponding assignment before the deadline
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Single day of activity, with watching the videos,
accessing the forum, and submitting to the
assignment
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5.2 Activity patterns in Realto

As described in Chapter 3, Realto is designed as a generic platform accessible by different
professions in vocational education and training. It provides a range of functionalities to users
with different roles, i.e. apprentices, teachers and supervisors. Analysis of platform usage
patterns by Realto users, could provide insights on its employment in vocational schools.
Understanding how the platform is being used by different user categories, which features are
of higher importance for particular sub-populations, and which aspects of the platform are
under-explored by the users, could inform the design of new features and enhancement of the
existing functionalities in order to better address users’ requirements in Realto.

To enable monitoring and analysis of users’ activity patterns, we developed activity analysis
module in Realto analytics dashboard (Appendix A.2). The dashboard allows for selecting
specific user groups based on their profession, role, school, and language, and provides two
types of information for the selected users: (1) visualization of their activities over time, and (2)
clusters of participants with similar usage patterns. Five type of activities are considered in the
activity analysis module: creating a post, comment, or learning documentation entry, creating
a classroom activity (specific to teachers and supervisors), and submission to teacher-defined
activities.

An example of the activity sequence charts is provided in Figure 5.6, representing the weekly
activity types by teachers and apprentices in florist profession, during a period of 28 months
(May 2015 to August 2017). The time period and time window size (weekly or monthly) for
the activity sequences can be selected from the interface. According to Figure 5.6a, one of the
three initially subscribed florist teachers in Ralto, remains engaged in the platform till the end
of 2016. This teacher creates several classroom activities and posts, at different points of time,
and also explores the learning documentation functionality. In the beginning of 2016, 16 other
florist teachers are registered in Realto, however they do not continue using this platform in
their classes. According to Figure 5.6b, florist apprentices mainly used Realto for creating
standard posts before November 2015, and after this period, they also submit to teacher-
defined activities. Few apprentices in this profession have created learning document entries
in Realto. The decreasing engagement level of florist participants in 2016 and afterwards is
evident from Figure 5.6. Such information could help the research team to plan follow-up
meetings and training workshops for user groups who might need further support.

Although the data-driven method described in Section 5.1.5, could directly be applied to
determine usage patterns in Realto, due to the sparsity of platform usage data at the current
stage, we decided to follow a different approach. To identify groups of participants with
similar engagement pattern in Realto, we cluster users based on their total number of posts,
comments, learning documents, activity creation and activity submissions. The number of
clusters can be selected in the dashboard interface and Clara algorithm is used as the clustering
method. Clara is an extension to K-medoids clustering method, adapted for fast clustering
of large datasets. This method perform K-medoids on a randomly selected subsample of the
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Figure 5.6 — Activity sequence of florist apprentices (top) and teachers (bottom) in Realto.

data, finds the optimal set of medoids, and assigns the objects in the entire dataset to the
closest medoid. To alleviate sampling bias, this process is repeated for a predefined number of
times and the clustering result with the minimal cost (average dissimilarity between objects
and cluster medoids) is returned as the output.

Figure 5.7 provides an example of Realto usage clusters by teachers and apprentices in clothing
design profession. As depicted in Figure 5.7a, apart from inactive teachers in Cluster 1, three
teachers in Cluster 2, frequently create classroom activities, and also write comments on the
posts in Realto. Creating standard posts is the main activity of the other five teachers in Cluster
3. Considering the apprentices in this profession, according to Figure 5.7b, the first cluster
(N =157) represents inactive users and the second cluster (/N = 32) represents apprentices with
relatively low level of activity, who mainly respond to teacher-defined activities. Apprentices
in the third cluster (INV = 55) mostly use the social features of the platform, as reflected by their
larger number of comments and posts. On the contrary, creating learning documentations is
the primary use of Realto for apprentices in the forth cluster (N = 40). This example shows
how activity analysis module in Realto analytics dashboard could enable investigation of
engagement patterns of different user groups in Realto.
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Figure 5.7 — Clusters of Realto usage patterns by apprentices (top) and teachers (bottom) in
clothing design profession.

5.3 Discussion

In this chapter, we investigated engagement patterns of participants in online learning en-
vironments. We described methods for analyzing interaction sequences in order to extract
behavioral patterns and inspect learners’ engagement over time. We applied the described
methods to analyze learners’ participation patterns in MOOCs. To investigate users’ en-
gagement patterns in Realto, we introduced the activity analysis module in Realto analytics
dashboard and provided examples of different usage profiles among participants in this
platform.

To answer our research question on learners’ study patterns in MOOC context (Question 1),
we presented two methods for detecting and temporal analysis of study patterns. In the first
method, we employed a hypothesis-driven approach to label learners’ activity sequences
based on interactions with lectures and assignments. According to the results, about 44% of
the learners in our MOOC dataset, watch lecture videos prior to submitting to each assignment.
On the other hand about 2% of learners, skip the videos in all assessment periods. Moreover,
through unsupervised categorization of study pattern sequences, we identified different
longitudinal engagement profiles among learners. We showed that some learners temporally
change their study approach during few periods, whereas some other learners permanently
switch to a new approach. Detecting changes in study approaches could be used for providing
personalized support to learners who face difficulties during their learning process.
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In the second method, we proposed a processing pipeline for unsupervised discovery and
temporal analysis of interaction patterns from sequential activity logs. The proposed method
is general and requires only the collections of action sequences as input. It can therefore
be employed for modeling and analyzing interaction patterns in various online learning
environments, including MOOCs and intelligent tutoring system. Moreover, the presented
pipeline allows for analysis of interaction patterns at different levels of granularity and time
resolutions. Through experiments with simulated data, we showed that our pipeline enables
to detect learners’ behavioral patterns, provides interpretable models describing them, and is
able to capture temporal dynamics of learning behaviours. We further applied our pipeline to
aMOOC dataset to explore learners’ study patterns in this context. Using this approach, 13
different study patterns were identified. We presented a description of the obtained patterns
and investigated transitions among them.

Generalizability of the detected study patterns in this work, needs to be further explored in
different MOOC courses. Additionally, it would be interesting to explore the relation between
the adopted strategies and learning performance and also the influence of participants’ back-
ground, educational context, and demographics on their study approaches. Unlike most
existing works with post-hoc analysis of learners’ activity traces, our proposed pipeline can be
employed for analysis of learners’ engagement during the course period. A possible extension
of the presented work could be to integrate an overview of the captured behaviours and study
pattern sequences in analytics dashboards. This information provided to the teaching team,
could help them plan for improving the course design, for instance by identifying the factors
which trigger course-wide drifts in learners’ engagement patterns. Moreover, the extracted
learning behaviours could be employed for improving personalization of online learning
platforms and intelligent tutoring systems.
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Online Social Interactions

In the previous two chapters we studied learners’ online participation patterns in time
and activity domains. Focusing on individuals’ behaviour, we incorporated computational
methods to model learners’ study habits and identified groups with similar engagement styles.
In this chapter we explore the social dimension of online learning through the investigation
of participants’ online communication. Following a similar structure as in the previous
two chapters, we study the social dimension of online interactions in MOOC and in Realto
platform.

Social learning is considered as an important element of scalable education in MOOCs [37]. In
this context, with the absence of face-to-face communication and lack of individual support
by tutors, discussion forums often serve as the only channel for peer-to-peer information
exchange. Considering the large number of participants and diversity of their background
knowledge and learning styles, social communication can take very complex forms. To bet-
ter support information exchange between peers, it is essential to understand the current
situation and learners’ interactions within the discussion forums.

In the case of Realto, as mentioned before (Chapter 3), this platform has been implemented
as a social platform connecting different VET stakeholders including apprentices, teachers,
and supervisors. Realto provides a digital space for sharing information and experiences
captured from different learning locations (e.g. school or workplaces). Social interactions
among platform users is enabled through commenting, rating, and providing feedback on
the shared materials. Analysis of the emerging communication patterns among participants
could therefore provide insights on the use of social features in Realto, shedding light into the
connections between different stakeholders.

In this chapter, we present an exploratory study on dynamics of MOOC discussion forums
in Section 6.1. By incorporating different analytic methods we study three main aspects
of MOOC forum communication including time, discussion content, and learners’ social

Parts of this chapter were done in collaboration with Tobias Hecking and have been previously published in
[204].
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interactions. In Section 6.2, we employ social network analysis measures and methods to
uncover the attributes and structure of communication among Realto participants. We provide
a discussion on the findings and conclude the chapter in Section 6.3.

6.1 Social interactions in MOOC

6.1.1 Context

Analysis of MOOC discussion forums have received much attention in recent years. A substan-
tial body of research has been developed aiming to understand the use of MOOCs discussion
forums as a prerequisite for the development of improved collaboration mechanisms tailored
to the specific conditions of collaboration on massive scale [189, 251]. Previous studies had
investigated MOOC discussion forums from different perspectives. This includes analysis of
learners’ engagement and activities [11, 124, 164], discussion themes and topics or linguistic
properties of written messages [140, 190, 236], structure of the communication network, group
formation and social interactions among forum participants [84, 85, 163].

The question about how engaged different MOOC users are in discussion forums has been
addressed in various studies. Several studies point out the limitations of MOOC discussion
forums such as low overall participation [124, 164], and sometimes a lack of responsiveness
[242]. The fact that the discussion forums are mainly used only by a small fraction of the course
participants [124] is meanwhile commonly known. Furthermore, the fraction of learners who
use the forums intensively is even smaller [164]. On the other hand, there is evidence for a
relation between engagement in discussion forums and different levels of engagement with
respect to other course activities [11] and that forum activity goes along with completion
rates [11, 84]. Forum participation features have also been employed for modeling learners’
engagement in the course and predicting dropouts [180, 241]. Discussion volume often
represents a continuous decline over the duration of the course. The high decline rate of
forum activity besides the behavioral factors, which contribute to maintenance of a robust
participation rate are investigated in [37]. In general, several studies point out the discrepancy
between the goal of establishing a learning community and the actual implementation of
collaboration mechanisms in MOOCs [198]. Considering the asynchronous communication
and heterogeneous population of participants in this context, it has been argued that adequate
support mechanism are required to engage participants in active collaborative knowledge
exchange [189, 251]. Personalization, support in finding peers for information exchange, and
formation of learning groups are among the examples of such support methods [189].

