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Abstract
During the last few years, Learning Analytics (LA) has gained the interest of researchers in the field of Technology Enhanced Learning (TEL). Generally, LA deals
with the development of methods that harness educational data sets to support the
learning process. It shares a movement from data to analysis to action to learning.
Recently, the demand for self-organized, networked, and lifelong learning opportunities has increased. Therefore, there is a need to provide an understanding of how
different learners learn in these open learning settings and how learners, educators,
institutions, and researchers can best support this process. Moreover, this openness should be reflected in the conceptualization and development of innovative LA
approaches in order to achieve more effective learning experiences. Open Learning
Analytics (OLA) is an emerging research field that has the potential to deal with
these challenges in open learning environments. However, the concrete solutions and
implementations that can deliver an effective and efficient OLA are still lacking.
Most solutions currently available does not continuously involve end-users in the LA
process and follow design patterns which make it difficult to adopt new user requirements. Furthermore, the available implementations are designed and developed for
specific scenarios, which address the requirements of a specific set of stakeholders by
relying on a predefined set of questions and indicators. These limitations restrict the
scope of such solutions and implementations in the context of OLA targeting various
stakeholders with different needs.
The aim of this dissertation is to introduce personalization in the LA process
by investigating the design of an effective user-centered Open Learning Analytics
Platform (OpenLAP) and providing its conceptual, implementation, and evaluation
details. OpenLAP provides a user-friendly interface that supports an interactive, exploratory, and real-time user experience to allow the end-users to dynamically define
new indicators that meet their goals. Moreover, OpenLAP is designed to be modular and extensible allowing easy integration of new data sources, analytics methods,
and visualization techniques at runtime to adopt the new requirements of multiple
stakeholders and deliver an ecosystem for OLA. The main contributions of this dissertation include (1) a comprehensive analysis of the currently available LA tools
and solutions with respect to their support for openness and personalization, (2) a
theoretically sound design of a user-centered OpenLAP based on the requirements
gathered from the empirical analysis of the literature, (3) a concrete implementation
of OpenLAP providing an interface to self-define the indicators and an extensible
mechanism to easily integrated new data sources, analytics methods, and visualization techniques, and (4) a thorough evaluation of OpenLAP in a pilot study at
RWTH Aachen University to assess it in terms of usability, usefulness, extensibility,
and modularity.
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Zusammenfassung
Während der letzten Jahre hat das Thema Learning Analytics (LA) das Interesse von
Forschern aus dem Bereich Technology Enhanced Learning (TEL) erweckt. Generell
geht es dabei um die Entwicklung von Methoden zur Analyse von in Lernumgebungen
anfallenden Daten mit dem Ziel Lernprozesse zu unterstützen. Der Grundgedanke
fasst diese Unterstützung als einen Prozess von Daten zu Analyse zu Handlungen
zu Lernen auf. Da in letzter Zeit Möglichkeiten von selbstorganisiertem, vernetztem und lebenslangen Lernen wichtiger geworden sind, entsteht ein Bedarf an einem
besseren Verständnis wie verschiedene Lerner in offenen Lernumgebungen lernen und
wie Lehrende, Institutionen und Forscher dies unterstützen können. Des Weiteren
sollte diese Offenheit in der Konzeptualisierung und Entwicklung von innovativen
LA Ansätzen berücksichtigt werden um effektivere Lernerlebnisse zu ermöglichen.
Mit Open Learning Analytics (OLA) entsteht ein Forschungsfeld, das das Potential hat die Herausforderungen für LA in offenen Lernumgebungen zu anzugehen.
Jedoch mangelt es momentan noch an konkreten Lösungen und Implementierungen für effektive OLA Anwendungen. Die meisten momentan verfügbaren Lösungen involvieren den Endbenutzer nicht kontinuierlich in den LA Prozess und folgen
Designmustern die nicht einfach an sich verändernde Anforderungen angepasst werden können. Zudem sind existierende Implementierungen oftmals nur für spezifische
Anwendungsszenarien gedacht, die nur die Anforderungen einer bestimmten Nutzergruppe adressieren und dabei auf einer vordefinierten Menge von Systemanfragen
und Indikatoren basieren. Dies beschränkt die Einsatzmöglichkeiten solcher Lösungen, während es die Idee von OLA ist mehrere Nutzergruppen mit unterschiedlichen
Informationsbedürfnissen zu unterstützen.
Das Ziel dieser Dissertation ist es, den LA Prozess besser zu personalisieren.
Dazu wurde eine effektive und nutzerzentrierten Open Learning Analytics Plattform
(OpenLAP) gestaltet, sowie eine konzeptuelle Implementierung evaluiert. OpenLAP
stellt hierbei eine benutzerfreundliche Oberfläche zur Verfügung, welche ein interaktives und exploratives Nutzererlebnis in Echtzeit ermöglicht indem Benutzer dynamisch neue Indikatoren für ihre Analyseziele definieren können. Darüber hinaus ist
OpenLAP als ein modulares und erweiterbares OLA Ökosystem aufgebaut, dass es
erlaubt neue Datenquellen, Analysemethoden und Visualisierungstechniken einfach
zur Laufzeit zu integrieren, um damit das System an neue Anforderungen unterschiedlicher Nutzertypen zu adaptieren.
Die wichtigsten Beiträge dieser Dissertation sind: (1) eine umfassende Analyse
der momentan verfügbaren Werkzeuge und Lösungen für LA bezüglich ihrer Offenheit
und Unterstützung von Personalisierung, (2) ein theoretisch fundiertes Design eines
nutzerzentrierten Systems (OpenLAP) anhand von Anforderungen, die auf einer empirischen Literaturanalyse basieren, (3) einer konkreten Implementierung von Openv

LAP mit einer Benutzeroberfläche zur Gestaltung selbstdefinierter Indikatoren, sowie
einen Mechanismus für die Integration neuer Datenquellen, Analysemethoden und
Visualisierungstechniken und (4) eine gründliche Evaluation des Systems in einer Pilotstudie an der RWTH Aachen in Bezug auf Gebrauchstauglichkeit, Nützlichkeit,
Erweiterbarkeit und Modularität.
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Chapter 1

Introduction
Learning Analytics (LA) is an emerging field which has attracted a great deal of
interest in practitioners, institutions, and researchers who sees great potential in
it shaping the future of Technology-Enhanced Learning (TEL) landscape. LA is
a multidisciplinary field which cartels the concepts of big data and data analytics
to support various stakeholders in improving their learning and teaching processes
(Siemens et al., 2011). During the last few decades, the technological revolution has
greatly transformed the education sector and introduced a large number of open and
distributed mediums for acquiring knowledge. This development has moved the focus
of modern learning environments from traditional classrooms settings, such as Learning Management System (LMS) and Virtual Learning Environment (VLE), toward
more open, self-organized and networked settings, including Personal Learning Environment (PLE) and Massive Open Online Course (MOOC) (Chatti, 2010). In order
to address the requirements of LA in this distributed and open learning environment,
a new research area called Open Learning Analytics (OLA) has emerged. In general, OLA utilizes a wide range of data coming from various learning environments
and contexts to address the diverse needs and objectives of different stakeholders
associated through a common interest in LA. It employs multiple infrastructures and
methods to draw value from the data to gain insight into the learning processes of
stakeholders (Chatti et al., 2017).
In the following sections, the main motivation behind conducting the research
in the area of OLA is discussed along with the necessary background knowledge to
support it. Afterward, the key research questions addressed by this dissertation are
presented and discussed, followed by the research methodologies adopted to answer
these questions. Next, the major contributions to the field of OLA are summarized.
Finally, the overall structure of this dissertation is outlined.

1.1

Motivation

OLA is relatively a new research field introduced by the group of leading LA researchers from the Society for Learning Analytics Research (SoLAR) in 2011. Since
OLA is still in its infancy, its core concepts are not well defined and mature conceptual
frameworks are lacking (Chatti et al., 2017). So far, the main focus of the discussion
related to the conceptual development of OLA was restricted to the notion of open
source software, open standards, open APIs, reuse of predictive models, interoper1
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ability, and privacy issues (Siemens et al., 2011). Moreover, the concrete solutions
and reference implementations which could deliver the full potential of OLA are also
in the early stages of progress. There are few OLA architectures available in the
literature which are leading the community in realizing OLA frameworks, including
the Apereo learning analytics initiative (Jayaprakash, 2015), the Jisc open learning
analytics architecture (Sclater, 2015a), and SURFnet’s learning analytics experiment
(Manderveld, 2016). However, these proposed architectures mainly focus on specific
scenarios which limit their scope. They address a predetermined set of LA objectives
of a limited set of LA stakeholders by utilizing their specific LA dataset and analyzing
it with a predefined set of LA methods (Muslim et al., 2017).
From a technical perspective, most LA tools currently available are developed so
that only predefined catalog of static questions and indicators are available to the
stakeholders. In the context of OLA, indicators that use a predetermined data source,
analytics method, and visualization type will not be enough to fulfill the varying requirement of multiple stakeholders. Indicators not available in the catalog need to be
requested from the developers, which is not always possible. Therefore, it is necessary
to involve the end-users in the indicator definition process by introducing personalization in the LA practice. User-centered LA tools should be designed to allow end-users
to dynamically and flexibly define new questions and indicators that meet their goals
in an efficient and effective way. These tools should provide a user-friendly interface
that supports an interactive, exploratory, and real-time user experience to enable a
flexible data exploration and visualization manipulation (Muslim et al., 2016).

1.2

Research Objective

The aim of this dissertation is to bring together the key conceptual and technical ideas
in the research area of OLA, investigate the design of an efficient platform that has the
potential to evolve into an ecosystem of OLA, and present the theoretical, conceptual,
and the development details of its working prototype called Open Learning Analytics
Platform (OpenLAP). The specific research questions of this dissertation are:
• How to effectively design and implement a user-centered platform for OLA that
has the potential to evolve over time and support the ever-changing requirements of different stakeholders?
◦ What are the limitations and challenges in the OLA solutions and frameworks currently available in the literature?
◦ What are the main design requirements for an effective and efficient OLA
platform?
◦ How can end-users be involved in the process of defining the indicators
which fulfill their requirements?
• How can OpenLAP be evaluated in terms of usability, usefulness, extensibility,
and modularity?
◦ Does OpenLAP meet the diverse goals of different stakeholders (specifically students and teachers)?
◦ What is the users’ perception of satisfaction with the usability and usefulness of the indicator definition process in OpenLAP?
2

1.3. RESEARCH METHODOLOGY

◦ How easily can OpenLAP be extended with new data sources, analytics
methods, and visualization techniques?

1.3

Research Methodology

In order to answer the research questions provided in the previous section, this dissertation follows the design-based research approach to iteratively analyze, design,
and implement OpenLAP (Wang and Hannafin, 2005). The design-based approach
supports in bringing together research and development to refine both the theory
and practice in the field of OLA and generate evidence that the proposed platform
(OpenLAP) does not simply work but it advances the theoretical knowledge of the
field (Barab and Squire, 2004). Additionally, the case study research methodology is
employed to closely analyze and evaluate OpenLAP (Zainal, 2007; Yin, 2003). Different quantitative and qualitative analysis methods are incorporated in the analysis
process to investigate the pertinent cases and develop the understandability of OpenLAP in each case (Cousin, 2005; Hays, 2004). The focus was mainly given to the use
cases of students and teachers in the context of the blended learning environment at
RWTH Aachen University to obtain in-depth feedback regarding the current system
and explore new processes that can be used for further development. The combination of design-based and case study research methodologies used for this dissertation
is shown in Figure 1.1.

Design-based Research
Analyze

Evaluate

Design

Implement

Case Study Research
Figure 1.1: Combination of Design-based and Case Study research methodologies
followed in this dissertation.

1.4

Contributions

Based on the focus of this work in designing, implementing, and evaluating the usercentered platform for OLA called OpenLAP, the overall contributions of this disser3

Introduction

tation to the field of OLA include:
• OLA theoretical background: An empirical analysis, based on the template
analysis research methodology is conducted focusing on the tools, solutions,
frameworks, and platforms designed for LA between 2011 and 2017. The review
is performed to build a deep and better understanding of the key concepts in
the field of OLA and establish the current state of the art. Moreover, OpenLAP
is compared in detail with the four well-known OLA frameworks available in
the literature based on various LA dimensions.
• OpenLAP design: A set of concrete design requirements are identified to
build the foundation of the user-centered OpenLAP based on the results of the
empirical analysis of the literature and discussion with the LA experts. These
requirements include: ‘personalization’, ‘usability’, ‘privacy’, ‘transparency’,
‘data aggregation and integration’, ‘interoperability’, ‘specifications and standards’, ‘modularity’, ‘reusability’, ‘flexibility and extensibility’, and ‘performance and scalability’.
• OpenLAP implementation: OpenLAP is implemented as a user-centered
and modular platform for OLA, which focuses on providing an intuitive and
user-friendly mechanism to allow different stakeholders to self-define the indicators according to their needs. Moreover, these indicators can be embedded in
any web-based client application to provide analytics in context. Furthermore,
the modular and extensible architecture of OpenLAP allows easy integration of
new data sources, analytics methods, and visualization techniques to meet the
diverse requirements of multiple stakeholders.
• OpenLAP evaluation: OpenLAP was deployed at RWTH Aachen University
to evaluate it in terms of usability, usefulness, extensibility, and modularity at
each stage of the development. Moreover, a pilot study was conducted, where
different quantitative and qualitative evaluation approaches were employed to
thoroughly validate the platform based on the research questions and identify
the future research directions.

1.5

Dissertation Outline

This dissertation has been structured into seven chapters. Chapter 2 provides the
theoretical background of the LA field to summarize key concepts from the literature.
Moreover, the OLA field is discussed in detail based on the different dimensions of
LA. The chapter concludes with the review of the LA literature in terms of tools
and solutions available in the area of OLA and discusses the main requirements and
challenges facing the development of an OLA platform from a technical perspective.
Chapter 3 provides an overview of the related work of this dissertation and provides a systematic comparison of OpenLAP with the selected well known OLA frameworks and solution available in the literature based on different dimensions.
Chapter 4 describes the conceptual approach of OpenLAP by formulating three
possible user scenarios addressed by the platform. Functional and non-functional
requirements are collected based on the literature review and the inputs from key
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stakeholders. Finally, an abstract architecture of OpenLAP is discussed with a focus
on how different components collaborates to realize the two system scenarios.
Chapter 5 presents the iterative development process of OpenLAP and describes
its core evolution stages. Furthermore, it provides comprehensive technical and implementation details of the core OpenLAP components that enable the data collection,
the indicator generation process, and the indicator execution process.
Chapter 6 summarizes the evaluation results of the discrete components of OpenLAP followed by the detailed discussion on the pilot study conducted at RWTH
Aachen University. The study thoroughly evaluates OpenLAP based on the research
questions of this dissertation and investigate its usability, usefulness, extensibility,
and modularity. The results clearly indicate that OpenLAP has high potential to become an ecosystem for OLA that can concurrently support the diverse requirements
of multiple stakeholders.
Chapter 7 concludes the work done in this dissertation and provides an outline
of possible future research directions that can be conducted in the area of OLA.
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Chapter 2

Fundamentals
The field of OLA focuses on addressing the analytics requirements of different stakeholders in open, networked, and life-long learning settings. This chapter provides the
systematic review of the LA field leading to OLA based on the critical analysis of
the literature to build a deep understanding of OLA requirements. Initially, the LA
related fields are introduced, followed by the discussion on the theoretical background
of LA to summarize its key concepts. Afterwards, the details on the influx of the OLA
field focusing on the openness and personalization in the different dimensions of LA
is provided. Moreover, the field of Multimodal LA is briefly presented, followed by
discussion on the importance of the Personalized Learning Analytics (PLA). Finally,
the current state of tools and solutions available in the area of LA are analyzed to
elicit the main requirements and challenges facing the development of an effective
OLA platform1 .

2.1

Learning Analytics

The automatic analysis of large amount of educational data generated from LMSs
such as Blackboard2 , Moodle3 , Desire2Learn4 , and L2 P 5 to improve the learning
experience of learners has gained interest in recent years, which is the focus of the
Learning Analytics (LA) research area. The various definition has been provided in
literature for the LA term; however, there is no universally agreed upon definition.
One of the earliest definition produced by Siemens (2010) in an influential blog post
states:
“Learning analytics is the use of intelligent data, learner-produced data,
and analysis models to discover information and social connections, and
to predict and advise on learning” (Siemens, 2010).
This definition was used as the basis for discussion by an international community
of researchers to formulate the definition of LA which is most commonly cited as well
as adopted by the first international conference on learning analytics and knowledge
(LAK11). The definition states that:
1

Parts of this chapter have been published in (Muslim et al., 2018, 2017; Chatti et al., 2017)
http://www.blackboard.com/
3
https://moodle.com/
4
https://www.d2l.com/
5
http://www3.elearning.rwth-aachen.de
2
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“Learning analytics is the measurement, collection, analysis, and reporting
of data about learners and their contexts, for purposes of understanding
and optimizing learning and the environments in which it occurs” (Siemens
and Long, 2011).
Other LA definitions available in the literature include:
EDUCAUSE’s Next Generation learning initiative defines LA as “the use
of data and models to predict student progress and performance, and the
ability to act on that information” (as cited in Siemens, 2010).
“The interpretation of a wide range of data produced by and gathered on
behalf of students in order to assess academic progress, predict future performance, and spot potential issues” (Johnson et al., 2011).
“The use of analytics techniques to help target instructional, curricular, and support resources to support the achievement of specific learning
goals” (Van Barneveld et al., 2012).
“Learning Analytics is about collecting traces that learners leave behind
and using those traces to improve learning” (Duval, 2012).
“A TEL research area that focuses on the development of methods for
analyzing and detecting patterns within data collected from educational
settings, and leverages those methods to support the learning experience”
(Chatti et al., 2012).
Although different in some aspects, all the presented definitions stress on utilizing
the educational data to improve the learning experience of learners by transforming
it into actions using various data analytics concepts from different areas of research
(Chatti et al., 2012).

2.1.1

Related Fields

The field of LA did not originate from the education sector, rather it was initially
introduced in the context of Business Intelligence (BI) for the purpose of analyzing international market opportunities of online learning products using internally
collected data. The analyzed results were used to improve organizational decisionmaking and understand the behavior of external consumers (Mitchell and Costello,
2000; Shum and Ferguson, 2012). LA at its core is not a new field. It represents
an area that in an interaction of numerous academic disciplines, including learning
science, psychology, pedagogy, computer science, and Web science (Dawson et al.,
2014). It employs analytics concepts from a diverse range of related fields, such as
BI, Academic Analytics (AA), Web analytics, Educational Data Mining (EDM), recommender systems, and personalized adaptive learning to detect a useful pattern in
educational data of learners (Chatti et al., 2012). According to Ferguson (2012), the
two most closely related research areas to LA are Educational Data Mining (EDM)
and Academic Analytics (AA), together they focus on addressing different challenges
of analytics research in education domain.
8
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Educational Data Mining
According to the International Educational Data Mining Society:
“Educational Data Mining is an emerging 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” 6 .
The Educational Data Mining (EDM) research area has originated from the data
mining field, also known as the Knowledge Discovery in Databases (KDD), which
focuses on the development of processes and algorithms to discover useful knowledge
from large amounts of data (Norton, 1999). However, the methods used in EDM are
often different from the standard methods used in the data mining field due to the
multi-level hierarchal and non-independence nature of educational data (Baker, 2010).
Therefore, EDM utilizes methods and models from other fields, including machine
learning and psychometrics to mine educational data (Barnes, 2005; Desmarais and
Pu, 2005; Pavlik Jr et al., 2008; Baker and Yacef, 2009).
The fields of LA and EDM have considerable overlapping interests. Both fields
work with the machine-readable data originating from the educational domain and
use it to extract relevant information using methods and techniques (in general procedures) on an ongoing basis with the aim of improving the learning process. However,
they differ in their origins, techniques, fields of emphasis, and types of discovery. Different researchers have attempted to present the differences between the two fields but
the boundaries between them remain blur due to the fact that both fields are still
emerging (Papamitsiou and Economides, 2014; Romero and Ventura, 2013; Chatti
et al., 2012; Siemens and d Baker, 2012). According to Ferguson (2012), EDM addresses the technical challenges and tries to explain how valuable information can be
extracted from big datasets of learning-related data. Whereas, LA focuses on the
educational challenges and discusses the optimization strategies of online learning.
Chatti et al. (2012) sees EDM as a research area that supports student and teachers
in analyzing their learning processes by utilizing typical data mining techniques (i.e.
clustering, classification, and association rule mining). On the other hand, LA goes
one step further by employing additional tools, methods, and techniques (e.g. statistical and visualization tools, Social Network Analysis (SNA)) to study the actual
effect on the improvement of learning and teaching. Siemens and d Baker (2012)
summarized a set of differences between LA and EDM based on literature review.
According to the authors, the focus of EDM researchers is more towards the usage of
methods and tools to discover patterns in educational data which can automatically
adapt the system, whereas, in LA, human-led methods are more preferred that can
lead to the empowerment of instructors and learners.
Academic Analytics
The term Academic Analytics (AA) was initially used by the WebCT company (now
Blackboard7 ) to describe the user activity data that their LMS generates. This data
6
7

http://educationaldatamining.org/
http://www.blackboard.com/Platforms/Analytics/Overview.aspx
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can be processed using statistical analysis and predictive modeling to create intelligence for learners, instructors, academic executives, and decision-makers to improve
academic behavior (Baepler and Murdoch, 2010). In 2005, Goldstein and Katz used
the AA term to describe how the application of the principles and tools of business
intelligence can be used to impact the way institutions gather, analyze, and use data.
Campbell et al. (2007); Campbell (2007) identifies student retention and graduation
rate as the most common measurements for institutions and AA can support them
in addressing these issues by applying statistical techniques and predictive modeling
to a wide array of student data. According to (Ferguson, 2012), AA focuses on the
political/economic challenge and provide tools and techniques to improve learning
opportunities and educational results at national or international levels. In general,
the focus of AA is directed more toward analytics at higher education or even national level decision making and LA address analytics at a local level of teaching
and learning. Table 2.1 summarizes the discussion and provides an overview of the
differences between the fields of LA, EDM, and AA.
Table 2.1: Overview of differences between the fields of LA, EDM, and AA (adapted
from Siemens, 2011).

Academic Analytics

Learning Analytics

Type of Analytics

2.1.2

Educational
Data Mining

Level or Object of Analysis

Stakeholders

Course: social networks, conceptual development,
discourse analysis, intelligent curriculum

Learners,
Educators

Departmental: predictive modeling, patterns of
success/failure

Learners,
Educators

Institutional: learner profiles, performance of
academics, knowledge flow

Administrators,
Funders,
Marketing

Regional (state/provincial): comparisons between
systems

Administrators,
Funders

National and International

National governments,
Education authorities

LA Process

Overall, LA is an iterative process that is carried out in a series of steps. Various
representations have been proposed over time in literature to identify set of processes
necessary to deliver effective LA. In this section, an overview of the most commonly
cited LA processes is briefly discussed. (Elias, 2011) provided an overview of analytics
processes from a variety of disciplines. Furthermore, the author proposed a threephase cycle for continuous refinement and improvement of LA through gathering,
processing and utilizing learner’s information. The proposed LA cycle is based on the
“actionable knowledge conceptual framework for business” by (Baker, 2007) and the
“collective application model” by (Dron and Anderson, 2009), as shown in Figure 2.1.
The first phase of the LA process is the raw ‘data gathering’, which involves two steps
of selecting an appropriate dataset and capturing it. In the ‘information processing’
10
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phase the gathered data is aggregated and various prediction models are applied on
it to infer useful and actionable knowledge. Finally, in the ‘knowledge application’
phase, the generated knowledge is used to share and refine the LA system.

capture

data
gathering
select

Organizations

Computers

People

Theory

refine

aggregate

knowledge
application

information
processing

use

predict

Figure 2.1: Learning analytics continuous improvement cycle (redrawn from Elias,
2011).
Chatti et al. (2012) also presented a three-phased cyclic process model for LA, as
illustrated in Figure 2.2. The first phase of ‘data collection and pre-processing’ involve
the gathering of raw data from various educational environments and systems. The
collected data can be pre-processed by applying various data cleansing techniques to
remove irrelevant information from it. Afterwards, the cleansed data from different
sources can be aggregated to provide a combined dataset on which the analytics can
be performed. Additionally, if required, the dataset can be transformed into a format
required by a specific LA method. Next, in the ‘analytics and action’ phase, various
analytics methods can be applied based on the user requirements to discover and
identify hidden patterns in the data. Various information visualization techniques
can be used to support users in easily and quickly understand the analysis results
as well as to take necessary actions such as monitoring, prediction, intervention,
assessment, adaptation, personalization, recommendation, and reflection, to improve
their learning experiences. Finally, the ‘post-processing’ phase is a step towards the
continuous improvement of LA process by utilizing the previous iteration experience.
Improvements at each step of the LA process can be performed, such as collecting
new data from old and new sources, refining dataset, improving the attributes of the
analysis or applying new analytics method.
Clow (2012) emphasized the importance of interventions for closing the feedback
loops in LA and articulated a four-step LA cycle, as shown in Figure 2.3. The focus of
this LA cycle is a ‘learner’ who can perform various activities in a traditional learning
setting such as a classroom or in a distributed and network environment like MOOC.
11
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Data collection
and preprocessing

Post-processing
Learning
Analytics

Analytics and
action

Figure 2.2: Learning analytics process (Chatti et al., 2012).
From these settings, learner activity ‘data’ including demographic information, online
activity, assessment, and system usage data can be gathered which can be presented
as ‘metrics’ in a wide range of ways. Finally, ‘interventions’ can be planned in the
light of the provided metrics to support learners in improving their learning process.

learners

interventions

The
Learning
Analytics
Cycle

data

metrics

Figure 2.3: Learning analytics cycle (Clow, 2012).
Verbert et al. (2013) envisioned the LA process as a four-stage model, as depicted
in Figure 2.4. The ‘awareness’ stage of the model is to get familiar with the data
by visualizing it using activity streams, tabular overviews, or other visualizations.
The data in itself is not very useful and relevant unless it is assessed based on the
requirements, questions, and objectives of the users, which is the focus of the ‘(self)reflection’ stage. Based on the user questions identified in the previous stage, the
answered are formulated in the ‘sensemaking’ stage to generate new insights. Finally,
the ‘impact’ stage focus on utilizing the generated insight to induce new meaning or
change behavior if necessary.

12
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Figure 2.4: Learning analytics process model (Verbert et al., 2013).

2.1.3

LA Reference Models

In this section, two relatively similar LA references models are discussed in detail,
which provides a more holistic view of LA compared to the definitions and process
models provided in previous sections.
Indicators, Metrics

Why?

What?
Data, Environments, Context
(e.g. LMS, PLE)

Objectives
(e.g. Monitoring/Analysis,
Prediction/Intervention, Tutoring/Mentoring,
Assessment/Feedback, Adaptation,
Personalization/Recommendation,
Awareness/Reflection)

“polycontextual”
Profiling

Openness,
Fragmentation,
Heterogeneity

DataTEL, Big data

How?

Who?

Methods

Stakeholders

(e.g. Statistics, Visualizations,
Data/Web Mining, Social Network
Analysis)

(e.g. Learners, Teachers, Tutors,
Mentors, Institutions, Researchers,
System designers)

Integration, Performance,
Scalability, Extensibility

Competences

Design, Usability

Learning Analytics

Constraints (Ethics,
Privacy, Stewardship)

Figure 2.5: Learning analytics reference model (Chatti et al., 2012).
Chatti et al. (2012) presented a reference model for LA based on four dimensions
that provide a detailed systematic overview of LA and its key concepts. As depicted
in Figure 2.5, the four dimensions of the proposed model are: what? (data, environments, context), who? (stakeholders), why? (objectives), and how? (methods). For
each dimension, the authors have identified a set of challenges and limitations for
future research in the field of LA, as shown in Figure 2.5.
Around the same time, Greller and Drachsler (2012) proposed a design framework
based on six critical dimensions for LA that can support researchers and developers
13
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in designing effective LA services. Figure 2.6 shows the six critical dimension of
their learning analytics design framework, namely stakeholder, objectives, data, instruments, external constraints, and internal limitations. The authors recognize the
six dimensions as either soft or hard. The soft dimensions (external constraints and
internal limitations) focus on the challenges related to the general assumptions about
humans and society, such as competences and ethics. The hard dimensions (stakeholder, objectives, data, and instruments) addresses the challenges related to the
tangible issues in the design of LA services. For each dimension, the possible set
of instantiations has been providing, such as the “instrument” dimension can have
‘technology’, ‘algorithms’, and ‘theories’ as instantiations. However, the list is not
exhaustive and can be extended based on the required scenario. Various instantiations can be connected from each dimension to define a concrete use case for a fully
formulated LA design.
Internal
Limitations

Acceptance

Conventions

Norms

Institution
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Figure 2.6: Critical dimensions of learning analytics (Greller and Drachsler, 2012).
The LA reference model by Chatti et al. (2012) and the LA design framework
by Greller and Drachsler (2012) have much in common. The four dimensions of
the LA reference model corresponds to the four hard dimensions of the LA design
framework. Also, the challenges and limitations identified in the LA reference model
have similarities with the soft dimension of the design framework consisting of external constraints and internal limitations. In the following sections, the four core
dimensions, common in both the models are presented in details.
Data, Environments, Context (What?)
“Data: the prerequisite for everything analytical. You can’t be analytical
without data and you can’t be really good at analytics without really good
data” (Davenport et al., 2010).
The process of LA relies completely on data collected from various educational
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settings. This dimension focuses on the process of gathering, managing and utilizing
this educational data. Furthermore, it takes into consideration the environmental
and contextual information in which the learning occurs to improve the analytics insights. Siemens et al. (2011) referred to LA as a data-driven approach that represents
the application of “big data” and analytics in education. The term “big data” was
initially used by the scientists of NASA to classify the challenge of visualizing a large
amount of data that overloaded the capacities of their system’s main memory, local
disk, and even remote disk (Cox and Ellsworth, 1997). In general, the “big data” is
referred to a dataset that goes beyond the limits of the typical database in terms of
volume, velocity, and variety and requires enhanced capabilities of capturing, storing,
managing, and processing to enable decision making, insight discovery and process
optimization (Manyika et al., 2011; Mark and Laney, 2012). Initially, the concept of
big data was associated with the volume, velocity, and variety of data. As the field
evolved, additional attributes like veracity, verification, variability, visualization, and
value were also associated with the big data. However, big data is generally described
in terms of volume, velocity, variety, veracity, and value attributes, commonly known
as the five V’s of big data.
Due to innovations in the underlying technologies, the use of commercial (e.g.
Blackboard), custom developed (e.g. L2 P), and open source platforms (e.g. Moodle), commonly known as LMSs, are increasingly becoming common in educational
institutes. Learners use these platforms to generate a tremendous amount of open
as well as protected interaction data while performing various activities like reading,
writing, accessing and uploading learning material, taking tests, watching videos, collaborating in wikis and discussion forums (Romero and Ventura, 2007). Furthermore,
the growing interest of learners in user-generated content facilitated by ubiquitous
technologies of production has emphasized the importance of providing LA based on
data coming from open and distributed sources, such as PLEs and MOOCs (Chatti
et al., 2014). The interaction data coming from both formal and informal learning
channels can be analyzed to divulge the learner’s learning behavior, social interactions, aims, and objectives (Daniel, 2015; Greller and Drachsler, 2012). This learning
activity data can be characterized as big data as discussed below based on the five
V’s of big data.
Volume
A single online learning platform can generate thousands of interaction and personal
records per student, which can result in a dataset consisting of millions of records on
a university level (Romero et al., 2008; Chatti et al., 2017).
Velocity
In order for educators to react and influence the overall learning process and to improve the maximum impact of LA, this huge amount of data should be processed,
analyzed, and reported as quickly as possible to provide accurate and timely feedback
to learners. This is especially important in case of time-sensitive information processing, such as in serious gaming scenario, where the timely feedback can support
learners in taking a proper course of actions while playing the game.
Variety
According to Schneider (2016), 80% of the data generated by various organizations
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is unstructured and it comes in the form of text, audio, video, pictures, and combinations of two or more formats. Similar is the case with the educational data which
is collected from a variety of formal as well as informal learning channels, including
LMSs, VLEs, PLEs, MOOCs, online videos, wikis, blogs, and discussion forums. It
can also come in different formats, distributed across space, time, and media (Chatti
et al., 2014).
Veracity
The increasing number of data sources and types introduce a practical challenge of
sustaining trust in big data analysis (Najafabadi et al., 2015). Therefore, to build and
increase the trustworthiness and usefulness of results obtained from the LA practice,
the process of collection, processing, and utilization of data needs to be standardized
and the quality of data, privacy, and security issues need to be resolved.
Value
After all the previous V’s has been incorporated into the LA process, the main aim
of LA can be achieved in an efficient manner, which is to harness the educational
data to provide insight into the learning processes for the purpose of improving it.
Stakeholders (Who?)
This dimension focuses on different target stakeholders who can benefit from LA.
Greller and Drachsler (2012) identifies two categories of stakeholders: data clients
and data subjects. Data clients are those stakeholders who are the recipients of the
outcome of the LA process and can act upon the outcome (e.g., teachers). Data
subjects are those stakeholders who generate activity data by interacting with educational systems (e.g., learners). Depending on the scenario, different stakeholders can
act as data clients and data subjects. A stakeholder can act as both the data client
and the data subject at the same time, e.g. in self-organized learning systems, the
application feeds back the outcome to the learner. In general, students, teachers, and
educational institutions (administrators and faculty decision makers) are the three
main stakeholders of LA exercise. Depending on different use case scenarios, additional stakeholders can also get involved in LA practice, such as researchers, data
analytics, tutors/mentors, intelligent tutoring systems, and system designers (Chatti
et al., 2014). Different stakeholders have different perspectives, goals, and expectations from LA systems which can be provided by tailoring the views on available
information, as briefly presented below for the selected stakeholders.
Students
For most students, the main information that analytics can provide them with is how
they can improve their grades. In order to achieve that, LA solutions can provide
students with a set of indicators, including, student’s activities status across different
learning platform, comparison of their performance with the overall performance of
their peers, recommendations related to resources of the topics in which the student
is falling behind class, suggest peer students with similar learning paths to work in
collaboration with, and show student interaction level in relation to the social network
of co-learners (Chatti et al., 2017; Greller and Drachsler, 2012; Siemens et al., 2011).
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Teachers
Teachers are mainly interested in how analytics can support them in adapting and
augmenting the effectiveness of their teaching practices according to the needs of
their students. Various indicators can be provided to support teachers in monitoring
activities of students, such as identifying student who are lagging behind in the
class and are at risk of failing the course, overall performance of students in different
assessment activities, correlation of student’s marks with their collaborative activities
to identify effects of social network on learning behavior, and tracking liveliness of
discussions around course topics (Chatti et al., 2017; Siemens et al., 2011; Campbell
et al., 2007).
Educational Institutions
Educational institutions are looking for analysis results that can support them in decision making, identify potential students at risk at institution level, improve student
retention and graduation rates, develop student recruitment policies, make financial
decisions, adjust course planning, define resource allocations strategies, development
and provision of learning materials, course design, and teaching (Chatti et al., 2014;
Siemens et al., 2011).
Objectives (Why?)
There is a wide range of LA objectives according to the particular point of view of the
different stakeholders. Chatti et al. (2012) has compiled and discussed an extensive
list of possible objectives of LA based on literature review. In the following, a selected
set of LA objectives are briefly presented.
Monitoring and Analysis
It is one of the most common objectives in LA. Educators are always interested in
tracking learner’s activities in a particular learning setting in order to evaluate their
learning process and detect behavioral patterns. The analysis results can support
them in decision making and provide insight into how they can improve the future
design of their teaching process.
Prediction and Intervention
The main aim of prediction is to develop and utilize a predictive model to foresee
the learners’ future knowledge and performance based on their current activities and
progress. This predictive model can then be used to provide proactive intervention for
educators as well as for learners. The effective analysis and prediction of the learner
performance can support educators and educational institution in providing earlier
interventions to help learners improve their performance, or to adaptive services and
curricula. Different learning resources, tutors, or learning partners can be recommended to learners based on their current performance in specific topics (Siemens
et al., 2011). Aside from all the positive aspects of predicting learners’ future performance, prediction suffers from an ethical problem of judging a learner based on
historical data of someone else. If the prediction is provided based on a limited set
of parameters, it could potentially limit a learner’s potential (Greller and Drachsler,
2012).
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Assessment and Feedback
Assessment is an integral part of every learning process. The objective here is to
support learners in (self-)assessing their learning process to continuously improve
its efficiency and effectiveness. This can be achieved by treating the outcome of
(self-)assessment as an input or intermediate variable to LA systems that can yield
valuable insights into learning behavior and provide intelligent feedback to both the
learners and the educators (Clow, 2012).
Adaptation
The key objective here is to support adaptability of the learning process, instructional
design, and learning resources based on the different attributes of learner’s profile, including learning style, competence level, and assessment outcome (El-Bishouty et al.,
2013; Florian-Gaviria et al., 2013; Siemens et al., 2011). Adaptation can be manually triggered by the teachers or done automatically by the tutoring system or the
educational institution (Chatti et al., 2012).
Personalization and Recommendation
Open and distributed learning environments, such as PLEs have provided the learners with the opportunity to personalize their learning pace and achieve their learning
goals. However, the PLE-driven learning approach introduces a critical challenge of
information overload. In order to address this challenge, the LA systems can support
learners by providing them with personalized recommendations based on their preferences about learning resources they should consider as well as fellow learners they
could collaborate with during self-directed learning.
Reflection and Awareness
Reflection can be seen as the process of self-evaluation by analyzing own dataset in
order to improve. LA tools can support learners as well as educators in performing self-reflection and becoming aware of their own progress and shortcomings by
providing indicators like the comparison of own data with fellow peers in the same
course, across classes or even across the institution. Such analysis can be used to
draw conclusions and (self-)reflect on the effectiveness of own learning or teaching
practice (Chatti et al., 2014; Greller and Drachsler, 2012).
Methods, Instruments (How?)
This dimension focus on a wide variety of analytics methods that can be incorporated
in the LA process to analyze captured educational data and identify useful patterns
in it. Possible analytics methods include statistics, information visualization (IV),
data mining (DM), social network analysis (SNA) (Chatti et al., 2012; Greller and
Drachsler, 2012).
The ‘Methods (How?)’ dimension of Chatti et al. (2012) and the ‘Instruments’
dimension of Greller and Drachsler (2012) have much in common, except there is one
noticeable difference in the ‘Instruments’ dimension of Greller and Drachsler (2012),
which also include a ‘theories’ sub-dimension. The ‘theory’ refers to the conceptual
instruments including theoretical constructs, algorithms, and weightings, by which
the data can be interpreted based on different perspectives (Greller and Drachsler,
2012).
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Statistics
These are the simplest analytics methods that provide basic numerical information
about a user interaction with a learning environment, such as time spent online, total
number of visits, number of visits per page, distribution of visits over time, frequency
of posts/replies, and most viewed learning resources. These methods often employ
basic mathematical formulas, such as sum, average, mean, and standard deviation,
to generate analysis results.
Information Visualizations
These techniques focus on using visualization methods to support users in understanding, evaluating and analyzing data (Khan and Khan, 2011). Presenting the
results of the analysis to the user in an appropriate format is an important step in
closing the LA loop (Clow, 2012). Providing results in the form of tables and text can
make the interpretations of results difficult for a user, leading to incorrect information gain. Due to our visual perception ability, representing results visually is often
more effective, making it easier for a user to easily and accurately interpret them
(Romero and Ventura, 2013; Mazza, 2009). Depending on the objectives of the LA
task, there are various information visualization techniques available to represent the
information in a clear and understandable format, ranging from simple visualizations,
such as bar chart, pie chart, and scatterplot to more complex visualization, such as
boxplot, 3D representations, and maps (Romero and Ventura, 2007). Dashboards are
the commonly used medium to visually present analysis results, in a large number
of LA tools available in the literature. However, the impact of LA is not meaningful
unless they are integrated into the environment and activities they are intended to
improve (Wise et al., 2014; Chatti et al., 2012). Therefore, the challenge here is to
follow the embedded LA design approach and design solutions that can seamlessly
integrate the analysis results into the learning environment.
Data Mining
As previously discussed in Section 2.1.1, data mining is referred to the development
of processes and algorithms to discover useful knowledge from large amounts of data
(Norton, 1999). The analytics methods available in data mining can generally be
categorized into supervised learning (classification, prediction), unsupervised learning
(clustering), and association rules and sequential patterns (Chatti et al., 2014; Han
et al., 2011; Liu, 2011). These methods provide the possibility to perform complex
analysis and generated indicators, such as how the use of different learning resources
affect the outcomes of students, identify the group of students who have made the
same specific mistakes, predict the students who are at the risk of failing the exams
based on their current progress.
Social Network Analysis
SNA analyzes the relationships between actors (individuals or organizations) in a
network by utilizing various concepts from graph theory and structural theory to
interpret and develop an understanding of the observed interaction patterns between
different social actors based on key network properties. One such key property is
centrality which relates to the structural position of an actor within a network and
provides its prominence as well as the nature of its relationship with other actors.
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Other network properties commonly used in SNA include density, closeness, connectivity, betweenness and degrees (Chatti et al., 2014; Dawson, 2010). Social networks
are becoming important in the educational domain due to the gained popularity of
open and networked learning environments. In these open learning environments,
social interaction data of learners can be gathered from various sources, such as
chat logs, discussion forum postings, blog posts and comments. In order to automatically extract, organize, analyze, and visualize this social interaction data and
quickly present network information in a user-friendly format, development of SNA
tools is also gaining momentum (Dawson, 2010). SNA can also be used to investigate and promote collaboration and corporation between learners and educators to
help them in extending and developing their learning and teaching processes respectively (Ferguson, 2012; Haythornthwaite and De Laat, 2010; De Laat et al., 2006;
Haythornthwaite, 2006).

2.2

Open Learning Analytics

The concept of Open Learning Analytics (OLA) was introduced in 2011 by a group of
leading thinkers on LA in an initial vision paper published by the Society for Learning
Analytics Research (SoLAR). The paper presented the conceptual framework for an
integrated and modularized platform that can openly be extended by any research
in terms of processes, algorithms, and technologies (Siemens et al., 2011). Following
up on the vision paper, a summit was held in Indianapolis, Indiana in March 2014 to
promote collaborative research and “to bring together representatives from the learning analytics and open source software development fields as a means to explore the
intersection of learning analytics and open learning, open technologies, and open research” (Siemens, 2014). This summit initiated a discussion that progressed toward
the idea of open learning analytics as a conceptual and technical framework around
which different stakeholders could coordinate their analytics activities and share best
practices. Additionally, a set of domain was identified which would act as the areas
of future work for the OLA community, including open research, institutional strategy and policy issues, and learning sciences/learning design (Siemens, 2014). From
a technical perspective, the summit focused on the idea of designing LA systems
with open architecture/standards and how open source communities can provide infrastructure for new learning analytics services and products. Building on the first
summit, the Learning Analytics Community Exchange (LACE) project organized in
December 2014 the Open Learning Analytics Network Summit Europe to develop
a shared European perspective on the concept of an open learning analytics framework focusing on the key research areas of LA and interoperability (Cooper, 2014b).
Sclater (2014) summarized the summit by providing various aspects of “open” in the
context of LA. The author noted that the most obvious aspect is the reuse of code
and predictive models. Exchange of data within institutions and outside as well as
the improvement in transparency of LA systems for different stakeholders was also
thought to be part of openness. Concluding the summary, the author stressed that
the privacy issues need to be properly tackled in order to make future work in the
areas of LA successful. As a result of the summit, a coalition was formed between the
researchers from SoLAR and the developers from Apereo Foundation, which lead to
the development of an open learning analytics platform under the Apereo Learning
Analytics Initiative (LAI). Following the lead of Apereo, Jisc also joined the coalition
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and come up with their own OLA framework called Jisc Open Learning Analytics
Architecture (OLAA), which has much in common with SoLAR OLA and Apereo
LAI (Griffiths et al., 2016).
Summarizing the current status of the field of OLA based on the discussion from
the initial vision paper until the last European summit, it can be concluded that till
now, the development of the concept of OLA has been restricted to the need for having
open source software, open standards, and open APIs to address the interoperability
challenge in this field. Moreover, the importance of tackling the ethical and privacy
issues for a large-scale deployment of LA has been greatly stressed. Despite all the
discussions, the concept of LA is still not well defined and concrete conceptual and
development plans are still lacking.
Due to the growing demand for self-organized, networked, and lifelong learning
opportunities as well as the introduction of the concept of OLA by (Siemens et al.,
2011), the term “open” has gained a great amount of attention from TEL community.
The term “openness” has been discussed even before it was associated with LA and
different interpretations have been brought forward. According to OECD (2007),
“the two most important aspects of openness have to do with free availability over the
Internet and as few restrictions as possible on the use of the resource, whether technical, legal or price barriers” (p. 32). The term “open” has been used in the context of
education to define the philosophy called “Open Education” which states that highquality educational experiences and resources should be available to everyone in the
world and there should be no barriers in achieving it (Consortium, 2015). From the
late nineteenth century and during the twentieth century, open education has continuously been evolved and explored in the development of distance education along
with other open learning initiatives, such as the open classroom, open schooling, and
open university. Advancements in open education movement over the past decade
has brought new concepts in light, including Open Educational Resources (OER) and
Open CourseWare (OCW) (McNamara, 2012; Peters, 2008; Downes, 2007). The term
MOOC was introduced in 2008 as an evolution of the OER and the OCW. Ever since
then, the MOOCs has been in the forefront of the open education movement (Powell and Yuan, 2013). Building upon the different perspectives of openness available
in the literature of open education, OER, OCW, and MOOCs, Chatti et al. (2017)
compiled a comprehensive summary of the different interpretations of openness in
relation to LA and provided a good starting point for the discussion on how OLA
can be leveraged to foster personalized, networked, and lifelong learning.
• Open learning can address the constraints and limitations inherent in conventionally closed learning environments and provide a learner with the opportunities to learn at the time, place, and pace which satisfies their circumstances
with as little restrictions as possible (Lewis, 1986). It can also provide insight
into how learners behave in these open and networked learning environments
and how different stakeholders can best support them in the process (Chatti
et al., 2014).
• Open architectures, processes, modules, algorithms, techniques, methods, and source should provide everyone the freedom to use, customize, improve, and redistribute these entities without any limitations and constraint. It
can be enabled by following the four R’s approach: Reuse, Redistribute, Revise,
and Remix (III et al., 2010).
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• Open datasets can support the sharing of data from one environment to another not only within the same institution but also with other institutions as
well, in a standardized manner (Sclater, 2014). It should also include legal
protection rules that describe how and when the dataset can be used (Verbert
et al., 2012). Following an open dataset approach, a group of interested researchers started an initiative around “dataTEL”. The main objective was to
promote exchange and interoperability of educational datasets (Duval, 2011;
Verbert et al., 2011). Examples of open datasets include PSLC datashop as a
public data repository that enables sharing of large learning datasets (Koedinger
et al., 2010).
• Open access resources are digital, online, costless, and free of most copyright
and licensing restrictions (Suber, 2007). Unrestricted and free access to LA
solutions can be granted to different stakeholders to promote self-management,
reflection, and improvement.
• Open participation can tremendously increase the impact of the LA process
if different stakeholders are directly engaged in the LA exercise. Daniel and
Butson (2014) states that in LA, “there is still a divide between those who know
how to extract data and what data is available, and those who know what data
is required and how it would best be used” (p. 45). Therefore, it is necessary to
bring together different stakeholders to work on common LA tasks in order to
achieve useful LA results.
• Open standards is referred to a process that involves sharing or exchanging
technology with the community in order to promote the adoption of a common practice (Simcoe, 2006). Adopting open standards make it possible to
have a variety of interchangeable and interoperable solutions that can increase
the competition and customer satisfaction (Cooper, 2014a; Cerri and Fuggetta,
2007).
• Open research, science, innovation, and practice “is to make clear accounts of the methodology freely available via the internet, along with any data
or results extracted or derived from them” (Wikipedia, 2010). This gives effect to a massively distributed participatory culture of creating, sharing, and
collaborating at different phases of the work.
• Open learner modeling based on user interfaces that enable reflection, planning, attention, and forgetting and that can be accessed by learners to control,
edit, update, and manage their models (Kay and Kummerfeld, 2012). This is
important to build trust and improve transparency of the LA practice.
• Open assessment to help lifelong learners gain recognition of their learning.
Open assessment is an agile way of assessment where anyone, anytime, anywhere, can participate towards the assessment goal. It is an ongoing process
across time, locations, and devices where everyone can be an assessor and an
assesse (Chatti et al., 2014).
Chatti et al. (2017) refers to OLA as an ongoing analytics process that comprises
of all aspects of openness discussed above. Building upon the LA reference model
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presented in Section 2.1.3, the authors describe how the same model can be used as
a reference model for OLA by incorporating openness at the four dimensions.
• What?: It should support a standardized data model that can accommodate a
considerable amount and variety of learning activities data along with environmental and contextual information. This includes data coming from traditional
education settings (e.g. LMS, VLE) and from more open-ended and less formal
learning settings (e.g. PLE, MOOC, social web).
• Who?: It should serve the diverse interests and needs of multiple stakeholders.
• Why?: It should meet the objectives according to the particular point of view
of the different stakeholders.
• How?: It should leverage a wide variety of statistical, visual, and computational tools, methods, and methodologies to manage large datasets and process
them into indicators and metrics which can be used to understand and optimize
learning and the environments in which it occurs.

2.3

Multimodal Learning Analytics

The field of LA mainly focuses on utilizing learners’ activity data collected from
digital learning environments where the learners perform various tasks in a structured
and scripted manner. However, due to the increase in the complexity of today’s realworld problems, the educational systems now focus on project-based learning and
demand advanced problem-solving skills from students, as opposed to the ability to
simply perform routine cognitive tasks (Blikstein and Worsley, 2016; Worsley, 2012;
Levy and Murnane, 2005). This lead to the advancements in the learning technologies
to provide learners with the possibility to perform advanced learning activities, such
as generate a computer program, create a robot, develop an animation, or solve an
engineering challenge (Blikstein, 2013). Moreover, learners perform a wide range of
non-digital activities in different learning contexts, such as reading books, generating
documents, and doing face-to-face discussions (Ochoa, 2017). Such learning activities
generate a complex and homogeneous dataset, which in general is not exploited by
traditional LA. Thus, a subfield of LA called Multimodal LA was introduced, which
goes beyond the formal learning traces by combining them with diverse multimodal
learning activity data, such as audio, video, pen strokes, position tracking devices,
gestures, gaze, and biosensors to assess the learning activities and offer new insights
into understanding and optimizing students’ learning trajectories in both the digital
and the physical world scenarios (Ochoa, 2017; Blikstein, 2013, 2011).

2.4

Personalized Learning Analytics

One of the key challenges in OLA is to fulfill the requirements of different stakeholders with diverse goals and objectives that cannot be anticipated beforehand while
designing and developing approaches for OLA. Most of the LA approaches to date
are restricted to analytics tasks in a narrow context within specific research projects.
Very little research has been conducted so far to understand how different stakeholders learn in today’s open and networked learning environments and how OLA can
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best support them in this process (Chatti et al., 2017). Therefore, there is a need for
a new LA model as an ongoing process across time and environments, where every
stakeholder can be the producer and the consumer of the LA services. It is crucial to
see end users as an integral part of an LA practice to achieve true potential and serve
the intended objective of improving learning and teaching. Special attention should
be directed toward providing learners with personalized and effective analytics that
can promote personalized learning in a distributed and open learning environment
(Marzouk et al., 2016). Moreover, the role of learner should be moved beyond subject
who feed LA solutions with activity data and receive affordances and interventions
from educators (Sclater, 2014; Slade and Prinsloo, 2013). This can be achieved by
adopting a PLA approach that engages different stakeholders in a continuous inquirybased LA process as active collaborators. Following an inquiry-based LA approach,
the users should be provided with the opportunity to interact with LA platform, define their goal, pose questions, explore available activity data, and generate indicators
that can support their analytics requirements. It is a crucial step for effective and
personalized LA results and it would also make the LA process more transparent,
enabling users to see what kind of data is being used and for which purpose.
Considering the technical perspective of a wide range of currently available LA
solutions, platforms, and tools, most of them are designed to address very specific
requirements of the selected set of stakeholders. These systems provide very limited
or no possibilities to customize the analytics process and are designed to provide
a predefined catalog of static questions and indicators with a predetermined data
source, analytics method, and visualization type to be displayed in a dashboard.
Any new indicators which are not available in the catalog need to be requested from
the system’s developers. Any research in the context of OLA that enables end users to
dynamically define new indicators based on their goals to achieve PLA is still in very
early stages of development (Muslim et al., 2016). The tools that can support users
in representing and executing analysis workflows are also available in the literature.
However, when used in the context of OLA, these tools are too complex for a nontechnical user to adopt them. It is widely recognized in the LA literature that LA
tools should be designed in a way that can help learners, teachers, and institutions to
achieve their analytics objectives without the need for having an extensive knowledge
of the techniques underlying these tools (Chatti et al., 2012). Therefore, there is an
urgent need to have indicator definition tools that employ user-in-the-loop approach
and enable end users to dynamically define new questions and indicators that meet
their goals in an efficient and effective way. Such tools should provide a user-friendly
interface that supports an interactive, exploratory, and real-time user experience to
enable a flexible data exploration and visualization manipulation.

2.5

LA Tools: A Literature Review

A systematic analysis of the literature was conducted based on a qualitative research
methodology called the template analysis to assess and catalog the current state of
tools and solutions available in the area of LA. Template analysis is the process of
thematically analyzing a textual data collected during a qualitative analysis. Its
central part is to define a set of hierarchically organized coding templates based on
a subset of the collected data. Afterwards, the coding templates are applied to the
whole textual data and revised if required (King, 2012, 1998). This study uses the four
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dimensions of the LA reference model presented by Chatti et al. (2012) as the core
measurements for the analysis along with some additional criteria discussed below.
The review was conducted in the two main phases, namely publications collection
and template analysis.

2.5.1

Publications Collection

The first phase of the analysis consisted of gathering publications from the nine well
known online publication databases in the area of educational technology, namely:
• ACM Digital Library
• Education Resources Information Center (ERIC)
• IEEE Explore
• JSTOR
• Science Direct
• Springer Link
• Wiley InterScience
• ALT Open Access Repository
• Google Scholar
The selected databases already contain publications from the top journals and
conferences in the area of LA, including ‘Journal of Learning Analytics’ and ‘International Conference on Learning Analytics and Knowledge’. Therefore, no additional
sources were included in the search. In order to retrieve the publications for review,
the following search criteria or its equivalent was executed on each database:
“Learning Analytics” AND abstract:(tool* OR platform* OR solution* OR
framework* OR application*)
The criteria searched for the publications containing the term “Learning Analytics” anywhere in their metadata and had at least one of the term (tool, platform,
solution, framework, or application) in the abstract. Additionally, a time criteria was
applied that returned only those publications which were published in the year 2011
or later. At the time of collection8 , the specified criteria resulted in a total of 1239
unique publications. The number of publications was reduced down to a manageable
level in two iterations. In the first iteration, the abstract of each publication was
analyzed based on the following criteria and extraneous papers were excluded from
the collection.
• Publications not available in English were excluded.
• Posters, abstracts, and workshop papers were excluded unless there was a clear
indication in their abstract that they provide concrete technical details about
an LA tool.
8
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• Publications providing only empirical studies, visions, or subjective views of
the authors were excluded.
After applying the above-mentioned criteria on the collected 1239 publications in
the first iteration, the total number of publications was reduced to 202. Afterwards, in
the second iteration, each paper was carefully read and analyzed to get familiar with
the domain context. During the second iteration, the following additional criteria
were applied:
• Publications discussing only abstract conceptual details of tools without providing any concrete plan for the realization of the tools were excluded.
• Core tasks of any LA system can be divided into three main phases, namely data
collection and storage, analysis, and visualization. Publications not providing
details of any of the three steps were excluded. However, some exceptions were
made when the papers provided concrete technical details of the other steps
indicating candidacy as a component for OLA solution.
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Figure 2.7: Different publication types used for the LA tools and solutions state-ofthe-art.
The result of second iteration was a set of 96 publications, including 3 book
chapters, 17 journal articles, 35 full research papers, 38 short research papers, 2
posters, and 1 technical report, as shown in Figure 2.7a. Figure 2.7b shows the
publications of different types from 2011 until September 2017, which clearly indicates
that the number of publications related to the development of tools and solution for
LA is constantly growing with time. Among these publications, the ‘Short Paper’
and the ‘Full Paper’ conference publication formats have the highest share of 40%
and 36% respectively. A considerable amount (21%) of ‘Book Chapters’ and ‘Journal
Articles’ indicates an increase in the maturity of the design and development of the
tools and solutions available in the area of LA.

2.5.2

Template Analysis

In the second phase, the template analysis approach, proposed by King (1998), was
applied to thoroughly analyze and code the filtered set of publications. The four
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dimensions of the LA reference model, as well as the understanding of the analyzed
publications, were used as the basis to formulate five concrete template codes for
the analysis of this review, as shown in Figure 2.8. Each template code was further
classified into smaller clusters if required to define a stable code template.
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Figure 2.8: Hierarchical template analysis codes for LA tools review.
Afterwards, the generated template was applied to each publication to generate
a holistic view of the tools and solutions available in the area of LA, as methodically
discussed in the following sections.
Data, Environments, Context (What?)
Data, the driving force of any LA tool, is the first template code for this analysis. In
order to fully understand the different aspects of this code, it is further divided into
three main clusters, namely data environments, data types, and data models.
Data Environments
The advances in the TEL as well as the availability of extensive educational media has
promised the emergence of the vast amount of educational dataset from a wide variety of sources (Siemens and d Baker, 2012). In order to fully cover the different types
of data sources, seven classifications proposed by Chatti et al. (2012) were refined
based on the discussion on LA by Siemens (2013) and Ferguson (2012). This resulted
in seven data environments categories used in this review, namely ‘Formal environments’, ‘Informal environments’, ‘Distributed environments’, ‘Student information
systems’, ‘Ubiquitous devices’, ‘Social media’, and ‘Others’. Figure 2.9a shows the
overview of the coding performed on the selected publications based on the specified
categories. The time evolution of different data environments used by LA tools and
solutions in the literature is shown in Figure 2.9b. Since a tool can utilize data from
multiple environments, the total count of publications shown in Figure 2.9b goes
beyond the total publications used in this review.
The ‘Formal environments’ category represents the data sources provided by cen27
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Figure 2.9: Data environments types used by the LA tools and solutions in literature.
tralized learning environments of educational institutions, such as LMSs and VLEs.
It include both the well-known open-source and commercial learning environments
(e.g. Moodle, Blackboard, edX) as well as the custom developed ones (e.g. L2 P).
It is the highest ranking category, which is used as a data sources by nearly 34% of
the LA tools analyzed for this review. This is due to the fact that the educational
institutions are the largest producers of the data sets used for LA (Ferguson, 2012).
The ‘Informal environments’ category representing 31% of the reviewed publications
contains the data coming from open and networked learning environments, such as
PLEs and MOOCs. This validates the statement of Chatti et al. (2012) “that future LA applications will increasingly capture and mine data collected in PLEs, as
a result of a shift in focus in the last few years from centralized learning systems to
open learning environments”. Additionally, the increased popularity of open learning
environments as well as the introduction of the field of OLA has encouraged LA tools
to provide LA by consolidating data from both formal and informal learning environments. This is represented by the ‘Distributed environments’ category, which is used
by 22% of the reviewed LA tools. Moreover, the ‘Distributed environments’ shows a
constant increase in usage over the passage of time and is likely to grow further in
future, as evident from Figure 2.9b. However, most tools provide the support for only
combining data coming from a few specific sources together with the formal learning
environment data. For instance, Lopez et al. (2017) used YouTube and geolocation
data to provide better insights into their formal edX data and Florian-Gaviria et al.
(2013) incorporated competence data based on European Qualifications Framework
(EQF) in their formal data set to provide in-depth competence analysis to educators.
The ‘Student information systems’ and ‘Social media’ categories represent 4% and 3%
respectively of the reviewed publications. The low values for these categories can be
due to the increased concern about the privacy issues among different stakeholders.
Thus, making it difficult for LA tools designers to capture data beyond LMS without
the explicit consent from the users (Kitto et al., 2015). The ‘Ubiquitous devices’ is
a unique category that has recently emerged due to the gained popularity of ubiquitous handheld and wearable devices. Publications in this category are scarce because
TEL solutions available for such devices are still lacking. However, this category has
the potential to grow in the future in parallel with the increase in the popularity of
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mobile learning as well as the multimodal LA.
Data Types
Different types of data can be collected from these learning environments. Based on
literature analysis, this cluster is classified into seven different data types used by LA
tools, namely ‘Activity data’, ‘Assessment data’, ‘User profile data’, ‘Social media
data’, ‘Ubiquitous devices data’, ‘Campus data’, and ‘Other dataset’. Figure 2.10a
provide the overview of the coding performed on the selected publications for this
review. The time evolution of different data types is shown in Figure 2.10b.
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Figure 2.10: Data types used by the LA tools and solutions in literature.
The main data type used by almost 64% of the reviewed LA tools is ‘Activity
data’, which represent the data of the learning activities performed by different stakeholders available through default logging mechanism in a learning environment. It is
clearly evident from Figure 2.10 that analysis based on log data has been one of the
main focus of LA research (Ali et al., 2012) and this trend will keep on growing with
the improvements in the underlying technologies that support these environments.
‘Assessment data’ is an emerging category which is used by 11% of the reviewed publications. This category provides more detailed data about the assessment activities
performed by learners and educators which is normally not available in the default
activity log data from learning environments. This includes information about obtained marks, number of solved questions, submitted solutions, textual feedbacks,
evaluation rubrics, and sample solutions (Kakeshita and Ohta, 2016; Kloos et al.,
2015; Jayaprakash et al., 2014). An interesting trend is seen in 2017 where the ‘User
profile data’ has appeared as a big category that has been used by 6 different publications. This category focuses on the information related to the learners profile,
including learning skills, interests, behavior tracks, demographic and aptitude data,
learning and reading styles, cognitive traits, and ePortfolios (Chatti et al., 2017;
Mejia et al., 2017; van der Schaaf et al., 2017; Dascalu et al., 2015; Jayaprakash
et al., 2014). The most likely reason for this increase in the usage of ‘Assessment
data’ and ‘User profile data’ is to go beyond statistics-based LA and provide more
effective LA to the users by correlating various data types. For instance, using assessment data together with reading styles and cognitive traits to build learner model
and support students in overcoming their reading difficulties (Mejia et al., 2017), pre29
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dicting students at risk based on their learning activities and assessment outcomes
(Govindarajan et al., 2015; Jayaprakash et al., 2014; Essa and Ayad, 2012), or support learner in self-regulated learning and improving their competence levels through
personalized feedback (van der Schaaf et al., 2017).
Data Models
Using standardized data models is crucial for dealing with the data integration, aggregation, and interoperability issues, especially in the context of OLA. The majority
(75%) of the publications in this review implemented their own custom data model
to manage raw data. However, standard data models available in the LA literature
are also finding their way into the solutions for LA. Almost 13% of the publications
use xAPI (ADL, 2017) to gather interaction data related to serious games (AlonsoFernandez et al., 2017), social media (Bakharia et al., 2016; Kitto et al., 2015), and
formal learning environments (Lin et al., 2017; Brouwer et al., 2016; Rabelo et al.,
2015; Glahn, 2013). The Activity Streams9 is adopted by almost 5% of the reviewed
publications (Göhnert et al., 2014b; Hecking et al., 2014; Vozniuk et al., 2013). An
interesting pattern is observed in the usage of these two data models. Before 2014,
the Activity Streams had high usage; however, as the xAPI started to gain attention,
the usage of Activity Streams went down. This is mainly due to the fact that xAPI
concepts are derived from the Activity Streams and both data models have much in
common. Finally, IMS Caliper (IMS Global, 2018) is used in the context of SCALA
project (Guenaga et al., 2015; Rayón et al., 2014a,b) and LCDM in OpenLAP project
(Muslim et al., 2017, 2016; Chatti et al., 2017). These two data models represent 3%
each of the reviewed publication. More detailed discussion regarding the comparison
of the different data models is presented in Section 3.5.1.
Stakeholders (Who?)
This template code focus on the different stakeholders who can benefit from LA. For
this review, the stakeholders are classified into five main types, namely ‘Learners’,
‘Educators’, ‘Administrators’, ‘Researchers’, and ‘Developers’. Figure 2.11a shows
the overview of the coding performed on the selected publications for this review.
The time evolution of different stakeholder is shown in Figure 2.11b.
It can be clearly seen from Figure 2.11a that the main target stakeholders of
the reviewed LA solutions are ‘Educators’ and ‘Learners’, representing 49% and 39%
respectively. Around 8% of the LA solutions provided analytics for institution ‘Administrators’. Most of the tools only provided basic statistical information for the
purpose of monitoring various activities of ‘Learners’ and ‘Educators’. However, selected few tools provided more advanced analytics by supporting ‘Administrators’
in improving course structure (Cacatian et al., 2015; Graf et al., 2011), identifying
students at risk (Jayakody and Perera, 2016), and enabling them to custom develop
visualization for their LMS (Kapros and Peirce, 2014). An interesting pattern can
be seen in Figure 2.11b, where the number of publications focusing on ‘Learners’
is gradually increasing with the passage of time. In the year 2016 and 2017, the
‘Learners’ category is almost at the same level as ‘Educators’. The reason for this
increase in the ‘Learners’ focused LA solutions is most likely the emergence of open
and networked learning environments that allow learners to self-regulate their learn9

30

http://activitystrea.ms/specs/json/schema/activity-schema.html

2.5. LA TOOLS: A LITERATURE REVIEW
Learners

Administrators
8%

Researchers

Developers

30

Publication Count

Developers
1%

Administrators

35

Researchers
3%

Educators
49%

Educators

40

25
20
15
10
5

Learners
39%

2011

2012

(a) Overview

2013

2014

2015

2016

2017
(<Sep)