Apart from questions about the activity of course participants in the discussion forum the
actual content of the discussions is of interest as well. This typically requires natural language
processing to analyze the textual contributions of forum users. The types and themes of
discussion forums can be diverse and not necessarily related to the actual course subject [164].
Messages like personal introductions, search for learning groups, or requests of technical
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and organizational support, are among the examples of non-content related discussions.
Identifying discussions relevant to the course content is crucial for the analysis of collabora-
tive knowledge building and information exchange in discussion forums. Towards this goal,
Wise and Cui [236] proposed content-based indicators in combination with machine learning
methods to determine content-related discussion threads. Similarly, Rossi et al. [190] built
supervised models to classify discussion threads into different categories such as social talk,
open ended topics, close ended problems, and course logistics. Another strand in content-
based analysis is concerned with the nature of forum posts. Classification of speech-acts in
MOOC discussion forums such as questions, answers or issue resolution [14, 140], provides
insights into the composition of discussion forum from the perspective of contribution types.
Apart from speech acts, contributions can also be classified according to constructs of con-
ceptual and operational learning levels according to the Anderson and Krathwohl’s taxonomy
[240].

Considering the aspect of social forum interactions, network analysis methods have been
widely applied to analyze communication structure emerging from participants interaction
in discussion forums. Structural patterns and the underlying relational organization of a
course community has been studied in several related research. Gillani et al. [84, 85] analyzed
networks of forum users connected by co-contribution to the same discussion threads. They
argue that the coherence of the social structure mainly depends on a small set of central
users and the forum users can be considered as a loosely connected crowd rather than a
strongly connected learning community. These difference between regular forum users and
occasional posters was explicitly taken into account by Poquet and Dawson [163] showing that
regular users shape a denser and more centralized communication network since they have
more opportunities to establish connections. In the context of structural analysis of forum
communication networks, different studies have used exponential random graph models
(ERGMs) [183] or related statistical network analysis models to identify factors that influence
the emergence of the observed network characteristics [112, 116, 163, 249]. In general these
results reveal an effect of reciprocated ties and a lack of centralization of the networks to few
influential users. On the level of individuals, social network analysis is further applied to
identify different roles of users based on their social connections and thematic affiliations
[102, 99]. This will be explicitly taken up in this chapter later on in Section 6.1.6.

Despite the amount of work described above, there are still many open questions (see Section
6.1.2) and comprehensive studies that integrate different aspects of peer exchange in MOOC
forums do not exist to a large extent. Furthermore, although the important aspect of time in
online discussions is being recognized in recent studies such as [103] and [104], most of the
existing research overlook the temporal dynamics of forum communication by considering
aggregated variables over time or a static forum snapshot to describe users interactions. Our
work constitutes a step towards filling this gap by providing results of adapting mixed methods
to investigate different aspects of users’ participation in MOOC discussion forumes.
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6.1.2 Problem formulation

In this chapter, we aim to extend the body of research on MOOC discussion forums by pro-
viding an integrated study on the interplay of temporal patterns, discussion content, and
the social structure emerging from learners’ forum communication. As mentioned, most
of the existing research focus on only one of these dimensions. However, to attain a more
complete picture of the discussion forum communication, a combined analysis of all the afore-
mentioned aspects is necessary. A special focus of our analyses is on the yet under-explored
aspect of temporal dynamics and influence of the course structure on forum participation. In
particular, we cover three main dimensions of discussion forums: time, content, and social. In
the time dimension, we reconstruct the daily timeline of the course by considering the main
course related events, namely video release time and assignment soft deadlines!, and track the
evolution of forum activity with respect to the course timeline. In the content dimension, we
apply text analysis methods to investigate discussion themes and topics. In the social dimen-
sion, we study the underlying social structure emerging from the communication (global level)
and learners’ roles in the communication network (individual level). Contrasting the results
of these analyses could shed light on the interrelation between forum activity, discussion
content, and social communication structure. Concerning the aforementioned aspects we
aim to answer the following research questions:

Question 1. How does the overall activity in discussion forums evolve over time and is it
related to the course structure? [time dimension]

Question 2. How do the discussion topics evolve over time and is it related to the course
structure? [content + time dimension]

Question 3. Does the course structure influence the structure of information exchange net-
work? [social + time dimension]

Question 4. How do the learners’ roles in discussion forum evolve over time? [social + time
dimension)]

Question 5. How are the learners’ roles in the communication network related to discussion
content? [content + social dimension]

Question 6. Is the overall forum activity predictable?

In general, our hypothesis is that the course structure has influence on the forum communica-
tion and therefore structural features of the course could be used for predicting forum activity
level, in order to enable the teaching team to prepare for supporting learners during intense
discussion periods. In particular, we expect increased discussion volume at the proximity
of course deadlines, along with the increment of content related discussions and learners’
connections in the information exchange network. Considering the discussion content, in-
vestigation of discussion topics over time, allows for determining the challenging topics and
thematic areas during different periods of the course. Furthermore, analysis of learners’ roles
in the discussion forum serves as a prerequisite for development of improved collaboration
mechanisms adaptive to needs of the different user groups.

1Submissions made up to three days after the soft deadline are still graded but penalized for a late submission.
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In the following, after presenting the dataset in Section 6.1.3, we investigate overall forum activ-
ity across course timeline (Question 1) in Section 6.1.4. In Section 6.1.5 we explore discussion
topics over time (Question 2). In section 6.1.6 we present analysis of social communication
structure at global (Question 3) and individual level (Question 4). We further provide analysis of
the relation between social and content aspects of discussions (Question 5) in Section 6.1.7. In
Section 6.1.8, we integrate extracted features from several of previous sections into a machine
learning model to predict the forum activity level (Question 6).

6.1.3 Dataset

The dataset used in this study consists of two engineering MOOCs, produced by EPFL and

offered on Coursera entitled: “ Functional Programming Principles in Scala”?

and “Principles
of Reactive Programming”, hereafter referred to as Scala and Reactive respectively. Both
courses are taught by the same instructor and comprise seven sets of video lectures released
in a weekly basis and six graded assignments corresponding to the different course topics.
The final grade is computed as a weighted average of individual assignment grades with a
passing threshold of 60 out of 100. Discussion forums in both courses were structured into
several sub-forums such as general discussions, search for learning group, questions and
clarifications about course lectures and assignments. Learners were instructed to choose the
relevant sub-forum while posting new questions. Discussion forums followed a hierarchical
structure, similar to most existing forums, where learners could either create a thread to
initiate discussion around a new topic, write a post in an existing thread or add a comment to
an existing post. We restrict our analysis to the lectures and assignments sub-forums as our
focus is in tracking the evolution of discussions related to the course content. According to the
statistics reported in Table 6.1, this resulted in 7,699 messages created by 1,175 participants in
Scala course and 12,283 messages by 1,902 participants Reactive course.

Table 6.1 — Dataset overview

Course Forum Forum Message Thread
participants contributors® count Count

Scala 10,081 1,175 7,699 939

React 12,065 1,902 12,283 1,702

*participants who wrote a message (post or comment)

6.1.4 Forum activity over time

To investigate the temporal dynamics of forum activity and its relation with the course struc-
ture (Question 1), we extracted number of messages (posts or comments), number of forum
contributors (participants who wrote a message), and number of new threads added to the
content-related sub-forums on each day of the course. Figure 6.1 represents daily count

Zhttps:/ /www.coursera.org/learn/progfunl
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Figure 6.1 - Number of messages created per day in Scala and Reactive courses. Vertical lines
represent video release days (dashed blue) and assignment deadlines (solid red).

of messages in Scala and Reactive MOOCs with respect to the main course events: video
release (dashed blue lines) and assignment deadlines (solid red lines). Since daily count of
new threads and forum contributors were highly correlated with posts count (Pearson linear
correlation, r > 0.9, p < .01 for both courses), here we only represent posts charts.

As it can be perceived from Figure 6.1, despite the decline of forum activity over time, at several
points close to the video release or assignment deadlines, there is an increment of messages
in the discussion forum. This is better perceived from Figure 6.2 which depicts the average
count of new messages with respect to the proximity of video release day and assignment
deadlines. In Scala MOOC, the highest level of forum activity is associated with two to three
days after the video release and the forum activity peak in Reactive course is on one to two
days after video release. Considering the proximity of assignment deadlines, as perceived from
the right charts in Figure 6.2, in both courses, the forum activity level increases as the deadline
approaches. These observations further confirm the dependency between course structure
and forum activity level.

6.1.5 Discussion content over time

With respect to our research question about the evolution of discussion content over the
course duration (Question 2), in the following we present analysis of the posts’ content over
time.
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Figure 6.2 — Average number of new messages depending on the proximity to video release (left)
and assignment deadline (right) in Scala and Reactive courses

Method

To investigate the evolution of discussion content, we extracted certain indicator phrases from
the written messages and tracked their distribution over time. As summarized in Table 6.2, we
considered two categories of indicator phrases.

The first category, domain-specific concepts, contains the set of keywords related to the main
concepts of the course subject and were specifically created for each course. For constructing
this set, the most frequent concepts in the discussion threads were first determined using
Open CalaisAPI3. Based on the course outline and detailed knowledge on the course topics (e.g,
common tools and concepts in functional and reactive programming), this initial set was then
manually refined and different spelling and synonyms were explicitly taken into account (e.g.
“lambda function” and “anonymous function” were mapped to the same concept). Following
this procedure, 25 domain concepts for Scala and 19 for Reactive were extracted (examples
are provided in Table 6.2).

The second category of indicator phrases, content-related keywords is comprised of terms
and phrases which indicate content-related discourse. Unlike the previous category that could
directly be mapped to a specific course topic, these terms are more general in nature and
distinguish content-related discussions (e.g. discussions about course topics and materials)
from non-content-related discourse (e.g. social talks, search for study groups, questions
about deadlines or certificates). They can either appear in combination with domain specific
terms (e.g. “Is there a difference between a lambda and an anonymous function?”) or without
mentions of domain concepts (e.g. “I have no idea how to approach this problem. Can someone

3http://www.opencalais.com/opencalais-api/
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Table 6.2 - Examples of indicator phrases used to track discussion topics over time

Category Example

Scala: subroutine, recursion, concurrent, immutable,
anonymous function, patetrn matching, huffman coding
Reactive: akka, promise, await, replicator, heap,
concurrent

Domain-specific concepts

understand, difference, solution, answer, feedback,

Content-related keywords . . . . .
yw clarify, clarification, question, example, explain, mean

provide a better explanation?”). Such keywords as “difference_between” and “explanation”
have been characterized as “signal concepts” by Daems et al. [58] and are considered as
indicators of potential information needs and problems in understanding domain related
concepts. Our selection of general content-related keywords was also inspired by Wise and
Cui’s [236] findings on the identification of content-related threads which suggests that general
terms such as “understand”, “example”, and “difference” are among the predictors of content-
related contributions.

Results

Figure 6.3 represents the ratio of messages including content-related keywords during the
course timeline for Scala and Reactive MOOCs. In general, content-related discourses are
present throughout the course duration and, unlike our hypothesis, their distribution is not
strongly influenced by video release or assignment deadlines. In Scala course, on average
49% (sd = 17%) of the messages on each day contain content-related keyword and this ratio
for reactive course is 41% (sd = 12%).