(b) Time evolution

Figure 2.11: Different stakeholders focused by the LA tools and solutions in literature.
ing at their own pace. Moreover, 6 publications provided a flexible mechanism to
support different stakeholders in defining their custom analysis. This allowed these
solutions to concurrently support multiple stakeholders (Muslim et al., 2017; Chatti
et al., 2017; Hecking et al., 2014; Jayaprakash et al., 2014; Lepouras et al., 2014),
which is an important requirement for LA solutions to function properly in an OLA
context.
Objectives (Why?)
The objectives of LA has been classified into seven main categories, namely ‘Monitoring and Analysis’, ‘Prediction and Intervention’, ‘Assessment and Feedback’, ‘Adaptation’, ‘Personalization and Recommendation’, ‘Reflection and Awareness’, and ‘Flexible’. Figure 2.12a shows the overview of the coding performed on the selected publications for this review. The time evolution of different LA objectives is shown in
Figure 2.12b.
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Figure 2.12: LA objective types addressed by the LA tools and solutions in literature.
The main LA objective focused by almost 54% of the reviewed publications is
‘Monitoring and Analysis’. The reason for this high attention is because it is rela31
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tively easy to provide basic statistical indicators for the purpose of monitoring and
evaluating different aspects of learners’ and educators’ activities using simple information visualization techniques. That is why the initial LA objective supported
by any LA tool is usually the ‘Monitoring and Analysis’. The next closely related
objective is ‘Reflection and Awareness’, which is addressed by 21% of the reviewed
publications. Carefully designed ‘Monitoring and Analysis’ indicators can provide
users with the information on their activities and help them in reflecting and improving their learning/teaching experience. For instance, Ogata and Mouri (2015)
have provided the Learning Log Dashboard (L2D) that allow learners to reflect on
what they have learned based on the history of their performed quizzes. Similarly,
Glahn (2013) has embedded LA in a mobile application that informs learners about
their learning performance and encouraging them to self-reflect and organize their
learning resources. The ‘Assessment and Feedback’ objective is the focus of 10% of
the reviewed publications. A wide range of assessment types are addressed in the
literature, including formal text-based assessment (Gañán et al., 2016; Kuosa et al.,
2014), automatic inspection of e-portfolios (Müller et al., 2017; van der Schaaf et al.,
2017), competency assessment (Guenaga et al., 2015; Rayón et al., 2014b; FlorianGaviria et al., 2013), and comprehension assessment (Dascalu et al., 2015). The least
focused objectives are the ‘Adaptation’ and ‘Personalization and Recommendation’
representing 2% and 3% of the overall publications respectively. The ‘Flexible’ objective is the most import category for this review. It includes LA tools that provide
a flexible and extensible framework to include new objectives through the inclusion
of new data sources and analysis (Muslim et al., 2017; Chatti et al., 2017; Pardos
et al., 2016; Lepouras et al., 2014; Bader-Natal and Lotze, 2011; Graf et al., 2011).
These tools have the architecture that can support varying requirements of different
stakeholders, making them a good candidate to be used in the context of OLA (see
a detailed comparison of selected OLA solutions in Section 3.5). Overall, it can be
seen in Figure 2.12b that most LA objectives did not show much variance with the
passage of time. However, it is expected that the ‘Adaptation’ and ‘Personalization
and Recommendation’ objectives will gain some attention in the upcoming years due
to the increase in the usage of the self-regulated and open learning environments, in
which the learners would require the system to adapt according to their activities and
provide personalized feedback and recommendation. On the other hand, ‘Prediction
and intervention’ might show some decline due to increased privacy concerns, however, this decline will not be very steep because it is a critical objective for educational
intuitions and educators.
Methods, Instruments (How?)
The fourth template code focuses on the techniques and methods used by the reviewed
LA tools to analyze and visualize the collected data. This code is further divided
into two main clusters namely analysis types and visualization setting.
Analysis Types
This cluster addresses the different types of analytics methods used by the reviewed
publication to analyze the raw data. It is dividing into eight main categories, namely
‘Basic Data Visualization’, ‘Statistics’, ‘Clustering’, ‘Classification’, ‘Association Rule
Mining’, ‘Social Network Analysis’, ‘Others’, and ‘Extensible Collection’. Figure
32
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2.13a and Figure 2.13b shows the overview and the time evolution of the different
analysis techniques used in the reviewed publications, respectively.
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Figure 2.13: Types of analysis techniques used by the LA tools and solutions available
in literature.
Around 36% of the reviewed tools employed the ‘Basic Data Visualization’ technique. It is commonly used for the ‘Monitoring and Analysis’ LA objective when the
main purpose is to perform simple (e.g. sum, average, count) or no analysis at all on
the raw data before visualizing it. ‘Statistics’ represent the second largest category
which stands at 25%. Many tools combine statistical methods together with other
advanced techniques to provide the required LA, resulting in higher usage ranking
(Carchiolo et al., 2016; Kuosa et al., 2014; Ali et al., 2012). The ‘Classification and
Prediction’ techniques are used by 10% of the tools, which focus on predicting students’ performance and success based on student activity data (Rabelo et al., 2015;
Essa and Ayad, 2012), identifying less-able students who are at the risk of failing
(Jayakody and Perera, 2016; Jayaprakash et al., 2014), predicting dynamic learning
paths for learners on their competence and meta-competence (Govindarajan et al.,
2016), and classifying learners’ behaviors to improve pedagogical practices (Hui et al.,
2016). ‘Social Network Analysis’, standing at the same level as the ‘Classification
and Prediction’, provides a set of techniques to support users in analyzing various
aspects of networks. Among the 96 reviewed publications, only one publication used
the ‘Association Rule Mining’ techniques to provide “recommendations related to the
cultural heritage sites to visit during the learning experience, based on the sequence
of sites visited by students in previous learning experiences” (Fulantelli et al., 2013).
Beside the specified categories of analysis, wide variety of ‘Other’ analysis techniques
were used in the reviewed publications, including Natural Language Processing (NLP)
(Dascalu et al., 2015; Lewkow et al., 2016; Tarmazdi et al., 2015), pattern mining
(Rabelo et al., 2015; Elkina et al., 2013; Fortenbacher et al., 2013), content analysis
(Carchiolo et al., 2016; Kuosa et al., 2014), and discourse analysis (Tan et al., 2017;
Carchiolo et al., 2016). The ‘Extensible Collection’ category contains 4 publications
that allow extensibility of the tools with new analytics methods by allowing developers to add new R-based analysis script files (Bader-Natal and Lotze, 2011), add new
Drupal-based10 analysis modules (Graf et al., 2011), or add new analysis by following
10

https://www.drupal.org
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custom templates and guidelines provided by the system (Chatti et al., 2017; Lewkow
et al., 2016).
Visualization Setting
This cluster provides information on how the analyzed data is presented to the users,
which is an important factor in the acceptance of LA tools. This cluster is classified into six different categories, namely ‘Static Dashboard’, ‘Interactive Dashboard’,
‘Embedded’, ‘Native Applications’, ‘Flexible Placement’, and ‘Others’. Figure 2.14a
shows the overview of the analysis performed on the selected publications for this
template code. The time evolution of different visualization setting categories is
shown in Figure 2.14b.
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Figure 2.14: Types of visualization settings provided by the LA tools and solutions
available in literature.
The analysis results are shown on a web-based ‘Static Dashboard’ by the majority (47%) of the reviewed LA solutions. These web-based dashboards are relatively
easy to create due to the availability of flexible and easy to use visualization libraries
like Google Charts, D3.js, C3.js, and Highcharts. Web-based ‘Interactive Dashboard’
(11%) focus on providing more exploratory LA experience to the users by providing advanced selecting, filtering, searching and sorting capabilities on the dashboard
(Gañán et al., 2016; Hecking et al., 2014; Dyckhoff et al., 2012). As compared to
the dashboards, where all the analytics is provided in one place, the ‘Embedded’
category (11%) provides the analytics related to each learning activity by embedding the visualizations in its context (Venant et al., 2016; Kapros and Peirce, 2014;
Ruipérez-Valiente et al., 2013). The second largest category is the ‘Native Applications’ (22%), which provides visualization inside LA tools developed for specific
platforms, including mobile apps (Ogata and Mouri, 2015), native serious games
(Malliarakis et al., 2014; Minovic and Milovanovic, 2013), desktop applications (Pan
et al., 2016; Kloos et al., 2015; Elkina et al., 2013). Finally, five publications representing two LA tools, namely Analytics workbench (Göhnert et al., 2014a,b; Manske
et al., 2014) and OpenLAP (Muslim et al., 2017; Chatti et al., 2017), adopt the
‘Flexible Placement’ option. These tools provide the visualizations in a platformindependent HTML and JavaScript format. However, the Analytics workbench only
allows adding visualizations to their own personalized widgets; whereas, OpenLAP
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allows embedding in any web-page.
Quality Attributes
The last template code provides the analysis of the reviewed LA tools based on
the quality attributes that are required in LA solutions to efficiently function in
the context of OLA. These quality attributes include ‘Personalization’, ‘Privacy’,
‘Modularity and Reusability’, and ‘Flexibility and Extensibility’. The majority of
the analyzed publications did not provide any information on the quality attributes.
Thus, the information is collected based on the analysis of the architectural decisions
taken to develop these LA tools.
Personalization
Personalization of different aspects of the LA process is crucial in the context of OLA.
Among the reviewed publications, only 14 publications provided personalization at
different phases of the LA process. Half of the publications provided the possibility
of personalizing the different attributes of the analysis to be performed on the data,
followed by the customization of the visualization technique. A native mobile LA
tool called VEDILS allows users to specify the database fields and statistical analysis
methods to generate basic monitoring indicators (Balderas et al., 2016). A couple
of advanced analytics tools called Analytics Workbench and EVADE allow domain
experts to define analysis workflows using visual editor by defining dataset, analysis,
and visualization (Göhnert et al., 2014a; Manske et al., 2014; Kapros and Peirce,
2014). OpenLAP allows users to define their own indicators using non-technical UI
by specifying dataset, filters, analysis, and visualization parameters (Muslim et al.,
2017; Chatti et al., 2017). Graf et al. (2011) allows personalization of only analysis
by specifying parameters of Structured Query Language (SQL) based queries. A
possibility to customize the visualizations of analysis is provided by Brouwer et al.
(2016) using interactive graphs on a dashboard. The personalization of the data
collection process was supported by three publications, where the users were given
the options to select what data needs to be collected from which sources (Chatti
et al., 2017; Balderas et al., 2016; Kitto et al., 2015).
Privacy
The privacy issue is discussed by 15 publications, which provided three different
mechanisms to secure user data. The highly adopted mechanism is to pseudonymize
the user data before using it for LA. Almost half of the publications focused on
providing an authentication mechanism to secure access to the LA tools. However,
only 4 publications stressed the importance of providing the user with the control of
their own data and implementing concrete steps to deliver this functionality (Muslim
et al., 2017, 2016; Chatti et al., 2017; Alonso-Fernandez et al., 2017).
Flexibility and Extensibility
Similar to the modularity and reusability, the number of publications discussing their
extensibility plans are low (28 publications). The main focus areas for extensibility
in the reviewed LA tools are data sources, analysis, and visualizations. Almost all
the reviewed tools enabled extensibility by implementing custom data collectors to
gather data from new data sources. Around half of the publications focuses on
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extending the tools with different types of analysis by including newly developed
analytics method components/agents/plugins (Muslim et al., 2017; Lewkow et al.,
2016; Hecking et al., 2014), R-based analysis script files (Bader-Natal and Lotze,
2011), predictive models (Jayaprakash et al., 2014; Essa and Ayad, 2012), and HTML
pages that show the analyzed results (Pardos et al., 2016; Pardos and Kao, 2015).
Finally, the extensibility in terms of visualization is addressed by only 6 publications,
which allow adding new visualization techniques as custom developed components
(Muslim et al., 2017; Chatti et al., 2017), HTML files (Pardos et al., 2016; Pardos
and Kao, 2015), and OpenSocial based widgets (Vozniuk et al., 2013).
Modularity and Reusability
Only 16 publications, directly or indirectly provided information on how they have
enabled modularity in different aspects of their tools for reusing components to enhance user experience. One of the main focus of the reviewed tools is the reuse of
existing analysis by supporting users in loading existing platform independent indicators and modifying them to generate new ones (Muslim et al., 2017; Chatti et al.,
2017; Song et al., 2011), creating and exchanging analysis workflow (Göhnert et al.,
2014a), and enabling the execution of the same data queries with varying parameters
to obtain different analysis results (Dyckhoff et al., 2012; Bader-Natal and Lotze,
2011). Other tools focuses on reusing other information, including learning paths
(Cardoso et al., 2017), data parsers (Boulanger et al., 2016), visualizations (Balderas
et al., 2016), and predictive models (Jayaprakash et al., 2014).

2.6

Summary

This chapter provides an overview of the current research in the area of Learning Analytics (LA) and discusses its theoretical background to summarize the key concepts.
Moreover, a selected set of the most commonly cited LA processes necessary to deliver
effective LA are presented, followed by the illustration of the two well-known reference
models for LA available in the literature. Next, the Open Learning Analytics (OLA)
field is introduced with the detailed discussion on how it focusses on the openness in
the different dimensions of LA. Afterwards, the field of Multimodal Learning Analytics is briefly presented. Furthermore, the discussion on the importance of involving
the end-users in the LA practice to provide Personalized Learning Analytics (PLA) is
provided. Finally, the current state of tools and solution available in the literature of
LA are compiled and analyzed using the template analysis approach based on the five
dimensions, namely ‘Data, Environments, Context (What?)’, ‘Stakeholders (Who?)’,
‘Objectives (Why?)’, ‘Methods, Instruments (How?)’, and ‘Quality attributes’.
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Chapter 3

Related Work
This chapter discusses the state of the art in OLA by presenting the four most
popular architectures in the OLA community, namely the SoLAR OLA architecture,
the Apereo LAI, the Jisc OLAA, and the SURFnet LAA, followed by their comparison
with OpenLAP.

3.1

Society for Learning Analytics Research

The Society for Learning Analytics Research (SoLAR) proposed the initial conceptual framework of an integrated and modularized OLA platform in 2011. SoLAR is
“an inter-disciplinary network of leading international researchers who are exploring
the role and impact of analytics on teaching, learning, training, and development”
(Siemens et al., 2011).
SoLAR OLA platform can assist learners in tracking and improving their learning
activities as well as support academics and organizations to evaluate learner activity,
determine needed interventions, and improve the advancement of learning opportunities. The project was formulated based on the following underlying principles
(Siemens et al., 2011):
• Openness in terms of process, algorithms, and technologies.
• Modularized architecture that allows researchers to develop their own components (i.e. tools, methods) and integrate them with the platform.
• Integrated, expandable, and open technology that reduces fragmentations and
can be used by researchers in data mining, analytics, and adaptive content
development.
The abstract architecture of the SoLAR’s OLA is shown in Figure 3.1. It consists
of three core components, namely Analytics Engine, Intervention Engine, and Learning Adaptation and Personalization Engine. The Analytics Engine was planned to be
the central framework to identify and process data based on various analysis modules.
The Intervention Engine will track learner progress and provide various automated
and educator interventions using prediction models developed in the Analytics Engine. The Learning Adaptation and Personalization Engine will utilize the learner’s
profile to adjust the learning process, instructional design, and learning content to
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Figure 3.1: SoLAR Open Learning Analytics Framework (Siemens et al., 2011).
deliver customized and personalized learning materials to each individual (Siemens
et al., 2011).
The focus of SoLAR was mainly directed toward creating the foundation for the
theoretical framework of OLA and to provide the focal point for the educational
community to engage in OLA. However, no funding was obtained to push the work
forward and very little progress was made to realize the platform (Griffiths et al.,
2016).

3.2

The Apereo Learning Analytics Initiative

Apereo is a “non-stock, non-profit corporation, with members drawn from higher education on four continents” (Apereo, 2014). “The mission of Apereo is to help educational organizations collaborate to foster, develop, and sustain open technologies
and innovation to support learning, teaching, and research” (Apereo, 2012). After
the first SoLAR summit in 2014, SoLAR and Apereo members joined forces to move
forward OLA and bring together OLA researchers and developers. This collaboration
resulted in the Apereo Learning Analytics Initiative (LAI) which “aims to accelerate
the operationalization of Learning Analytics software and frameworks, support the
validation of analytics pilots across institutions, and work together so as to avoid
duplication where possible” (Apereo, 2015a).
The Apereo LAI is a diamond-shaped architecture, as shown in Figure 3.2. It
consists of five main sections; Collection, Storage, Analysis, Communication, and
Action. The Collection section allows the gathering of learning activities from any
xAPI and/or IMS Caliper/Sensor API conformant source. The collected data was
initially stored in the Learning Record Store (OpenLRS)1 which supports only xAPI
based sources. Afterward, OpenLRS was evolved into Learning Record Warehouse
1
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Figure 3.2: Apereo Learning Analytics Initiative (LAI) Architecture (adapted from
Apereo, 2015a).
(OpenLRW), which can support events capture with xAPI as well as IMS Caliper2
(Apereo, 2015c). However, based on the analysis of the source code of OpenLRW,
it was identified that the data is stored in the database using the IMS Caliper format. Thus, the xAPI statements are first transformed into IMS Caliper format
before saved to the database. The main aim of the Analysis section is to perform
predictive learning analytics using the Learning Analytics Processor (LAP) component that can perform data mining, data processing, predictive model scoring, and
reporting (Apereo, 2015b; Griffiths et al., 2016). The Communication section consists of a framework called “OpenDashboard” that displays visualizations and data
views called ‘Cards’, where each card represent a discrete visualization that shared
an API and data model (Apereo, 2015d). The output of the analysis can also be
sent to other systems, such as Student Success Plan (SSP) which includes case management, academic advising tools, early alert system, reporting and data collection
tools, and integration with student information systems(Jayaprakash, 2015; Apereo,
2015a; Griffiths et al., 2016).

3.3

Jisc Open Learning Analytics Architecture

Jisc3 is the UK based not-for-profit organization which focuses on the individual
and collective needs of the higher education sector. Following the lead of Apereo,
Jisc also defined an Open Learning Analytics Architecture (OLAA) and have outsourced the development of a number of its component to create a basic LA solution.
2
3

https://github.com/Apereo-Learning-Analytics-Initiative/OpenLRW
https://www.jisc.ac.uk/about/who-we-are-and-what-we-do
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OLAA is extensively based on the OLA initiative by SoLAR and also has much in
common with Apereo LAI. OLAA mainly focuses on the information about student
engagement and attainment to carry out predictive analytics and alert students who
might be at risk (Sclater, 2016; Griffiths et al., 2016).

Figure 3.3: Jisc Open Learning Analytics Architecture (OLAA) (Baylis, 2016).
The Jisc OLAA is a three-layered architecture consisting of the Data Collection
layer, the Data Storage and Analysis layer, and the Presentation and Action layer,
as illustrated in Figure 3.3. The Data Collection layer is responsible for collecting
the learning activities data of students extracted from VLEs, including Moodle and
Blackboard. It collects student’s information from additional sources, including student record system and any self-declared data via the student app. As the name
suggests, the Data Storage and Analysis layer deals with storing the collected data
in an xAPI compliant learning records warehouse, such as Learning Locker4 (Baylis,
2016). The stored data is analyzed using a learning analytics processor, a tool similar
to the LAP component of the Apereo LAI. Thus, it also focuses mainly on predicting
the success rate of students and providing other analytics on learning data to be used
by the student intervention systems. The Presentation and Action layer consists of
different tools to visualize and provide feedback to the users based on the analysis. It
includes staff dashboards, student app, and tools to manage alerts and interventions
(Sclater, 2015a).

3.4

SURFnet’s Learning Analytics

SURF is the Netherlands based not-for-profit organization founded in 1986 that was
initially responsible for the development, implementation and maintenance of the
national research and education network (NREN) of the Netherlands5 . Now it is a
collaborative Information Communication Technology (ICT) organization working for
the Dutch education and research which offers students, lecturers and scientists access
to the best possible internet and ICT facilities in Netherlands6 . SURF has been working on developing the LA architecture in collaboration with the Research Group of
4

https://learninglocker.net/
https://en.wikipedia.org/wiki/SURFnet
6
https://www.surf.nl/en/about-surf
5
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the Free University, iBuildings and ICTRecht (Manderveld, 2016; Dompseler, 2016).

Figure 3.4: SURFnet’s Learning Analytics Architecture (Dompseler, 2016).
The learning analytics architecture of SURFnet is shown in Figure 3.4, which
can be divided into four layers; the input layer, the data layer, the business layer
and the presentation layer. The input layer consists of different sources and learning
environments from where the activities of the learners are captured. The data layer
consists of the LRS which stores the students activates from various xAPI based
sources. The business layer is the learning analytics processor which aggregates,
organize and analyze the data from the LRS to be used in the presentation layer.
Finally, the presentation layer visualizes the analyzed data on dashboards or app
to provide teachers and students insights into study behavior based on the five core
analytics questions discussed by Dompseler (2016):
• Has the student submitted the assignments and when were they submitted?
• When does the student carry out learning activities?
• Does the student monitor their own progress?
• How often does the student take interim tests during the course?
• Which materials are frequently used?
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3.5

Comparison

In this section, the four OLA architecture discussed above are systematically compared with OpenLAP based on the four dimensions of the LA reference model proposed by Chatti et al. (2012). The summary of the comparison is compiled in Table
3.1.

3.5.1

Data Models and Specifications (What?)

All the discussed frameworks utilize one or more data model specifications to aggregate the collected data, except the SoLAR OLA which is an exception since
it is only a conceptual framework. Apereo LAI uses the xAPI and IMS Caliper
based OpenLRW7 . Both, Jisc OLAA and SURFnet’s LA make use of the xAPI based
OpenLRS; specifically, the open source implementation called the Learning Locker8 .
It is clearly evident that the xAPI is becoming a de facto standard for standardizing
the data collection process in OLA. OpenLAP uses Learning Context Data Model
(LCDM) as the central data model to store learning activities data. A detailed discussion on the comparison of LCDM with xAPI and IMS Caliper is provided in Section
4.3.1.
Besides using standard data models, the selected platforms and architecture incorporate various specifications and standards. Apereo LAI, Jisc OLAA, and OpenLAP support the open model approach of OLA by using Predictive Model Markup
Language (PMML) as a standard format to use and share predictive models within
and outside the system. The Learning Tools Interoperability (LTI) by IMS Global
Learning Consortium is used by both Apereo LAI and Jisc OLAA to easily share
visualization generated by the systems with other LTI compliant systems (see Section 3.5.3). SURFnet is collaborating with higher education institutions to define
an Open Education API, also known as Open Onderwijs API (OOAPI) that can
support educational tools to easily and efficiently communicate and share data with
each other, including exercise marks, study credits, schedules, and free workstations
(Ward, 2016).

3.5.2

Stakeholders and Objectives (Who? and Why?)

The main focus of the current implementations of Apereo LAI and Jisc OLAA is to
monitor and predict learners’ performance to allow self-reflection and provide alerts to
educators for intervention (Jayaprakash, 2015; Sclater, 2015a). In the early stages of
experimentation, the SURFnet’s LA is only focusing on monitoring various activities
of learners to provide educators with insight into their behavior (Dompseler, 2016).
In contrast, OpenLAP provides a robust underlying framework that follows a personalized LA approach to enable different stakeholders to define their own indicators
by using an interactive and intuitive UI. This allows OpenLAP to support multiple
stakeholders by addressing their LA objectives beyond monitoring, prediction, and
intervention. Additionally, allowing users to self-define indicators makes it possible
for OpenLAP to grow its indicators catalog over time, unlike the other architectures
where only developers can programmatically implement new indicators.
7
8
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What? Who?

Why?

Extensibility

Visualization
Setting

Analysis
Methods

Indicator
Generation

Tools, Methods

Dashboards

SNA, Data Mining

Developers

Intervention,
Adaptation,
Personalization
Developers

Monitoring,
Prediction,
Intervention

Learners,
Educators

LTI, PMML

xAPI

Jisc OLAA

Predictive Models,
LTI based
Visualizations

Dashboards,
Native Apps

Predictive Models,
LTI based
Visualizations

Dashboards,
Native Apps

Statistics,
Statistics,
Visualizations,
Visualizations,
Predictive Analytics, Predictive Analytics,

Developers

Monitoring,
Prediction,
Intervention

Learners,
Educators

Learners, Educators,
Administrators,
Researchers

Stakeholders

Objectives

LTI, PMML

-

Specifications

xAPI, IMS Caliper

-

Apereo LAI

Data Model

SoLAR OLA

-

Dashboards,
Native Apps

Statistics,
Visualizations

Developers

Monitoring

Learners,
Educators

OOAPI

xAPI

SURFnet's LA

Table 3.1: OLA frameworks comparison with OpenLAP.

Analytics Goals,
Analytics Methods,
Visualization Techniques

Any web-based
application

Statistics, SNA,
Data Mining,
Visualizations, …

Stakeholders
(using intuitive UI)

Learners, Educators,
Administrators,
Researchers, ...
Monitoring, Awareness,
Prediction, Intervention,
Reflection, Personalization,
Recommendation, ...

PMML

LCDM

OpenLAP
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3.5.3

Methods and Techniques (How?)

In terms of analysis, the main focus of Apereo LAI and Jisc OLAA is to perform
predictive analytics. Apereo LAI and Jisc OLAA have a common component for the
analysis called the Learning Analytics Processor (LAP) which is responsible for tracking learner progress and providing various automated and educator interventions for
students at risk using various prediction models (Jayaprakash, 2015; Sclater, 2015b).
Since OpenLAP provides a mechanism to easily add new analytics methods, it is
not restricted to predictive analytics and can apply various analysis techniques (i.e.
statistics, data mining, and social network analysis) to detect patterns in educational
data sets.
As previously discussed in Section 2.1.3, the impact of algorithms, visualizations,
and dashboards will not be meaningful unless they are integrated into the activities
they are intended to improve (Wise et al., 2014). Thus, where and how analysis results
are presented to users is an important factor in maximizing the impact of LA. Most
solutions currently available present insights as indicators on dashboards or within
some native applications. Following this trend, Apereo and Jisc have developed
some components internally as open source and out-sourced some for commercial
development such as Student App by Therapy Box, Student Success Plan (SSP), and
LTI based OpenDashboard (Jayaprakash, 2015; Sclater, 2015b). Similarly, SURFnet
has its own dashboard and a set of apps to present analysis results to its users. Unlike
Apereo LAI, Jisc OLAA, and SURFnet, the indicators in OpenLAP are not bound
to any dashboard or application, rather they are available in the form of HTML
and JavaScript which can be embedded in any client application (e.g. Web pages,
dashboards, LMS), making it possible to seamlessly integrate LA in any context.

3.6

Summary

This chapter summarizes the state of the art in OLA by comparing OpenLAP with
the four well-known OLA platforms available in the literature based on the four dimensions of the LA reference model. In terms of the data models, the xAPI used by all
the platforms, except OpenLAP, is generic and abstract, whereas IMS Caliper, used
by Apereo LAI together with xAPI, is detailed and complex. OpenLAP uses LCDM,
which provides a balance between the different aspects of the both data models to
deliver efficient data model for Personalized Learning Analytics (PLA). Compared to
the other platforms, OpenLAP supports easy integration of new analytics methods
and visualization techniques as well as allow end-users to generate their own indicators. Thus, OpenLAP can support the requirements of not just students and teachers
but also researchers, developers, and institutions. Moreover, OpenLAP can support
LA objectives beyond monitoring, prediction, and intervention. Finally, compared to
the usual way of presenting the analysis results on the dashboard, OpenLAP provides
application independent visualizations in the form of HTML and JavaScript, which
can be embedded in any Web-based client application.
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Chapter 4

The Open Learning Analytics
Platform
The field of OLA address the analytics requirements of different stakeholders with
diverse goals and objectives in self-organized, networked, and lifelong learning environments by enabling openness at the different dimensions of LA. This chapter builds
upon the key theoretical concepts discussed in the previous chapters and provides the
conceptual details of the proposed Open Learning Analytics Platform (OpenLAP)1 .
OpenLAP follows a user-centric approach to engage end users in the flexible and dynamic generation of personalized indicators that can be seamlessly integrated into the
context. In order to meet the ever-growing requirements of a vast number of stakeholders, OpenLAP employs a modular and extensible architecture at its core that
makes it possible to easily integrate new analytics objectives, analytics methods, and
visualization techniques at runtime2 .
In the following sections of this chapter, the conceptual approach of OpenLAP
is presented. In Section 4.1, possible user scenarios are discussed. Afterwards, the
system requirements are gathered in Section 4.2. The abstract architecture of OpenLAP along with the detailed description of each component is provided in Section 4.3.
Finally, in Section 4.4, the system scenarios are presented explaining how different
components interact with each other to deliver OLA.

4.1

User Scenarios

This section presents the envisioned user scenarios that OpenLAP will support the
three key stakeholders: students, teachers, and developers. Since OpenLAP allows
users to dynamically define their own indicator, it is not only restricted to the presented user scenarios.

4.1.1

Student Scenario

Abdullah is a computer science student at ABC University who is interested in learning programming languages. He is attending a course at his University and taking
1

http://lanzarote.informatik.rwth-aachen.de/openlap
Parts of this chapter have been published in (Muslim et al., 2018, 2017, 2016; Chatti et al.,
2017).
2
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an online Moodle-based MOOC course to learn Java. In order to further deepen
his knowledge of Java, he is actively using online learning resources, such as Khan
Academy, discussion forums, YouTube, and Slideshare.
For Abdullah, the privacy of his learning activities is one of the big concerns.
That is why he likes OpenLAP because it provides him with the possibility to specify
which learning activities to collect and from which applications. Additionally, it gives
him the option to anonymously share his data for selected users and for a specified
amount of time. Abdullah configures his OpenLAP profile to collect his learning
activities data from the university LMS, the Moodle-based MOOC platform, and the
Khan Academy.
Abdullah is interested in monitoring his learning progress across the different
platforms and compares it with his peers. He looks into the indicators catalog of
OpenLAP for such an indicator but found one that only compares the university assignment points. Afterwards, he uses the indicator editor to generate a new indicator
that aggregates the assignment points from his university course as well as from his
Moodle course and show it against the average assignment points of his fellow peers
from both platforms. After finalizing the indicator, he receives a code snippet which
he embeds in his university LMS to visualize the indicator with the most recent data.
The generated indicator is also added to the indicators catalog as a template for
future use by other users.

4.1.2

Teacher Scenario

Ayesha is a professor at ABC University where she uses the university LMS to administer her courses. She uses the personalized dashboard of OpenLAP which gives
her an overview of her courses using various indicators. On the dashboard, she has
various predefined indicators such as participation rate of students in lecture, students’ involvement rate in a discussion forum, most viewed/downloaded documents,
and the progress of her students in assignments.
Ayesha is interested in using OpenLAP to find out the correlation between learning resources viewed by students and their points in assignments. She looks in the
list of available indicators in OpenLAP but did not find any indicator that can show
her such correlation. Thus, she opens the indicator editor to define an indicator that
can perform the multi-level analysis. For the first level, she defines an analysis to
calculate average assignment points of each student as well as an analysis to count
the number of time each student has viewed learning resources. After that, she selects a data mining algorithm as the second level analysis that accepts the combined
output of the first level analysis and shows the correlation between learning resources
views and assignment points. She adds the generated indicator to her personalized
dashboard by embedding its code snippet.

4.1.3

Developer Scenario

Mohammad is a research assistant at ABC University who has been working in the
area of Massive Open Online Courses (MOOCs) for the past couple of years. Recently, Mohammad has set up a local installation of Open edX platform. He is
planning to conduct a MOOC on Java programming language in order to analyze the
collaboration patterns of learners. Specifically, he is interested in visualizing which
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assignments in his MOOCs are highly discussed in the discussion forum as a word
cloud.
Mohammad is interested in using OpenLAP to analyze the data from his edX
platform. He uses the data model specification and guidelines provided by OpenLAP
to develop a data collecting component called collector that gathers the data from his
edX platform, transform it into the specified data format and sends it to OpenLAP.
After importing the data in OpenLAP, he uses the OpenLAP’s indicator editor to
define an indicator called “Most discussed assignments”. However, he is not able to
find any analytics method that could perform this analysis neither can he find any
visualization library that can generate a word cloud. Thus, Mohammad decides to
develop the required analytics method and visualization technique for his indicator.
He starts developing a new analytics method called “Count items containing specified
keywords” by importing the new analytics method template from OpenLAP GitHub
repository. He defines two inputs: “Items to count” and “Keywords” as well as two
outputs: “Item Names” and “Item Count”. After that, he implements the logic to
count how many times the specified keywords appeared in the list of input items.
He packages the code as a plugin and adds it to OpenLAP. Similarly, he develops
and adds a new word cloud visualization technique using D3.js. He goes back to
the indicator editor and selects the newly added analytics method and visualization
method to generate his required indicator.

4.2

System Requirements

Designing an effective and efficient solution for OLA that can support diversity in
all four dimension of the LA reference model is a highly challenging task. The first
step in the requirement elicitation process for OpenLAP was to analyze the existing
LA tools available in the literature and identify the most common and frequently
used functionalities. Afterwards, the collected requirements were refined through
multiple brainstorming sessions with the LA experts and additional requirements
were identified to design a user-centric solution as explained using the three user
scenarios in Section 4.1. In this section, the possible list of requirements which would
build the foundation for OpenLAP is discussed in details.

4.2.1

Personalization

Every day, more and more interactive online and blended learning platforms are
increasing the support for personalized learning (Baker, 2016). Therefore, it is necessary to support different stakeholders in tailoring their custom analysis tasks based
on their requirements and objectives by following a personalized LA approach (see
Section 2.4). In order to achieve this, it is necessary to provide users with full control
over the whole indicator definition process to engage them in a continuous inquirybased LA process. Moreover, a user-in-the-loop LA approach should be adopted that
support users in setting goals, posing questions, interacting with the platform, and
self-defining the indicators that help them achieve their goals.
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4.2.2

Usability

Usability assesses the quality of the system User Interface (UI) from the user perspective based on various criteria, including how easy is to understand the UI (Learnability), how quickly the tasks can be performed (Efficiency), how easy is to reestablish
proficiency after away for a while (Memorability), how often the errors occur and
how easy is to recover from them (Errors), and how pleasant is the design (Satisfaction) (Nielsen, 1993). In order to design a system with high usability, guidelines
from the field of Human Computer Interaction (HCI) should be taken into account.
HCI assist designers in selecting appropriate interface layouts, graphics, and colors
for functional, safe, efficient, easy, and enjoyable to use interactive system (Issa and
Isaias, 2015; Rogers et al., 2011).
OpenLAP should adopt HCI design patterns and provide intuitive, responsive
and consistent UI to support end users through the indicator generation process.
Furthermore, it should be designed in a way that can help learners, teachers, and
institutions to achieve their analytics objectives without the need for having an extensive knowledge of the techniques underlying these tools (Romero and Ventura,
2010).

4.2.3

Privacy

Pardo and Siemens (2014) defines privacy as “the regulation of how personal digital
information is being observed by the self or distributed to other observers”. In this
digital age, a vast amount of personal data is generated by every person through
their interactions with the learning environments. One of the biggest challenges in
LA is to keep this data private. This challenge is further amplified in OLA context
where learner data is collected from various sources. Privacy is a crucial factor that
needs to be addressed for OLA to evolve it from conceptual designs into concrete
implementations. As Larry Johnson, the CEO of the New Media Consortium (NMC)
puts it “Everybody’s talking about Big Data and Learning Analytics, but if you
don’t solve privacy first it is going to be killed before it has really started” (as cited
in Bomas, 2014). Therefore, it is crucial to investigate mechanisms that address the
ethical and privacy issues in OLA and employ them in the design of OpenLAP.
There is a number of ethical frameworks and principles for LA available in the
literature which provides a set of considerations that needs to be followed for secure
and adequate LA solution. For instance, Drachsler and Greller (2016) proposes a
DELICATE checklist for LA developers to ensure acceptable usage of educational
data by (1) Determining the purpose of the system, (2) Explaining the objectives,
(3) clarifying the Legitimacy of data collection, (4) Involving all the stakeholders, (5)
asking for a Consent from data generating users, (6) Anonymizing the collected data,
(7) providing Technical infrastructure to ensure privacy, and (8) ensuring that privacy
rules are also followed by External providers. Pardo and Siemens (2014) provided a
set of four practical principles that should be considered about privacy when working
on an LA tool. These principles include (1) transparency, (2) student control over
the data, (3) security, and (4) accountability and assessment. Slade and Prinsloo
(2013) propose an ethical framework consisting of six guiding principles that need
to be considered while implementing solutions for privacy-aware LA, including (1)
learning analytics as moral practice, (2) students as agents, (3) student identity and
performance are temporal dynamic constructs, (4) student success is a complex and
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multidimensional phenomenon, (5) transparency, and (6) higher education cannot
afford to not use data. Cavoukian and Jonas (2012) introduced another framework
called Privacy by Design (PbD) that ensures privacy and provide control over personal
information based on seven foundational principles. It suggests that the user privacy
should be (1) respected and provided as a default setting, (2) proactively intertwined
into processes and practices, (3) embedded into system design, (4) adopted as a
positive-sum strategy instead of zero-sum, (5) provided throughout system lifecycle,
(6) transparent and visible, (7) user-centric.

4.2.4

Transparency

Transparency in the collection and analysis of educational data is arguably one of
the rising ethical issues. The concern of misuse of data and information retrieved
from educational setting as well as the misinterpretations of LA results is spreading
anxiety in the educational community (Drachsler and Greller, 2016; Chatti et al.,
2017). For instance, learners might fear that personal data will not be used for constructive feedback but for monitoring and grading. This could lead to the unintended
effect that learners are afraid and less motivated to use LA tools and participate in
analytics-based TEL scenarios. Therefore, transparency in all phases of the indicator
generation, as well as the indicator execution processes of OpenLAP, is vital to drive
forward the acceptance of this platform. In order to achieve this, there should be
detailed documentation of how the data is collected, who has access to the data,
which analytics methods are applied to the data, how long is the data valid and
available, under which conditions and for what purposes the data will be used, and
which measures are undertaken to preserve and protect the identity of the learner
(Bomas, 2014; Chatti et al., 2014; Pardo and Siemens, 2014; Sclater, 2014; Slade and
Prinsloo, 2013).

4.2.5

Data Aggregation and Integration

LA is a data-driven approach which relies strongly on the users learning activities data
collected from learning environments. As the trend of moving educational resources
online is increasing, an unprecedented amount of users interaction data distributed
across space, time, and media is becoming available (Elias, 2011). This has forced
LA to exploit the concepts of “big data” to improve education (Siemens and d Baker,
2012). In the context of OLA, the data coming from multiple learning environments are heterogeneous consisting of different granularity levels and formats, such as
structured, semi-structured, unstructured documents, videos, images, HTML pages,
relational databases, and object repositories. This data with different dimensionalities can easily be explored and analyzed independently from each other to generate
meaningful insights. However, it will not be enough to create a holistic picture of the
learning activities of users, which require the gathered data to be pre-processed (also
referred to as data preparation) which is a nontrivial task and require adequate data
management (Liu, 2011; Romero and Ventura, 2013). Data pre-processing provides
mechanisms to convert the collected data into an appropriate format that can be used
as input for a particular LA method. During this step, several tasks borrowed from
the data mining field can be used, including data cleansing, data integration, data
transformation, data reduction, data modeling, user and session identification, and
path completion (Han et al., 2011; Liu, 2011; Romero and Ventura, 2007). After the
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data preparation step, it is necessary to aggregate and integrate the data to create
a complete dataset that reflects the distributed activities of the learner. Therefore,
a key requirement for OpenLAP is to support aggregation and integration of data
coming from multiple heterogeneous sources in different formats and use it to provide
more precise and solid LA in networked and distributed settings of OLA.

4.2.6

Interoperability

Interoperability is a broad term with varying definitions and interpretations based on
the context it is used in. The most commonly used definition which is also adopted
by the Institute of Electrical and Electronics Engineers (IEEE) is “the ability of
two or more systems or components to exchange information and to use the information that has been exchanged” (Benson and Grieve, 2016, p. 21; Cooper, 2013).
Interoperability can ensure the efficient flow of information between various components of the ecosystem and support collection and analysis of data from distributed
learning environment (Griffiths et al., 2016). Additionally, it provides a variety of
benefits, including improved data quality and durability, easy data aggregation and
sharing, independence from consequential disruption, and easy adaption of new methods (Cooper, 2014a). It also supports in performing comparable analyzes (Daniel and
Butson, 2014) and test for broader generalizations, for instance, whether a predictive
model is still reliable when used in a different context (Romero and Ventura, 2013).
Therefore, it is necessary to achieve interoperability in OpenLAP by adopting a standardized data model specification available in the LA literature to efficiently store
the aggregated data from multiple sources (Cooper, 2014a).

4.2.7

Specifications and Standards

Widely accepted specifications and standards should be adopted because they ensure
that solutions, services, and methods are appropriate for their intended use and different systems are compatible and interoperable. There are numerous existing specifications and standards that contribute to the various elements of interoperability
(Cooper, 2014a). However, there has been no systematized efforts by the researchers
and developers to standardize the OLA processes (Cooper, 2014c; Hoel and Cooper,
2014). Nevertheless, these available specifications cannot be used as they are for
OLA. The expected focus of standardization activity in the near future is likely to
highlight and raise awareness of existing specifications and standards as well as share
experiences of their usage in various OLA settings. Afterwards, tentatively moving
towards new approaches and concepts inspired by these set of preferred specifications
and standards to be used in OLA practices.
Cooper (2014c) provides a detailed technical-level summary of the range of existing specifications and standards which might be relevant to OLA system developers.
The summary provides a list of specifications and standards based on various dimensions to support analytics, independent of the domain of application.
• Data exchange: Attribute-Relation File Format (ARFF), Google DataSet
Publishing Language (DSPL), GraphML, Statistical Data and Metadata eXchange (SDMX).
• Models and methods: Predictive Model Markup Language (PMML), Validation and Transformation Language (VTL).
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• Logging: Activity Streams, Contextualised Attention Metadata (CAM), Experience API (xAPI), IMS Caliper.
• Objectives and assessment: IMS Learner Information Services (LIS), IMS
Question and Test Interoperability (QTI), Open Badges.
• Protocols: IMS Learning Tools Interoperability (LTI).
• Privacy: Privacy Management Reference Model and Methodology (PMRM),
User-Managed Access (UMA).

4.2.8

Modularity

The fundamental principle behind modularity is to logically partition a system into
manageable and discrete components connected through well-defined interfaces (Eager et al., 2010). The partitioning can be done based on the nature of the task, ease
of implementation, or other criteria. It is important to adopt a modular and serviceoriented architecture for OpenLAP that provide faster, cheaper, and less disruptive
adaptability of new components developed by different collaborators and allow easy
and effective communication between loosely-coupled components. This is particularly relevant for the field of OLA where the requirements of different stakeholder are
ever changing and methods to provide LA are not yet mature (Cooper, 2014a).

4.2.9

Reusability

In computer science, the term reusability is commonly referred to as the process of
using an existing component in the same or different context to add new functionalities to the system with minor or no modifications (Gomaa and Farrukh, 1999). Wiley
(2009) suggested four R’s (reuse, redistribute, revise, and remix) and described how
existing components can be reused to achieve a different level of openness. This, it
is necessary to follow the four R’s of openness while designing the architecture of
OpenLAP that would promote the reuse of data and methods. Additionally, reusing
existing questions and indicators generated by LA experts and adapting them according to stakeholders requirements would increase the chances of developing effective
indicators, decrease the indicator generation time, and increase user confidence in
OpenLAP.

4.2.10

Flexibility and Extensibility

Extensibility is largely defined as the capacity to extend the system with new or
modified functionality over time3 . Daniel and Butson (2014) noted that most of
the best platforms that harness the full potential of Big Data available in the area
of higher education are open and flexible. “They also blend the right technologies,
tools, and features to turn data compilation into to data insight” (p. 41). Therefore,
OpenLAP should follow a flexible and extensible design pattern to enable flexible
and easy integration of new data sources, modules, and methods after the platform
have been deployed.
3

https://msdn.microsoft.com/en-us/library/aa733737(v=vs.60).aspx

51

The Open Learning Analytics Platform

4.2.11

Performance and Scalability

In general, the terms performance and scalability are used interchangeably, however,
they have distinctive meanings. Performance refers to the measurement of speed
with which a certain system can respond to the user request. Whereas, the scalability refers to the ability of the system to maintain its performance within an acceptable
range under increasing load or increase the performance as additional resources are
added to the system (Haines, 2006; Reitbauer, 2008). Therefore, it is important to
consider performance and scalability design parameters while designing the architecture for OpenLAP in order to allow for the incremental extension of data volume,
analytics functionality, and end users. These technical requirements can be achieved
by leveraging big data solutions which provide powerful platforms, techniques, and
tools used for collecting, storing, distributing, managing, and analyzing large datasets
with diverse structures, such as Apache Hadoop, MapReduce, NoSQL databases, and
Tableau Software (Daniel and Butson, 2014).

4.3

Abstract Architecture

OpenLAP lays the foundation of OLA ecosystem that addresses the system requirements discussed in Section 4.2 and provide a framework that incorporates openness
at the four dimensions of the LA reference model by Chatti et al. (2014). Figure
4.1 shows the abstract architecture of OpenLAP along with its core components and
elaborates how openness is supported in terms of data and environment, stakeholders,
objectives, and methods.
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Figure 4.1: OpenLAP abstract architecture (adapted from Chatti et al., 2017).
In order to optimize the development process of OpenLAP, the abstract architecture is re-structured into three main components, namely Data Coordinator, Indicator
Engine, and Analytics Framework, as shown in Figure 4.2. The following sections discuss in details the conceptual approach related to the design of each component along
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with the theoretical background from the literature.
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Figure 4.2: OpenLAP re-structured abstract architecture (adapted from Muslim
et al., 2017).

4.3.1

Data Coordinator

The Data Coordinator component consists of four modules responsible for managing
the users learning activities data in OpenLAP. Each of the module is discussed in
detail below.
Data Collection and Management
The “Data Collection and Management” module is responsible for addressing the data
aggregation and integration as well as the interoperability requirements of OpenLAP,
as discussed in Section 4.2.5 and 4.2.6 respectively. In order to achieve this, OpenLAP
uses a data model called LCDM proposed by Thüs et al. (2014) as part of the Learning
Context Project4 .
LCDM is a user-centric, modular, and easy to understand data model that holds
additional semantic information about the context in which an event has occurred
(Thüs et al., 2014; Lukarov et al., 2014). It is a balance between completeness,
flexibility, and simplicity making it suitable to be used in the context of OLA. Figure
4

http://www.learning-context.de/
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Figure 4.3: Learning Context Data Model (LCDM) Data Model (adapted from Thüs
et al., 2014).
4.3 shows the Entity Relationship Diagram (ERD), which illustrates how LCDM
associates users with an arbitrary amount of events. A detailed description of the
elements of the event are as follows:
• Source preserves the name of the application from where the event was generated, such as L2 P, Moodle, YouTube, etc.
• Platform holds the information about the type of electronic device from which
the event originated, such as mobile, web, or stationary.
• Timestamp keeps the information about the moment when the event was
created to preserve the sequence of events.
• Session provides an option to group together similar events by giving them
common session value.
• Action specifies the kind of activity that happened in the event, such as post,
reply, add, start, end, etc.
• Category consists of three parameters, namely ‘Type’, ‘Major’ and ‘Minor’.
‘Type’ is an optional parameter which defines if the event is of private, professional, or academic nature. ‘Major’ and ‘Minor’ parameters describe the
broader semantic information of the event. ‘Major’ specifies the abstract domain, such as environmental, bio or activity. ‘Minor’ provides a more specific
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category for the event, such as wiki, discussion forum, calendar, etc. There is
a predefined list of ‘Type’, ‘Major’, and ‘Minor’ available in LCDM but it can
be extended as new requirements arise.
• Entity preserves the additional information about the context in which the
event has occurred. Each event can be described by an arbitrary amount of
key-value pairs, such as the longitude and latitude of a position with their
respective values or it could be the file size and file type of a learning material.
OpenLAP exposes a set of web services that allow easy integration of new data
sources and data collection from existing sources. The API methods can be used by
either a component called ‘collector’ integrated into a source which pushes the data
to OpenLAP or by an intermediate component called ‘adapter’ that gathers the data
from a source before pushing it to OpenLAP.
xAPI and IMS Caliper are two well-known data models available in the literature. xAPI was developed by the Advanced Distributed Learning (ADL) Initiative
to enable gathering, storing, and exchanging of learning activities data spanning
across a wide variety of contexts, platforms and technologies (ADL, 2017). It stores
the data in the form of statements, which consists of three main and two additional
attributes. The main attributes include ‘actor’, ‘verb’ and ‘object’. The ‘actor’ represents an individual (e.g. student, teacher) who performed a specific learning activity.
The ‘verb’ describes the action (e.g. viewed, graded, posted) performed by the actor.
The ‘object’ defines the thing (e.g. learning material, assignment) with which the
actor interacted. It can also be another ‘actor’ (e.g. teacher answered student) or a
sub-statement (e.g. teacher replied to ‘student posted in a forum’). The two additional attributes, ‘results’ and ‘context’, holds the outcome of the learning activity
(e.g. scores, success, response) and any additional contextual information related to
the activity (e.g. name of the group the student belongs to, course information),
respectively (ADL, 2017; Griffiths et al., 2016). IMS Caliper was proposed by the
IMS Global Learning Consortium in 2013 to support advanced learning measurements
and analytics by providing recommendations on how to capture and share events data
from learning systems which are based on existing and upcoming IMS specifications
(IMS Global, 2013). As part of the Caliper specification, IMS provided a structured
collection of metrics profiles that describe the possible dimensions which can be captured of each action. Moreover, a Sensor Application Programming Interface (API)
has been provided to support the collection and exchange of learning events in the
form of a data triple consisting of ‘actor’, ‘action’, and ‘object’. The ‘actor’ specifies
an agent (e.g. student, teacher, learning platform, institution) who/that initiates or
performs an action in an event. The ‘action’ is something (e.g. reading, searching,
viewed, graded) that is performed by the actor to accomplish a certain task. The
‘object’ describes the thing (e.g. document, wiki, discussion post, assignment) on
which the action is performed by the actor (IMS Global, 2018; Griffiths et al., 2016).
LCDM is a compromise between xAPI and IMS Caliper. xAPI can be considered
as an activity-centric data model and IMS Caliper as an event-centric (IMS Global,
2016). LCDM, by contrast, is user-centric making it easy to be used for personalized
LA. In terms of vocabulary, IMS Caliper provides a set of pre-defined metric profiles
that cover the common use cases for capturing learning activities data. The metric
profiles are under the governance of IMS Global Learning Consortium and they are
the only one who can extend them with new vocabulary. Starting with version 0.95,
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xAPI has dropped the core vocabulary and adopted an open framework approach.
This has increased the openness and responsiveness to local conditions. However, at
the same time, it has increased the complexity of xAPI, which has been addressed
partially by the community-driven vocabularies called xAPI recipes (Griffiths and
Hoel, 2016; IMS Global, 2016). In short, xAPI is generic and abstract, whereas IMS
Caliper is detailed and complex. LCDM tries to find a balance between the level of
abstraction and complexity of xAPI and IMS Caliper (Lukarov et al., 2014).
Learner Modeling
Learner modeling is the keystone for providing personalized LA. The six most popular
dimension for learner modeling includes the learner’s knowledge, context, interests,
goals, background, and individual traits (Brusilovsky and Millán, 2007). Effective
learner modeling should provide a detailed picture of a learner across a wider learning
context beyond the classroom by utilizing the captured learning activities data. This
is a highly challenging task since learner activities are now distributed over networked
learning environments (Chatti et al., 2014). Therefore, the requirement here is to go a
step further and generate a lifelong learner model that should be able to hold different
forms of learning data collected from multiple sources and provide that information
in a suitable form to support learning and analytics (Kay and Kummerfeld, 2012).
OpenLAP uses LCDM to hold the representations of attributes relevant to an
individual’s learning and generate a thorough learner model which is used to trigger
effective personalization, adaptation, intervention, feedback, and recommendation
actions. The version of LCDM used for OpenLAP only stores information related to
the context dimension of each learning event. However, the latest version of LCDM5
has been extended to include interests of a learner. Moreover, other dimensions of
learner modeling can be included in LCDM to provide a more detailed lifelong learner
model.
Context Modeling
Context is one of the important dimension of lifelong learner modeling. It can be considered as any additional information that can further characterize a user interaction
with an application, such as location, identity, and state of people, groups, and computational and physical objects (Dey et al., 2001). Therefore, it is crucial to leverage
the contextual information in the learner model. Now, the key question is to figure
out how to model the relevant context data (Duval, 2011). Different data models are
available in the LA literature that allow context data collection from various sources,
such as CAM, xAPI, and IMS Caliper. However, each has its own limitations when
it comes to preserving context information, which could lead to misinterpretations
and inaccurate LA results (as cited in Chatti et al., 2017).
OpenLAP uses LCDM, which stores the contextual information related to each
event at three different places (see Figure 4.3). First, the most frequently used
information is stored in the attributes (platform, source, timestamp, session, and
action) directly associated with the ‘Event’ table allowing fast, easy, and flexible
filtering possibilities. Second, for each event, any additional contextual information
is stored as a key-value pair in the ‘Entity’ table. The ‘Category’ table stores the
5
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broader semantic information related to each event, as previously explained in LCDM
specifications.
Privacy
The privacy of user data is one of the most critical issues that is addressed at different
levels and modules of OpenLAP. This module realizes the concept of open learner
modeling (Bull and Kay, 2016) to implement the mechanisms to guarantee that no
unauthorized access to a learner’s data is possible and that the learner has full control
over the data. Moreover, it provides end users with a simple and easy to use UI for
managing and editing a personalized set of privacy policies related to their learning
activities data collected from various sources. The UI allows users to specify which of
their dataset should be anonymously available to everyone and which dataset should
be kept private for personal LA. Additionally, users can select from which sources
their data can be collected and specify the time span of data collection (Lukarov et al.,
2014; Thüs et al., 2014). This will give users the full control over their data making
the LA practice secure and transparent. As the learning activities data for each user
is being collected from their specified sources, this module applies the data privacy
policies specified by the user on the data to make them private or anonymously
accessible to the public.

4.3.2

Indicator Engine

The Indicator Engine is the core component that addresses the personalization, usability, reusability, and transparency requirements of OpenLAP. It is the combination
of “Indicator Editor”, “Rule Engine”, “Indicator Generator”, “Question Analyzer” and
“Administration Panel” modules. Together they are responsible for providing end
users with an effective and efficient mechanism for generating their custom indicators.
Indicator Editor
The “Indicator Editor” addresses the personalization and usability requirements of
OpenLAP by adopting the Goal-Question-Indicator (GQI) approach. It provides the
end users with a set of simple, intuitive, responsive, and easy to use UI that allow
different stakeholders to set an LA goal, formulate a question, and define personalized
indicators without having an extensive knowledge of the underlying techniques (Muslim et al., 2017). In the following sections, the GQI approach is explained followed
by the GQI based indicator types supported by the “Indicator Editor”.
Goal-Question-Indicator (GQI) Approach
As previously discussed in Section 2.4, most LA implementations currently available in literature provides a predefined set of indicators to stakeholders. However,
this is not suitable in the context of OLA where the set of required indicators is
unpredictable. Therefore, there is a need to provide a tailored set of indicators
for various LA objectives (e.g. monitoring, prediction, intervention, personalization,
adaptation, recommendation, assessment, feedback, mentoring, awareness, reflection)
to serve different stakeholders with very diverse goals and requirements. Now, the
question arises, how the indicators can be tailored in an efficient and effective way
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to achieve personalized and goal-oriented LA. Preferably, the LA tools should support stakeholders in interactively exploring real-time user data and enable them to
manipulate analysis visualization based on their individual goals. Therefore, the key
challenge is to provide an effective and efficient process that can enable the end user
to dynamically define their custom indicators that meet their goals (Muslim et al.,
2017).

Figure 4.4: The Goal - Question - Indicator (GQI) approach for Personalized Learning
Analytics (PLA) (Muslim et al., 2017).
In order to address this challenge, the Goal - Question - Indicator (GQI) approach
is proposed that supports end users in a continuous LA process by setting analytics
goal, formulating LA question and self-defining indicators to answer the question.
The GQI approach for defining analysis consists of three main steps as depicted by
the outer circle in Figure 4.4.
• Goal: In the first step the user specify an appropriate LA objective for the analysis, such as monitoring, analysis, prediction, intervention, tutoring, mentoring,
assessment, feedback, adaptation, personalization, recommendation, awareness,
reflection.
• Question: In this step, the user formulates the LA question for the analysis
process, such as ‘how active are students in the course?’, ‘how is my progress
compared to fellow peers in the course?’.
• Indicator: In the final step, the user answers the formulated LA question by
defining one or a set of indicators. Examples of indicators for the ‘how active
are students in the course?’ LA question includes ‘students attendance rate
in class’, ‘students post rate in wikis and discussion forums’, ‘students weekly
learning resources access’, ‘students assignment points overview’, ‘correlation of
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assignment points and learning resources views’. In order to define an indicator,
the user follows the four-step process represented by the inner circle of the GQI
approach, as shown in Figure 4.4. The user starts the process by exploring
the learning activities data available in the system and select an appropriate
dataset. Afterwards, if required, applies various filters to the dataset to make
it more specific to the requirements. Then, selects a suitable analytics method
to analyze the filtered dataset. Finally, specifies a visualization technique to
visualize the analyzed results.
In OpenLAP, the user has the possibility of previewing the indicators before
finalizing it and get an HTML and JavaScript based Indicator Request Code
(IRC) for each indicator. The IRC code can be embedded in any client application to visualize the indicator in the context. This four-step process of defining
the indicator would make the LA process more transparent, enabling users to
see what kind of data is being used and for which purpose and increasing their
trust in the system. Moreover, the “Indicator Editor” provides the possibility
to load an existing indicator for customizing and saving it as a new one; thus,
addressing the reusability requirement of OpenLAP.

Supported Indicator Types
The “Indicator Editor” supports three different types of indicators, namely basic,
composite, and multi-level analysis. The conceptual flow of each indicator type is
shown in Figure 4.5.
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Figure 4.5: Indicator types supported by OpenLAP.
• Basic Indicator: It is simple and easy to understand indicator type that is
precisely mapped to the GQI approach. The user follows the four-step process to generate a new indicator by defining a dataset, applying various filters,
selecting an analytics method for analysis, and specifying the visualization technique to render the indicator. Using this type, most commonly used indicators
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can easily be generated, such as ‘most viewed learning materials’, ‘activities of
discussion forum per week’, and ‘distribution of points in assignments”.
• Composite Indicator: This indicator type allows the user to combine multiple
basic indicators to form a composite indicator. The main condition for this type
is that all the combining indicators should apply the same analytics method,
whereas, the dataset and filters can be different as shown in Figure 4.5. The
analysis results from each combining indicator are stacked together to provide
a cumulative analyzed data which is rendered using the specified visualization
technique. Using this type, indicators like ‘my assignment points compared
to an average of my peers’ and ‘my learning resources views compared to the
average of others’ can be generated.
• Multi-Level Analysis Indicator: In order to generate complex indicators
like ‘cluster of students based on their learning resources views and average
assignment points’ and ‘predict students success rate’, the learning events data
stored in the OpenLAP’s data model (i.e. LCDM) needs to be processed before
complex analysis can be applied to it. Therefore, it was necessary to introduce
an advanced indicator type that allows users to specify analysis at two different
levels as shown in Figure 4.5.
Similar to the composite indicator, the multi-level analysis indicator allows
the user to define multiple basic indicators to define the first level analysis.
However, the user does not have to apply the same analytics methods in all
the first level analysis. This makes the step of combining the analyzed data
from first level analysis more complex and the user has to specify an attribute
common in all the analysis based on which the analyzed data is merged and
passed on to the second level analysis. Finally, the result of the second level
analysis is rendered using the selected visualization technique.
Question Analyzer
The task of the “Question Analyzer” is to analyze the question as the user is entering
it and provide useful suggestions for similar questions already existing in OpenLAP.
Additionally, it provides an option for the user to enter their analysis idea in textual
form and extract relevant goal, question, and indicators from it to pre-populate the
“Indicator Editor”. The “Question Analyzer” employs the concepts of information
retrieval, term extraction, and NLP algorithms to infer the list of closely related
questions for the suggestion and extract information from the analysis idea.
Rule Engine
The “Rule Engine” is responsible for holding the rules responsible for generating the
data queries for the indicators during the indicator generation process. After the
user has selected the dataset and applied all the required filtering parameters of the
indicator using the “Indicator Editor”, the “Rule Engine” utilizes these indicator specifications to select an appropriate rule and generate the data query for the indicator.
The data query is used to fetch the raw data from the database and generate the
preview of the indicator during indicator generation process by the Analytics Framework. Adopting the rule-based approach in the Indicator Engine to generate the data
60

4.3. ABSTRACT ARCHITECTURE

queries for the indicators allows the UI to be disjoint from the data access mechanism.
This allow easy replacement of the LCDM with other familiar data models such as
xAPI, IMS Caliper by only modifying the rules to accommodate the attributes of the
new data model. Additionally, the rules make it possible to easily change the underlying database technology (e.g. from SQL to NoSQL) by modifying the generated
data queries.
Indicator Generator
The “Indicator Generator” acts as the mediator between the different modules of the
Indicator Engine and coordinates all the tasks performed by the Indicator Engine,
as shown in the Figure 4.2. The “Indicator Generator” is responsible for constantly
communicating with the Analytics Framework component during the indicator generation process to acquire relevant data for different sections of the “Indicator Editor”.
Additionally, it manages the sessions for each user which maintains all the information of their current analysis including goal, question, and indicators before they are
saved to the database. The process of previewing the indicator is also coordinated
by the “Indicator Generator” which including communicating with the “Rule Engine”
to generate the data query and then requesting the Analytics Framework to generate
the preview for the indicator. After the indicator generation process is finalized, it
requests the Analytics Framework to save the analysis to the database and generate
the IRCs for each indicator which are provided to the user on the “Indicator Editor”.
Administration Panel
The “Administration Panel” is an independent module which does not communicate
directly with any other module in the Indicator Engine. It provides a set of UI that
allows administrators to manage various extensibility features of the OpenLAP by
collaborating directly with the Analytics Framework, as shown in the Figure 4.2. It
allows administrators to easily approve or reject the new LA goals requested by the
end users through the “Indicator Editor” and edit the list of associated analytics
methods with existing LA goals.
OpenLAP is a modular and extensible framework which allows developers to implement and easily integrate new analytics methods and visualization techniques by
following the provided templates and guidelines (Muslim et al., 2018). In order to
support the developers in extending OpenLAP, the “Administration Panel” provides
an intuitive UI to upload newly developed components to OpenLAP which are validated and made available to users by the Analytics Framework.

4.3.3

Analytics Framework

The Analytics Framework is the backbone of OpenLAP which is responsible for facilitating the Indicator Engine in the generation of new indicators and executing them
afterward with up to date data. Additionally, it is responsible for providing a flexible
web service based mechanism to manage existing indicators, analytics goals, analytics
methods, and visualization techniques. These web services are used by the “Administration Panel” in the Indicator Engine to provide easy to use UI for administrators to
manage OpenLAP. The Analytics Framework also realizes the extensibility requirement by providing a set of templates and guidelines for developers and researchers
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to easily develop and seamlessly integrate new analytics methods and visualization
techniques in OpenLAP. In the following sections, the core modules of the Analytics
Framework are discussed in detailed6 .
OpenLAP-DataSet
The “OpenLAP-DataSet” is a JavaScript Object Notation (JSON) based internal
data exchange format of the Analytics Framework specifically designed to validate
and transfer data between its different modules. The Analytics Framework adopts a
modular design in which different modules operates relatively independent from each
other and communicate via web services. Therefore, to exchange the data between
different modules, a flexible data exchange model is needed which can easily be
serialized to and from JSON and allow automatic parsing.

OpenLAP-DataSet
id: item_names
type: STRING
required: true
title: “Item Names”
description: “Names of …”

id: item_count
type: INTEGER
required: true
title: “Item Count”
description: “Number of …”

OpenLAP-ColumnConfigData

Data: [
"1-3 Topic Assignment.pdf",
"1-2 Overview.pdf",
"1-1 Orga.pdf",
"assignment_04.pdf",
"assignment_03.pdf",
"presentation.pdf",
"assignment_template.pdf",
"assignment_template.docx",
"node_js_final.pdf",
"Handout.pdf" ]

Data: [
114,
89,
87,
50,
46,
43,
34,
33,
30,
28 ]

OpenLAP-Data

OpenLAP-DataColumn
Figure 4.6: OpenLAP-DataSet Abstract Architecture (adapted from Muslim et al.,
2018).
The “OpenLAP-DataSet” contains a collection of columns called ‘Open-LAPDataColumn’ as shown by the abstract architecture in Figure 4.6. Each column
is further divided into two sections, ‘OpenLAP-ColumnConfigData’ and ‘OpenLAPData’. The ‘OpenLAP-ColumnConfigData’ section holds the metadata of the column
containing the reference id, type of the data stored in the column, and the flag identifying whether the column is required or not. Additionally, the metadata section
contains a user-friendly title and description of the column which is used in the “Indicator Editor” module of the Indicator Engine during the indicator generation process.
The ‘OpenLAP-Data’ section stores the actual data of the column based on the type
specified in the metadata section.
As stated earlier, the different modules in OpenLAP send and receive the data in
the form of “OpenLAP-DataSet”. The metadata section of the “OpenLAP-DataSet”
6
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allow the data sender module the possibility to dynamically validate whether the
receiver module can accept the incoming data or not by initially sending only the
metadata section of the dataset and getting the confirmation. The process of validation is fairly fast because only the metadata section is sent which is relatively
lightweight allowing OpenLAP to provide runtime error messages to the users during
the indicator generation process.
OpenLAP-DynamicParameters
Similar to “OpenLAP-DataSet”, the “OpenLAP-DynamicParameters” is a JSON based
data structure. Its purpose is to support developers in easily defining a set of additional parameters required by an analytics method or a visualization technique aside
from the data coming in “OpenLAP-DataSet” format. The “OpenLAP-DynamicParameters” provides a structured way to define the metadata for each parameter by specifying its reference id, type of HTML control (textbox, choice, multiple choice, and
checkbox) to use on the “Indicator Editor” to get the parameter value from a user
during the indicator generation process, data type of the parameter value, default
value of the parameter used to pre-populate the specified HTML control, possible
values in case the HTML control is of choice or multiple choice type, and a flag identifying whether the parameter is required or not. Additionally, the metadata section
contains a user-friendly title and description of the parameter used to provide user
detailed information to the user.
Analytics Modules
The “Analytics Modules” is responsible for managing a collection in which each item
corresponds to an LA goal in OpenLAP, such as monitoring, personalization, prediction, assessment, reflection (see Section 2.1.3). Each analytics modules has an
associated methods reference list which contains information about the most commonly used analytics methods by the previous users in their indicators. During the
indicator generation process, the respective analytics methods reference list of the
selected LA goal is used to provide suggestions to the users. Moreover, the “Analytics Modules” also manages a list of user-defined indicators represented by a triad
containing information about the indicator specifications (dataset, filters and data
query), the analytics method to be applied, and the visualization technique to be used
to render the indicator. These analytics goals, as well as their respective methods
reference list, can easily be managed by the administrator using the “Administration
Panel” in the Indicator Engine.
Analytics Methods
The “Analytics Methods” manages a repository of different types of analytics methods available in OpenLAP, including statistics, data mining, and SNA (see Section
2.1.3). The analytics methods are developed by following the template and guidelines
provided by OpenLAP. Each analytics method has an expected input and an output specified in the “OpenLAP-DataSet” format. The internal logic of the analysis,
however, can freely be developed by the developers as they see fit. Thus, analytics
methods logic can either be directly implemented inside the analytics method or the
input data can be passed on to some external system for analysis like R, KNIME, and
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RapidMiner, reducing the processing load on OpenLAP. If the analytics method is of
predictive analysis type then the result of the training phase of the machine learning
algorithm can be provided as an Extensible Markup Language (XML) based predictive model using the PMML (Guazzelli et al., 2009). Additionally, the “Analytics
Methods” provides a set of web services methods that are used by the “Administrator
Panel” in the Indicator Engine that allow administrators to add and validate the new
analytics methods as well as edit and remove the existing ones.
Visualizer
The “Visualizer” is responsible for managing a collection of available visualization
techniques used to visualize the indicators in OpenLAP. The visualization techniques
are structured into providers of the visualization libraries such as Google Charts,
D3/D4, jpGraph, Dygraphs, jqPlot and their supported visualization types such as
bar chart, pie chart, line chart. As previously discussed in details in Section 3.5.3, LA
is more effective when it is integrated into the context where the learning is happening.
In order to support this notion, each visualization technique in OpenLAP has an
adapter developed for it that transforms the incoming analyzed data (in “OpenLAPDataSet” form) into a flexible visualization unit consisting of HTML and JavaScripts
that can be rendered on any client application (e.g. any Web page, dashboard, LMS).
Additionally, the “Visualizer” exposes a set of web services methods that are used by
the “Administrator Panel” in the Indicator Engine to allow administrators to manage
and validate the visualization techniques.
Analytics Engine
The “Analytics Engine” is the main orchestrator of the Analytics Framework. Its
primary objectives are to realize the indicator generation and the indicator execution
processes. During the indicator generation process, it supports the Indicator Engine
by providing it the required information to populate the “Indicator Editor”, including
the list of existing indicators, dataset parameters, filter values, available analytics
methods and visualization techniques. Additionally, it generates the preview of the
indicator, saves it to the database after the user finalizes it and generate its IRC.
In order to execute the indicator, the “Analytics Engine” fetches the raw data from
the database, transform it into the “OpenLAP-DataSet” format, analyze it using
the specified analytics method, and sent it to the visualizer to get the Indicator
Visualization Code (IVC) which is returned to the client application.

4.4

System Scenarios

The different components of OpenLAP collaborate with each other to provide two
main system scenarios, namely the indicator generation and the indicator execution.

4.4.1

Indicator Generation

The following steps explain in details how the user interacts with OpenLAP during the
indicator generation process. Figure 4.7 shows how different components collaborate
with each other to perform various actions (enumerated in the figure) and support
the user in defining new indicators.
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Figure 4.7: OpenLAP Indicator generation process.
• The Indicator Engine stays in constant communication with the “Analytics Engine” module of the Analytics Framework to get the data for different sections
of the “Indicator Editor” including the possible dataset selection parameters,
the list of possible analytics methods that can be used, the possible visualization techniques that can be applied, as well as validate the specified mappings
(Action 0 ).
• The user (learner, teacher, researcher, institution administrator) starts the indicator generation process (Action 1 ) by interacting with the GQI based UI
provided by the “Indicator Editor” in the Indicator Engine and selecting an
appropriate LA goal of the analysis such as monitoring, prediction, assessment,
and reflection.
• Based on the selected goal, the user formulates the LA question. A possible
question for an educator can be “How active are my students in the course
room?”. In parallel, the “Indicator Editor” communicates with the “Question
Analyzer” through the “Indicator Generator” to provide useful suggestions for
related questions to the user (Action 1 ).
• The user defines and associates a set of indicators with the formulated LA
question to answer it. Possible indicators for the example question can be
“number of posts in discussion forums”, “update rate of wiki pages”, “frequency
of annotations on lecture videos”. Existing indicators can be reused and new
indicators can be defined using the “Indicator Editor”. To define a new indicator,
the user performs the following steps:
◦ Explore the learning event data stored in the LCDM data model and select
a dataset for the indicator.
◦ if required, apply various filters to the selected dataset.
◦ Choose an analytics method to analyze the filtered dataset.
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◦ Map the dataset to the inputs of the analytics method.
◦ Choose a visualization technique to render the indicator.
◦ Map the outputs of the analytics method to the inputs of the visualization
technique.
◦ Preview the indicator and associate it with the question.
• When the user wants to preview the indicator, the “Indicator Editor” sends the
requests to the “Indicator Generator” (Action 2 ) which collaborates with the
“Rule Engine” to generate the data query (Action 3 and 4 ). Afterwards, the
“Indicator Generator” sends the indicator specifications along with the generated data query to the “Analytics Engine” module of the Analytics Framework
to generate the preview (Action 5 ). The “Analytics Engine” generates and returns the preview of the indicator in the form of HTML and JavaScripts called
the IVC which is made visible to the user in the “Indicator Editor” (Action 6
and 7 ).
• After the user has defined and associated all the relevant indicators, the question can be saved through the “Indicator Editor” (Action 8 ). The “Indicator
Generator” sends the current analysis information to the “Analytics Engine” to
save them in the list of user-defined indicators in the “Analytics Modules” as
a triad containing a reference to the indicator query, a reference to the chosen
analytics method, the visualization technique to be used, as well as the mappings: dataset - method and method - visualization (Action 9 ). Additionally,
the “Analytics Engine” generates the HTML and JavaScript based IRCs for
each indicator and returns it to the “Indicator Generator” which is provided to
the user in the “Indicator Editor” (Action 10 and 11 ).
• The user can embed the IRC in any client application (e.g. any Web page,
dashboard, LMS) to visualize the indicator (Action 12 and 13 ).

4.4.2

Indicator Execution

The indicator execution scenario is initiated when the IRC embedded in the client
application communicates with OpenLAP to visualize the indicator. As shown in
Figure 4.8, the “Analytics Engine” module in the Analytics Framework intercepts the
request (Action 1 ) and performs the following steps:
• Check whether the request is valid or not.
• Get the triad from the respective “Analytics Module” using the triad identifier
available in the request (Action 2 and 3 ).
• Get the data query related to the requested indicator from the database and
execute it to get the raw data (Action 4 and 5 ).
• Transform the raw data into the “OpenLAP-DataSet” format.
• Send the transformed data and the dataset - method mapping to the analytics
method referenced in the triad for analysis and receive the analyzed data in
“OpenLAP-DataSet” format (Action 6 and 7 ).
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Figure 4.8: OpenLAP indicator execution process.
• Send the analyzed data and the method - visualization mapping to the visualization technique referenced in the triad and receive the IVC for the indicator
(Action 8 and 9 ).
• Forward the IVC to the requesting client application to visualize the indicator
(Action 10 ).