Considering the domain-specific concepts, Figure 6.4 provides concrete examples of distri-
butions of terms related to the course subject. Some domain concepts such as recursion and
anonymous function in Scala, are present in the discussions from the beginning and can
be related to participants with certain background knowledge, who are able to discuss the
specific course concepts independently from the conveyed knowledge in the lectures. On the
other hand, some other domain concepts such as pattern matching and huffmanin Scala
and heap, promise, akka* and replicator in Reactive, are clearly introduced to the discussions
after a specific video release and could represent the challenging or unclear concepts for the
learners in the corresponding lecture. Interestingly, most of such lecture introduced concepts
remain in the discussion until the end of the course. This indicates that discussion forums are
to some extent useful for further discussion on lecture introduced knowledge which could be
connected with the following course sections.

4Akka is a toolkit used for reactive programming.
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Figure 6.3 — Distribution of content-related posts over time, in Scala and Reactive courses.
Vertical lines represent video release days (dashed blue) and assignment deadlines (solid red).

6.1.6 Social communication structure

In this section, we explore the social aspect of discussion forum and investigate the network
of information exchange among forum contributors. In particular, we study the information
exchange network at two levels: global and individual. At the global level we explore the
evolution of network over time (Section Evolution of network structure over time), whereas
at the individual level we focus on students’ roles in the network (Section Structural roles
over time).

Methods
Network extraction

Several approaches have been used in the literature to model learners forum communication
as a social network. One common approach is to consider links between all participants con-
tributing to the same discussion thread [85, 90], or to link contributors in a thread only to the
thread initiator [116, 252]. Another commonly used approach is to extract reply relationship
between forum participants according to the hierarchical structure of messages in the forum.
In this method, participants writing a post in thread are considered to be tied to the thread
starter, whereas those writing a comment are linked to the author of the corresponding post
(112, 116]. In [237], Wise and Cui have examined the effect of different tie definitions on social
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Figure 6.4 — Examples of domain-specific concepts, and their distribution over time in Scala
and Reactive courses. Vertical lines represent video release days (dashed blue) and assignment
deadlines (solid red).

network structure and interpretation. Their study showed that network properties were not
very sensitive to differences in tie definition, with an exception of the first approach (linking
all contributors in the same thread, also known as total co-presence), which might result in
dramatically distinct network structures.

In this study, we are interested in information exchange relations among participants and
their information giving and information seeking behaviours over time. The aforementioned
methods do not take into account the semantic attributes of the written messages and hence
do not differentiate between message types (e.g. questions, answers, clarifications). Therefore,
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Table 6.3 - Examples of classified posts

Message Category

Would it be OK to unfold source list to a string (like "aaabbc’) and

then build combinations from this string? I still can’t think in Information seeking
terms of Lists.

I'm having a similar problem. Mine is in a worksheet called pat-
ternmatching. Sorry I'm not understanding this.

Not sure about my solution: I am using recursion, but I found that
I must sort the coins list first. Is this the right approach, oram1 Information seeking
missing something else?

Information seeking

You're fine, what he means is that there is no need to use an extra
stack, since the passed parameter is already kind of like a stack.
If you want to use those constructor parameters, just give them
names.

The point is to implement it in a way that will not need isEmpty or
isInstanceOf but will work implicitly instead.

Information giving
Information giving

Information giving

I think it is starting to make sense. Thanks. Other
Of course, [ will implement it myself then. Thanks! Other
Good to learn. Never used it before. Other

to extract concrete information exchange network from forum discussions, we adopt the
method introduced in [102]. This method incorporates three steps: (1) post classification, (2)
posts relation extraction, (3) transforming network of posts into network of participants. We
briefly describe these steps in the following and refer to [102] for more details.

In the first step, messages are classified into three classes information giving, information
seeking, and other by applying a supervised classification method (random forests) trained on a
set of 300 manually labeled posts. All messages that request information, for example, concrete
questions on course topics or requests for advice were coded as information seeking. Posts
that provide any kind of information to information seekers were subsumed as information
giving, and posts which cannot be associated to any of the other classes were labeled as
other. The feature set used by the classifier includes a combination of structural features
(e.g. absolute and relative position of the message in the thread, number of votes) and
content related features (e.g. message length, occurrences of questions words, question and
exclamation marks, and specific phrases such as “need help” or “helps you”). Using this
method, a classification accuracy of F1 = 0.77 was achieved in our dataset, which is close to
the values reported in [102]. Table 6.3 provides examples of the classified messages. As shown
by the examples, an information seeking message is not necessarily in the form of a concrete
question, but it can also be an implicit clarification request or reporting a similar problem
already mentioned by another learner in the discussion forum.

In the second step, relation between the posts is extracted. In order to do so, first the posts
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labeled as other are removed. The remaining messages in the discussion thread (or a sub-
thread comprising comments to a parent post), can then be decomposed into alternating
sequences of information seeking and information giving messages. In the most usual case,
messages in a information giving sequence refer to the most recent preceding information
seeking sequence. This allows to extract the network of posts by connecting information
giving messages to their corresponding information seeking message(s) with outgoing links.
Furthermore, an edge between two messages carries a timestamp indicating when it was
created which is extractable based the creation time of the messages.

In the final step, the final information exchange network among forum participants is derived
by collapsing all nodes with the same author in the posts network, into a single node. Therefore,
in the resulting network, there exist a directed edge between two nodes (representing forum
participants) if the first participant provided some information to the second one.

Based on the timestamps of the edges, the resulting network can be divided into a sequence
of network slices corresponding to certain time intervals. Each network slice contains all the
nodes (forum participants) but only the edges that where created in the corresponding time
window. This allows to study the dynamics of the social communication structure in detail, as
it will be explained in the following.

Network structure over time

In order to study the temporal dynamics of information exchange network, we consider
overlapping network slices over one week time windows using a sliding window approach. This
results in one network slice for every day (d where d > 6) of the course modeling participants
connections based on their forum activity during the past seven days ([d —6: d]). For each
network slice, we then extract a set of classic structural attributes, including number of nodes
and edges, average total degree®, network density®, average path length’, and global clustering
coefficient®. Tracking the structural attributes of these overlapping network slices would
enable us to investigate how the overall structure of the information exchange network evolves
over time.

Role modeling

In order to determine the individual’s role in the information exchange network, we use role
modeling techniques (also known as positional analysis) in social network analysis. The
general idea of role modeling methods such as blockmodeling [69] is to decompose the set of
nodes in a network into clusters with equivalent connection patterns to the other nodes. In
social network science those clusters are interpreted as users who have similar role or position

5Average number of connections that a node has to/from other nodes

6Ratio of existing edges in the network to the possible number of edges

7Average number of steps along the shortest paths for all possible pairs of connected nodes
8Fraction of closed triangles (cliques of three) to the possible triangles
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(a) Original network (b) Structural equivalence sets (c) Regular equivalence sets

Figure 6.5 — Example of structural and regular equivalent sets

in the community, hereby referred to as a structural role [196].

The notion of equivalence can be defined in different ways. Structural equivalence [142] and
regular equivalence [234] are the most commonly used definitions. Structural equivalence
requires two equivalent nodes to have the same type of connections to same set of nodes,

which implies having the exact same neighbors®

. Regular equivalence relaxes this strict
criterion such that equivalent nodes should have similar relations to nodes that are equivalent
themselves. That is, regular equivalence sets are composed of nodes which have similar types
of relations to members of other regular equivalence sets, but do not necessarily share the
same set of neighbors. Mathematical details for the computation of structural and regular

similarity can be found in [69].

To clarify the concept of structural and regular equivalence with an example, consider a
network representing family relations. In such a network, two mothers don’t have the same
children, husband, or in-laws, so they are not structurally equivalent. However, they have
a similar pattern of connections with a husband, children, and in-laws. Therefore the two
mothers can be regarded as regularly equivalent due to the similarity of their connection
patterns with at least one member in each of the other sets of actors (who are themselves
regarded as equivalent due to the similarity of their ties to a member of the set mother)
[96]. Another example of structural and regular equivalent sets is presented in Figure 6.5.
Considering the structural equivalence in this sample network, as there is no other node
with the exact same set of contentions as A, this node forms a cluster by itself. This is also
the case for B, C, D and G. However, E and F have the exact same connections as they
both have a single incoming link from node B. Therefore this two nodes form a structural
equivalence cluster. The same is true for nodes H and I. On the other hand, with respect to
regular equivalence, only three equivalent clusters can be identified in this example. The first
cluster includes a single node, A. The second cluster is composed of B, C and D. The third

9Two nodes in a network are neighbors if they are connected to each other.
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{E.F,G, H, I}

(a) Structural equivalence (b) Regular equivalence

Figure 6.6 — Blockmodel representation of example network in Figure 6.5, according to structural
and regular equivalence based clustering.

cluster consists of nodes E, F, G, H and I. The three nodes in the second cluster are regularly
equivalent, as each of the nodes has an incoming connection from the first cluster, and has
at least one outgoing connection(s) to the third cluster. Similarly, the third set of nodes are
regularly equivalent as they have no connection with any node in the first cluster (node A),
and each has an incoming connection from a node in the second cluster (B, C or D).

Structural equivalence is a very restrictive form of similarity and in many real and particularly
large networks, exact structural equivalence may be rare. On the contrary, the concept of regu-
lar equivalence quite closely corresponds to the sociological concept of a role, and therefore it
is the most commonly used definition in different applications [96]. Similarly, in the case of
discussion forum communication networks, considering the sparsity and usually large size
of such networks, clustering learners based on the regular equivalence is more reasonable.
Therefore, we use regular similarity in conjunction with hierarchical agglomerative clustering
to model learners structural roles in the discussion forums. For the computation of regular
similarity we use REGE algorithm described in [31]. The resulting clusters and the relational
patterns between them can be represented using a blockmodel. Figure 6.6 depicts the block
model representation of the example network presented in Figure 6.5. Each node in the
blockmodel, represents one structural role, that is a cluster of nodes in the original network.
In the blockmodel resulting from structural equivalence clustering, relations between each
pair of connected roles (e.g. 1 and r2) are either complete (all nodes in r1 are connected
to all nodes in r2) or non-existent (there are no connections between nodes in r1 and r2).
Whereas for two connected roles extracted according to regular equivalence, all nodes in r1
point to at least one node in r2 and all nodes in 72 receive a link from at least one node in
r1. A blockmodel thus presents the interpretable macro structure of a possibly very complex
social network and allows to uncover the inherent organization.

Later on, in Section Structural roles over time, we extract the blockmodel from each time

96



6.1. Social interactions in MOOC

slice of the evolving information exchange network representing the role structure in different
periods of the course. The resulting blockmodels are then used to investigate role changes of
course participants over time.