4.5

Architecture Analysis

The Architecture Tradeoff Analysis Method (ATAM) was used as a framework to
continuously analyze and improve the architecture of OpenLAP during the design
phase. The ATAM is a mature approach for software architecture evaluation and
analysis which has been validated in different domains. The main aim of the ATAM
is to assess the consequences of architectural decisions in light of quality attribute
requirements, such as performance, modifiability, extensibility, and availability (Kazman et al., 2000). The method assesses the quality attributes and explores their
interactions and interdependencies to identify trade-off points between them. The
general strengths of the ATAM include (a) enhanced communication between stakeholders, (b) clarification and refinement of requirements, (c) clearer understanding of
the architecture, and (d) improved software architecture documentation.
The ATAM accepts the business goals, the requirements of the system, and the
software architecture description as the inputs. The outputs of the ATAM includes a
list of scenarios, software architecture approaches, and problem areas including sensitivity points, tradeoff points, and risks. Sensitivity points are parameters in the
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architecture that are critical for the achievement of a particular quality attribute.
A tradeoff point is a sensitivity point that is critical for the achievement of multiple quality attributes. Risks are architecturally important decisions that have not
been made or decisions that have been made but whose consequences are not fully
understood (Ionita et al., 2002; Kazman et al., 2000).
The ATAM consists of four main phases, namely “presentation”, “investigation
and analysis”, “testing”, and “reporting”. Each phase further comprises a collection
of steps. The ATAM analysis is performed in a collaborative session composed of
multiple teams, including an architecture team that design the architecture of system
based on the requirements, clients who provided the system requirements, and an
evaluation team that is expert in executing ATAM analysis and they are the ones
who moderate the analysis session.
In the context of OpenLAP, only the architecture quality of the Analytics Framework component was analyzed because it is the main component that performs almost
all the core tasks, such as execute indicator query, perform analysis, generate visualization, and manage goals, questions, and indicators. In order to progressively
improve its architectural design, various ATAM sessions were conducted during the
bi-weekly discussion meetings of OpenLAP attended by two LA researchers and four
master thesis students. In the initial sessions, only selected steps from the “presentation” and the “investigation and analysis” phases of ATAM were applied because the
architecture was continuously evolving and performing a full ATAM session is time
and resource consuming process. At the later stage, when the architecture was stable,
each step was performed in more detail along with proper documentation to identify
sensitivity points, tradeoff points, and risks in the framework. While performing the
ATAM analysis, the “testing” phase was merged with the “investigation and analysis” phase as the number of participating stakeholders was relatively small. In the
following, the phases of the ATAM are briefly explained along with the summary of
how they were applied in analyzing and improving the architecture of the Analytics
Framework.

4.5.1

Presentation

The presentation phase involved exchanging information through presentations.
Present ATAM
Initially, the evaluation team described the ATAM steps, the techniques to be used
for scenario elicitation and analysis, and the outputs from the evaluation to the
architecture team.
Present Business Drivers
The architecture team described the goals and context of OpenLAP, its major stakeholders, as well as the major quality attributes that shape the Analytics Framework
architecture, namely modularity, extensibility, reusability, and performance, as outlined in Section 4.2.
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Present Architecture
The architecture team described the proposed OpenLAP architecture. The architectural information is documented in the project GitHub wiki using the "Views and
Beyond" documentation method which is based on establishing system requirements
and providing architectural approaches through different views. The views allow seeing the same components in different contexts (static, dynamic, or installation). The
selected views for the Analytics Framework architecture are the Module Views (static
behavior) and the Component & Connector Views (dynamic behavior) (Garlan et al.,
2010).

4.5.2

Investigation and Analysis

The “investigation and analysis” phase focuses on the assessment of the key quality
attribute requirements versus the architectural approaches (Ionita et al., 2002).
Identify Architectural Approaches
The architecture team elicited information on the architectural approaches with respect to modularity, extensibility, reusability, and performance scenarios. For modularity, a service-oriented architecture was presented, for extensibility, a plugin approach was described, for reusability, the “OpenLAP-DataSet” was introduced as an
internal data exchange model, and for performance, a metadata-based data validation
approach was proposed. The idea is to leverage the metadata information available
in the “OpenLAP-DataSet” to validate the compatibility of the data prior to sending
it to the receiving module.
Generate Quality Attribute Utility Tree
In this step, the architecture and the evaluation teams worked together to identify,
refine, and prioritize the most important quality attributes of OpenLAP by building
a utility tree, as shown in Figure 4.9.
Modularity
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Figure 4.9: Quality Attribute Utility Tree for the Analytics Framework.
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The utility tree provides a top-down mechanism for translating the quality attributes into concrete scenarios. The identified quality attributes of OpenLAP, namely
modularity, extensibility, reusability, and performance are the high-level nodes of the
utility tree. Each of these quality attributes is then refined to specific sub-factors. For
example, extensibility is broken down into "Templates and Guidelines", and "Add
new components (Analytics Methods & Visualization Techniques)". The leaf nodes
in the utility tree represent concrete scenarios related to each sub-factor. The prioritization of these scenarios is done using a High, Medium, and Low relative ranking
scale along two dimensions: by the importance of each scenario to the success of the
system and how difficult it is to realize the scenario. For example, "Develop new
component using templates and guidelines." has priorities of (H,L), meaning that it
is highly important for the success of the system and the realization of this scenario
is perceived to be of low difficulty.
Analyze Architectural Approaches
Based on the high-priority scenarios identified in the previous step, the evaluation
team probed and analyzed the architectural approaches that address those scenarios.
Thereby, the architecture team was first asked to identify the architectural components, connectors, configuration etc. used to realize a specific scenario. Then, the
evaluation team asked a set of quality attribute-specific questions to deepen the understanding of the proposed architectural approach. As a result of this discussion, a
list of sensitivity points, tradeoff points, and architectural risks are generated.
A total of six scenarios were analyzed. Six sensitivity points for the different quality attributes were identified, namely "degree of coupling between modules" (with
respect to modularity), "quality of templates and guidelines", "correct definition of
inputs and outputs of new components" (with respect to extensibility), "common
data exchange model" (with respect to reusability), and "degree of coupling between
modules", "amount of data transferred between modules" (with respect to performance). The sensitivity point "degree of coupling between modules" represents a
tradeoff point as it affects the two quality attributes modularity and performance.
Decreasing the dependencies between modules improves the modularity of the system
but increases the amount of data that has to be exchanged which would impact the
performance. The sensitivity point "amount of data transferred between modules"
represents a potential risk when it comes to handling big data.

4.5.3

Reporting

The reporting phase summarizes and presents the ATAM results. The evaluation
team collected the information from the ATAM session and presented it back to the
architecture team. This included the documented architectural approaches, the final
set of scenarios and their prioritization, the quality attribute utility tree and the
sensitivity points, tradeoff points, and risks identified.
Based on the ATAM results, the evaluation team concluded that the OpenLAP
architecture seemed sound with respect to most of the quality attributes. The evaluation showed that the architecture was robust with respect to extending OpenLAP with additional analytics methods and visualization techniques. Moreover, the
OpenLAP-DataSet as a common internal data exchange model was an effective mechanism to achieve reusability of methods and visualizers in OpenLAP. Furthermore,
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the service-oriented architecture was found to be well suited to achieve high modularity. And, the metadata-based data validation approach was an efficient way to
improve the performance in OpenLAP by reducing the data traffic between the different modules.
To address the tradeoff point "degree of coupling between modules", the architecture team brainstormed ideas on how the architecture could be improved to achieve
a compromise between modularity and performance. In the initial architecture, the
“Analytics Engine” communicates with all other modules in the Analytics Framework
via Web services. As the amount of data transferred from the “Analytics Engine”
to the “Analytics Methods” for analysis is expected to be relatively high, it was proposed to increase the coupling between the “Analytics Engine” and the “Analytics
Methods” by having them on the same execution environment, thus reducing the
data transmission time as well as the computational resources required to serialize
and deserialize the data. To address the risk of handling big data, the architecture
team proposed to have a Hadoop ecosystem. This will be a major goal to be achieved
in a future version of OpenLAP.

4.6

Summary

This chapter presents the conceptual approach of OpenLAP. Initially, the possible
scenarios are described explaining in details the usage of OpenLAP by the three
key stakeholders, namely students, teachers, and developers. Driven by these user
scenarios and the critical analysis of the existing tools and solution available in the literature, the concrete system requirements are defined and discussed in detail to build
the foundation of OpenLAP. Afterwards, the abstract architecture of the proposed
platform is explained, which consists of three core components. The Data Coordinator component utilizes Learning Context Data Model (LCDM) as a standard data
model to collect learners’ activity data from a wide range of learning environments.
The Indicator Engine provides a simple and intuitive user interface to allow the end
users to flexibly and dynamically define their personalized indicators that meet their
LA objectives. The Analytics Framework executes the generated indicators as well
as provides a flexible mechanism to easily extend OpenLAP with new analytics modules, analytics methods, and visualization techniques. Next, the two system scenarios
are discussed, which explain how the different components collaborate to provide the
processes of indicator generation and execution. Finally, the summary of applying
Architecture Tradeoff Analysis Method (ATAM) to analyze the architecture of OpenLAP is provided, which indicates satisfactory design decision based on the quality
design attributes.
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Chapter 5

Implementation
This chapter provides the details on the iterative development of OpenLAP as a
proof of concept and a means for evaluating the research questions of this dissertation. Initially, the LCDM based data model for collecting learning activities data is
provided, followed by the implementation details of the standalone tool called RIDT.
Afterwards, the technical design and implementation details of the final version of
OpenLAP is discussed in details. Finally, the supplementary implementations required to conduct the pilot study at the RWTH Aachen University is provided.

5.1

Learning Activities Data Collection

Data collection is the first step in performing an effective LA. As discussed in Section
4.3.1, OpenLAP uses a data model called LCDM to store the learning activities data
of different sources in a single repository. In this section, two implementations of
the LCDM are discussed. Initially, the core implementation is briefly presented that
is being developed in the context of the Learning Context Project. Afterwards, the
detailed discussion is provided regarding why the core implementation of LCDM was
not used with OpenLAP in this dissertation and how an updated version of LCDM
is developed.

5.1.1

Learning Context Project Implementation

The core implementation of LCDM is continuously being developed as a part of
the Learning Context Project1 . The main focus of this project is to collect the
data from various sources and platforms in a central repository that can be used
to generate context models and leverage them to provide personalized feedback and
recommendation to the users (Thüs et al., 2014).
The Learning Context Project utilizes the relational database technology for the
development of LCDM. It exposes a set of RESTful API methods which are used
by the specialized components called collectors to gather the context and interest
information from various sources and send it to the database. An additional set of
API methods are available to request “Event”, “Entity”, “User”, or “Interest” data
in a JSON format based on the specified filters. In order to secure the data, all
1

http://www.learning-context.de/
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communications between server and client are encrypted using Secure Sockets Layer
(SSL) technology.
The Learning Context Project further provides a set of intuitive UI that allows
users to specify from which sources their learning activities data should be collected
and set the access scope (private or anonymously public) as well as support users
in deleting a single data entry, selected parts of the data, the whole data set and
even their account. The LCDM uses the open User-Managed Access (UMA) profile
of OAuth 2.02 to ensure that the data privacy policies specified by the users are
enforced. Enhanced security mechanisms are under development to make sure that
no user data is leaked to any third party system and no unauthorized access to the
learner’s data is possible.

5.1.2

OpenLAP’s Implementation

The core implementation of LCDM provides an efficient mechanism to securely collect user learning activities data and generate a learner and context model using it.
However, it is only effective when simple statistical analytics needs to be performed
with limited data. It faces a set of shortcomings in the context of OLA where the
requirement is to work with big data and execute complex indicators. The most
prominent shortcomings of the core LCDM are:
• Sending and receiving big data through web services is a time and resource
consuming process that can lead to a long execution time of the indicators.
• Current implementation of the core LCDM only allows users to access their
own data using OAuth. Thus, it is not possible to easily provide comparative
indicators like ‘my assignment points compared to the average of fellow students
or generate overview indicators like ‘most viewed learning materials’ which uses
data of everyone in the course.
• RESTful API methods exposed by LCDM to retrieve user data have limited
filter possibilities, e.g. it is not possible to get the events of two specified categories. Therefore, indicators like ‘learning resources views per week’ would be
difficult to generate when learning resources include data coming from learning
materials, media library, and hyperlinks categories.
In order to overcome these shortcomings, an updated version of the core LCDM
is created in a separate SQL based relation database (SQL Server 2008 R2) using
the Hibernate Query Language (HQL)3 . OpenLAP directly communicates with the
database through HQL allowing it to execute complex queries and generate diverse
indicators that can satisfy the requirements of different users. The ERD of the SQL
Server tables generated using HQL is shown in Figure 5.1.
HQL is database independent object-oriented query language similar to SQL. It
operates on persistent objects and their properties instead of tables and columns of
the database. A persistent object is a class created in an object-oriented programming
language that is mapped to a specific table in the database and its properties are
mapped to the columns of that table. The users have the option to generate the
queries using the persistent objects of HQL. A query written in HQL is translated by
2
3
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Figure 5.1: Learning Context Data Model (LCDM) ERD.
a hibernate engine into the format understandable by the underlying database. The
query is executed and the results are made available to the user in the form of class
objects. Since HQL is database independent, the underlying technology can easily
be replaced without any modification to the core program.

5.2

First Implementation Phase - RIDT

In the first phase of the implementation, a standalone component called a Rulebased Indicator Definition Tool (RIDT) was developed that combines the various
components of the OpenLAP’s abstract architecture (not all the components) to
provide the basic version of the indicator generation and execution processes. The
main focus of RIDT was to lay the technical foundation for OpenLAP. Thus, more
effort was put into realizing the architecture to execute the indicators as compared
to the development of UI for the indicator generation process4 .

5.2.1

Additional Data Model

Besides using the OpenLAP’s implementation of LCDM to store the learning events
(previously discussed in Section 5.1.2), RIDT uses an additional data model to manage and store questions and indicators as shown in Figure 5.2. The ‘gla_Question’
and ‘gla_Indicator’ tables have a many-to-many relationship between them allowing
each question to have multiple indicators associated with it and each indicator to
be associated with multiple questions. The additional tables, ‘gla_QuestionProps’
and ‘gla_IndicatorProps’ have a one-to-one relationship with the ‘gla_Question’ and
‘gla_Indiactor’ tables respectively that stores their related parameters. ‘user_profile’
and ‘user_credentials’ tables are used for identity management in RIDT. Finally, the
‘gla_Operations’ tables contains the list of possible operations RIDT allows users to
perform (see Section 5.2.2).
4

Parts of this section have been published in (Muslim et al., 2016; Mahapatra, 2015).
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Figure 5.2: RIDT additional data model ERD.

5.2.2

Technical Architecture

RIDT is a web application developed using the Java Spring Framework5 . The TestDriven Development (TDD) approach was adopted to implement RIDT based on
the Model View Controller (MVC) design pattern (Astels, 2003; Leff and Rayfield,
2001). Various web technologies were used in the implementation of RIDT, such
as Servlets, JavaServer Pages (JSP), and Java-Beans at the server side. At the
client side, technologies including jQuery6 , jQuery UI7 , Asynchronous JavaScript
And XML (AJAX)8 , and noty9 were used. In the following sections, the technical
and implementation details of the different components of RIDT, shown in Figure
5.3, are discussed.
Indicator Editor
The “Indicator Editor” component holds the collection of MVC Views that provides
an interactive UI for users to define their indicators. Since the focus of RIDT was
to build the underlying framework of OpenLAP, less consideration was given to the
development of UI to generate personalized indicator. Figure 5.4 shows the main
UI of RIDT which consists of four main sections. One thing to note is that the
GQI approach was not used in the design of the RIDT UI because it was proposed
afterwards based on the evaluation results of this UI.
5

http://projects.spring.io/spring-framework/
https://jquery.com/
7
https://jqueryui.com/
8
http://www.w3schools.com/ajax/
9
http://ned.im/noty/
6
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Figure 5.3: RIDT technical architecture (Muslim et al., 2016).
Question Information
This section is the starting point of the indicator generation process where the user
enters the LA question and associates a set of possible indicators to answer it. The
user has the option to load an existing indicator and modify its properties or define
a new indicator from the scratch before associating it with the question. For every
indicator, the user has to enter a unique name and select the appropriate indicator
type based on the type of analysis required, such as ‘count number of X in Y’,
‘correlation between X and Y’. After the user has associated the required indicators,
the question can be visualized in a grid format in a separate UI called ’Question
Visualization’ as shown in Figure 5.5.
Additionally, using the ‘Question Visualization’ UI, the user has the possibility
to combine the analysis of two or more indicators and generate a new composite
indicator which is associated with the question as an independent indicator. The
composite indicator has its own name and visualization technique to render it. In
Figure 5.5, the indicator ‘collaboration rate in class’ is a composite indicator created
by combining the ‘post rate in discussion forums’ and ‘post rate in wikis’ indicators.
Finally, after the user has defined all the associated indicators, the question along
with its indicators can be saved to the database.
Indicator Information
In this section, the user specifies the parameters to define the basic dataset for each
indicator, including the ‘Source’ from where the data should be used (L2 P, Moodle,
etc.), the data of which ‘Platform’ should be considered (web, mobile, stationary,
etc.), data related to which learning activity ‘Action’ should be used (add, update,
delete, post, reply, etc.) and which Category should be used (wiki, discussion forum,
assignments, etc.). These parameters represent the elements of the “Event” table
in the LCDM data model previously discussed in Section 4.3.1. After the user has
provided the basic parameters, the indicator can be visualized and finalized to be
associated with the question.
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Figure 5.4: RIDT main user interface (Muslim et al., 2016).

Indicator Properties & Summary
This section consists of five tabs as shown in Figure 5.4 that allow the user to apply
additional filters, specify visualization techniques and preview the indicator. The user
can add filters using the ‘Filters’ tab to further refine the selected dataset defined in
the previous section, based on the additional contextual information of the selected
dataset stored as key-value attributes in the “Entity” table, get data for a particular
user, in a particular timestamp range, and for a specific session. The overview of all
the applied filters can be viewed under the ’Filter Summary’ tab. Afterwards, the
user can define the properties related to the visualization of the indicator under the
’Graph Options’ tab by selecting the visualization library (e.g. D3.js, Google charts,
JGraph) and the graph type (e.g. bar chart, pie chart) to be used for rendering
the indicator. The ’Indicator Summary’ tab shows a comprehensive summary of the
selected properties for the current indicator. Finally, the preview of the indicator can
be previewed under the ’Graph Preview’ tab.
Question Summary
This section displays the summary of the current question and already associated
indicators. Furthermore, the user has the option of loading the associated indicators
for editing or deleting them before finalizing the question.
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Figure 5.5: RIDT question visualization user interface (Muslim et al., 2016).
Rule Engine
The “Rule Engine” component is responsible for managing the rules associated with
each indicator types available in RIDT. A rule engine called Drools10 is used in RIDT,
which stores the indicator rules in MVFLEX Expression Language (MVEL)11 format.
Each indicator type has a separate file containing the associated set of rules. During
the indicator generation process, the rule that fulfills the selected filtering parameters
is used to generate the data query for the indicator.
Every Drools rule have three parts, the ’rule’ part contains a phrase that serves
as a human-readable name of the rule, the ’when’ part holds the condition of the
rule which needs to be fulfilled in order for the rule to be executed and the ’then’
part describes the actions which are to be taken when the rule is executed. Listing
5.1 shows the Drools rule for the scenario when there are no filtering parameters are
specified by the user for the indicator.
1
2
3
4
5
6
7
8
10
11

dialect "mvel"
rule "When no additional filters are present "
when
EntitySpecification (
userSpecifications.isEmpty() == true,
timeSpecifications.isEmpty() == true,
sessionSpecifications.isEmpty() == true,
entityValues.size()== 1,

http://www.drools.org/
https://github.com/mvel
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entityValues.get(0).geteValues() == "ALL")

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32

$pFilter : ProcessUserFilters()
$userParam : EntitySpecification(
$source : selectedSource,
$platform : selectedPlatform,
$action : selectedAction,
$major : selectedMajor,
$minor : selectedMinor,
$type : selectedType,
$key : entityValues,
$pObj : persistenceObject,
$filter : filteringType,
$rObj : retrievableObjects)
then
$userParam.setHql(" SELECT " + $rObj + " FROM" + $pObj
+ " WHERE Action ='" + $action
+ "' AND Source IN " + $pFilter.pSource($source, $filter)
+ "' AND Platform = '"+ $platform
+ "' AND Category .Major = '" + $major
+ "' AND Category .Minor = '"+ $minor
+ "' AND Category .Type = '" + $type
+ "' AND Key = '" + $key.get(0).getKey() + "'");
end

Listing 5.1: Drools rule when no filtering parameters has been added.
After the user has defined all the parameters of the indicator using the “Indicator
Editor”, the “Indicator Generator” collaborates with an instance of Drools created
for the current session and provide it with the indicator filtering parameters entered
by the user as well as other necessary java objects required to parse the user data.
The Drools instance executes the rule that fulfills the requirement and generates the
hibernate query for the indicator.
Indicator Generator
The “Indicator Generator” is the backbone of RIDT that is responsible for generating
the data query for the indicator by communicating with the “Rule Engine”, executing
the query to get data for visualization, and rendering the indicator to be displayed on
the “Indicator Editor”. In general, it coordinates with different components of RIDT
to realize the indicator generation and execution processes.
The ‘Indicator Dispatch Servlet (IDS)’ component intercepts the incoming requests from different components. Based on the request, the IDS consults the ’URL
Handler Mapping’ component to resolve which controller is appropriate for the incoming request and dispatch the request to the returned ’Indicator Controller’ for
further processing.
The ‘Indicator Controllers’ are designed to handle user requests and invoke the
suitable service methods based on the HTTP request type which can be either GET
or POST. Controllers in RIDT can be broadly classified into two major categories,
the data process controllers, and view controllers. The data process controllers are
server endpoints used by different components to perform various data processing
tasks available in the “Indicator Models”. For example, when the user types the
indicator name during the indicator generation process, the “Indicator Editor” sends
an HTTP GET request to a controller with the entered indicator name to validate if
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the name adheres to the constraints like a minimum number of characters in the name,
duplicate names check etc. View controllers are mainly responsible for validating
the data on the page and performing any additional processing in response to the
incoming request for the specific page.

5.3

Second Implementation Phase - OpenLAP

The focus of the second implementation phase was to transform RIDT into OpenLAP by dividing it into the two core components based on the re-structured abstract
architecture shown in Figure 4.2. The Indicator Engine component is responsible for
the indicator generation process, which addresses the usability limitations in RIDT.
The Analytics Framework uses RIDT as a base and extends its functionalities to
provide more generic indicator execution process, enhanced filtering possibilities, allowing different analytics methods selection, and generating indicators as code which
can be embedded in other applications. The different components of OpenLAP were
independently implemented in several development iterations to meet the design requirements discussed in the previous chapter. In the following sections, the technical
details of each implemented component are provided. In Section 5.3.1, the data
storage strategies are discussed. Afterwards, in Section 5.3.2 the UI to dynamically
generate personalized indicators provided by the Indicator Engine component is presented along with details of related modules. Finally, the Analytics Framework and
its modules are explained in Section 5.3.312 . Additional details about the functionalities of each component are available on the project GitHub wiki13 .

5.3.1

Data Coordinator

The Data Coordinator component is responsible for managing the users learning
activities data in OpenLAP using the LCDM. The conceptual details of LCDM is
previously discussed in Section 4.3.1 and how it has been implemented in OpenLAP
is discussed in Section 5.1. The Data Coordinator additionally manages the internal
data of OpenLAP, including the list of analytics goals, questions, user-defined indicators, available analytics methods and visualization techniques. The internal data
stored by OpenLAP can be divided into four sections based on which module of the
Analytics Framework is responsible for managing it, as shown in Figure 5.6.
• Analytics Modules section contains the tables responsible for storing the goals,
questions and indicators in OpenLAP. The “goals” table contains the list of
available goals as well as the associated analytics methods stored in a single field
as an object. The “question” table holds the questions formulated by the users
and the number of indicators associated with it. The “indicator” table holds the
name of the indicator and the associated query generated during the indicator
generation process. The “triad” is the main table which holds the user-defined
indicators. It contains the references to the goal, indicator, analytics method,
and visualization technique used in the indicator. Additionally, it stores the
dataset to method and method to visualization mappings. The ‘parameter’
12
13

Parts of this section have been published in (Muslim et al., 2018, 2017, 2016).
https://github.com/OpenLearningAnalyticsPlatform/
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Figure 5.6: OpenLAP’s internal data model ERD.
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field in the “triad” table stores the whole indicator specification as a JSON
object which is used to load the indicator to modify and generate a new one.
• Analytics Methods section contains a single table which holds the list of analytics methods available in OpenLAP. It also stores the location and name of
the Java ARchive (JAR) file containing the implementation of the main logic
of the analytics method.
• Visualizer section contains tables to store information related to the visualization techniques available in OpenLAP. It consists of three main tables that
hold the information related to the visualization libraries (“vis_frameworks”),
visualization types (“vis_methods”) and the data transformers (“data_transformer_methods”) that transforms the incoming analyzed data into the format
understandable by the visualization type it is associated with. The visualization
suggestions (“vis_suggestions”) table contains the suggestions that are provided
to the users based on their selected analytics method.
• Analytics Engine section contains the remaining two tables, “Key_Specifications” and the “triad_cache”. The “Key_Specifications” table contains the
user-friendly names and descriptions of all the possible keys in the ‘Entity’
table of LCDM (see Figure 5.1). This information is used in the “Indicator
Editor” module of the Indicator Engine during the indicator generation process
to support users in defining the mapping between the dataset and the inputs
of the selected analytics method. As the name indicates, the “triad_cache”
table is used to cache the Indicator Visualization Codes (IVC) of the indicators
the first time they are generated. Afterwards, for all the execution requests of
the same triad, the cached version is returned to improve the response time
of OpenLAP. This table is cleared every time new learning events have been
imported into the database to generate new IVC of the indicator using up to
date data.

5.3.2

Indicator Engine

The Indicator Engine component is responsible for providing the implementation of
the indicator generation process. Since RIDT was used as the bases for the development of the Indicator Engine, it uses the same core technologies on the server
side. In order to address the limitations of RIDT in terms of usability, the Indicator
Engine follows the standard HCI design patterns and adopts various new clientside technologies including Bootstrap14 and Materialize15 . The Indicator Engine is
the combination of “Indicator Editor”, “Question Analyzer”, “Rule Engine”, “Indicator Generator” and “Administration Panel” modules as shown in Figure 4.2. The
“Question Analyzer” module is not included in the current implementation since its
requirements go beyond the scope of this dissertation.
Indicator Editor
The “Indicator Editor” module in the Indicator Engine, like in the RIDT, is responsible for providing a set of interactive an intuitive UI for users to define their custom
14
15

https://getbootstrap.com/
http://materializecss.com/
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indicators. In order to address the usability limitations in RIDT, the UI provided
by the “Indicator Editor” of the Indicator Engine is redesigned based on the GQI
approach discussed in Section 4.3.2. The UI was designed and developed in multiple
iterations using the standard HCI design pattern called the Design, Implement and
Analyze (DIA) cycle (Borchers, 2010).

Figure 5.7: Low fidelity paper prototype of the “Indicator Editor” module.
In the first iteration of the DIA cycle, selected stakeholders and domain experts
were invited to brainstorm the initial draft of the UI. Based on the discussion, the
low fidelity paper prototype was developed including all the necessary sections of the
UI, as shown in Figure 5.7. Afterwards, the paper prototype was transformed into
a high fidelity interactive prototype using the software called Axure16 to evaluate
the design and user interaction. The evaluation results of the high fidelity prototype
were used to develop the final version of the “Indicator Editor” which is discussed in
detail in the following sections using an example of an instructor want to observe the
activities of her students in the class.
Goal
The user starts the indicator generation process in this section by selecting an appropriate LA goal, such as assessment, intervention, monitoring, prediction, recom16
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mendation, as shown in Figure 5.8. A predefined list of LA goals coming from the
“goals” table (see Section 5.3.1) is provided to the users to help them in selecting
an appropriate goal based on their analysis objective. However, if the provided list
does not contain the required LA goal, the user has an option to request a new one
by clicking on the button next to the goals dropdown. This opens a dialog box that
allows users to enter the name and description of the requesting LA goal. In order to
moderate the creation of LA goals, every request has to be approved by the OpenLAP
administrators using the “Administration Panel” before it is made available to other
users. The administration of new LA goal requests is managed using the ‘is_active’
field in the “goals” table which is by default set to ‘false’ and only set to ‘true’ after
the OpenLAP administrators have approved the request. Through this section, the
user also has the option to reset the current indicator generation process by clicking
‘New Question’ button. For the selected example of the instructor who wants to
observe the activities of her students, the ‘Monitoring’ is selected as an appropriate
LA goal.

Figure 5.8: GUI for the Goal section in the “Indicator Editor” module.

Question
After selecting an appropriate LA goal, the next step in the indicator generation
process is to formulate a suitable LA question for the analysis. For the selected
example, ‘how active are students in my class?’ is entered as the LA question, as
shown in Figure 5.9. Afterwards, the user can associate multiple indicators with the
LA question either by loading an existing indicator generated by someone else and
modifying its parameters or defining a new basic, composite or multi level analysis
indicator. The process of loading an indicator does not affect the state of the existing
indicator, allowing that indicator to work as expected. The parameters of the loading
indicators saved in the ‘parameters’ field of the “triad” table are used to pre-populate
the indicator editor fields for editing and saving it as a new indicator. The UI of
defining new basic, composite and multi level analysis indicators are provided in the
following sections.
The list of all the associated indicators is visible to the user underneath the actions buttons from where each indicator can easily be deleted or selected for editing
again. For the ‘how active are students in my class?’ LA question example, a set
of four indicators is defined to answer it, as shown in Figure 5.9. After finalizing
all the required indicators and associating them with the question, the user has the
option to visualize them in a dashboard format as shown in Figure 5.10. Afterwards,
the user can save the question along with the associated indicators to the database
as triads. While saving, the Analytics Framework generates the Indicator Request
Code (IRC) for the LA question and associated indicators, which is provided to the
user on the “Indicator Editor” as shown in Figure 5.10. The IRC is composed of
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Figure 5.9: GUI for the Question section in the “Indicator Editor” module.
HTML and JavaScript only allowing them to be embedded in any client application
that allows web contents (e.g. dashboard, Web pages). An example IRC shown in
Listing 5.2. In order to ensure privacy, no user information is stored in the ‘parameters’ field of the “triad” table which is used while loading an existing indicator as
a template for other users. The user information is embedded in the IRC of the
indicator that uses the personal data of the user, thus making that IRC personal to
the user. When the embedded IRC is executed on the client side, it sends the request to the Analytics Framework along with the triad identifier, the encrypted user
identifier if available and additional parameters embedded to generate the IVC of the
indicator with up to date data and return it to the client application for visualization.
1
2
3
4

5
6
7
8
9

10

11

12
13
14
15
16
17
18
19
20
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22
23
24
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// Loading area with animated gif and a message
<table id='wait_30 ' style='width :96%; height :96%; text-align : center ;'>
<tr><td>
<img src='https :// openlap .cil. rwth-aachen .de :8002/ images / loading
.gif '/>
<span>Please wait the indicator is being processed</span>
</td></tr>
</table>
// Importing necessary visualization framework libraries
<link href='https :// openlap .cil. rwth-aachen .de :8002/ js/c3/c3.min.css
' rel='stylesheet ' type='text/css '>
<script src='https :// openlap .cil. rwth-aachen .de :8002/ js/d3/d3.v3.min
.js' charset='utf-8 '></script>
<script src='https :// openlap .cil. rwth-aachen .de :8002/ js/c3/c3.min.js
'></script>
// Script to request up to date data from the Analytics Framework
<script type="text/ javascript ">
$(document).ready(function() {
var xmlhttp_30;
if (window.XMLHttpRequest)
{ xmlhttp_30 = new XMLHttpRequest();}
else
{ xmlhttp_30 = new ActiveXObject('Microsoft . XMLHTTP '); }
xmlhttp_30.onreadystatechange = function(xmlhttp_30) {
if (xmlhttp_30.currentTarget.readyState == 4) {
$('# wait_30 ').hide();
$('# main_30 ').show();
var res_30 = decodeURIComponent(xmlhttp_30.currentTarget.
responseText);
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Figure 5.10: GUI for the Question Visualization and the Indicator Request Code
(IRC) section in the “Indicator Editor” module.
$('#td_30 ').append(res_30);

25
26
27
28

29
30
31
32
33
34
35

}
};
xmlhttp_30.open('GET ', 'https :// openlap .cil. rwth-aachen .de :8002/
engine / GetIndicatorDataHQL ? tid=30 &
rid=de3d62607a2adc73c3ef9fc271259faa & width= ' + $('# main_30 ').
parent().width() + '& height= ' + $('# main_30 ').parent().height
(), true);
xmlhttp_30.timeout = 300000;
xmlhttp_30.send();
});
</script>
// Placeholder for the returned indicator visualization code
<table id='main_30 '>
<tr><td id='td_30 ' style='text-align : -webkit-center ; text-align :
-moz-center ; text-align : -o-center ; text-align : -ms-center ;'>

36
37
38

</td></tr>
</table>

Listing 5.2: Example Indicator Request Code (IRC) for an indicator in
OpenLAP.
Basic Indicator
This section allows the user to define the parameters for a new basic indicator or
customize an existing indicator after loading it as a template. This is the simplest
indicator which exactly follows the inner circle of the GQI approach (see Section
4.3.2). Therefore, this section consists of four main parts, namely dataset, filters,
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analysis, and visualization. In order to explain the UI of the four parts of this section,
the ‘students weekly learning resources access’ indicator is used as an example.
• Dataset
This part of the “Indicator Editor” allows the user to specify the name of the
indicator and define the parameters for the basic dataset while exploring the
available learning activities data stored in the LCDM data model. The dataset
is defined based on the list of sources from where the data should be used (L2 P,
Moodle, etc.), the data coming from which platforms should be included (web,
mobile, etc.), the data related to which learning actions should be used (add,
view, update, delete, post, etc.) and the data of which category should be
used (Wiki, Discussion forum, Assignments, Learning Materials etc.). These
parameters represent the attributes of the “Event” table in the LCDM data
model. Figure 5.11 shows the dataset part of the “Indicator Editor” where
the required parameters have been selected for the ‘students weekly learning
resources access’ indicator.

Figure 5.11: GUI for the Dataset part of the basic indicator section in the “Indicator
Editor” module.
• Filters
This part allows the user to refine the dataset selected in the previous part by
applying various filters to it. Three different types of filters can be applied to
the dataset, namely ‘Attribute’, ‘Date’, and ‘User’. These filters are grouped
under two tabs as shown in Figure 5.12 and Figure 5.13.
The ‘Attribute’ filters are applied to the additional semantic information related
to each event stored in the “Entity” table of LCDM (see Section 4.3.1). As
shown in Figure 5.12, the first information provided to the user is the list of
all applied attribute filters with the possibility of easily removing them. The
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user can apply the attribute filter by selecting an appropriate attribute from the
dropdown menu and searching for its values. A list of all possible related values
is provided from which the user can select one or more values and apply them as
attribute filters. The list of attributes available in the dropdown menu is based
on which category has been selected. E.g. if ‘Learning Materials’ category is
selected then attributes like ‘File Extension’, ‘File Size (Bytes)’, ‘Topic’ are
available, but if ‘Assignments’ category is selected then the attributes changes
to ‘Total Marks’, ‘Due Date’, ‘Allow Group Submission?’. In case multiple
categories are selected while defining the dataset, the attributes common to all
selected categories are only available.

Figure 5.12: GUI for the ‘Attribute’ filters tab of the basic indicator section in the
“Indicator Editor” module.
The ‘Date User’ tab is split into the ‘Date’ and ‘User’ areas as shown in Figure
5.13. Similar to the ‘Attribute’ filters, the ‘Date’ area has at the top the list of
already applied date filters. The user has the option to independently apply the
starting and/or ending dates filters. Thus, providing the possibility of applying
four combinations of date filters; no filter, only the starting date, only the
ending date, and both date filters. By default no date filter is applied, thus all
the data available in the database is used for the indicator. An interesting effect
of not applying the ending date filter is that the indicator will always show up to
date information as new data is imported to OpenLAP. This happens because
the IRC embedded in the client application does not store the data used by the
indicator (see Listing 5.2 in the ‘Question’ section of the “Indicator Editor”).
When the IRC request the Analytics Framework to execute the indicator, it
uses all the data available to generate the IVC which visualizes the indicator
at the client side. In the ‘User’ area, only limited filtering options are available
due to the privacy concerns. Therefore, in the current design, the user has
the option to use the anonymized data of everyone, use own data only, or use
the anonymized data of everyone excluding own data. The options selected
in the ‘User’ area determines whether a personalized IRC should be generated
or not while saving the questions and associated indicators. By default, the
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anonymized data of everyone option is selected and the IRC generated for that
indicator does not include any personal information. However, if the user selects
one of the other two options, the personalized IRC is generated with encrypted
user identifier embedded in it.