Results

Following the described network extraction method, we extracted the information exchange
network from the discussion forum communication in Scala and Reactive MOOCs. Ta-
ble 6.4 summarizes the resulting networks’ attributes. On average each forum participant
provides/receives information to/from four and five other forum participants respectively
in Scala and Reactive course. Despite the relatively larger network size in Reactive, the
low density values reflect the sparsity of the connections. Furthermore, comparison of the
forum contributors count (Table 6.1) and nodes count in the resulting networks suggests that
a subset of forum participants (272 in Scala and 411 in Reactive) either had no information
seeking/giving messages or their messages did not get replied by any other forum participant.
In the following we present the results on network structure and learners structural roles over

time.
Table 6.4 — Overview of overall knowledge exchange network attributes
Total d
Database Nodes count Edges count a‘(:erag:g(;(;;) Density
Scala 903 1806 49 44e-3
Reactive 1491 3740 5(9.2) 3.2e-3

Evolution of network structure over time

Considering our research question about the evolution of information exchange network
structure (Question 3), based on the trends observed in Section 6.1.4, we hypothesize that
course schedule would influence the network structure. For instance with the increment of
contributors and messages in the discussion forum close to the video release or assignment
deadlines, new nodes or edges could appear in the network which in turn could influence
network attributes such as size, average degree, or density.

Figure 6.7 represents the evolution of network attributes over weekly network slices (extracted
using sliding window as mentioned before) for both the courses. The overall decrease of forum
activity towards the end of the course is also reflected by network size metrics (nodes and
edges count). The networks are very sparse since the low average degree in relation to the
large network size results in a low density (< 0.02). Despite the comparatively larger network
size in Reactive, in both courses average path length are relatively small (< 6) throughout the
course. Short path length though sparsity of the connections are a typical property of small-
world networks [230]. Small-world networks tend to contain cliques, and near-cliques, which
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Figure 6.7 — Network attributes over time, based on one week network slices using sliding
window in Scala and Reactive courses. Vertical lines represent video release days (dashed blue)

and assignment deadlines (solid red).
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are sub-networks that have connections between almost any two nodes within them. Many
technological, biological, social, and information networks fall into this broad category as
they consist of tightly interconnected clusters of nodes [108]. However, in contrast to classical
small-world network models, the clustering coefficient for the network slices in both courses
is low (< 0.1). Clustering coefficient (bounded in [0, 1]), is a measure of the degree to which
nodes in a graph tend to cluster together. Therefore, the low clustering coefficient indicates
that the communication structure does not evolve into densely connected communities, but
rather into sparse parts interconnected via a few highly connected nodes.

On contrary to our hypothesis, course events do not show any direct influence on the network
structure. One plausible explanation could be the structural limitations of the communication
network such as the absence of persistent discussion groups throughout the course duration,
which is also pointed out in previous studies such as [84] and [163]. Moreover, the increase
of messages in the discussion forum in a particular period of time, could be resulting from a
sequence of messages between few students, which would not add new edges or nodes to the
network. Furthermore, since an edge in the networks aggregates possibly multiple communi-
cation events between a pair of users, such message sequences would not be reflected in the
network structure.

Structural roles

To model individuals’ structural role in the discussion forum, we consider successive bi-weekly
slices (hereafter referred to as time phases) of the knowledge exchange network and extract the
macro structure of each network slice, using the described role modeling method. According
to [247], to obtain a clear image of the online communities, the time slice size needs to be
long enough to cover the typical production cycle of the community and therefore should be
adjusted according to the latent inherent time and productivity speed of the community under
study. The choice of two weeks time windows is therefore reasonable considering that in both
courses, similar to most other MOOCs, video lectures and assignments are structured as one or
two weeks thematic blocks. It is therefore presumable that the forum discussions would follow
a similar pace [104]. The resulting role models for all four time phases in both courses follow
the structure represented in Figure 6.8. The derived blockmodels consist of four structural
roles (clusters of users) which we label as core, help givers (HG), help seekers (HS), and
inactive/isolated, according to their connection patterns and other attributes summarized in
Table 6.5 and 6.6. In the following we describe these roles in more details.

The core participants form a cohesive subgroup in the sense that they have communication
relations within their cluster (self-loop in the blockmodel), and also with other two clusters
(outgoing connection to HS and incoming connections from HG). Therefore, participants with
the corerole, contribute to the communication both by receiving and providing information
from/to other forum participants. This is further confirmed by their relatively high average of
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Figure 6.8 — Role structure of information exchange network in bi-weekly slices

in-degree!® and out-degree!! (> 2.9) in all phases, according to Tables 6.5 and 6.6. Further-
more, despite relatively smaller size (number of participants) of core cluster, this category
of learners are associated with the highest average number of messages in all time phases.
This further reflects their high engagement level in the discussions. The two other roles, HS
and HG in Figure 6.8 are not cohesive but are connected to other roles. These two peripheral
roles can be characterized as help givers and help seekers respectively since they have only
outgoing or incoming relations. Learners with HG role serve as information providers in
forum communication without ever receiving help from others (in-degree of zero). Learners
with HS role, show an opposite behavior by only receiving help from other forum members
(out-degree of zero). Finally, the fourth role, inactive/isolated, includes all participants who
do not have any connections to others in a particular time slice. The absence of connections
for these learners could have two reasons, either they were not active in the discussion forum
during the time span for which the model was created (inactive) or their posts could not be
linked to the other posts (isolated). An example could be a help-seeking post without a reply
or a post not related to information exchange (Section 6.1.6). According to Tables 6.5 and 6.6,
majority of forum participants in all time phases, fall within this category.

Structural roles over time

To track the evolution of individuals’ structural role in the discussion forum (Question 4) we
construct learners’ role sequences based on the blockmodels described above. To differentiate
late-comers or drop-outs from students who follow the course without participating in the
discussions, we consider a fifth role referred to as course inactive. This role consists of learners
who do not perform any type of activity in the course platform during a time phase. On the
other hand, inactive/isolated role includes learners who are engaged in other course activities
(following lectures or submitting to assignments), but do not contribute to the discussions.

10Number of incoming connections to a node.
" Number of outgoing connections from a node
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Table 6.5 — Attributes of structural roles in information exchange network slices for Scala course

Attribute Time Structural role

phase  Core HS HG Inactive

1 60 129 200 515
Participants 2 89 140 229 449
count 3 48 85 116 655

4 24 75 91 714

1 167 46 52 16
Average 2 176 59 64 27
message count | 3 133 32 49 3

4 114 45 55 10

1 4.4 2 0 0
Average 2 3.6 2.6 0 0
in-degree 3 29 2.1 0 0

4 3.2 2 0 0

1 4.3 0 1.7 0
Average 2 4 0 1.5 0
out-degree 3 3.1 0 1.4 0

4 2.9 0 1.7 0

Table 6.6 — Attributes of structural roles in information exchange network slices for Reactive
course

Attribute Time Structural role

phase  Core HS HG Inactive

1 138 171 406 814
Participants 2 184 188 402 755
count 3 113 155 263 998

4 43 124 170 1192

1 103 45 59 20
Average 2 207 69 92 38
message count | 3 176 79 86 32

4 136 54 58 14

1 4.5 3 0 0
Average 2 5.1 2.7 0 0
in-degree 3 3.7 25 0 0

4 3.3 2.3 0 0

1 29 0 1.8 0
Average 2 3.7 0 1.9 0
out-degree 3 3.2 0 1.6 0

4 29 0 1.8 0
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Figure 6.9 - Structural role sequences in Scala and Reactive courses. Each horizontal line
denotes the role sequence for one learner over four bi-weekly time periods. Label of the vertical
axis represent total number of forum participants.

Figure 6.9 depicts structural role sequences for forum participants in Scala and Reactive
courses. Every learners’ role sequence is represented by a horizontal line in the role sequence
charts. According to Figure 6.9, instances of active forum participation throughout the course
duration are quite rare and most students are often active only in one or two phases. Further-
more, in each phase, a considerable portion of active students in the discussions, are new
forum participants (i.e. for the first time have a role different from inactive/isolated). This
observations in turn could imply that persistent discussion groups in the forum are not very
common.

Next, to identify the common role sequence patterns, we clustered learners based on the
similarity of their role sequences. To assess pairwise distance between role sequences we use
optimal matching distance and determine the degree of dissimilarity between two sequences
based on the edit operations (substitutions) required to match the two sequences. In optimal
matching, different substitutions can be associated with different costs. In a common data
driven approach, substitution costs are determined based on state transition matrix [224]. The
general idea in this approach is to define substitution costs inversely proportional to transition
rates, that is to consider a higher costs for substituting between states when the transitions
between them are rare, and a low cost when frequent transitions are observed [211].

Following a similar approach, along with hierarchical agglomerative clustering method, we
extracted four cluster of role sequences in Scala and Reactive course. Number of clusters
was determined using cluster bootstrapping, a method to estimate the optimal number of
clusters by minimizing cluster instability, given pairwise points distances and a clustering
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function [74].

Figure 6.10 represents the resulting clusters of role sequences for both courses. According
to the sequence charts, in both courses the first two clusters are composed of occasional
forum participants, the learners whose forum participation is limited to one or two time
periods during the course duration. As learners in these two clusters are mainly attributed
with help seeking and help giving roles, we refer to them respectively as occasional help
seekers (N =273 in Scala and N =303 in Reactive) and occasional help givers (N =383 in
Scala and N =725 in Reactive). On the other hand, the third cluster comprises learners
who are active during significantly more time periods in comparison with the previous two
categories (2.4 vs. 1.3 in Scala; 2.9 vs. 1.4 in Reactive, p < 001, Mann-Whitney-Wilcoxon
test). Furthermore, periods with core role are more frequent in this cluster. Overall, during 35%
of time phases in Scala and 41% in Reactive, learners within this cluster are attributed with
corerole. This cluster can therefore be characterized as active forum participants (N =123 in
Scala and N =160 in Reactive). Finally, the forth cluster clearly includes learners who drop
out during the second half of the course and hence we label this cluster as dropouts (N =124
in Scala and N =303 in Reactive).

Comparison of average grade obtained by each cluster of participants in Figure 6.11, reveals
that in both courses, occasional help seekers have significantly lower grades compared to oc-
casional help givers (77 vs. 86, F[1,1] =23.3,p <.001 in Scala; 86 vs. 92, F[1,1] = 18.6, p <.001
in Reactive). Additionally, despite the fact that occasional help givers have lower forum
participation compared to active forum participants, both groups achieve comparably high
scores (86 and 88 in Scala, 92 in Reactive). Interestingly all the three categories of described
learners, demonstrate high level of engagement in the other sections of the course. On average
they access 75%-80% of the video lectures and submit to 90% of the graded assignments.
Therefore one plausible explanation for the observed performance differences could be that
active forum participants take advantage of discussion forum to advance their knowledge
and resolve difficulties with respect to the course materials, whereas occasional help givers
could be students with higher expertise level who during their few periods of forum participa-
tion, mainly provide answers to questions asked by other participants. Therefore, it would
be promising to foster sustainable knowledge exchange dialogues among learners through
development of mechanisms for engaging occasional forum participants in more frequent dis-
cussions, connecting peripheral help seekers to proper communication partners and further
enabling peripheral help givers to reach information seeking requests.