Figure 5.13: GUI for the ‘Time / User’ filters tab of the basic indicator section in
the “Indicator Editor” module.
• Analysis
After defining the dataset and applying the required filters, in this section the
user specifies which analytics method should be used to perform the analysis
on the filtered dataset. The list of all analytics methods stored in the “analytics_method_metadata” table is provided to the user in the dropdown menu
such that the analytics methods which have been previously used in conjunction with the selected LA goal are provided on top of the list followed by the
remaining. For the ‘students weekly learning resources access’ indicator, the
analytics method called the ‘Count items per week’ is selected as shown in Figure 5.14. Based on the selected analytics method, any additional parameters
required by the analytics methods are provided to the user with the default
values pre-selected. The final step in this section is to define the mappings
between the filtered dataset and the selected analytics method by specifying
which column of the dataset should be used for which input of the selected
analytics method. The mapping is performed by selecting an analytics method
input as well as the dataset column that needs to be mapped to the selected
input and clicking the ‘Add’ button. The mapped analytics method inputs are
removed from the selection and added to the table below from where they can
be deleted to perform the mapping again. As shown in Figure 5.14, the ‘Count
items per week’ analytics method requires three inputs; ‘Items to count’, ‘User’
and ‘Timestamp’. The ‘(Text)’ part attached to each input indicates that the
specific input can only accept the data columns that are of ‘(Text)’ type. The
‘Timestamp’ input has already been mapped to the ‘Timestamp’ data column
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Figure 5.14: GUI for the Analysis part of the basic indicator section in the “Indicator
Editor” module.
and it is no longer available in the analytics method inputs list. However, the
‘Timestamp’ data column is still available giving the user the possibility of using
the same data column for multiple inputs if required. Figure 5.14 also indicates
that the inputs of analytics methods are available in two different colors. The
red colored inputs are required. Without mapping them the analysis cannot
be performed and a client-side exception will be displayed to the user while
previewing and finalizing the indicator. However, the green colored inputs are
optional and their usage is based on the information provided by their tooltips.
• Visualization
The final step in the indicator generation process is to define the visualization
of the indicator. In this section, the user selects an appropriate visualization
library and visualization type for the indicator. Figure 5.15 shows that the
‘Stacked Area Chart’ visualization type of the ‘C3/D3.js’ visualization library is
used for the ‘students weekly learning resources access’ indicator. Afterwards,
the user defines the mapping between the outputs of the selected analytics
method and the inputs of the selected visualization type as shown in the Figure
5.15. Finally, after defining the whole indicator, the user can preview it before
associating it with the LA question. In order to preview the indicator, the
“Indicator Editor” perform the client side validation of the specified indicator
parameters and request the Analytics Framework to generate the IVC, which
is provided to the users.
Composite Indicator
This section provides the user with the possibility to combine two or more basic
indicators already associated with the LA question to form a composite indicator.
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Figure 5.15: GUI for the Visualization part of the basic indicator section in the
“Indicator Editor”.
However, the main condition for the composite indicator is that all the combining indicators should apply the same analytics method (see Section 4.3.2). For the selected
LA question ‘how active are students in my class?’ the composite indicator called
‘Most viewed learning materials’ is generated using the ‘Total Views’ and ‘Number of
students’ basic indicators, as shown in Figure 5.16. Based on the analytics method of
the first selected indicator, the GUI notify the user which indicators can be combined
by highlight them with green and disabling the others. Both the combining indicators
apply the ‘Count N most occurring items’ with different additional parameters values
selected. The ‘Total View’ indicator counts the top 10 most viewed items whereas the
‘Number of students’ indicator counts how many students have viewed those top 10
most viewed learning materials. After selecting the required indicators to combine,
the user selects an appropriate visualization library and visualization type to preview
and finalize the indicator.
Multi Level Analysis (MLA) Indicator
This section allows the user to define the complex multi level analysis indicators.
It consists of three parts, the first level analysis, second level analysis and the visualization. The second level analysis and the visualization parts are similar to the
analysis and the visualization parts of the basic indicator, thus they are not discussed
here. Figure 5.17 shows the GUI for the first level analysis part. After entering the
name for the indicator, the user can add multiple first level analysis by specifying
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Figure 5.16: GUI for the composite indicator section in the “Indicator Editor”.
the dataset, filters, and analysis for each using the dialog box similar to the basic
indicator GUI. Figure 5.17 shows that two first level analysis, ‘Points’ and ‘Views’ has
been defined for the ‘Correlation of assignment points and learning resources views’
indicator. In the next step, all the defined first level analysis has to be combined by
selecting two analysis at a time and specifying which outputs in both the analysis
contains the same information. The selected first level analysis are combined into
one and the process continues until all the analysis has been combined. Afterwards,
the user selects the second level analysis and maps the combined output of the first
level analysis to the inputs of the second level analysis. Finally, the user selects the
visualization technique to preview and finalize the multi level analysis indicator.
Rule Engine
The “Rule Engine” module of the Indicator Engine is responsible for managing the
rules to generate the indicator queries. Similar to the RIDT, the Drools17 rule engine
is used in OpenLAP, which stores the rules in MVEL format consisting of three parts,
the ’rule’ part contains the name of the rule, the ’when’ part holding the condition of
the rule and the ’then’ part describing the actions to be taken. Unlike in RIDT where
every indicator type has a set of rules in a separate file, OpenLAP contains a single
file comprising of only two rules. In RIDT, there was no specific component or module
17

http://www.drools.org/
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Figure 5.17: GUI for the first level analysis of the multi level analysis indicator section
in the “Indicator Editor”.
that perform the analysis, rather the analysis was performed during the execution
of the data queries on the database. Thus, each indicator type had a specific set
of rules defined to generate data queries tailored to the type of analysis it needs to
perform. However, in OpenLAP the analysis is performed independently of the data
retrieval process. Therefore, a generic method is developed to retrieve the learning
activities data from the database stored in the “Events” and the “Entity” tables of
LCDM based on the data columns the user has selected to be used as the inputs of
the selected analytics method while defining the mappings. If the user has selected
the data columns coming from the “Events” table only, then the first rule is used
which generates the query optimized to retrieve data from the “Events” table only
as shown in the Listing 5.3. However, if the user selects the data columns from both
the tables or the “Entity” table only, then the second rule is used which generates
the query optimized to perform joins between two tables and efficiently retrieve data
from the database.
1
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dialect "mvel"
rule "When only events attributes are mapped "
when
$indRef : String()
EntitySpecification (currentIndicator.indicatorParameters.
indicatorDataset.get($indRef).entityDisplayObjects.isEmpty() ==
true)
$pFilter : ProcessUserFilters()
$userParam : EntitySpecification($indparams : currentIndicator.
indicatorParameters)
then
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$userParam.getCurrentIndicator().getHqlQuery().put($indRef,
" select event from OpenLAPEvent event "
+ $pFilter.prepEntitiesFrom($indparams, $indRef)
+ " where event. action in ("
+ $pFilter.prepStrList($indparams, " action ", $indRef)
+ ") and event. platform in ("
+ $pFilter.prepStrList($indparams, " platform ", $indRef)
+ ") and event. source in ("
+ $pFilter.prepStrList($indparams, " source ", $indRef)
+ ") and event. categoryByCId .cId in ("
+ $pFilter.prepIntList($indparams, "minor ", $indRef) + ") "
+ $pFilter.prepTime("event . timestamp ", $indparams, $indRef)
+ $pFilter.prepEntJoin("event. eventId ", $indparams, $indRef)
+ $pFilter.prepEntFilter($indparams, $indRef)
+ $pFilter.prepUserFilter("event ", $indparams, $indRef));
end

Listing 5.3: Drools rule when only events attributes are mapped to the inputs
of the selected analytics method.
The benefits of following a rule-based approach in OpenLAP are twofold. First,
it is possible to replace LCDM with other data models, such as xAPI, IMS Caliper,
by altering the ‘then’ clause of the rules and generating the data queries that can
retrieve the relevant data from the new data model. Second, it is easy to adapt
a different underlying database technology such as NoSQL, by defining appropriate
actions in the ’then’ clause of the rules.
Indicator Generator
The “Indicator Generator” is the backbone of the Indicator Engine, responsible for
coordinating all the tasks performed by it. When the user logs into OpenLAP, it
authenticates the credentials and creates a session of the user on the server side to
manage the current analysis. The “Indicator Generator” allows the integration of the
“Indicator Editor” into other systems that support user authentication using OAuth
2.0. The current implementation of OpenLAP can be seamlessly integrated into the
L2 P of RWTH Aachen.
Figure 5.18 shows the class diagram of the data model used by the “Indicator
Generator” module to store and manage the information related to the analysis in
the current session. “EntitySpecification” is the main class that holds the question
and the associated indicators in the ‘currentQuestion’ object of the “SessionQuestion”
class type. Additionally, the parameters of the indicator currently being generated
or edited are managed in the ‘currentIndicator’ object of the “SessionIndicator” class
type. When the user finalizes the current indicator and associates it with the question, the ‘currentIndicator’ object is added to the list of associated indicators in the
‘currentQuestion’ object. After finalizing the indicator generation process, the ‘indicatorParameters’ object in the “SessionIndicator” class is stored in the ‘parameters’
field of the “triad” table as a JSON object, which is used while loading that indicator
in the “Indicator Editor” in future for reuse.
The “Indicator Generator” exposes a set of web services methods allowing the
“Indicator Editor” UI to asynchronously communicative with it to support the user
during the indicator generation process. When the user first accesses the “Indicator Editor” UI, the “Indicator Generator” communicates with the “Analytics Engine”
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Figure 5.18: Class diagram of the data model used by the “Indicator Generator” to manage the user session.
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of the Analytics Framework to get the required data from the database and populate various sections of the “Indicator Editor” UI, such as the list of available data
sources, platforms, learning activity actions, available analytics methods and visualization techniques in OpenLAP. While the user is specifying different parameters for
the indicator, the “Indicator Generator” constantly validates the specified indicator
parameters, provide relevant feedback to the user, if required and saves them in the
current session data model.
The “Indicator Generator” is also responsible for generating the data queries of the
indicators by communicating with the “Rule Engine” during the indicator generation
process. When the user wants to preview the indicator, the “Indicator Generator”
initiates a new instance of the Drools rule engine, loads the rules file and pass it
as a parameter to the initiated instance of the Drools rule engine along with the
indicator specifications provided by the user. The “Rule Engine” executes the rules
and generates the data query for the indicator. Afterwards, the “Indicator Generator”
saves the data query in the session and passes everything to the “Analytics Engine”
module of the Analytics Framework to generate the preview and return the IVC for
the indicator. After the user finalizes the analysis, the “Indicator Generator” request
the “Analytics Engine” to save the question and associated indicators and generate
the IRC for each. Afterwards, the “Indicator Generator” clears the current session
and prepare it for the next indicator generation process. Beside these main tasks,
the “Indicator Generator” perform many smaller task, including initiating search
for existing indicators, loading an indicator in the “Indicator Editor”, deleting an
associated indicator, and many more.
Administration Panel
The “Administration Panel” is implemented as an independent module, which directly
communicates with the “Analytics Engine” module of the Analytics Framework, as
shown in Figure 4.2. It has been included in the Indicator Engine because It provides
a set of UI to support administrators in managing different parts of OpenLAP.
In order to enable extensibility of OpenLAP, the developers follow the templates
and guidelines provided by OpenLAP to develop new analytics methods and visualization techniques. Afterwards, the developed components need to be uploaded
to OpenLAP in a JAR bundle along with relevant information (see Section 5.3.3).
In order to support the developers in easily uploading their newly developed components to their respective modules, the “Administration Panel” provides a set of
intuitive UI. Internally, the “Administration Panel” utilizes the RESTful web services
methods exposed by the “Analytics Methods” and the “Visualizer” modules through
the “Analytics Engine” module to upload the new component to it respective module. Figure 5.19 shows the GUI to upload new visualization library along with the
implemented visualization types to OpenLAP. Similar GUI is also available to add
new analytics method to OpenLAP
The “Administration Panel” should also provide a GUI for administrators to easily
approve or reject the newly requested LA goals by the users and provide them with
the relevant feedback when the administrator changes the status of their request.
Additionally, it should allow administrators to easily associate or dissociate analytics
methods from the selected LA goal (see Section 5.3.3). The current implementation
of the “Administration Panel” only provide GUI to upload new analytics method and
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Figure 5.19: GUI for adding new visualization technique to OpenLAP in the “Administration Panel”.
visualization techniques to OpenLAP and the rest of the features are registered as
part of the future work.

5.3.3

Analytics Framework

The Analytics Framework is the prime component responsible for providing the
reusability, modularity, flexibility and extensibility, performance and scalability requirements of OpenLAP. It manages and executes the existing indicators in OpenLAP as well as facilitate the Indicator Engine while the user is generating a new
indicator using the “Indicator Editor”. It is composed of four main modules: “Analytics Modules”, “Analytics Methods”, “Visualizer”, and “Analytics Engine” as well
as a data exchange format called “OpenLAP-DataSet” and a data structure called
“OpenLAP-DynamicParameters” as shown in Figure 4.2.
The Analytics Framework is developed as a Java Spring Framework based web
application using the Maven as the software project management and comprehension
tool. Each module is developed as a separate project that follows the facade design
pattern (Gamma et al., 1994) and exposes a set of API endpoints to communicate
with other modules through a single interface called ‘Controller’. However, for the
sake of understandability and to systematically explain the functionalities, the API
endpoints of each module are grouped together based on the nature of task performed
by them as shown in Figure 5.20. In the following sections, the implementation details
of each module are provided.
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Figure 5.20: Technical architecture of the Analytics Framework modules in OpenLAP
(adapted from Muslim et al., 2018).
OpenLAP-DataSet
The “OpenLAP-DataSet” is a JSON-based data format developed to easily validate
and exchange data between different modules of the Analytics Framework. Figure 5.21
shows the class diagram of the implemented classes depicting how they collaborate
with each together to provide the complete functionality of the “OpenLAP-DataSet”.
The “OpenLAPDataSet” is the main class that provides the implementation of the
data format. It contains the collection of available columns in the dataset stored using
the “OpenLAPDataColumn” class. Each column contains the metadata of the column
stored using the “OpenLAPColumnConfigData” class, which consists of the column
identifier, type of stored data, a required flag, a user-friendly title, and description.
Additionally, each column has the data of the column stored in an array based on
the type specified in the metadata, which can be textual, numeric, or boolean. In order to ensure the creation of the valid columns, the “OpenLAPDataColumnFactory”
class provide methods to easily generate the columns for the dataset, as shown in the
Listing 5.4. Internally, the “OpenLAPDataColumnFactory” class generates the object of the “OpenLAPColumnConfigData” class for the “OpenLAPDataColumn” class
and initialize an array with the required data type to store data. Figure 5.21 shows
the three supported column data types namely ‘Text’, ‘Numeric’, and ‘TrueFalse’ for
which an array of ‘String’, ‘Double’, and ‘Boolean’ type are initialized respectively.
In the initial version of the “OpenLAP-DataSet”, all the data types supported by
the SQL Server database were included including ‘Short’, ‘Long’, ‘DateTime’, and
‘Char’. However, that confused users while generating the mapping during the indicator generation process since most of them were not familiar with the programming
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Figure 5.21: Class diagram of the “OpenLAP-DataSet” data exchange format of the Analytics Framework.
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concepts, therefore, in the later version, the column data types were reduced to only
three basic types.
1
2
3
4
5
6
7
8

OpenLAPDataSet dataset = new OpenLAPDataSet();
dataset.addOpenLAPDataColumn(
OpenLAPDataColumnFactory.createOpenLAPDataColumnOfType(
" item_count ",
OpenLAPColumnDataType.Numeric,
true,
"Item Count",
" Number of time each item occurred in the list"));

9
10
11
12
13
14
15
16

dataset.addOpenLAPDataColumn(
OpenLAPDataColumnFactory.createOpenLAPDataColumnOfType(
" item_name ",
OpenLAPColumnDataType.Text,
true,
"Item Name",
"Names of the items that has been counted "));

Listing 5.4: ‘OpenLAPDataColumnFactory’ method to ensure valid columns
creation for the ‘OpenLAPDataSet’.
In order to support the sending module to dynamically validate the “OpenLAPDataSet” before sending the data to another module, a class named ‘OpenLAPPortConfig’ is provided. The receiving module exposes the information about the columns
of the “OpenLAP-DataSet” it is expecting. Using this information, the sending module generates the “OpenLAPPortConfig” based configuration that contains the list
of the “OpenLAPPortMapping” class objects specifying which column of the sending
“OpenLAP-DataSet” should be mapped to which column of the receiving “OpenLAPDataSet”. The receiving module executes the ‘validateConfiguration()’ method of its
“OpenLAP-DataSet” with the received configuration and returns the compatibility
results to the sending module as an object of the ‘OpenLAPDataSetConfigValidationResult’ class. Since the configuration sent to the other module for validation only has
the metadata section of the “OpenLAP-DataSet”, it is relatively lightweight. After
validation, the configuration along with the “OpenLAP-DataSet” including the data
is sent to the receiving module which replaces the incoming “OpenLAP-DataSet”
metadata with the metadata of its expecting “OpenLAP-DataSet” using the mappings available in the configuration. Replacing the metadata of the receiving with
the expected “OpenLAP-DataSet” is an intuitive way of supporting the receiver module to consume the incoming data using the column identifiers it is expecting and not
to worry about the original identifiers which can differ for different indicators. The
“OpenLAP-DataSet” data format along with the mappings are the main concepts
that lay the foundation of the generic framework that can execute indicators of any
type in OpenLAP.
OpenLAP-DynamicParameters
The “OpenLAP-DynamicParameters” is a data structure developed to specify the
metadata for the additional parameters required by analytics methods and visualization techniques in the Analytics Framework. Figure 5.22 shows the class diagram of
the data structure.
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Figure 5.22: Class diagram of the “OpenLAP-DynamicParameters” data structure of
the Analytics Framework.
The “OpenLAPDynamicParams” is the main class that provides the implementation of this data structure. It contains a collection of “OpenLAPDynamicParam” class
objects that stores the parameters required by an analytics method or visualization
type. Each item in the collection contains the metadata of the parameter, including a
type of control that needs to be rendered on the “Indicator Editor” (textbox, choice,
multiple choice, or checkbox), type of data in which the value of the parameter will
be stored (string, integer, or float), an identifier for the parameter used to access it
inside an analytics method or visualization type, a required flag, and a user-friendly
title and description. Each item also stores a list of possible values separated by
comma (used if the type of a parameter is choice or multiple choice otherwise it is
kept empty), a default value for the parameter which is used to populate the parameter when it is rendered on the “Indicator Editor”, and the actual value selected or
entered by the user during the indicator generation process.
Analytics Modules
The “Analytics Modules” module is mainly responsible for managing the collections of
available analytics goals and user-defined indicators in OpenLAP. The list of available
analytics goals also referred to as analytics module in OpenLAP is stored in the “goals”
table. Each analytics module has an associated list of analytics method stored in the
‘analytics_methods’ field of the “goals” table as a JSON object (see Section 4.3.3).
The list of user-defined indicators is stored in the “triad” table along with the related
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Module Manager

Triad Manager

information stored in the “question” and “indicator” tables (see Figure 5.6).
Following the facade design pattern, the “Analytics Modules” exposes a set of
API methods through its ‘Controller’ class, as shown in the Figure 5.23. The API
methods are divided into two groups based on the type of work performed by them;
‘Modules Manager’ and ‘Triad Manager’ (see Figure 5.20).

Figure 5.23: API methods in the ‘Controller’ class of the “Analytics Modules” module
in the Analytics Framework.
Modules Manager
The ‘Modules Manager’ group consists of methods required to manage the available
analytics goals and their associated analytics methods metadata. The ‘getActiveAnalyticsGoals()’ method is used during the indicator generation process to help end
users in selecting appropriate analytics goal in the “Indicator Editor” module of the
Indicator Engine. In case the required analytics goal is not available, the user can request a new one, which is created in the “goals” table using the ‘addAnalyticsGoal()’
method. However, to moderate the creation process, all newly created analytics
goals have the ‘is_active’ field marked as “false” and are not accessible by users
until they are activated by OpenLAP system administrators via the “Administration Panel”, using the ‘activateAnalyticsGoal()’ method. Other methods including
‘getAnalyticsGoalById()’, ‘getAllAnalyticsGoals()’, ‘saveAnalyticsGoal()’, ‘updateAnalyticsGoal()’, and ‘deleteAnalyticsGoal()’ are also used by the “Administration
Panel” to allow easy administration of analytics goals in OpenLAP.
During the process of defining new indicators, the user can select an analytics
method to analyze the data for the indicator. In order to facilitate them in this
selection, the list of all available analytics methods is presented to the user in which
the analytics methods which have been previously used in conjunction with the selected goal are provided on top of the list using the ‘getAllAnalyticsMethodsOfGoal()’
method. If the user selects an analytics method not previously used with the selected
goal, that analytics method is also associated with the selected goal using the ‘addAnalyticsMethodToGoal()’ method after the indicator has been finalized and saved.
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Triad Manager
The ‘Triad Manager’ group provides basic methods to access and save triads in the
Analytics Modules. The ‘getAllTriads()’ method is used to provide users with the list
of all available user-defined indicators in OpenLAP which can be used as a template
for defining own indicators. After the user has searched and selected the required
indicators, the ‘getTriadById()’ method is used to load the indicators from the ‘parameters’ field of the “triad” table to populate the “Indicator Editor”. When the
user finalizes the indicator generation process, all the indicators associated with the
question are saved as triad using the ‘saveTraid()’ method. The ‘updateTriad()’ and
‘deleteTriad()’ are used by the “Administration Panel” to administer indicators in
OpenLAP.
Analytics Methods

Methods
Validator

Methods
Extender

Methods
Manager

The “Analytics Methods” module is responsible for managing the repository of all
available analytics methods stored in the “analytics_methods_metadata” table in
the Analytics Framework. The ‘Controller’ class of the “Analytics Methods” module
providing the main API methods, which has been divided into three groups, namely
‘Methods Manager’, ‘Methods Extender’ and ‘Methods Validator’, as shown in the
Figure 5.24.

Figure 5.24: API methods in the ‘Controller’ class of the “Analytics Methods” module
in the Analytics Framework.

Methods Manager
The ‘Methods Manager’ group provides methods to access information related to analytics methods in the Analytics Framework, such as ‘viewAllAnalyticsMethods()’ and
‘viewAnalyticsMethod()’. During the indicator generation process, the user needs to
define the mappings from the dataset columns to analytics method and analytics
method to visualization technique. In order to support the user in generating these
mappings, the Indicator Engine uses the ‘getInputPorts()’ and ‘getOutputPorts()’
methods of the selected analytics method to get the expected input and output
“OpenLAP-DataSets” metadata and populate the “Indicator Editor” module. Additionally, the Indicator Engine uses the ‘getDynamicParams()’ method to retrieve
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the list of additional parameters for the selected analytics method and render the
controls on the “Indicator Editor”.
Methods Extender
Analytics methods of any type can be added to the “Analytics Methods” module, such
as statistics, data mining, and SNA. In order to implement a new analytics method,
the developer has to follow the templates and guideline provided by OpenLAP and
performing the following steps:
• Create a Maven18 based Java project and include the latest release of the
“OpenLAP-AnalyticsMethodsFramework” 19 GitHub project as dependency.
• Create a class that extends the “Abstract AnalyticsMethod” class.
• Initialize and define the metadata of the expected input and output “OpenLAPDataSets” in the constructor of the created class.
• Initialize and specify the list of all additional parameters required by the analytics method in the constructor of the created class.
• Override the ‘implementationExecution()’ method and implement the logic to
perform the required analysis on the incoming data available in the input
“OpenLAP-DataSet” and store the results in the output “OpenLAP-DataSet”.
The developer has the freedom to either implement the analysis logic in the
analytics method or send it to a third party system (R, KNIME, RapidMiner,
etc) for analysis.
• In case the analysis is of predictive type and the developer wants to provide
the predictive model in the PMML format, the ‘hasPMML()’ method needs
to be overridden to return ‘true’. Additionally, the ‘getPMMLInputStream()’
method should provide the input stream of the predictive model file to be used
by the analytics method.
• Compile the whole project into a JAR bundle.
After performing these steps, the developer can add the created analytics method
to the “Analytics Methods” repository using the “Administration Panel” module in
the Indicator Engine. While adding , the developer needs to upload the JAR bundle
as well as specify the name and description of the analytics method, name of the developer, and the name of the class that extends the “Abstract AnalyticsMethod”
class. Internally, the “Administration Panel” module uses the provided information
to create a JSON object and calls the ‘uploadAnalyticsMethod()’ method of the “Analytics Methods” module through the “Analytics Engine” to add the new analytics
method. The “Analytics Method” module receives the request and checks whether the
class specified in the JSON object has extended the “AbstractAnalyticsMethod”
class and verifies if all the required methods have been implemented. It also verifies
the uniqueness of the analytics method name and file name in order to avoid conflicts with other analytics methods. If PMML file is also included in the JAR bundle
than it is also validated. After successful validation, the information provided in the
18
19

https://maven.apache.org
https://github.com/OpenLearningAnalyticsPlatform/OpenLAP-AnalyticsMethodsFramework
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JSON object is stored in the internal database and the new analytics method is made
available. A more detailed step by step guide on how to implement and add a new
analytics method along with a concrete example is available on the project GitHub
wiki19 .
Methods Validator
The ‘Methods Validator’ group provides the ‘validateConfiguration()’ method to validate the ‘OpenLAPPortConfig’ based configuration containing the list of the ‘OpenLAPPortMapping’ class objects specifying which column of the incoming “OpenLAPDataSet” should be mapped to which column of the analytics method’s “OpenLAPDataSet” (see Section 5.3.3). During the validation process, the ‘validateConfiguration()’ method checks if all the required columns of the analytics method’s “OpenLAPDataSet” have been mapped and whether the mapped columns have the similar data
types (i.e. Numeric, Text, or TrueFalse). The detailed results of the validation are
stored in the ‘OpenLAPDataSetConfigValidationResult’ class and returned to the
sending module.
Visualizer
The “Visualizer” module implements an extensible and modular mechanism for managing visualization techniques. In OpenLAP, a visualization technique consists of
a visualization framework such as Google Charts, D3/D4, jpGraph, Dygraphs, jqPlot and the supported visualization types of each framework such as bar chart, pie
chart, line chart. The “Visualizer” is also responsible for generating the HTML and
JavaScripts based IVC to render the indicator during the indicator generation and
execution processes. As shown in Figure 5.25, the ‘Controller’ class of the “Visualizer”
is divided into five groups: ‘Visualizer Manager’, ‘Visualizer Extender’, ‘Visualizer
Validator’, ‘Visualization Generator’, and ‘Visualization Suggester’.
Visualizer Manager
The ‘Visualizer Manager’ exposes methods such as ‘getVisualizationFrameworks()’,
‘getFrameworkDetails()’, and ‘getFrameworkMethodDetails()’, to provide information related to the visualization frameworks and their supported visualization types
available in OpenLAP. This information is used by the “Indicator Editor” during
the indicator generation process to allow users to select visualization technique for
previewing indicator. Based on the selected visualization type, the ‘getFrameworkMethodConfiguration()’ provide the metadata of the expected input “OpenLAPDataSet” to support user is defining the mapping between the outputs of the analytics method and the inputs of the visualization type. While saving the indicator,
the “Analytics Engine” calls the ‘getFrameworkScript()’ method to get a JavaScript
code required to include the selected visualization framework files on the web page
and embed it in the IRC.
Visualizer Extender
In order to add a new visualization framework to the “Visualizer”, the following tasks
need to be performed by the developer for each visualization type available in the
framework:
• Create a Maven-based Java project and include the latest release of the “OpenLAP106
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Figure 5.25: API methods in the ‘Controller’ class of the “Visualizer” module in the
Analytics Framework.
Visualizer-Framework” 20 GitHub project as a dependency.
• Create a class that extends the “Abstract VisualizationCodeGenerator”
class.
• Initialize and define the metadata of the expected input “OpenLAP-DataSet”
in the ‘initializeDataSetConfiguration()’ method.
• As each visualization type of a framework may require the data to be present in
a different structure, an interface called “DataTransformer” is provided which
can be extended to transform the data from the expected input “OpenLAPDataSet” into the data structure required by the visualization type. A same
“DataTransformer” can be reused by multiple visualization types if they require
data to be in the same data structure.
• Override the ‘visualizationCode()’ method and add the logic to generate the indicator visualization code using the transformed data generated in the previous
step.
• Compile the whole project into a JAR bundle.
20

https://github.com/OpenLearningAnalyticsPlatform/OpenLAP-Visualizer-Framework
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The JAR bundle of the newly developed visualization framework can be upload to
the “Visualizer” through the “Administration Panel” in the Indicator Engine component along with further information including the visualization framework name and
description, developers’ name, the names and descriptions of the implemented visualization types and the associated data transformers. The JAR file and the specified
metadata are used by the “Analytics Engine” to call the ‘uploadVisualizationFramework()’ method and initiate the validation process. The implemented classes stated
as part of the visualization types and data transformers in the metadata are loaded
by a class loader to check if they have implemented the correct interface/abstract
classes. After a successful validation, the actual upload of the framework starts and
the new visualization framework is made available to users. A more detailed description of how to add a new visualization framework is available on the project
GitHub wiki20 . Additionally, the ‘Visualizer Extender’ group contains methods to
update and delete existing visualization frameworks, visualization types, and data
transformers, which are used by the “Administration Panel” module to allow easy
managed of visualization techniques in OpenLAP.
Visualizer Validator
The ‘Visualizer Validator’ group consist of a single method called ‘validateMethodConfiguration()’, which is used to validate the ‘OpenLAPPortConfig’ based configuration containing the mappings between the column of the incoming “OpenLAPDataSet” and the column of the expected input “OpenLAP-DataSet” of the specified
visualization type. During the validation process, the method checks if all the required
columns of the visualization type’s input “OpenLAP-DataSet” have been mapped to
the columns of the similar data types. The validation results are stored in the ‘VisualizationMethodConfigurationResponse’ class and returned to the “Analytics Engine”.
Visualization Generator
This group provides the ‘generateVisualizationCode()’ method that generates the
IVC to render an indicator during the indicator generation and execution processes.
This method requires the visualization framework id, the visualization type id, the
analyzed data in the “OpenLAP-DataSet” format, and the mapping between the analyzed data “OpenLAP-DataSet” and the specified visualization type input “OpenLAPDataSet”. The method starts the IVC generation by mapping the incoming analyzed
data “OpenLAP-DataSet” to the expected input “OpenLAP-DataSet” of the visualization type using the mapping. Next, it uses the “DataTransformer” associated with
the specified visualization type and transforms the incoming analyzed data into the
data structure required by the visualization type. Finally, the ‘visualizationCode()’
method in the implemented “VisualizationCodeGenerator” class of the visualization
type is called along with the transformed data to generate the IVC, which is sent
back to the client where it is visualized. The IVC generated for the ‘students weekly
learning resources access’ indicator using area chart of the C3/D3.js visualization
framework is shown in the Listing 5.5 and its visualization on the client side is shown
in Figure 5.26.
1
2
3
4
5
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<div id=" chart_div_ind_30 "></div>
<script type="text/ javascript ">
var div_width_ind_30 = 466;
var div_height_ind_30 = 300;
var chart_ind_30 = c3.generate({
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6
7
8
9
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11
12
13
14
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23
24
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28

bindto: '# chart_div_ind_30 ',
size: {width: (div_width_ind_30 − 20),
height: (div_height_ind_30 − 20)},
legend: {position: 'inset '},
data: {
rows:[['Learning Materials ','Media Library ','Hyperlinks '],
[9,12,0], [2,0,0], [2242,1716,103], [1820,1360,119],
[1432,886,55], [919,658,34], [1350,918,31],
[1261,771,29], [823,659,28], [970,773,49],
[579,372,13], [861,497,14], [513,253,11],
[73,82,1], [372,154,3], [652,561,10], [1046,703,29],
[1095,789,15], [1340,1185,24], [1391,829,31]
[75,12,1], [56,42,0]],
type: 'area-spline ',
groups:[['Learning Materials ', 'Media Library ', 'Hyperlinks ']]},
axis: { x: { type: 'category ', categories:
['Week-39 ', 'Week-40 ', 'Week-41 ', 'Week-42 ', 'Week-43 ',
'Week-44 ', 'Week-45 ', 'Week-46 ', 'Week-47 ', 'Week-48 ',
'Week-49 ', 'Week-50 ', 'Week-51 ', 'Week-52 ', 'Week-1 ',
'Week-2 ', 'Week-3 ', 'Week-4 ', 'Week-5 ', 'Week-6 ',
'Week-7 ', 'Week-8 '] } }
});
</script>

Listing 5.5: Indicator Visualization Code (IVC) of the ‘students weekly learning
resources access’ indicator using Area chart of the C3/D3.js visualization
framework.

Figure 5.26: Visualization of the ‘students weekly learning resources access’ indicator
in L2 P.

Visualization Suggester
The ‘Visualization Suggester’ group provides methods to manage and retrieve suggestion related to which possible visualization techniques can be applied to an analyzed
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data during the indicator generation process. Currently, the suggestions are provided simply by comparing the metadata of the analyzed “OpenLAP-DataSet” with
the expected input “OpenLAP-DataSet” metadata of each visualization type stored
in the “Visualizer”. While adding new visualization techniques to the “Visualizer”,
the ‘createVisualizationSuggestion()’ method is used to store the metadata of each
visualization type into the “vis_suggestions” table. During the indicator generation
process, the suggestions are provided to the user on the “Indicator Editor” using the
‘getSuggestionsByDatasetConfiguration()’ method. The management of visualization
suggestions stored in the “vis_suggestions” table is done through the “Administration
Panel” which uses the ‘updateVisualizationSuggstion()’ and ‘deleteVisualizationSuggestion’ methods exposed by the “Visualizer”.
Analytics Engine
The “Analytics Engine” is the central module responsible for coordinating all the tasks
performed by the Analytics Framework. It supports the Indicator Engine during the
indicator generation process by providing information for different sections of the
“Indicator Editor” as well as execute the indicators. The main tasks of the “Analytics
Engine” can be categorized into five groups: ‘Request Handler’, ‘Indicator Manager’,
‘Indicator Validator’, ‘DataSet Transformer’ and ‘Indicator Executor’, as shown in
Figure 5.20. The API methods required to perform these main tasks are exposed
through the ‘Controller’ class of the “Analytics Engine”, as shown in Figure 5.27.
Request Handler
The ‘Request Handler’ group handles the incoming requests from the Indicator Engine to implement the GQI approach and support it in the indicator generation
process. It consists of methods mainly used to populate different sections of the “Indicator Editor”. Some API methods like ‘GetActiveGoals()’, ‘GetEventPlatforms()’,
and ‘GetAllVisualization()’ are used before the indicator generation process starts;
whereas, other API methods like ‘GetDistinctCategories()’, ‘GetAnalyticsMethodInputs()’, and ‘GetVisualizationMethodInputs()’ are used based on the selection the
user has done while defining the indicator.
Indicator Manager
The ‘Indicator Manager’ group exposes methods for accessing and saving questions
and indicators to the “Analytics Modules”. After finalizing the indicator generation
process, the Indicator Engine calls the ‘SaveQuestionAndIndicators()’ method of the
“Analytics Engine” to save the question and associated indicators to the database.
Internally, this method saves the information related to each indicator in two tables.
The data query generated using the “Rule Engine” module in the Indicator Engine
is saved in the “indicator” table along with the indicator name. The reference to the
data query, analytics method, and visualization technique along with the mappings:
dataset columns to method and method to visualization are stored in the “triad” table.
The question is stored in the “question” table liked to all the associated indicators.
The reason for storing data query in the separate “indicator” table is to avoid saving
redundant information in the “triad” table when an indicator is reused but only
analytics method and/or visualization technique is modified. It is also useful to
present to users how the same raw data can be analyzed and visualized in different
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Figure 5.27: API methods in the ‘Controller’ class of the “Analytics Engine” module
in the Analytics Framework.
ways to produce diverse indicators that have a different impact on learning and
teaching processes.
After the question and indicators has been saved in the database, the ‘SaveQuestionAndIndicators()’ method internally calls the ‘GetQuestionRequestCode()’
method to generate the IRC for the question as well as the ‘GetIndicatorRequestCode()’ method for each indicator to generate its IRC and send it to the “Indicator
Editor”. In order to support the reusability requirement, the ‘SearchQuestions()’ and
‘SearchIndicators()’ methods are provided which facilitate the user in searching for
the required question or indicator and loading it as a template using the ‘GetTriadById()’ method for editing.
Indicator Validator
The ‘Indicator Validator’ group provide methods to validate different aspects of the
indicator generation process. The ‘ValidateQuestionName()’ and ‘ValidateIndicatorName()’ methods are used to check on runtime if the question and indicator names
provided by the user are unique or not. The ‘GetIndicatorPreview()’ method or its
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variant (see Figure 5.27) is called at the end of the indicator generation process to
validate the specified indicator parameters step by step and generate the indicator
preview in parallel. If validation fails at any step, the process is stopped and an
appropriate message is returned to the “Indicator Editor” along with the possible
remedies for the error.
DataSet Transformer
The ‘DataSet Transformer’ group does not contain any method that is publically
accessible. However, it has an internal method called ‘transformIndicatorQueryToOpenLAPDatSet()’ that is used to convert the results obtained by executing the
indicator query into the “OpenLAP-DataSet” format during the indicator generation
and execution processes. Currently, an SQL-based database is used to store learning
activities data using the LCDM data model and HQL is used as a query language.
Thus, this method provides the implementation of converting HQL-based data into
“OpenLAP-DataSet” format. This approach provides the Analytics Framework the
ability to easily adapt a different underlying database by implementing new ‘DataSet
Transformer’ methods for the new databases (e.g. NoSQL databases).
Indicator Executor
The ‘Indicator Executor’ group provides a ‘GetIndicatorDataHQL()’ method, which
is called from an IRC embedded in a client application along with the parameters,
including triad id, encrypted user id (if applicable), width and height of the container
in the client application where the visualization needs to be embedded. The method
starts the indicator execution process by getting the triad from the “Analytics Modules” using the ‘GetTriadById()’ method that contains references to the indicator
data query, the analytics method and the visualization technique as well as the mappings: dataset to method and method to visualization. Then, it executes the data
query and transforms the raw data in “OpenLAP-DataSet” format using the ‘transformIndicatorQueryToOpenLAPDatSet()’. Next, it creates an instance of the referenced
analytics method to perform the analysis using the transformed “OpenLAP-DataSet”
and the dataset to method mapping. Finally, it requests the referenced visualization
type available in the “Visualizer” to generate the IVC using the analyzed “OpenLAPDataSet” and return it to the client application to visualize the indicator with up to
date data.

5.4

Supplementary Implementations

In order to assess various functionalities of the different components of OpenLAP and
evaluate them in discrete evaluation sessions (see Section 6.1) as well as in the pilot
phase (see Section 6.2), additional implementations were performed. These include
implementing data collectors to gather learning activities data, analytics methods to
perform the required analysis, and the visualization techniques to render the indicators. In the following, the detailed description of these implementations is provided.

5.4.1

Data Collector

At RWTH Aachen University, SharePoint 2013 based L2 P is used as the main LMS,
which provide features like learning resources, assignments, feedback, announcements,
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alerts, wikis, discussion forums, group workspace, and more. Additionally, RWTH
Aachen University integrates local installation of Moodle in L2 P as third party system
and avails its quiz feature. Therefore, two different data collectors were implemented
to collect user activities data from L2 P and Moodle. The data collection from both
sources was performed in two steps. The first step involves the generation of log files
containing detailed contextual information of each event occurred in them. In the
second step, these log files are downloaded from the respective systems, transformed
into LCDM compliant data format and imported in OpenLAP. What kind of data
and how that data is collected from both sources is described in the following sections.
L2 P
SharePoint provides a mechanism called “Auditing” that keeps track of various activities performs by users in the environment. This information can be accessed in
the form of build in reports which provides the summarized view of the data or it
can also be accessed programmatically. However, there are a number of limitations
in the default auditing mechanism, including:
• By default, the auditing mechanism tracks very basic information for each event,
that includes internal id of the course, internal id of the item on which the event
was performed, type of the item, internal location of the item in the course,
time of event, type of the event, and username of the user who performed the
event.
• SharePoint provides two core structures for data storage, namely List and Document Library. Lists represent a table like structure in a relational database,
which can be used to store any kind of information. Document Library acts
more like a folder which is used to store files and associated metadata. The
limitations lie in the SharePoint’s process of tracking activities for these storage
types, especially for the events when a user is viewing items in them. For the
Document Library, SharePoint tracks all the information mentioned in the previous point. However, for List, it does not track information about the specific
item that has been viewed. Rather it just logs an event that indicates that the
whole List has been viewed even when a specific item has been viewed. Thus,
detailed contextual information is not available from Lists.
• Privacy is a major concern in default audit logs because the usernames are
available in plain text.
In order to address these limitations, it was necessary to enhance the auditing
mechanism by programmatically collecting additional information related to each
event and generate comprehensive audit logs. Table 5.1 provides the list of modules
along with the additional information that is collected in the enhanced audit log files.
Since the default auditing mechanism was used as the base for retrieving additional
context information, the view events of items in List cannot be captured in detail.
The privacy issue in the default audit logs was addressed by hashing the usernames
using the MD5 hashing algorithm21 . However, more secure encryption algorithms
such as Argon222 can be used when the system will be used in a production setting.
21
22

https://en.wikipedia.org/wiki/MD5
https://en.wikipedia.org/wiki/Argon2
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Table 5.1: Additional context information captured during logging of activities data
from SharePoint based L2 P
Modules
All
Announcements
Assignments
Corrections
Solutions
Peer Reviews

Peer Reviews Corrections

Peer Reviews Assignments
Peer Reviews Rubrics
Peer Reviews Solutions
Peer Reviews Student Reviews
Discussion Forum
Shared Documents
Wiki
Emails
Hyperlinks
Media Library
Learning Materials

Collected Information
Title, Source, Course ID
Expires
ID, Group submission?, Grading type, Total
marks, Publication date, Due date, Sample solution publication date
ID, Assignment title, Solution title, Submitted
by, Tutorium, Correction complete?, Obtained
marks
ID, Assignment title, Hand in solution?, Submitted by, Tutorium
ID, Description, Group submission?, Student
review percentage, Student review start date,
Student review due date, Grading type, Total
marks, Publication date, Due date, Sample solution publication date, Rubrics
ID, Peer review title, Solution title, Student reviews title, Student review marks, Total marks,
Grading type, Submitted by, Tutorium, Correction complete?, Obtained marks, Total obtained
marks
ID, Student reviews title, Peer review title, Student solution
ID, Description
ID, Peer review title, Hand in solution?, Submitted by, Tutorium
ID, Peer review title, Solution title, Total marks,
Obtained marks, Tutorium,
ID, Item child count, Discussion title, Parent
item ID, Is question?, Best answer ID, Is featured?, Last reply by
File extension, File size, Version
File size, Version
Recipient, CC, Reply to, Status, Attachment
URL, Category
File type, Image size, Video time
File extension, File size, Version, Topic, Related
hyperlinks, Related media

Moodle
Currently, only the quiz feature of Moodle is used in L2 P under the module name
of eTest. Therefore, only the grades obtained by students in these quizzes are exported as Comma-Separated Values (CSV) using the standard exporting mechanism
provided by Moodle. A script was written to transform these quiz grades files into
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LCDM format, anonymize the user information and import them into OpenLAP. Table 5.2 provides the list of context information related to the eTest that is imported
in OpenLAP.
Table 5.2: Additional context information captured during logging of activities data
from SharePoint based L2 P
Modules
All
eTest

5.4.2

Collected Information
Title, Source, Course ID
Assignment title, Submitted by, Correction complete?, Total marks,
Obtained marks, Time spent

Analytics Methods

The following analytics methods were implemented as a proof of concept to allow
users to select different analytics methods during the indicator generation process.
• Count N most occurring items: It is a simple method that counts the
number of times each item occurred in the incoming list of items. Sort them in
an ascending order and return the N most occurring items in the list. N is a
numeric value that can be specified by the user during the indicator generation
process, otherwise, a default value of 10 is used.
• Count N least occurring items: Similar to the previous analytics method,
this method counts the incoming list of items. Instead of sorting them in
ascending order, this method sorts them in descending order and return the N
least occurring items.
• Count items per time interval: This method counts the occurrences of each
item in an incoming list based on the specified time interval. The interval can
be specified by the user during the indicator generation process, which can be
days, weeks, months, or years.
• Count items based on a column: This analytics method requires two input
columns, an input list that will be counted and a ‘group by’ column based on
which the input column is counted. E.g. if the ‘group by’ columns contains
unique values G1, G2 and items list contains I1,I2,I3 than it will count how
many time I1 occurred with G1 and G2. Similarly for I2 and so on.

• Count keywords in items list: This method counts the occurrences of each
provided keyword in the list of input items. The current implementation allows
users to provide case-insensitive comma-separated keywords list. Multiple keywords can also be combined using |(OR) or &(AND) operators. However, only
one type of operator is supported for combining. E.g. learn&analyze&teach,good|great|best|nice
Brackets ‘()’ are currently not supported.
• Count submitted solutions per assignment: This is a very simple method
which counts the number of users who submitted a solution for each assignment.
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• Calculate average assignment marks: This method calculates the average
marks of students for each assignment. It allows users to specify if multiple
submission from the same students should be considered as separate submissions or allow only single submission per student and use the marks of the last
submission in the calculation of average marks.
• Calculate median assignment marks: This method calculates the median
mark of students for each assignment. Additionally, it returns the minimum and
maximum marks along with the median of the first and last quartile for each
assignment. This method is specifically developed to provide all the required
information to plot the box chart. However, provided information can be used
separately to plot simpler visualizations.
• Calculate average assignment marks per user: This method is similar to
the ‘Calculate average assignment marks’ method but instead of calculating the
average marks of all the student for each assignment, it calculates the average
marks of all the assignment for each student.
• Calculate average and median assignment marks based on time: This
method is developed for a special scenario where an average of all the assignments submitted in a specified reoccurring time interval is calculated. E.g. If
‘Weekly’ time interval is selected then it will calculate the average and median
of all the assignment submitted in each week.
• Calculate median student progress: This analytics method was developed
for the scenario when the quiz is available for users for a particular amount of
time and they can take it multiple times. This method calculates the progress
the students have during these multiple attempts of the same quiz. The method
provides two ways to calculate the progress. First, is to determine the progress
based on the first and the last attempt. Second is to calculate the progress
using the minimum and maximum points obtained in all the attempts.
• Create clusters based on two numeric columns using K-Means: As the
name suggests, this method applies the K-Means based clustering algorithm of
data mining on two numeric input columns. The method performs the analysis
and returns the number of clusters specified by a user as a parameter to this
method during the indicator generation process. Additionally, it returns the
number of items in each cluster and the centroid, max and min values in both
input attributes. In order to perform the analysis, the java library for Weka23
was used.

5.4.3

Visualization Techniques

For the visualization of the indicators, the focus was on the development of visualization techniques based on Google Charts24 and D3-based reusable chart library
called C3.js25 . The visualization techniques developed for the evaluation of OpenLAP
include:
23

https://www.cs.waikato.ac.nz/ml/weka/
https://developers.google.com/chart/
25
http://c3js.org/
24
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• Bar Chart
• Grouped Bar Chart
• Stacked Bar Chart
• Pie Chart
• Donut Chart
• Line Chart
• Multiple Lines Chart
• Area Chart
• Grouped Area Chart
• Stacked Area Chart
• Scatter Chart
• Box Chart

5.5

Summary

The purpose of this chapter is to discuss the development phases of OpenLAP and
present the technical design and implementation details of its different components.
Initially, the core implementation of Learning Context Data Model (LCDM) is briefly
explained, followed by the discussion on why an updated version of LCDM was implemented for OpenLAP. Next, a standalone tool called a Rule-based Indicator Definition Tool (RIDT), responsible for both the indicator generation and execution
processes is described. The focus of RIDT was to lay the foundation of underlying architecture based on which the core of OpenLAP is developed. Afterwards,
the technical design and the implementation details of the different components of
OpenLAP are provided. In the Indicator Engine component, the design of the UI
for the indicator generation process is discussed based on different Human Computer
Interaction (HCI) design patterns. The modular and extensible architecture of the
Analytics Framework component allows it to dynamically add new analytics modules,
analytics methods, and visualization techniques in OpenLAP to meet the diverse requirements of different stakeholders in the context of OLA. Finally, the particulars
of data collectors, analytics methods, and visualization techniques implemented to
evaluate OpenLAP in the different phases of development are provided.
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Chapter 6

Evaluation
This chapter presents the evaluation of OpenLAP based on the research questions of
this dissertation. The evaluation was performed in multiple iterations to assess the
usability, usefulness, extensibility, and modularity of OpenLAP. Initially, each component was evaluated independently with a selected set of evaluators. The Indicator
Engine was evaluated in terms of usability and the Analytics Framework was assessed
in terms of extensibility and modularity. Based on the initial results, both the components were further improved and integrated to realize OpenLAP. Finally, a though
evaluation of the whole platform was conducted in a pilot study at RWTH Aachen
University to evaluate if OpenLAP can deliver an effective analytics in open and
distributed learning environment that can fulfill the requirements of multiple stakeholders (specifically students and teachers). Moreover, the usefulness and usability
of the indicator generation process in OpenLAP were explored.

6.1

Discrete Component Evaluations

In the initial phase of evaluation, different components of OpenLAP were independently evaluated in terms of usability, extensibility, and modularity. The usability
evaluation of the Indicator Engine component, responsible for implementing the indicator generation process, was conducted. The Analytics Framework component,
responsible for providing the indicator execution process, was evaluated using a taskbased evaluation followed by a custom questionnaire to gauge the degree of ease with
which the developers can implement and add new analytics methods and visualization
techniques. The modularity of implemented code was evaluated based on selected
software code metrics.

6.1.1

Usability

The usability is defined as “the extent to which a product can be used by specified
users to achieve specified goals with effectiveness, efficiency and satisfaction in a
specified context of use” (ISO 9241-11, 2018). Different types of usability evaluation
methods are available in the literature to assess and identify problems in a system UI
design (Usability Professionals’ Association, 2012; Dix et al., 2003). Some well-known
usability testing methods include:
• ISONORM 9241/10 was created to provide a competent, practical and com119
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pact instrument for software evaluation (Prümper, 1993). The seven dialog
principals of the ISO 9241/10 standard are used as the bases to generate a set
of usability questions. A bi-polar question format was adopted for the questionnaire in an effort to motivate evaluators to reflect upon the statements in more
details. The questions are formulated to capture the suitability of the task,
self-descriptiveness, controllability, conformity with user expectation, error tolerance, suitability for individualization, and suitability for learning (Prümper,
1999).
• System Usability Scale (SUS) is a “quick and dirty” approach to get a global
view of subjective assessments of a system usability (Brooke, 1996). It is based
on the ten-item attitude Likert scale designed to capture the intuitiveness,
simplicity, feedback, responsiveness, efficiency of the UI, user’s comfort level
in using the UI, and the steepness of the learning curve which a user must go
through to successfully use the UI.
• Heuristic evaluation is an informal method of discovering usability issues in
a system. It is usually applied in the early stages of development by getting
reviews from a number of experts about the interface design based on the standard usability principals and guidelines (Dix et al., 2003; Nielsen and Molich,
1990), e.g. Nielsen’s (1994a) 10 heuristics, Shneiderman’s (2004) eight golden
rules, and Norman’s (2002) seven principles.
• Cognitive walkthrough is a usability inspection method in which an evaluator
walks through a series of defined tasks to provide a detailed feedback on the
system’s learnability (Nielsen, 1994b). Compared to the heuristic evaluation,
the cognitive walkthrough requires further preparations. It requires a general
description and knowledge level of the participants, a detailed description of
each task that needs to be performed, and a list of the correct actions for each
task (Rieman et al., 1995). This method is normally performed in the early
stages of development with the domain experts (Dix et al., 2003).
• Think aloud is an observational usability testing technique in which the evaluator is asked to use a system and continuously express their thoughts while being
observed by the test moderator(s) (Dix et al., 2003). Based on the situation,
the moderator can prompt the evaluator to provide more detailed feedback of a
specific section of the UI. It is a simple and easy to learning usability technique
which does not require any special equipment. However, the downside of this
technique is that the evaluators tend to provide filtered statements instead of
whatever is coming to mind. Moreover, prompts from an untrained moderator can bias the evaluator’s behavior resulting in unrealistic feedback (Nielsen,
2012).
Following an agile development approach, The UI for the indicator generation
process of OpenLAP was developed in three iterations. The usability evaluation of the
first two iterations were performed independently and their results are summarized
in the following sections. The third iteration was conducted as part of the pilot study
which is described in detail in Section 6.2.
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First Iteration
In the first iteration, the user evaluation of RIDT, a previous version of OpenLAP (see
Section 5.2), was conducted to gauge the overall usability of the tool. The main aim of
developing RIDT was to lay the foundation of an architecture that can support both
the indicator generation and indicator execution processes. In order to evaluate the
effectiveness of the indicator generation process in RIDT, a custom questionnaire was
designed based on five-point Likert scale (Likert, 1932). Additionally, an evaluation
approach based on the SUS was employed to evaluate the usability of the UI1 .
During the evaluation process, the users were briefly introduced to the concept of
personalized LA and the main objectives of RIDT. The tool was evaluated with two
teachers, three research assistants, and seven students. The participants were asked
to perform a series of tasks and subsequently fill out the questionnaire, which was
divided into participants’ background, expectations, and usability.
The first part of the questionnaire captured the participants’ backgrounds. About
75% of the users were familiar with the concepts of LA. All of them supported the
idea of having LA tool at RWTH Aachen University which can be accessed by both
students and teachers. However, only about 33% of the participants had actually
used an LA system with real-time data. Moreover, 33% reported that they had prior
experience with defining indicators in an LA system.
The second part of the questionnaire captured the expectations on the features
that the users generally would like to have in an LA system. About 90% of the users
wanted to formulate their own questions and indicators as well as preview them.
Over 90% of the users wanted to select a different combination of data, add filters,
select visualization types, modify existing indicators to create new ones, and delete
existing indicators. About 88% of the users wanted to customize existing indicators
available in the system. And, 67% of the users wanted to use pre-existing questions
and indicators in the system.
The third part of the questionnaire dealt with the usability of the tool based on
the SUS. Based on the results of the questionnaire, the usability scale (SUS score) of
RIDT was calculated to be approximately 53, which is below the standard average
SUS score of 68. In general, the respondents found the system intuitive, easy to use,
and easy to learn. However, they expressed their concerns with inconsistencies in
the UI and the lack of feedback and responsiveness of the tool. The majority of the
evaluators wanted a more effective way of on-screen guidance during the indicator
generation process.
In general, the evaluation results demonstrate that the majority of the participants liked the concept on which RIDT has been developed, namely to define own
indicators in an effective and efficient manner. They liked the features offered by the
tool like the formulation of questions and indicators, the flexibility of visualization
type selection, previewing capabilities, and aggregation of simple indicators to build
composite ones. However, the majority of the users suggested that the UI should be
more consistent and responsive. It is obvious from the evaluation results that the next
development should focus on the improvements of UI in terms of feedback through a
more effective user notification mechanism which would guide the user through the
indicator generation process.
1

Parts of this section have been published in (Muslim et al., 2016; Mahapatra, 2015).
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Second Iteration
In the second iteration, the limitations of RIDT in terms of usability were addressed
in the Indicator Engine by following standard HCI design patterns. The usability
evaluation in the second iteration was also conducted using a custom questionnaire
focusing on calculating the SUS score2 .
During the evaluation process, the users were briefly introduced to the concept of
personalized LA and the objectives of the Indicator Engine in OpenLAP. 10 participants were asked to follow the steps of the indicator generation process and perform
various tasks. Subsequently, the participants were asked to fill out the questionnaire
which consisted of 28 questions divided into four sections.
The first section of the questionnaire gathered the participants’ backgrounds.
70% of the participants were in the 18-30 age range and had at least Bachelor’s
degree in computer science. 40% of the participants were professionals working in
software development industries whereas the rest were either students or researchers
in universities. The male to female ratio in the participants was 1:1.
The second section of the questionnaire focused on capturing the usefulness of the
indicator generation process implemented by the Indicator Engine. Around 94% of
the participants found the different steps of the process easy or very easy as shown in
the Figure 6.1. Only one of the participants found the steps ’Define Filters’ and ’Define Mappings’ to be difficult. In general, the participants reported that the Indicator
Engine was useful. However, some participants requested to provide suggestions for
defining mappings to further improve the user experience for non-technical users. Additionally, a feedback was given to include a step by step guide including screencast
for the indicator generation process.
The third section of the questionnaire captured the usability of the Indicator
Engine. It consisted of the 10 standard questions required to compute the usability
score of the Indicator Engine using the SUS method based on the intuitiveness,
simplicity, feedback, responsiveness, and efficiency of the UI. Based on the provided
feedback, the usability score of the Indicator Engine was calculated to be 81.75 which
is above the average SUS score of 68. Overall, the participants found the system
intuitive, responsive, and easy to learn.
The last part of the questionnaire aimed at collecting the general user remarks
related to the Indicator Engine and the indicator generation process. The feedback
revealed that all participants liked the concept of defining their own indicators following the GQI approach. The most appreciated feature was once again the flexibility in
customizing the visualization parameters and previewing of the indicators at runtime.
Additionally, the participants pointed out that the feature of mapping dataset to the
input of analytics method and then the output of analytics method to the input of
visualization is a very strong feature which allows high-end indicator customization.
However, the power of customization can increase the complexity of the system for
non-technical users which is evident from the evaluation results.

6.1.2

Extensibility

The extensibility process of the Analytics Framework was evaluated as part of the
practical lab course conducted at RWTH Aachen University. Only 5 students reg2
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Figure 6.1: Usefulness evaluation of the Indicator Engine component in OpenLAP
(Muslim et al., 2017).
istered for this course who developed new analytics methods and visualization techniques for OpenLAP as part of the lab work and performed the extensibility evaluation. Additionally, many other students who previously took part in one or more
courses offered by this department were contacted and 4 students agreed to take part
in the evaluation. Thus, in total 9 students took part in the evaluation.
During the evaluation, the participants were provided with a set of videos introducing them to OpenLAP and its different modules as well as the extensibility process
in the Analytics Framework. Afterward, the participants were asked to go through the
step by step guide available in the project GitHub wiki, explaining how to add new
analytics methods3 and visualization techniques4 to the framework. Then, they were
asked to develop a simple statistical analytics method to find the top 10 frequently
occurring items in a list and a pie chart visualization technique using the Google
Charts library. Simple tasks were given to the participants because the purpose for
this evaluation was to focus on the extensibility processes rather than the logic in the
analytics methods and the visualization techniques. Finally, the participants were
asked to fill out the questionnaire which consisted of 55 questions divided into four
sections.
Participants’ Background
The first part of the questionnaire captured the users’ backgrounds. The participants
were in the 18-40 age range and had at least a Bachelor degree in computer science.
3
4

https://github.com/OpenLearningAnalyticsPlatform/OpenLAP-AnalyticsMethodsFramework
https://github.com/OpenLearningAnalyticsPlatform/OpenLAP-Visualizer-Framework
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60% of the participants had less than two years of experience with Java development.
Only half of the participants reported that they are familiar with Web services.
Templates and Guidelines
The second part of the questionnaire collected the feedback from the users on the quality of the provided templates and guidelines for extending the Analytics Framework
with new analytics methods and visualization techniques. 80% of the participants expressed that the video was very helpful and easy to understand the main concepts in
OpenLAP. The participants further reported that the video conveys enough information on the extensibility process without being too technically deep or too abstract.
All the participants agreed that the provided step by step guides to add new analytics
methods and visualization techniques were very useful. Moreover, the participants
considered the examples provided in the guidelines as appropriate to increase their
understandability of the extensibility process.
Adding New Components
The aim of the third part of the questionnaire was to gauge the degree of ease with
which the developers can implement and add new analytics methods and visualization
techniques to the Analytics Framework as well as the time spent to perform these
tasks.
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Figure 6.2: Ease of adding a new analytics method to the Analytics Framework.
In general, the steps required to extend the Analytics Framework with new components were perceived to be easy. The steps for adding new analytics method and new
visualization technique were rated as easy or very easy by 77% of the participants, as
shown in Figure 6.2 and Figure 6.3. Only the steps "Read from OpenLAP-DataSet",
"Setup Development Environment" and "Implement DataTransformer Methods" were
rated as difficult by one participant. The “Setup Development Environment” was
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found to be difficult by two participants of the practical lab because there was no
Integrated Development Environment (IDE) installed and also the internet was not
set up on their laptops. Thus, they had to spend some time in setting up the internet and downloading an IDE to perform the given tasks. The difficulty in setting
up the environment is not related to the extensibility process itself. Moreover, the
participants reported that the steps related to implementing and uploading new visualization technique were relatively more difficult than the ones for new analytics
method mainly due to the data transformation step and the extra information that
have to be specified in the uploading step.
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Figure 6.4: Average time to add a new analytics method to the Analytics Framework.
With regard to task efficiency, the results revealed that the time spent to extend
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Figure 6.5: Average time to add a new visualization technique to the Analytics Framework.
the Analytics Framework with new components was acceptable, as illustrated in
Figure 6.4 and Figure 6.5. The total average time required to add a new simple
analytics method and visualization technique was 36 and 45 minutes respectively. As
compared to the analytics method, the average time required to implement the logic
in the visualization technique (i.e. extending and implementing the abstract classes)
was higher because the developer needs to implement the data transformation step,
besides implementing the visualization code generator.
Concluding Remarks
The last part of the questionnaire aimed at collecting the overall user satisfaction
with the extensibility process in the Analytics Framework. 82% of the participants’
agreed or strongly agreed with the statements related to the overall satisfaction with
regard to the understandability, learnability, clarity of the documentation, ease of
use, and task efficiency of the extensibility approach, as shown in Figure 6.6. The
participants further suggested to extend the step by step guides by screencasts and
to provide a mechanism to test new components before uploading them to OpenLAP.

6.1.3

Modularity

The modularity of different components of OpenLAP was evaluated based on software code metrics. In software engineering terms, a module is a component whose
structural elements are strongly connected among each other and weakly connected
to elements in other components (Baldwin and Clark, 2000). The degree of modularity and other attributes of a software are determined using software code metrics that
provide better insight into the code to track progress during software development
and identify potential risks. The most important metrics related to modularity are
"coupling" which defines the reliance between modules of a software and "cohesion"
which defines the degree to which each component concentrates on its specific purpose/task. Modularity calls for minimizing coupling and maximizing cohesiveness
(Chidamber and Kemerer, 1994). To compute the coupling and cohesion metrics on
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Figure 6.6: Overall user satisfaction with the extensibility process in the Analytics
Framework.
the code base of OpenLAP, all related projects were consolidated in a single project
and a plugin for IntelliJ IDEA IDE called MetricsReloaded was used.
Coupling
Coupling for a class is a count of the number of other classes to which it is coupled. A
class is coupled to another class if methods of one use methods or instance variables
of another (Chidamber and Kemerer, 1994). At a project level, the coupling factor
(CF) measures the actual couplings among classes in a project in relation to the
maximum number of possible couplings (Abreu and Carapuça, 1994).
Coupling relations increase complexity, reduce encapsulation and potential reuse,
and limit understandability and maintainability. Thus, high values of CF should be
avoided. However, classes must cooperate somehow, and CF is expected to be lower
bounded (Abreu et al., 1995). A CF value of 3.27% was computed, which represents
a low CF value and indicates that OpenLAP is highly modular.
Cohesion
Cohesion refers to how well the methods of a class are related to each other. Methods
are related if they work on the same class-level variables, resulting in a high-cohesive
class. In a low-cohesive class, there are some methods that work on different variables.
High cohesion is desirable since it promotes modularity. Low cohesion indicates high
complexity. A low-cohesive class may need to be restructured into two or more smaller
classes (Abreu and Carapuça, 1994; Hitz and Montazeri, 1995).
The Lack of Cohesion in Methods (LCOM) was proposed as a metric to evaluate
the cohesion of a class. LCOM represents an inverse measure for cohesion. For the
evaluation of OpenLAP, a variant of LCOM proposed in (Hitz and Montazeri, 1995)
called LCOM4 was used which measures the number of connected components in a
class. A connected component is a set of related methods. Two methods are related if
they both access the same class-level variable or at least one method calls the other.
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The constructors and other object methods are not considered since they touch all the
attributes of the class. A high-cohesive class consists of one connected component.
A low-cohesive class has two or more components.
LCOM4 on 108 different classes was computed. 10 classes were custom exception
handling classes with only constructor methods and thus they had an LCOM4 value
of 0. 11 classes had an LCOM4 value between 2 and 4. These classes are expected
to have a relatively low cohesion as they represent controller classes which besides
endpoint methods accessing the same service object variable also contain methods
to generate user-friendly error messages for each exception type. 87 classes had an
LCOM4 value of 1 indicating high-cohesive classes.

6.2

OpenLAP Pilot Study

A pilot study was conducted at RWTH Aachen University during the winter semester
2017 by following the case study research approach by Hays (2004) to thoroughly
evaluate OpenLAP based on the research questions of this dissertation (see Section
1.2). During the pilot study, OpenLAP was seamlessly integrated as a third party
system in L2 P using OAuth 2.0 and made available to the participants of the selected
courses. The following sections describe in details the environment set up of the pilot
study and provide a comprehensive discussion on the acquired results.

6.2.1

Evaluation Setup

In order to have an effective evaluation, the main participation criteria in the pilot
study was to use at least the ‘Assignment’ module in the L2 P course. This strict
participation criterion was applied because most of the courses in L2 P only use the
‘Learning Materials’ module to provide learning resources to the students. However,
using L2 P just for storing learning resources can only provide activity data that can
be used to provide statistical information about learning resources access. Therefore,
to provide more complex analytics that can actually have an impact on the learning and teaching process of students and teachers respectively, the usage of at least
the ‘Assignment’ modules was made mandatory to take part in this pilot study. A
script was implemented to gather the statistics on the usage of different modules in
L2 P. Based on these statistics, a rank list of all such courses was generated where
the ‘Assignment’ module in L2 P was used to post assignments, collect solutions from
students, and provide corrections and grades. Invitation emails were sent to the
managers of the top 22 courses from the faculty of medicine, school of business and
economics, mathematics, computer science and natural sciences, and electrical engineering and information technology at RWTH Aachen University. After a couple of
weeks, the follow-up emails were sent which resulted in the reply from the managers
of 6 courses, out of which only 3 managers accepted the invitation and agreed to take
part in the pilot study. In order to motivate the students of these 3 courses, it was
decided to award bonus points to those who agree to take part in the pilot study and
perform the evaluation.
In order to collect the students’ activity data, the auditing mechanism of the
SharePoint was activated in the selected 3 courses before the semester started. This
allowed SharePoint to internally start tracking the activities of all the users in them.
However, due to data privacy policies of RWTH Aachen University, the tracked data
128

6.2. OPENLAP PILOT STUDY

cannot be exported out of L2 P without the consent of the users. Therefore, after
consulting with the managers of each course, a notice was added on the dashboard
of each course in the first week of the winter semester. In the notice, the users of
the course were asked to fill in the consent form allowing OpenLAP to extract their
anonymized activity data from L2 P and use it to provide them with useful analytics.
Two different types of consent collection approach were utilized. An opt-in approach
was applied in one of the courses and the data of only those users was collected who
filled in the form and gave permission to collect their data. The users who denied or
did not fill in the consent form were not included in the pilot study. On the other
hand, the opt-out approach was used in the other two courses and only those uses
were excluded from the pilot study who filled in the consent form and specifically
denied the collection of their activity data.
Table 6.1: OpenLAP pilot study collected consent statistics
Consent Approach
Opt in
Opt out
Opt out

Total Users
215
151
204

Allowed
66
41
50

Denied
4
4
3

No reply
145
106
151

Table 6.1 shows the results of the consent collection process. It is clearly evident
from the results that, even though bonus points were offered as an incentive to take
part in the pilot study, most students in the course do not care much about the
activities which are not directly related to their final grades or that has to be done
voluntarily. Another observation that can be seen from the results is that the number
of users who are cautious of their personal data being collected even though it is
anonymized is relatively low. In total, the number of participants who accepted to
take part in the pilot study included 414 students, 10 researchers, and 2 professors.
After the participants of the pilot study has been finalized, the activity data
collection was performed on weekly basis using the scripts specifically developed
for the pilot study to gather anonymized data from L2 P and Moodle (see Section
5.4.1). A predefined set of unique indicators were generated for each course using the
“Indicator Editor” module of OpenLAP based on the analytics requirements collected
from the course managers. The generated indicators were added to the dashboard of
their respective courses. Additionally, the “Indicator Editor” was made available in
L2 P and the participants were encouraged to get familiar with OpenLAP by going
through the help available in the system and try out the indicator generation process.