Intuitively, dropout clusters have the lowest average grade (21 in Scala and 40 in Reactive).
An interesting observation concerning this category of participants is their active forum roles
as help givers, help seeker, or even core during the first weeks of the course. Therefore initial
forum roles are not necessarily a predictor of dropping out from the course.
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Figure 6.10 - Clusters of role sequences in Scala and Reactive course. Each horizontal line
denotes the role sequence for one learner over four bi-weekly time periods. Vertical axis labels
denote number of learners in each cluster.
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Figure 6.11 - Average grades by participants in role sequence clusters

6.1.7 Social structure and discussion content

In this section, we investigate the relation between learners structural roles in the network
and the discussion content (Question 5), by combining the results of role sequence clusters
described in the previous section with the content analysis reported in Section 6.1.5.

Figures 6.13 and 6.12 present the distribution of indicator phrases (Table 6.2) in the posts
made per user in each of the four role sequence clusters (Figure 6.10). Note that one post
may contain keywords of different types. Considering the higher engagement of active forum
participants (third cluster in Figure 6.10) in knowledge exchange discussions, we expected
the content-related and domain-specific discussions to be mainly made by them. However as
perceived from Figures 6.13 and 6.12, occasional forum participants have comparable and
sometimes more mentions of domain-specific concepts and content related phrases in their
posts.

Moreover, it is interesting to note that in both courses, posts by occasional help seekers contain
a higher ratio of domain-specific and content-related keywords in comparison to the other
groups. This suggests that this group of learners make fewer but important contributions in
the information exchange communication. This finding is not obvious and gives interesting
insights into the characteristics of forum users who are engaged in discussions in a limited time
span. While related works suggest that the structural coherence of the forum communication
mainly depends on the small set of very active users [85, 164], the content analysis of the posts
shows that the other users could also have an important impact on the discourse by triggering
focused discussions on specific subject areas and mentioning concrete problems.
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Figure 6.12 - Average number of keywords in posts by user in structural role clusters for Scala
course
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Figure 6.13 — Average number of keywords in posts by user in structural role clusters for
Reactive course

6.1.8 Predicting forum activity level

In the previous sections we explored the temporal dynamics of the discussion forum across
time, content and social domain and in Section 6.1.4 we showed that the course structure has
some influence on the forum activity level. In this section, we aim to build a model for predict-
ing the forum activity level during the course duration (Question 6). This information could
enable the teaching team to prepare the logistics to efficiently support students in discussion
forums, mainly during the high activity periods, or to plan interventions for boosting forum
participation during more silent periods.
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Table 6.7 — Description of features used in the predictive model

Structural features

Dv  number of days after the latest video release

Da  number of days after the latest assignment release

Dd  number of days left to the next assignment deadline

Dr ratio of the current day (d) to the course length encoding what percentage
of the course is passed

Na  number of assignments open for submission

Previous forum activity

My number of new messages created on day d — k
TM; mean time between successive forum writing events

Network features

Net; network features on day d — k, including nodes count, edges count, average
degree, average path length, and clustering coefficient

Initial forum activity (first week)

W1M mean and standard deviation of message count per day, average time be-
tween messages

Method

In order to construct the predictive model, we extract four sets of features for each day (d) of
the course as summarized in Table 6.7. The first category, structural features, describe the
characteristics of a day, with respect to the course structure, such as time after video release,
time before assignment deadlines and the passed ratio of the course. Consideration of such
features is inspired by the trends we observed in Section 6.1.4: the overall decrease of forum
activity over time and its increment close to lecture and assignment dates. Previous forum
activity features encode the volume and intensity of forum activity on previous days. An
example is number of messages and the time between massages created on k days before the
current day. The third category of features, comprises the structural attributes of the network
slice on k days before the current day (See Section Network structure over time for details on
network partitioning and features description). Finally, the last category of features describes
the initial forum activity level, during the first week of the course. Such features could act
as a normalization factor to compensate the difference in intrinsic popularity of discussion
forums in different MOOCs.

Using the described features, we built a regression model for estimating number of new
messages in discussion forum on each day of the course. We tested different machine learning
methods such as support vector regression model (SVR) with linear and RBF'? kernel, random
forests, and neural networks for building the predictive model. Data from Scala and Reactive

12yadial basis function
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Table 6.8 - Overview of predictive models and results

Features R? (train) NRMSE* (train) NRMSE (test)
All features 0.89 0.27 0.23
All excluding structural features 0.72 0.42 0.38
All excluding previous forum activity 0.86 0.28 0.29
All excluding network features 0.88 0.3 0.25
All excluding initial forum activity 0.77 0.28 0.29
Average baseline le-3 0.5 0.73

*Normalized RMSE by mean of observed values

courses was randomly partitioned into training (70%) and testing (30%) sets, and 10-fold cross
validation on the training set was used to tune the models’ parameters. Highly correlated
(r >0.7) and linearly dependent features were removed prior to model training. Furthermore,
to assess the influence of each feature category on the prediction results, we examined two
different setups. In the first setup, all the four categories were included in the model, whereas
in the the second setup, four reduced models were trained, each excluding one of the described
categories from the features set.

Results

Support vector machine with linear kernel resulted in smallest prediction error, reported in
Table 6.8. The full model captures 89% variance of the dependent variable and results in
quite accurate predictions as reflected by low value of normalized root-mean-square errors
(NRMSE) on the test data (0.23). Considering the reduced models, as reflected by prediction
errors, excluding the structural features results in the highest deterioration of the model
accuracy (NRME test=0.38) which suggests their high predictive power. On the other hand,
excluding network features, has the least effect on prediction accuracy. This could be due
to the fact that as shown before (Section Evolution of network structure over time) several
network attributes such as degree, density, and path length show a low variance during the
course duration and therefore their inclusion does not add substantial information to the
model.

Regarding the previous forum activity and network features, best prediction results were
obtained when the features corresponding to seven days before was used in the model (i.e.
k =7 for k € [5,15] ) and hence the introduced model is capable of predicting the forum activity
level one week in advance. According to variable importance analysis on the full model, the
most influential features in the model are: passed ratio of the course (Dr), count and average
time between messages on previous days (M7, T M7), time after video release (Dv), number of
open assignments (Na).
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6.2 Social interactions in Realto

In this section, we apply social network analysis methods to model participants interaction in
Realto and investigate how different stakeholders (apprentices, teachers, and supervisors) are
connected to each other. In particular we address the following question:

Question 7. What are the attributes of connections between different stakeholders in Realto
and what is the macro structure of their communication?

6.2.1 Method

As mentioned in Chapter 3, Realto is composed of two main areas: social area and learning
documentation (LD) area. In the social area participants can share different types of resources
and react to each others contributions by commenting and rating (likes). Such social features
are mainly being used by apprentices and teachers, although they are available to all partici-
pants. On the other hand, LD area enables apprentices to document their workplace training
procedure and receive supervisor’s feedback on it. Once an apprentice creates a LD, it becomes
visible to his/her supervisor. The supervisor can then give detailed feedback (comment) on
different sections of the document or provide an overall evaluation for the submitted LD.

To construct the network of communication between Realto participants we follow a different
approach from the presented MOOC study and extract the directionality of relations between
users in this platform. We consider five types of actions: (1) commenting and (2) rating posts,
(3) creating LDs, (4) providing feedback on LDs, and (5) evaluating LDs. The first two action
types, describe the social interactions among participants and are modeled as a directed link
from the actor to the resource owner, weighted according to the count of such interactions.
The other three actions, model LD-related interactions. In this case, creating a LD is modeled
as a directed link from the apprentice to his/her supervisor; whereas giving feedback or
evaluation of learning documents are represented as links from supervisor to the apprentice.
The connection weights in this case represent the number of submitted/evaluated LDs. In
case of multiple feedback on a single LD, only one is taken into account in the network.

To analyze the resulting network, in addition to the overall network attributes, we also consider
different subnetworks consisting of interactions among particular user categories. We apply
role modeling method described in Section 6.1.6 to extract the macro structure of the commu-
nication and individuals’ structural role in the network. Analysis of the network attributes and
the corresponding role model, provides interesting insights about the communication among
different stakeholders in Realto.

In order to provide the infrastructure for investigating the social interactions in Realto, we
implemented network analysis module in the analytics dashboard for this platform (Appendix
A.3). This module includes filters to select connection type (comment, like, create, and evaluate
a LD), subnetwork type (connections between certain stakeholders, such as apprentices and
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teachers) and filters to select a subset of participants (based on profession, school or language).
Based on the selected values, the resulting network and its corresponding blockmodel are then
constructed and displayed in the dashboard (in addition to the networks attributes). All the
results presented in the following are extracted from the network analysis module in Realto
dashboard.

6.2.2 Results

To address our research question about the interaction patterns among Realto usersQuestion
7), in the following we present results on the attributes of overall communication network in
Realto. We then analyze subnetworks of communication among apprentices and their peers,
apprentices and their teachers, and apprentices and their supervisors. Finally we investigate
the macro structure of communication network in Realto.

Overall network attributes

Interactions among Realto participants over a time period of 26 months (April 2015 to June
2017) form a network comprising 752 nodes (participants) interconnected through 1832 edges
with an average weight of 2.1. Social interaction (commenting and rating) account for the 80%
of the connections and LD-related interactions (creating, commenting, or evaluating a LD) are
represented by the remaining 20% of connections. In total 1372 comments, 1683 likes, and 635
LDs were created in Realto, and 153 of the LDs were evaluated by supervisors or teachers (79
comments and 74 overall evaluation). The relatively large network size in combination with
low average degree (4.9), results in a low density (0.01) and reflects the sparsity of connections
among Realto users. Furthermore, the network is attributed with small average path length
(6.7) and high clustering coefficient (0.43). As mentioned before, this can indicate presence of
interconnected clusters of nodes in the network; Realto network can be decomposed into 75
connected component among which 36 consist of only two users. The remaining components
have and average size of 17 nodes (sd = 30) and average density of 0.5 (sd = 0.2) which is
relatively high.

Distribution of different stakeholders and their corresponding network centrality measures
(total degree and betweenness) are presented in Table 6.9. According to this table, on aver-
age each apprentice/teacher is connected to five/six other users, whereas supervisors have
connections with only three other users on average. In Realto communication network, teach-
ers have a central role in connecting different user subsets. This is reflected by their high
betweenness centrality, which quantifies the number of shortest paths passing through a
node. Nodes acting as a bridge between different communities (dense subnetworks) are
generally attributed with high betweenness centrality in contrast to the nodes lying inside a
community. This measure could therefore reflect the amount of control that a node exerts
over the interactions of other nodes in the network [80, 244]. The central role of teacher in
connecting communities of learners is evident in the sample network shown in Figure 6.14.
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Table 6.9 — Distribution of user roles and centrality measures in Realto social network

User role Number of nodes Average total degree(SD) Average betweenness

Total 752 4.9 (5) 146
Apprentice 569 5.1 (4.7) 94
Teacher 104 6.1 (6.1) 477
Supervisor 79 3.3(5.4) 88
=appmnlice ®
supervisor ®
.le:cher .‘/. ./‘?/.

Figure 6.14 - Example of Realto communication network for participants in one school

This figure represents the interactions among Realto participants in florist profession in one
vocational school.

The presented results reflect the structural constraints and the adopted policies by Realto
users. In the current design, apprentices in Realto do not have the possibility to interact with
each other unless they are added to the same flow (group) by a teacher or a supervisor, and
materials shared within a flow, are only accessible by the members. Furthermore, teachers
often prefer to create a separate flow in Realto for each of their classes that are composed
of 8-15 apprentices. As a result social interactions among apprentices is limited to relatively
small communities interconnected by the teacher (example shown in Figure 6.14). This could
explain the high clustering coefficient of the network and high betweenness centrality of the
teachers.

One possibility that might be taken into account in the future phases of Realto is to enable
communication among participants in a certain profession by inviting them to a meta-flow
comprising all the other users within the same profession. This in turn might expand such
small communities and enable sharing of experiences among a broader set of users. However,
considering the privacy and data confidentiality concerns, the detailed procedure needs to be
determined in close collaboration with the stakeholders of vocational training and professional
associations.
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Table 6.10 - Users distribution and reciprocity of Realto sub-networks.

Apprentices Teachers Supervisors Binary

- k
Sub-network type count (%*) count (%) count (%) reciprocity

Apprentices 458 (80%) 0 0 0.44
Teachers-Apprentices 266 (47%) 54 (52%) 0 0.21
Supervisors-Apprentices 147 (26%) 0 68 (86%) 0.49
Teachers-Supervisors-Apprentices 53 (1%) 22 (21%) 15 (19%) 0.28

* proportion of the reported count to the corresponding node count in overall network presented in Table 6.9

Connections among different stakeholders

Next, to explore the connections among different stakeholders in Realto, we consider four sub-
networks comprising connections among (1) apprentices, (2) teachers and apprentices (3)
supervisors and apprentices, and (4) apprentices connected both to a teacher and a supervisor.
According to the statistics reported in Table 6.10, from the initial set of apprentices in the
network (569), 80% have social interactions with other apprentices in Realto, whereas only
47% are connected to a teacher. The ratio of apprentices in the other two sub-networks is even
smaller. Only 26% of apprentices are connected to their supervisors and 1% of them are linked
both to their teacher and supervisor in Realto.

Considering the reciprocity of connections, apprentices and supervisors-apprentices sub-
networks show relatively high values for this measure. Reciprocity is defined as the ratio
of bi-directional links to the total number of links in a directed network and hence reflects
the mutuality of the connections. Therefore mutual relations between apprentices and their
teacher account for only 21% of the existing connections. In particular 148 of apprentices
have only outgoing connections to their teacher, suggesting that they do not receive any
feedback from their teacher. On the other hand, reciprocal connections are more frequent
among apprentices (44%) and also between apprentices and their supervisor (49%). This
might also be related to the fact that teachers as shown in Figure 6.15 are generally associated
with more (5-14) apprentices whereas according to Figure 6.16 most supervisors have only
one or two apprentices in the platform and hence are more likely to follow their activities. Few
supervisors located in the center of Figure 6.16 have a noticeably different connection pattern
as they are linked to relatively larger number of apprentices (6 to 30). This difference is due
to the fact that these cases represent supervisors in a single-track vocational system. Unlike
dual-track system where supervisors generally have few apprentices in a workplace, in single-
track system they supervise one or possibly more classes of apprentices at workplace-like
workshops and therefore could be connected to a larger number of learners.

The binary reciprocity measure shows the mutuality of interactions but it does not reflect
the degree of reciprocity between mutual dyads since it treats the network as unweighted. In
order to analyze the strength of connections, we consider weighted in-degree and out-degree
(average weight of incoming/outgoing connections) of LD-related interactions in supervisors-
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Figure 6.16 - Supervisor-apprentice sub-network: connections between apprentices and super-
visors
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apprentices sub-network. According to the results, supervisors on average provide feedback
on only one third of the LDs created by their apprentices. More specifically, average weighted
in-degree for supervisors is 7.8 (number of received documents) and their weighted out-degree
is 2.5 (number of evaluated documents). Considering the importance of supervisor feedback
on the practical training procedure, it is necessary to investigate the underlying reasons and
issues faced by supervisors for providing Realto-mediated feedback to their apprentices and
design mechanisms to improve this situation.

Structural roles

To investigate the macro structure of participants communication in Realto, we applied
role modeling method described in Section 6.1.6. Interestingly, despite essential differences
between Realto and MOOC discussion forums, a similar role structure was obtained for
Realto communication network. This role model, as depicted in Figure 6.17, consists of an
interconnected core group (R1) linked to two other peripheral groups which are attributed
by only outgoing or incoming connection (R2 and R3 respectively). Such core-periphery role
models, consisting of a dense cohesive core and sparse, loosely connected periphery, represent
a typical structure that could be found in several communication networks.

Participants distribution and degree attributes of the resulting role model are summarized in
Table 6.11. About half of Realto users (54%) fall into the core category, R1, who take part in the
social and LD-related interactions more actively than the other two groups, as perceived by
their connection patterns and higher average degrees.

Regarding the second role, R2, the absence of incoming connections suggests that apprentices
in this group (IV = 160) do not receive any reaction on their posts from other members or any
feedback on their learning journals. Teachers (N = 33) and supervisors (/N = 20) in this role,
do not receive any LD from their apprentices and hence their outgoing connections represent
their participation in social interactions (writing comments or rating posts).

Concerning the third role, R3, as perceived from the absence of outgoing connections, appren-
tice in this role (N = 130) do not create any LD (this action would be modeled as an outgoing
connection from apprentice to his/her supervisor) and consequently their connections with
the other members is limited to social interactions. This group of apprentices receive com-
ments or likes on their posts from few other participants in R1 and R2 (2.3 on average), but do
not react to posts created by others. Teachers (/N = 28) and supervisors (N = 18) in this role
do not provide any type of feedback to their apprentices (including comments/likes on their
posts or feedback on their LDs).

In summary, analysis of the structural roles of different stakeholders in Realto provided in-
teresting insights about their communication patterns. According to the presented results,
the connection between apprentices and their teachers or supervisors needs to be better
supported. In addition, the implemented SNA tools in the analytics dashboard of Realto
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R2

Figure 6.17 - Role structure of Realto network

Table 6.11 - Attributes of structural roles in Realto network

Attribute Structural role

R1 R2 R3
Average In-degree 3.8 0 2.3
Average out-degree 3.6 1.7 0
Members count (%*) 409 (54%) 213 (28%) 130 (17%)
Apprentices count(%) 325 (57%) 160 (28%) 84 (15%)
Teachers count (%) 43 (41%) 33 (32%) 28 (27%)
Supervisors count (%) 41 (52%) 20 (25%) 18 (28%)

* proportion of the reported count to the corresponding node count in overall network presented in Table 6.9

enable to identify participants who might require further support and could provide the basis
for planning interventions targeting particular user groups.

6.3 Discussion

In this chapter we investigated the social aspect of participants online interactions in MOOC
and Realto platforms. Considering MOOC discussion forums, by incorporating different
analytic methods we investigated learners knowledge exchange communication in content-
related discussions in two Coursera MOOCs. We found similar patterns related to forum
participation patterns in both courses, despite their different content, learners population
and forum communication volume. In contrast to most existing studies on MOOC discussion
forums, in our analyses we explicitly took into account the time dimension and explored the
evolution of forum participation and communication structure with respect to the course
structure. Our analysis of the interplay of time, content, and social dimensions provided
insights regarding the research questions formulated in Section 6.1.2.

In the time dimension, in Section 6.1.4 we investigated how the structure of the course (video
release and assignment deadlines) influences the overall forum activity (Question 1). We
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could observe an increase of the number of posts before deadlines and after video release
days, and thus conclude that course events have an impact on the forum communication.

Surprisingly, based on the content analysis of the posts over time (Question 2), there was no
clear coupling between the course structure and quantity of content-related discussions as
reported in Section 6.1.5. However, mentions of some specific concepts regarding the course
subject tend to increase after certain video releases indicating that some discussion topics
are introduced by the course while others are brought into discussion by the participants
themselves. Identification of the main topics of discussion at different periods of the course,
could in turn help to identify the challenging concepts in the course lectures that require
further clarification or on which support materials should be provided to the learners.

The temporal dynamic of the social structure emerging from the forum communication
with respect to course structure (Question 3) was analyzed in Section 6.1.6. Here we could
show that the global organization (network characteristics) of the communication network is
independent of the course structure. One reason could be the absence of a sustainable forum
community and the high fluctuation of the active contributors. Consequently, there is no
inherent self-organization of the network, which would require coordination and maintenance
of social relations. This further supports the claim of Gillani and Eynon [84] that MOOC forums
resemble decentralized crowd behaviour rather than a social community.

A more user centric perspective on the integrated analysis of the time and the social di-
mension was taken in Section 6.1.6 to answer research question about how roles of forum
participants evolve over the course duration (Question 4). In order to model the structural role
of users according to their connection patterns in the communication network, we applied
a blockmodeling approach similar to [102] and [116]. Interestingly, the role structure of the
information exchange network comprising a small cohesive core of active contributors, and
peripheral help-giving or help-seeking users that has also been reported for static snapshots
of the network in [102] and [116], persist over several time slices. While the overall structural
organization of the networks is stable it could be shown that the association of users to roles
changes drastically over time. Only a small subset of the most active (active core) users retain
an active role over time, and majority of learners are active in only one or two time slice (occa-
sional forum participants). It could be seen that the fluctuation of active users is so pervasive
such that in each time slice even the majority of users are “newcomers” in the sense that they
form connections to other users for the first time. This could be considered as a major obstacle
for the emergence of a sustainable community and further explains the irregularities in the
overall network structure mentioned above.

The research question about the relation between students roles in the communication net-
work and discussion topics (Question 5) was addressed in Section 6.1.7. Towards this goal, the
previously mentioned results of the structural roles over time (Section 6.1.6) were combined
with the content dimension using the coding of discussion posts (Section 6.1.5). Results
showed that even if occasional help-givers and help-seekers (peripheral users) are generally
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not as important for the structural cohesion of the communication network as the core users,
they make fewer but important contributions indicated by their high rates of discussions on
domain-specific concepts and content-related posts. Especially the participants in the group
of occasional help-seekers show similar or even higher ratio of information requests related to
course content or mentions of concrete specific course concepts in their posts. Consequently
those users could often be notable as initiators of discussions even if their activity is limited.

The question about the predictability of forum activity (Question 6) was answered in Section
6.1.8. It could be shown that the forum activity level is predictable one week in advance given
the course structure (video and assignment dates), history of forum activity, and the described
network features. Further, the predictive models could be considered as a building block for
teaching support tools to forecast periods when increased tutor support for forum discussions
is needed.

In summary, the majority of research works focus on single aspects of MOOC discussion
forums and point to the conclusion that the current implementation of discussion forums are
only used intensively by a small amount of course participants, and further, only a subset of
the discussions are relevant for the information exchange. However, our integrated analysis of
the interplay between different aspects (time, content and social interactions), provides new
insights on the complex structure of forum communication. There are several interdependen-
cies between the progress of the course, the contributed content and participants structural
roles in the communication that have to be taken into account to get a clearer picture and
to foster the development of future collaboration support, tailored to the characteristics of
different user groups. Recommendation mechanisms to find the right information and ade-
quate discussion partners [189, 242] could be one initial step, but in order to transform the
loosely connected “crowd” of forum users into a sustainable community in the sense of social
learning requires also support for maintaining social contacts. The characteristics of different
user roles should be considered in the design of such support mechanisms. Furthermore,
combination of predictive models proposed in Section 6.1.8 with content analysis of the fo-
rum contributions could potentially support instructors to turn their attention to upcoming
important discussions and enable interventions and community management.

Our study on MOOC forum dynamics has certain inherent limitations in that it was based
on two MOOC courses. Despite differences in timing of lecture and assignment dates and
different forum participation levels, both courses were based on a weekly organization of
course materials and included several assessments tasks. Therefore in future work we plan to
test the generalizability of our findings on courses with different structures and possibly in
different domains. Furthermore, we filtered out discussions irrelevant to the course content
based on sub-forum types and considered assignment and lecture sub-forums in our analysis.
However as misplaced posts are still possible, selection of content-related threads could
be refined using the linguistic models proposed in [238]. One possible extension of our
study is to explore engagement of the identified forum user clusters in other aspects of the
course such as their access patterns to the lectures and other course materials to identify if
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changes in forum roles are coupled with changes in study behaviours. In addition, it would be
interesting to explore to what extent forum structural roles adopted by learners is influenced
by their internal characteristics, motivation type (e.g. amotivation, extrinsic and intrinsic
motivations as described by self-determination theory [62, 51]), or their academic level and
cultural characteristics. In our study we explored the effect of course structure on the evolution
of forum communication. It would be valuable to identify other external factors which could
possibly influence learners’ forum participation level or emergence of different user roles in the
communication network. Instructor’s facilitations, course evaluation criteria and educational
setting (formal or open online settings) could be examples of such external factors.

Finally, in Section 6.2 we demonstrated how social network analysis concepts and techniques
could be adopted to model and analyze the connections among apprentices, teachers and
supervisors in Realto platform (Question 7). Application of network analysis methods similar
to those used in our MOOC study, enabled us to gain insight on the attributes and structure
of Realto communication network both at the global and individual level. In summary, our
analysis showed the network of participants in Realto is decomposable into small densely
connected communities which in the most common case, represent different classes of
apprentices, possibly interconnected by their teacher. Moreover, a considerable proportion
of apprentices are not connected to their teacher or supervisor in Realto communication
network. Considering that connecting different stakeholders in vocational training is one
of the goals in Realto, it is essential to investigate the reasons and obstacles faced by Realto
users in this direction. According to the role model analysis, the communication structure
in Realto is shaped as a similar core-periphery role model that we observed in MOOC forum
communication. Investigation of structural roles in association with participants actual roles
(apprentice, teacher, supervisor) revealed different engagement profiles which should be taken
into account for planning targeted interventions. Furthermore, several evidences suggest the
limited participation of a teachers and supervisors in Realto-mediated communication with
their apprentices and also limited feedback provided on their learning journals. Mechanisms
to bring the new posts and un-evaluated LDs to the attention of teachers and supervisors, and
facilitating the evaluation procedure could possibly improve this situation.

A future extension of our social interaction analyses in Realto, is to incorporate the time aspect
to study how participants’ communication and roles evolve over time. Furthermore, the content
of participants’ contributions (posts, comments, feedback) is another important aspect which
needs to be considered in the future analyses.
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7.1 Summary

In this thesis, we investigated patterns of learners’ participation in two different online learn-
ing environments, MOOCs and Realto. We presented several techniques to analyze activity
sequences and introduced methods to transform low-level interaction logs into interpretable
representations. The presented methods, provided indicators and models which could facili-
tate quantifying, categorizing, and temporal analysis of learning behaviours.

As outlined in the introduction, we analyzed educational data across three principle dimen-
sions: time, activity, and social. This thesis contributed to the learning analytics and edu-
cational data mining research by providing analytic methods, novel indicators of learning
behaviours, and new insights on learners’ interaction patterns from the temporal, activity,
and social perspectives. Furthermore, by investigating the dynamics of learners’ participation
over time, this thesis extended the body of research on temporal analytics, an under-explored
aspect of educational data which could provide valuable insights on the learning processes.

In summary, we introduced quantitative methods to study the temporal distribution of actions
performed by the learners (time dimension). Moreover, we presented hypothesis-driven
and data-driven methods to analyze and model the type and sequence of actions performed
by learners, in order to discover their study patterns and longitudinal engagement profiles
(activity dimension). We also studied social interactions among learners and presented
an integrated study on the dynamics of MOOC discussion forums, including the evolution
of learners’ roles in the knowledge-exchange communication (social dimension). Finally,
we adapted the presented methods to the context of Realto platform and implemented an
interactive dashboard to enable investigation of temporal and activity patterns in participants’
interactions and the social aspect of their communication in this platform.
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7.2 Contributions

This section summarizes the contributions of this dissertation towards our two primary
research objectives regarding learning analytics: (1) providing methods for analyzing learners’
interaction patterns, and (2) providing analytic tools for Realto platform.

7.2.1 Methods for interaction pattern analysis

We introduced novel methods to analyze learners’ interaction sequences in order to discover
their behavioral patterns in online learning environments. An important property of our
proposed methods is their generalizability to different contexts and learning platforms, as
they require only the time-stamped activity sequences as input. Moreover, the introduced
methods provide quantitative metrics and interpretable models of individuals’ behaviours,
which could support personalization of the learning environments and improve awareness of
educational stakeholders about the learning processes. A summary of the proposed methods
in time and activity dimensions is presented in the following.

Temporal pattern analysis

We proposed novel methods for modeling and quantifying temporal patterns in online in-
teractions. In particular, we proposed different measures to quantify regularity in terms of
detecting repeating patterns in timing of users’ activities. These measures can be computed
at any temporal granularity (e.g. daily, weekly, or longer intervals). Our proposed measures
can be categorized as: (1) entropy-based measure, (2) profile similarity measures, and (3)
frequency domain measures. Binarization of user’s activity sequences to represent when
the user was active/inactive during a certain period is the initial step for all the following
computations.

* Entropy-based measures: start by constructing the daily(weekly) histogram, which
represents for how many days(weeks) the user was active at a certain hour(day). Based
on the entropy of the resulting histograms, this category of measures can detect whether
user’s activities are concentrated around a particular hour(day).

¢ Profile similarity measures: build weekly profiles to represent for how many hours the
user was online on a certain day in each week. By comparing activity profiles of different
weeks (in their binary, normalized, or raw formats), this category of measures can detect
whether the user follows a certain weekly time schedule.

* Frequency-domain measures: transform user’s activity time signal to its frequency
domain representation (periodogram) using Fourier transform. A periodic hourly/daily
pattern in user’s activity signal, would appear as a spike in the periodogram at the
corresponding frequency. Frequency-based measures are designed to capture such
patterns.
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Activity pattern analysis

We introduced methods to model learners’ activity sequences and track the evolution of their
study approaches over time. We proposed a processing pipeline which receives as input the
sequences of actions performed by the learners and models them as transition probabilities
between different action types. The common study patterns among learners at each time
period are then extracted by applying a clustering algorithm on the modeled sequences. Next,
based on a cluster similarity measure, the matching clusters in different time periods are
identified to enable tracking learners’ study patterns over time and detecting changes in their
approaches. The proposed pipeline does not require any manual parameter tunning and
allows for discovering behavioral patterns from users’ interaction logs in an unsupervised
manner.

7.2.2 Analytic tools for Realto platform

To provide analytic tools for Realto platform, we implemented two different dashboards,
briefly described in the following: an integrated awareness dashboard for teachers, and an
analytics dashboard for researchers.

Awareness dashboard for teachers

We developed an interactive dashboard to support teachers by raising awareness of their
students’ activities in Realto. The dashboard aggregates several indicators about learners both
at the individual and at class level. This includes type, quantity, and quality of the produced
artifacts, and the timeline of learners’ activities. The dashboard provides information about
learners activity status in comparison with the other class members. Moreover, it provides
the possibility for the teacher to send direct feedback to the selected learners who might need
further attention.

Analytics dashboard for researchers

Unlike the awareness dashboard which presents to the teachers information about what their
students do in Realto, the analytics dashboard provides researchers with higher level indicators
to describe platform usage patterns by different Realto user groups (e.g. users in different
professions, roles, schools, etc.). The analytics dashboard comprises three main components:
(1) time analysis, (2) activity analysis, and (3) network analysis modules. The time analysis
module includes a subset of our proposed methods in time dimension and enables to study
the temporal patterns in users’ activities in Realto. The activity analysis module, includes
visualization of users’ activity sequences and provides the possibility to cluster users based
on their platform usage patterns. The network analysis module provides an interactive
visualization of the communication among Realto users, presents the network attributes and
its underlying role structure. It also provides functionalities to study the connections among
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users with different roles (apprentices, teachers, and supervisors) to assess if Realto has been

able to connect different stakeholders in the Swiss VET system.

7.3 MOOC related findings

Using a combination of our proposed methods and other existing analytic methods, we

obtained interesting insights into learners’ engagement patterns in MOOCs. Our main findings

in this context could be summarized as follows:
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¢ Positive links between time regularity and performance: We found positive correla-

tions (up to 0.7) between our proposed time regularity measures and students’ final
grade. We showed that time regularity measures could capture above 50% of the vari-
ability in the final grade and that weekly regularity is related to performance mainly for
the learners with limited amount of study time. We also found that clusters of learners
who are regular in a daily or weekly basis and do not postpone accessing the course
materials, achieve significantly higher grade in comparison with the non-regular learn-
ers. Moreover, we showed that students who pass the course, display higher regularity
level throughout the course duration, compared to the failing students. These findings
suggest that despite the time flexibility offered by MOOCs, learners who planned their
learning activities in a regular manner had better chance to succeed. The regularity
measures could provide a basis for intervention, for instance by providing guidelines
to students on how to work more productively or by indicating to teachers when they
should intervene with greatest effect to support their students.

Different study patterns among learners: Through modeling and clustering interac-
tion sequences during MOOC assessment periods, we could identify different study
patterns among learners. We showed that some learners dedicate only one day to work
on the materials of a particular week, for instance, they watch the videos and submit to
the assignments on the same day. Some other learners work on multiple consecutive
days, for instance they watch videos on one day and submit to the assignment on the day
after. Some other learners have several inactive days during their learning sequence. In
the most common case, the learners watch videos of a week, and after few inactive days,
they submit to the assignment. The extracted patterns provide insights about learners’
study strategies and could be useful for improving the adaptivity and personalization of
the learning environments.

Evolution of study approaches over time: By clustering sequences of study approaches
over time, we identified different longitudinal engagement profiles among learners. We
showed that nearly half of the learners follow a fixed approach in all of the assessment
periods. The majority of such learners follow the typical approach of watching the
videos before submitting the assignments. On the contrary small proportion of learners
always skip the videos before submissions, and another group audit the course lectures
without making any submission. The other half of the students, change their study
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approach over time. We showed that some learners temporally change their study
approach during few periods and then continue with their initial approach, whereas
others permanently switch to a new study approach. Changes in the study approaches,
might be indicator of facing difficulties in following the course and detecting them could
enable to provide personalized support to the learners.

Discussion forum dynamics: Our analysis revealed several interdependencies between
the structure of the course (video release dates and assignment deadlines), the forum
activity level, and the produced content. We showed that the forum activity level could
be predicted one week in advance, using a combination of previous forum activity
features, and structural features (e.g. passed ratio of the course, or number of days left
to assignment deadline, etc.). Considering the discussion topics, our analyses revealed
that some domain-specific topics are introduced to the discussions by particular course
videos, whereas some other topics are brought into the discussion by the learners who
might have the prior knowledge of certain course topics. Identifying the main discussion
topics at different course periods and prediction of forum activity level could help to
determine the challenging concepts and intense discussion periods when increased
tutor support is needed.

Evolution of learners’ role in discussion forum: We showed that the structure of knowl-
edge exchange network, modeling learners’ forum communication, persists over time
and presents a core-periphery structure (a core of active contributors, and two pe-
ripheral help-giving or help-seeking roles). However, the association of users to roles
changes drastically over time such that in each time period, the majority of users are
newcomers. This in turn implies the absence of persistent discussion communities
among learners. We identified three cluster of learners based on their role sequences
over the course duration. A small group of learners who retain an active role over time,
and two groups of occasional forum participants who are active only during limited time
periods: occasional help-givers, and occasional help-seekers. Analysis of the content
produced by these learner groups, revealed that occasional forum participants, despite
having limited forum participation, could have an important impact on the discourse
by triggering focused discussions on specific subject areas.

7.4 Reflections

In this thesis we targeted very relevant challenges in the emerging field of Learning Analytics
(LA), especially by addressing issues related to time-dependent interaction patterns in different

online learning environments. The focus on temporality and patterns of change in learners’

activities over time was one of the key contribution of this thesis. In all the presented studies,

we explicitly took into account the temporal dimensions of the data and studied temporal

and sequential dynamics of learners’ activity/interaction patterns and roles. Considering

the importance of this rather under-researched aspect of educational data, our sustained
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attention on time dimension is a unique, valuable, an much needed contribution to the field
of learning analytic.

Exploring three different dimensions of learning analytics has been one of the other key
contributions of this thesis. Most of the existing LA research focus only on one aspect of the
educational data. Whereas in this thesis we investigated the temporal, activity, and social
dimensions and this enabled us to gain a more comprehensive view of the learning behaviours.
In this direction, our work built upon and contributed to the advancement of computational
methods and approaches used in LA research to analyze the data emerging from online
learning environments. The proposed methods in this thesis could be taken up by other
researchers in the LA community and could be applied to various problems of practice.

Our analyses across time, activity, and social dimensions showed that learners have differ-
ent time schedules, exhibit different study approaches and access patterns to the learning
material, and undertake different roles in the social interactions. Such individual differences
should be taken into consideration for adapting learning environments to the attributes and
requirements of learners. Furthermore, by integrating temporal analytics into the activity and
social dimensions, we showed different engagement profiles among learners. Our analyses
showed that a large ratio of learners change their approaches over time and therefore it is in-
sufficient to represent learning behaviours with static snapshots or aggregated features which
neglect the temporal aspects. This in turn confirms the importance of temporal dynamic for
understanding the learning processes.

An important point which needs to be further clarified here is the question on causality. In this
thesis we presented several results showing evidences of relations between learners’ activity
patterns (e.g. temporal regularity, study patterns, and social roles) and their performance.
However it should be noted that the discovered relations/correlations do not necessarily imply
causality. Determining casual relations needs to be addressed methodologically through
controlled studies, which was not the focus of this thesis.

One of the main challenges in this thesis was to provide generalizable analytic methods which
are in particular relevant for MOOCs and Realto. This was not trivial given the differences and
specificities of these two learning environments. This approach however has both advantages
and disadvantages. On one hand, it is important to have platform-independent analytics
as sciences aims at abstraction and because this allows integrating analytics from multiple
platforms. Moreover, some level of abstraction is essential for understanding and describing
the underlying learning processes from the interaction data. On the other hand, one could
argue that learning is always specific to some contents and platforms which leads to platform-
specific analytics. For instance, video lectures are central components of MOOCs and as shown
by Li et al. [135] video interaction patterns (e.g. pause, forward/backward seek, and speed
change) could tell about learners’ challenges and their performance in the course. Similarly,
learner-created artefacts are of particular importance in Realto. Analysis of these artefacts
and the structure of the actor-artefact networks are among the other important aspects which
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should be considered in the analytics module of Realto. The action sequence analyses in
Realto could be complemented by considering the attributes of the created artefacts, such as
the content of the uploaded images or semantic richness of the textual descriptions. In this
thesis, we made one step towards platform-independent analytics, but the future is probably
a mix of both.

7.5 Limitations and future work

The presented analytic methods in this thesis enabled us to model and describe interac-
tion traces of thousands of students and shed light on the evolution of students’ learning
behaviours in MOOCs. However, our analyses were post-hoc in nature and limited to the
interaction data available to us. Based on the data-driven insights we could provide certain
explanations about the observed learning behaviours. Nevertheless, the lack of data about
learners’ background, personal constraints or attributes, and their experiences during the
course imposed a limitation on our attempt to identify the underlying factors (internal or
external to students) which could influence learners’ behaviours, such as time regularity,
choice of study approaches, or changes in learning behaviours.

The few number of MOOC courses used in our analyses could put limits to the generalizability
of our findings in this context. The datasets used in our studies were limited to structured
MOOCs (with predefined schedule and deadlines), in computer science. It would be interesting
to investigate if similar trends could be found in other courses in different domains and with
different structures. An examples could be to study time regularity of learners in self-paced
MOOCs (where all the course materials are available upon registration and the assignments
do not have predefined start or due dates), or to assess whether similar study patterns and
learning trajectories could be observed among learners in different courses. Another possible
extension of our analyses could be to see whether study patterns are kept for the same learners
studying completely different subjects on the same/other online platforms.

Regarding the presented activity analysis methods, we did not take into account the duration
oflearning activities and the time elapsed between the performed actions. One reason was that
in our MOOC data, although a granular record of video interactions was available, submissions
were the only actions recorded with respect to the assignments. Therefore it was not possible
to infer the amount of time spent on the assessment tasks. The time invested on different
course materials, could be an indicator of the required effort by the learners to perform
particular learning tasks. Consideration of this aspect could be a possible extension to our
approach. Moreover, certain actions or learning materials in some learning platforms, might
be of higher pedagogical importance. Our presented approach could be modified to associate
higher weights to certain actions (or transition between actions) to reflect their importance.

One limitation of our work concerns the analytics tools for Realto platform and in particular
the fact that teachers were not involved in the design process of the awareness dashboard for
this platform. As mentioned before, it is necessary to perform an evaluation of the presented
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solution with the target users and improve the current version based on teachers’ feedback to
enhance its usability and impact on the practice. An important future direction is to extend
this work into analytics for action, by identifying patterns of student activity that should be
flagged and brought to the attention of teachers so that they can take timely actions to alert
and support the specific students.

An important future direction for the presented research in this dissertation, is to put into prac-
tice the described methods and derived indicators, in order to guide the design of appropriate
and timely interventions which could support the learning experiences. This is a necessary
step to effectively close the learning analytics loop, as Clow [54] refers to it. The outcome
of our described analytic methods could be visualized and integrated into dashboards, to
raise awareness of different educational stakeholders about the learning processes. Moreover,
our proposed methods generate objective metrics which could be useful for personalization
of learning environments. Integration of these methods into the learning platforms, could
open up possibilities for providing in-time feedback to the stakeholders and improving the
adaptivity and personalization within educational environments.
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A.1 Time analysis module

REALTO dashboard =

@ Most active flow Flow name

F14.1A v

Regularity: Certain Week Day (CWD)

Individual weekly histograms Flow overview
[ P Y I o I T I e m=4.04 $d=2.86
| CWD: 465 Gwo: 1.41 CWD: 3.9 cwo: 2.3 10.0
2]
ool B A= _H —— NS Emigpes _ s
T a
[ apprentice : Ja. K [ agprentice : Wa. v [ apprentica : Me. S [ approntics : Sa. B s
[ cwo e [ oWo:1.52 [ cwo.3 % [ cwo: 028 8
P g
ia| E
50
ol el | el M 5
[ appronice : Sa_ D appronie : S D [ 5
[ cwo: .73 | CwD: 5.79 | 25
10
o — 0.0
Voo Toe Wed Thu Fi CWD
Average weekly histograms Average weekly histograms
[ apprentice teacher
I £
5. £
3 3
s 5
3 10
g ]
3 2{ 3
8 8 .
Man Toe Wed Thu Fri Sat Sun Mon Tie Wed Thu Fri Sal Sun
Week day Week day

Regularitv: Certain Dav Hour (CDH)

127



Appendix A. Realto analytics dashboard

A.2 Activity analysis module

REALTO dashboard
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A.3. Social analysis module

A.3 Social analysis module

REALTO dashboard =
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