6.2.2

Evaluation Methodology

The evaluation phase of OpenLAP started a month after the system was made available to the participants of the pilot study. The evaluation was divided into two segments, namely open-ended evaluation and semi-structured interview sessions. During
the open-ended segment, a custom questionnaire based quantitative approach was
used. In the interview sessions, a set of qualitative evaluation methods were applied
to evaluate different aspects of OpenLAP.
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Quantitative Evaluation
The main focus of the open-ended evaluation segment was to collect statistical evaluation results from the majority of the participant. In order to achieve this, a task
list was generated in which the participants had to define a set of four indicators
(two basic indicators, a composite, and a multi-level analysis indicator) using the
“Indicator Editor” module of OpenLAP that can be used to monitor various activities of students in the course. The tasks were tailored to evaluate the usability
and effectiveness of the indicator generation process, rather than the possibility to
generate complex indicators. Therefore, the complexity of the tasks was kept low.
However, the participants were encouraged to evaluate beyond the given tasks and
try out various options to customize their indicators to be able to provide comprehensive feedback. Furthermore, a custom questionnaire was created that consisted
of the rating scale and forced choice type closed-ended questions as well as openended questions where the participants can provide their opinion. The questionnaire
consisted of 44 questions divided into five sections, namely expectations, system understandability, usability, effectiveness, and conclusion. The participants were given
the time period of 15 days to perform the task and fill in the questionnaire.
In total, 115 participants submitted their response to the custom questionnaire.
The first step was to improve the quality of the collected statistical data set. This was
performed by removing duplicate responses submitted by the same participant. Any
response which did not have a valid participant’s information (matriculation number)
associated with it was also removed because the main motivation for students to perform this evaluation was to receive bonus points in the course and if the participant’s
information is not available then it means the response was not submitted seriously.
Any response which showed very clear sign of inaccuracy was also removed, this included responses which selected the exact same rating (highest or lowest) in all the
close-ended questions and additionally entered useless information in the open-ended
questions, such as “——”, “. . . . . . ”. Drawing a conclusion based on the results that
are inaccurate is meaningless. Therefore, to further increase the accuracy, the access
logs of the “Indicator Editor” UI (where the participants had to perform the tasks)
was correlated with the submitted results. Based on this correlation, the response
from any participant who never accessed the “Indicator Editor” was also removed
based on the assumption that if the participant did not access the system then how
they can provide a fair evaluation to it. Performing these cleansing tasks reduced
the total number of submissions from 115 to 106. Once the data set was considered
to be fairly accurate, it was sorted, filtered and processed using various statistical
techniques to generate the required results.
Qualitative Evaluation
In semi-structured interview sessions, the aim was to collect detailed facts, figures,
opinions, and critiques about different aspects of OpenLAP from the volunteering
participants. Various evaluation techniques were applied together to extract as much
information as possible from each session. The cognitive walkthrough evaluation
approach was used with the participants who were experts in the field of data analytics
and LA (researchers). Think aloud and cooperative evaluation methods were used
with the students to perform the similar tasks given in the open-ended evaluation.
The tasks in the interview sessions were more focused and comprehensive, which
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helped in discovering detailed usability issues as well as conceptual limitations in the
design of the indicator generation process. At the end of each interview session, the
participant was asked to fill in the same questionnaire that was used in the openended evaluation segment to collect additional statistical data from the closed-ended
questions. The open-ended questions in the questionnaires were already discussed in
detail during the interview; thus, they were skipped while filling in the questionnaire.
After the conclusion of all the interview sessions, special awards were given to the
top three students who provided the most constructive feedback that can be used to
improve OpenLAP and three special awards were randomly distributed among the
participants of the interview session based on a raffle draw. All the managers were
requested to take part in the semi-structured interviews to provide comprehensive
feedback. Whereas, students were free to select any type of evaluation they were
interested in taking part.
The participants of the semi-structured interview sessions included 34 students
and 5 researchers (research assistants and professors). Each interview session lasted
for 30 to 60 minutes depending on the pace at which the participant performed the
tasks and the amount of provided feedback. During the interview sessions, the predefined set of questions were mainly based on the open-ended questions from the
custom questionnaire. However, to collect additional information from a variety of
perspective, follow up questions were asked depending upon the flow of conversation. Moreover, the audio, video, and screen recording for each interview session
were captured using Camtasia5 . Data collected from each session was simultaneously
analyzed to improve the design of the follow-up questions in the next sessions. After all the sessions were finished, the next step was to clean, organize, and examine
the results based on the research questions of this dissertation and draw conclusions.
Thus, the audio recording of each interview was carefully transcribed along with the
improvements in sentence structure and grammar to increase the readability of feedback. Additional information was extracted from the videos as well as from the screen
recordings and embedded in the text. Afterward, the data from all the interview sessions were coded based on the coding process proposed by Corbin and Strauss (1990),
combined, and analyzed to generate understanding and derive patterns. In the following sections, the findings of both the quantitative and the qualitative analysis are
described in details and conclusions are drawn.

6.2.3

Evaluation Results

In each section, initially, the detailed discussion is presented based on the feedback
extracted from the interview sessions. Followed by the presentation of overall results
concluded from the whole dataset. The results are presented based on the perspective
of students and researchers (including professors and research assistants). Moreover,
due to privacy concerns, the name of the participants are not used while discussing
the results. However, each participant has been assigned a unique random number,
which is used to preserve the relationship between different feedbacks provided by
the same participant. Thus, while quoting a feedback from a particular participant, a
reference is provided like (Researcher 1, 3, 4, Student 2, 5, 6). The following sections
are organized based on the structure of the open-ended questionnaire. First, the participants’ background is provided, followed by the expectations the participants had
5

https://www.techsmith.com/video-editor.html
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from OpenLAP. Next, the understandability and usability of different aspects of the
indicator generation process are discussed along with the improvement suggestions
provided by the participants. Afterward, the effectiveness and the general remarks
about OpenLAP are summarized. Finally, the overall findings are discussed based
on the main research questions of this dissertation.
Participants’ Background
The first part of the questionnaire/interview session captured the users’ background.
Around 87% of the participants in the interview sessions were students who were
currently enrolled in either a Bachelor (61%) or a Master (23%) degree program in
computer science at RWTH Aachen University. The majority (72%) of the participants were under the age of 26 years. However, two participants were above the
age of 35 years. Almost 28% of the participants told that they were not familiar
at all with the data analytics concepts and the unfamiliarity rate increased to 51%
for the LA concepts. Whereas, the participants who said that they have average or
basic information about the concepts of data analytics and LA were 54% and 36%
respectively.
All of the participants who took part in the open-ended evaluation phase were
students, enrolled in Bachelor (76%) or Masters (24%) degree. Among them, 94%
were under the age of 26 years. Unfamiliarity with the data analytics concepts and
LA concepts were shown by 24% and 46% of the students respectively, presenting the
similar trend as the participants of the semi-structured interview sessions. Overall,
the majority of the participants of this pilot study were Bachelor students who had
no or very little prior knowledge of data analytics.
Expectations
The second part of the questionnaire/interview session focused on collecting the expectations of the participants regarding OpenLAP. The expectations are separated
based on the perspectives of teachers and students. For teachers, the “basic idea is
to use this (OpenLAP) to improve (their) pedagogical approach and try to find if the
students are interacting with the provided materials and whether it is improving their
grades or not” (Researcher 39). Whereas, learners expect that “it should be able to
help (them) study better” (Student 93). Overall, the expectations are summarized in
the following six categories based on the LA objectives, as discussed in Section 2.1.3.
Monitoring and Analysis
The teachers are mainly interested in seeing “. . . the visualization of most current data
. . . e.g. visualization of the learning materials and how often . . . a single user viewed
it . . . the whole cohort of users viewed it . . . so that (they) could see what learning
materials attract students more than others” (Researcher 50). Visualizing the available data can be useful; however, according to Researcher 59, “. . . it would be great
to visualize more relative data . . . somehow compared to some (predefined) thresholds
. . . because . . . it would be more interesting to see actual outliers . . . and analyze why
student is behaving like that . . . and maybe offer additional help (to such students)”.
Moreover, teachers would like to observe the “. . . correspondence of learning materials
and exercises and grades . . . ” (Researcher 2) to identify different learning behaviors
of students. One specific behavior that is important for teachers is to see “when they
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(students) are online . . . when they submit (the solution to an assignment) and when
not . . . depending on the deadline” (Researcher 50). Based on this information, the
teachers want to compare the results of the students who worked on the solution
throughout the period of exercise sheet with the results of those students who only
worked one day before the submission deadline (Researcher 50, 59).
The expectation that almost every student has from OpenLAP is to get information about how good or bad they are performing compared to their peers in a course
(Student 54, 57, 64, 68, 82, 93, 108, 110) as well as to the students who took the
same course in earlier semesters (Student 10). This could motivate students in using
certain learning material which has high usage or focuses on a certain assignment
where the other students have performed better (Student 16, 88, 93). Student 51
was interested in getting information on how much time on average other students
are spending on solving each exercise and if other students are working throughout
the period of exercise sheet or just doing it before the deadline. Another expectation
that students have from OpenLAP is to provide them with time management information about upcoming assignment deadlines (Student 4) as well as information on
how much time they should invest daily/weekly in learning to maximize their learning outcomes (Student 88). Last but not least, the students expect that OpenLAP
should provide them “indicators that show (them) how many points (they) still need
for the exam admission” (Student 108).
Assessment and Feedback
In terms of assessment and feedback, the teachers expect OpenLAP to provide information about “the point average . . . for the exercise so that (they) could derive . . . if it
(the assignment) was hard for them (students) or maybe (they) should recap on something in the lecture” (Researcher 50). Moreover, the teachers expect that OpenLAP
could support them in improving their pedagogical approaches by providing them
with an analysis of grades achieved by students who regularly come to class compared to the grades of students only using online learning environment in a blended
learning setting (Researcher 39). On the other hand, students expect that “it should
give (them) feedback of (their) own results and the results of the others so that (they)
can compare it. Kind of control so that (they) can understand (their progress) . . . ”
(Student 64).
Personalization and Recommendation
The indicators related to the personalization and recommendation objectives were
mainly expected by the students. They would like to get suggestions and recommendation related to learning resources (Student 23, 81) of different types, including
videos, audios, and documents (Student 81) “mostly (from within) the L2 P . . . but
from outside the L2 P could also be interesting . . . ” (Students 33). For example, “like
if there are good sites of Java outside L2 P where you can learning about it . . . like
YouTube videos . . . ” (Student 57) then it can be provided as recommendations. Moreover, the students expect that OpenLAP “tells (them) where (their) weak points are
. . . ” (Student 23) and provided them with personalized recommendations about the
learning resources on which they can concentrate to receive good marks in the final
exams (Student 16, 23).
Prediction and Intervention
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The expectations related to this LA objective are only focused on predicting the
outcome of various assessment activities. Among others modules like a discussion
forum, wiki, learning materials, “assignments is the most important . . . ” (Researcher
39) one based on which predictions can be performed. One concrete expectation is
to “. . . predict whether in the next exercises the point average will rise based on the
available learning materials updated recently” (Researcher 50). The main expectation
of students from OpenLAP is to inform them of what grades they are likely to achieve
based on their current activities and how much more effort they need to put into
learning to achieve their desired grades (Student 10, 13, 23, 57, 82).
Reflection and Awareness
In terms of the reflection and awareness LA objectives, students would mainly like to
know how they are progressing in their studies and if they are improving over time
or not (Student 10, 33, 58, 110). Similar to the correlation between learning material
view and the obtained marks in assignment indicator for the monitoring, students
expect that OpenLAP can provide the similar information of their activities only
to support them in improving their learning behavior and optimize their time usage
(Student 13, 37, 57).
General
Other than the above discussed expectations, one student suggested that “if you have
large enough dataset, it would also be interesting to see if students are just learning
for the test to get a high score or are they also achieving lifelong learning” (Student
93). At the same time, Student 63 said “I expect nothing because . . . I tried something
with the tool and it looks interesting but I don’t really understand what is the main
purpose”.
Perceived Understandability of the Indicator Generation Process
This part provides information about the perceived understandability of different
aspect of the GQI based indicator generation process (see Section 4.3.2) by the participants of the pilot study. Furthermore, a detailed discussion is provided on the
usefulness and usability of each step as well as the suggestions given by the participants to improve them.
Goal
It is the first step of the GQI approach in which the user has to specify an appropriate
LA objective for the analysis they want to perform. The majority of the participants
find the concept of goal easy to understand. As expressed by Student 101, “I know
that this (goal) is like the general overview of what my objective is”. Similarly, Student
99 said, “I think this (goal) is obvious because I want to monitor how I perform and
how other perform”. However, it was pointed out by some participants that at first
they were confused what to do here, but “when (they) clicked on the drop-down
menu . . . (they) thought it makes sense” (Student 32). Researcher 2 also thought
that “. . . with the goal, it’s pretty clear as there are different things to choose and
you somehow know the category of things to choose”. Somewhat similar responses
were given by Student 16, 108, and 91. The perceived understandability of this
step is high because there are concrete LA objectives to choose from in a drop-down
134

6.2. OPENLAP PILOT STUDY

menu. Moreover, each LA objective is explained in detail using tooltips and on-screen
description. This additional information helped many participants in understanding
the purpose of each objective. As told by Student 54, “the goal was clear to me
because the options are pretty much clear . . . they are one word but if you understand
the meaning of one word ... I think the information here (in the tooltip) is pretty
clear even if you have a doubt”. Similar statements were given by Student 32, who
said “If I read the tooltips . . . then it gets clear but on the first sight I thought which
one I have to choose. . . with the tooltips it’s ok” and Student 110, who said, “when I
read the description of this (goal) it becomes clear”.
Some participants showed dissatisfaction with the quality of text used as goal
titles and descriptions. Researcher 59 said that “. . . the goal is rather abstract for me
because they are so broad categories and therefore I am not sure to which extent it
can be helpful . . . define it in more details . . . ”. Similar thoughts were put forward by
Student 110 who said that “the words (the goal titles) are not clear, maybe (provide)
more description (that is directly visible instead of in the tooltip) or rename it (to
a sentence)”. Student 89 further explained this by saying “if you replace this word
(Assessment) to ‘I want to assess my performance’ . . . it will be more understandable.
Only one word is very abstract”. Related to the description of LA objectives, the
feedback was that they look more like a text from research paper which is directed
toward researchers and teachers instead of something that can easily be understood
by students (Student 89, 93).
A limitation identified by some participants is the lack of clear information about
the effect of selecting a specific LA objective on the overall indicator generation process. According to Student 63, “when I first looked at it (goal), I didn’t understand
what this does. If this change something at the end or it is just to sort the indicators
. . . that was not really clear”. Similarly, Student 81 said that “I have some difficulties
viewing the usefulness of the goal. I don’t think setting the goal was doing anything
else but displaying that the goal was this or that”. Analogous concern was shown by
Student 13, 37, 91, and 101 who were not sure about the impact of their choice on
the rest of the indicator generation process. However, after explaining the concept of
goals in OpenLAP and directing them to the related documentation, almost everyone agreed to the importance and usefulness of the goal in the indicator generation
process.
Question
The next step in the indicator generation process is to formulate an LA question that
can be answered by a set of associated indicators (see Section 4.3.2). During the
interview sessions, this step received mixed reviews. Some participants showed clear
understandability of the concept. For instance, Student 57 said, “I think it was clear
to me, the question was very easy to understand”. Similar responses were given by
Student 54 and 101. Student 108 provided more details and said that “I think because
you can add multiple indicators . . . I thought the question would be like a summary of
those”. Similarly, Student 63 told that “as I saw the full screen of this (OpenLAP)
I understand what is meant by the question”. On the other hand, some participants
showed confusion in understanding the concept of having a question between goal
and indicators. Student 84 said, “the goal is generic that I understood . . . that was
logical to me . . . but this (question), I was not so sure”. Similar confusions were shown
by Student 4, 32 and 99. Student 99 further added that “. . . I understood when you
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explained it to me but I think this phrase (‘Question’) was a bit confusing”. Student 33
was also confused about the name (‘Question’) of this step and suggested to replace
it with “. . . something like ‘Category’ or ‘Abstract Idea’ ”. Moreover, Student 22 said
“. . . that the question and the goal here could be together as one ...” because he wanted
to write his own objective and he could only select a goal but he has the option to
write his own question. One possible reason for this confusion can be the fact that
the tasks were provided to the participants by the pilot study moderator. This was
also validated by the feedback of Student 4, who said that “if I am not doing it from
the task list and doing it for myself than it would be different, then I would have
a question and would have an aim in mind that I want to visualize”. In order to
improve the understandability of this step, Student 108 said that “I am always a
big fan of pictures because that’s the reason you do this whole study so that you can
see graphs and see what’s happening. So maybe (provide) an abstract picture that
connects multiple indicators to one abstract question. So people know my question is
like a summary of my indicators”.
A number of participants pointed out that the usefulness of this step can be
questioned when the user has a very specific idea in mind that can be implemented
with a single basic indicator. According to Student 93, “. . . I have to add an indicator
name but to me that just seems kind of redundant in the basic indicator case because
the question and the indicator name is just rephrased”. Student 51 also had the similar
feedback, who said that “If I make the combine (composite indicator) than it is ok
but for the simple one (basic indicator) I don’t think I understand”. However, most
participants agreed that “if you make a composite indicator or multi-level analysis
indicator then it might be a good idea to have the question” (Student 91). Student
32 and 91 suggested that while creating the basic indicator, the indicator name can
be pre-populated with the defined question. However, the user can still change it if
required.
After associating the required indicators and saving the question, the Indicator
Request Code (IRC) for each indicator is provided to the user on the ‘Question
Visualization’ interface. Almost every participant liked the approach of providing
indicators in the form of HTML and JavaScript based IRC. Researcher 59 told that
“I think that (IRC) is quite nice . . . I think it makes absolute sense”. Researcher
50 also thought that “. . . (it) is the best way and it is easily integrated”. Similar
responses were given by Student 23, 88, and 99, who thought that it is very easy and
useful approach to add indicators to other systems. However, Student 23 suggested
to “maybe just make it (IRC) smaller”. The IRC was appreciated and compared
with the embed code concept of YouTube by Student 33 and 54. Student 54 further
added that “. . . if you look at YouTube . . . when we embed it somewhere it’s the same
(HTML and JavaScript based) script. So people are pretty much aware of it”.
Additional improvements were recommended by the participants to increase the
usability of the ‘Question’ section. Researcher 59 said that “I would prefer it (to
always show the action buttons for loading existing, adding new basic, composite, and
MLA indicators) as there are just a few . . . it is not a visual problem to show it”.
The ‘New Question’ buttons related to this step available in the goal section was
confusing for Researcher 50 because it was in a different section. Student 54 also
indicated the similar confusion by saying “I had a doubt here actually with the ‘New
Question’ (button) as I can already see the question (area) but then do I need to click
the button?”. A similar issue was pointed out by Student 32, who said “If I want to
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add a new question or now I click a ‘New Question’ . . . the session will be removed.
This was not clear to me so I deleted my initial question”. Another confusion that
was observed during the interview sessions was related to the ‘Question Visualization’
interface, where the user has to first visualize the question before the ‘Save’ button
is enabled to finalize the question. Many participants found it to be additional clicks
and confusing (Student 32, 81, 91, 93) because they thought that since ‘Save’ button
is disabled, so they might have made some kind of mistake in the indicator generation
process (Student 108). On the ‘Question Visualization’ interface that appears after
saving the question, the IRC for each indicator is provided. However, the code is not
directly visible to the user and it is only displayed after clicking on a specific icon.
This icon caused confusion among some participants, as stated by Student 32, “This
one (code icon) did not seem to me like its HTML brackets. I thought it was to move
them to the side or something. It did not become clear to me”. In order to improve
it, Student 84 suggested that “. . . it would be more helpful if there were three dots or
something in between the brackets” to make it look more like a ‘Code’ icon.
Basic Indicator
Based on the feedback provided by the different participants, the basic indicator type
is the easiest to understand. For instance, Student 23 said, “multi-level I don’t know
right now but basic idea (indicator) was very easy”. Similarly, Student 89 commented
that “the first (basic) and second (composite) is very clear . . . ”. The evaluation
details of the four sections of the basic indicator, namely dataset, filters, analysis,
and visualization are provided in details in the following.
• Dataset:
In this section, the user provides the name of the indicator and selects the
dataset by specifying the sources, platforms, actions, and categories for the indicator. Overall, the dataset section is perceived to be very easy to understand
and pretty intuitive (Student 4, 33, 54). However, some aspects were unclear
to some participants. For instance, Student 57 told that “this (dataset) was a
bit complicated for me . . . like I don’t know what is Moodle (“Platform”). (In)
“Action” I don’t know what is ‘CheckIn’, ‘CheckOut’ . . . ‘View’ I think is clear”.
Student 91 was not sure about the impact of specifying an indicator name on
the rest of the indicator generation process. The Student further pointed out
that “everywhere there is this question mark, why isn’t it here (in front of indicator name)” to provide more description. Commenting on the quality of
the indicator names entered by different users, Student 32 said that “it would
be best if the user choose the proper name but many users don’t . . . and then
they choose inappropriate name and add some random text . . . ” to the name
if it already exists in the database. In order to address this issue, Student 32
suggested to “. . . add some generic user id (in the indicator name) so it is possible for two users to enter the same name”. Moreover, Student 32 suggested
to “. . . move this (indicator name) upward around here (above dataset heading)
with some space because it is for the whole indicator and not for the dataset”.
Additionally, Student 32 requested to change the validation process of the indicator name and instead of validating it when the focus is lost from the textbox,
it should be validated “. . . when there is a pause of few seconds or something
like that” because this way validation message will be provided to the user be137
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fore the focus of user is moved to the next step. Related to the validation of
indicator name, Student 54 suggested that while loading an existing indicator
in the editor the indicator name can be skipped to avoid the validation error of
having the same name as an indicator in the database.
A number of participants had a confusion related to the selectable values available in the “Action” parameter of the dataset. Student 58 said “. . . here (in
“Action”) I was a little bit confused because I don’t know what is ‘CheckIn’ and
‘CheckOut’ . . . I just want to ‘View’ in this case”. Similar confusion was shown
by Student 51, 93, and 108. Student 108 further mentioned that “. . . if you select
‘CheckIn’ or ‘CheckOut’ there is only ‘Wiki’ (“Category”) . . . so you have to go
through everything and it’s not very intuitive”. One improvement suggested by
Student 81 is to provide “. . . some kind of documentation for “Actions” . . . there
is some ‘CheckIn’ that is linked to ‘Wiki’ but I as a user don’t really know what
any of these mean, especially if I am not akin to any tech”. Student 13 and
93 also requested to provide a detailed description of each selectable value of
the “Action” parameter as tooltips and separate documentation. Furthermore,
Student 108 suggested to “. . . to swap these (“Category” and “Action” parameters) to first select the “Category” . . . you want to have some kind of thing
(“Action”) for ‘Learning Material’ . . . you are not really interested in any other
actions . . . so you could already cross out a lot of things if you re-arrange this”.
Moreover, Researcher 50 and Student 84 suggested to pre-select a value when
it is the only option available in a parameter or if possible hide the parameter
altogether.
• Filters:
In this section, the user can adjust the defined dataset to a specific requirement by applying various filters. Two different types of filters are available,
namely ‘Attribute’ and ‘Time / User’. Almost every participant understood
the concept. Student 76 stated that “the concept here is very clear . . . ”. Similarly, Student 82 informed that it “wasn’t clear at first but (it) was not that
bad because you can see there are two tabs and change them”. However, Student 57 said, “I didn’t quite understand what attribute mean . . . I would call it
something different e.g. subcategories from Learning Material”. Other participants also showed signs of confusion related to the different values available
in the ‘Attribute’ filter. Additionally, a number of participants only saw the
‘Attribute’ tab and failed to notice the ‘Time / User’ tab. For instance, Student
84 commented, “What!!! There were two types and I didn’t even see that . . . ”.
Student 23 also provided somewhat similar feedback by stating, “on my first
indicator, it took me very long to find where can I filter my own (User filter)
and I was looking in ‘Attribute’ filters”. The main reason for this confusion is
the default style of the Material Design CSS tabs6 , in which the inactive tabs
have the same color as the background and it is difficult to identify them as
different tabs. In order to improve this section, Student 81 commented that “I
really like the separation of two concerns in the filters section. I would suggest
having two phases instead of tabs here because it may be more practical and
intuitive to some users”. Similarly, Student 58, 23, and 101 suggested to utilize
6
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the free space available on the right side and keep the two tabs always visible
next to each other or put them under each other. Furthermore, Student 91
informed that “. . . the first time I tried this (section), I overlooked this (filter
section name) and I start filters . . . change the style of this (filter heading)” to
make it more prominent.
Many participants were not sure about the number of filters they can apply
in an indicator. Student 16 “. . . thought I can only choose one filter”. Student
22, 32, and 93 also felt the same confusion. Student 93 further commented,
“I was not sure whether I should click here on ‘Time’ or not because I felt like
maybe I could either do ‘Attribute’ or ‘Time’ . . . only one of them”. Similarly,
Student 32 expressed, “I fill in this (‘Attribute’ filter) and switched it (to ‘Time
/ User’ filter tab) and I didn’t know if it’s still active”. Furthermore, Student 32
suggested that “maybe you can add a field here (above the tabs) . . . all applied
filters . . . and add everything there, attribute, time, and user . . . so that you also
make no distinction between different filters . . . you can use different colors to
see which one is an attribute filter, time filter or user filter”. Same suggestions
were also given by Researcher 50 and Student 16 to provide a combined area for
applied filters where different filters are distinguished using colors or symbols.
On the other hand, Student 51 “thought that this (time filter) is not optional
and had to do it so I put one week when I tried the first time”.
In the ‘Attribute’ filter area, many participants did not like the ‘Search’ button
(Researcher 2, Student 84, 99) and they suggested that “it would be nice to
automatically fill in the values like above when you click the “Actions” the “Categories” get automatically fill” (Student 58). Researcher 111 commented that
“when I am in OpenLAP within a (L2 P) course, I expected that this (OpenLAP)
is for this course. That’s why I didn’t apply the (course ID) filter”. Moreover,
Student 81 and 91 requested to include a new filter that can be used to specify a
range for numeric attribute values. The process of specifying the Start and the
End dates in the ‘Time’ filter was confusing for Student 108, who said, “. . . if
you select date type and add it (without selecting a date), then it adds a date
which I don’t know and there is no information that you have to click here (on
the date field) to select a date. Maybe you can add some text here (in the date
field) or add a (label) beside it to put information there . . . ”. Moreover, Student
82 commented that the “Start date and End date (as two separate dates) are
intuitive and maybe even think about doing these both in parallel . . . start date
above and end date below . . . ”. Related to the ‘User’ filter, Researcher 50 told
that “now I am missing an apply button here . . . because for other filters I need
to apply . . . ”. Student 32 and 101 also showed the same concern regarding the
‘User’ filter and requested to provide some kind of applying procedure similar
to the other filters and also add the applied user filter option to the applied
filter area for consistency.
• Analysis:
This section allows the user to specify the analytics method to analyze the
filtered dataset and define the mapping between the available columns of the
filtered dataset and the inputs of the analytics method. Selecting an analytics
method for the analysis was easy to understand for most of the participants.
After going through the list of available analytics methods, they were able to
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identify the required one for the given tasks. However, some participants had
confusion in selecting the required analytics method and needed some assistance. For instance, Student 82 commented, “here was kind of difficult because
the task said viewed learning materials . . . I didn’t know which method will do
the thing the task wants . . . if it is “Count items per week” (analytics method), I
thought it was data uploaded per week or which I upload”. In order to evaluate
OpenLAP in the pilot study, a number of analytics methods were implemented
(see Section 5.4.2). Among them, some analytics methods require the user to
select specific “Category” and “Action” parameters in the dataset section. Regarding such analytics methods, Student 63 suggested that “. . . when you don’t
select (the required parameters) then (those) method don’t show afterward because ‘Calculate the average median assignment marks’ (analytics method) you
cannot select if you have ‘Learning Material’ (“Category”) . . . more interesting
is if it (irrelevant methods) was removed from here but for the more experienced
user (all methods) are still there . . . ”. Student 23 also thought that “. . . it would
be possible to automate this because this is a standard setup”. Commenting on
the understandability of titles and descriptions for the available analytics methods, Student 108 said that some analytics methods are “. . . pretty obvious like
‘Assignment marks . . . ’ but the thing is . . . ‘Count items’ (analytics method)
. . . took me some time (to understand) that items are something that I selected
here (in the mapping). Maybe (rename it to) count actions . . . ”.
After selecting an appropriate analytics method, the next step is to specify
which dataset columns should be mapped to which inputs of the analytics
method. The understandability of this step received mixed reviews. Some
participants found this step to be understandable. For instance, Student 101
said, “this one was not easy at the first but after some experimentation, I got
used to it”. Similarly, Student 23 commented, “the concept of mapping . . . for me
I understand it . . . if I need to count something I need to tell it what to count and
when to count. That’s hard to automate . . . at some point you need to (define
it)”. Upon asking if this section was easy to understand, Student 54 replied,
“Not the first time. I didn’t read the document so not everything was clear. I
was trying to understand what ‘Items to count’ (analytics method input) means
because it was not relatable but when I found ‘Timestamp’ (input) and used
that then I understand what I wanted to count”. Researcher 39 also understood
the concept of mapping and said “Yea that has to provide mappings against the
inputs of the methods”. However, a number of participants thought that this
step was difficult to understand and they were either guessing or not sure what
to do here (Researcher 2, Student 33, 37, 82, 84, 99). Researcher 59 stressed
that “. . . the mapping is quite hard. I think . . . especially for beginners . . . this
will kill them”. Student 16 also had the similar opinion that “this (mapping) is
really cool but I think it’s really hard to do this on your own”. Researcher 50 and
111 thought that the explanation is too technical because the word ‘column’
makes it look like something related to the database structure. Despite all the
comments about confusion, “. . . if you spend a bit more time you could figure
out what you want and I think . . . users will . . . understand these (mappings)”
(Student 81).
In order to improve the understandability of the mappings step, Student 91
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commented that “the indicators we had to do in the task . . . these are in the
range of (indicators) which a usual student would create . . . usual student won’t
go beyond that . . . maybe you can go to an advanced mode and then only show
the other (uncommon dataset attribute) values”. Student 81 also proposed an
improvement by suggesting “. . . to have some kind of ‘what you want to map’
and then ‘with which you want to map’. So, swap these two lists around. Maybe
add a little bit of documentation like the two words ‘map to’ (between two lists)”.
According to Student 63, the usability can be improved by “. . . moving this
(mapping) there (in the empty space on right) because on the big screen you
have big white space and you have to scroll down”. Researcher 111 suggested
that “if I have ‘Timestamp (Numeric)’ as input and have the same column name
then it’s the (obvious) mapping . . . so at least it should be automatic and then
(if required) I can change it”. Similar suggestion to automate the mapping of
obvious values was given by Student 32, 33, 93, and 108. Student 108 further
added that “. . . if you select something ‘Text’ based then you don’t see ‘Numeric’
(values) in the other list because it’s just confusing . . . ”. Depending on whether
the input is required or not, the color of the text is red or green respectively.
However, these colors were confusing for some participants because Student 57
“thought I can only use the green thing and not the red”. Student 32 suggested
using some kind of legend to make it “. . . obvious to the user the first time that
the green ones are optional”. As the user adds the mapping, they are moved to a
separated table, which was highly liked by Student 81, who further commented
that “. . . it’s rather intuitive”. Researcher 59 suggest that the coloring should
be kept in the mapped table as well because “. . . maybe I remove all optional
thing . . . ” and try again.
Almost every participant requested to provide more detailed documentation
for this section to support them in understanding this step (Researcher 2, Student 93). Researcher 50 and 39 suggested to provide concrete examples of the
available dataset columns and explain in detail the possibilities of customization using mappings because some people don’t know statistics that well. Researcher 59 commented that “I would prefer to directly add . . . maybe in curly
brackets after name (of dataset column), one or two examples . . . like ‘Source
{L2 P, Moodle}’ . . . then it would be clear”. Student 22 said that “. . . video (tutorial) would be the perfect way to come in this (OpenLAP)”. Student 4 and
16 also requested to include a video which shows the complete flow of different
indicator types and explain what is possible.
• Visualization:
In this section, the final step of the indicator generation process is performed
by selecting a suitable visualization library and visualization type, defining the
mapping between the outputs of the analytics method and the inputs of the
selected visualization type, previewing the indicator, and associating it with
the LA question. Selecting an appropriate visualization library was difficult
for most of the participants because they were not familiar with the ‘Google
Chart’ and ‘C3.js’ visualization libraries, which were implemented for this pilot
study. Researcher 111 said, “. . . here I don’t know (which visualization library to
select). Either I see something . . . but as a user, I don’t know . . . maybe provide
pictures (of different visualization types in the library)”. Student 99 was also
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confused by the available visualization libraries and suggested to “say something
about this library because it is just a name which I never heard of . . . so maybe
say something like this library is from . . . ”. Moreover, Student 108 stated that
“there are people who dealt with these things (visualization libraries) . . . they
think it’s interesting to see which library is here but for first semester students
they don’t know what it is”. Therefore, one most commonly used visualization
library should be set as the default selection (Student 54, 108). In terms of the
visualization types, the participants were familiar with the basic ones, including
a bar chart, pie chart, and line chart. However, the majority of the participants
were unaware of the advanced charts. For instance, Researcher 111 said, “since
I don’t know what scatter chart is . . . so I don’t know its inputs . . . ”. Researcher
50 requested to include “some kind of maybe a preview of ‘Google Charts’ when
I selected . . . would be nice to know if I am familiar with these . . . ”. Student 89
and 108 also suggested providing example charts of the selected visualization
types because people usually don’t know about donut chart, stacked area chart,
or box chart. Upon asking if the visualization type should be selected before
the visualization library on the interface, Student 101 replied, “I think I like
this way because it (library) is the more general selection . . . but since I don’t
know any visualization library it could be better if visualization type would be
first. If I would know them then this (library first) would be the basic approach”.
Similar mixed responses were given by other participants also.
Similar to the analytics method’s additional parameters, the participants requested that there should be some parameters section for each visualization
type. For instance, Student 81 commented that “. . . here you would need some
kind of system to put constraints on axis or options to change graph boundary.
E.g. if you have some kind of point system and you would visualize that than
you would never get point that is below zero and that constraint is important
to have as it could look way ugly . . . ”. Related to the mappings between the
outputs of the analytics method and the inputs of the visualization type, the
participants had the similar feedback as before. Researcher 2 thought that “it
would be more clear if you could switch the places of input (of visualization type
which is on left) and the output (of analytics method which is on right)”. Student 51 and 57 also had a similar feedback. They requested to swap the two
lists because the chart axis is always selected first and then what needs to be
put on that axis. Similar to the analytics method, Student 93 as well as other
participants requested to, “connect (map) the two numeric things by default”.
The preview functionality of the indicator was the most liked feature of the
whole indicator generation process. Upon seeing the preview for the first time,
Student 99 said, “Oh!!! . . . that’s interesting . . . ” and similar responses were
given by other participants. Some participants were annoyed by the error message while previewing the indicator that asked them to change the indicator
name because it’s already available in the database. Student 33 commented
that “I think for the preview that (indicator name to be unique) is not really
necessary”. Student 32 and 93 also provided the similar feedback and said that
they were annoyed because if they just want to preview an existing indicator,
they should not be forced to change its name. Student 32 further added that
“. . . if I have to save it to my question and didn’t change anything then also
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it doesn’t make sense to change the name because I just took the one that is
existing”. Similarly, Student 93 commented, “preview (should be possible) even
without defining the goal, question or indicator name because that isn’t relevant
to the preview and the error here (next to preview button) should appear here
(next to save button) when saving”. A technical improvement suggested by
Student 4 was to provide a button to “cancel the preview would be nice . . . if it
gets stuck so that I can still work on the indicator . . . and I don’t have to reload
the whole page”. An advanced mode for customizing the visualization was requested by Researcher 59, who said that “it would be great if I could simply e.g.
select a count and drag and drop it to the axis. Not sure how to realize but for
this (a preview of multiple line chart) it would be easy to push it to the graph or
push it to the legend then I know for each item there would be one line”. The
possibility to have an interactive visualization customization was also requested
by Researcher 50, who said that “I would do it (customization) on the preview
. . . probably . . . similar to MS Excel . . . you click on the axis and that should be
selected and it is highlighted and I could see that y-axis is currently from 0 to
2 in these steps and you can make the step size different or you can select the
only whole numbers . . . ”. Related to the preview of indicator, Student 88 provided an interesting feedback, “the rendering is quite nice but I think it would
be helpful if you could have this example (preview) all the time while you are
(changing the indicator parameters) . . . maybe it’s nice to see this chart all the
time on the right . . . it should change depending on what you are doing . . . I
think it’s easier to understand the system when you change something and you
directly see what its impacting . . . ”. Moreover, Student 91 requested that there
should be a way to combine the data coming in two or more analytics method
outputs and send it to one input of the visualization type. Finally, Researcher
111 stated that the system should provide suggestions on which visualization
type would be the most appropriate for the available analyzed dataset.

Composite Indicator
The main concept behind composite indicator is to allow users to combine two or
more basic indicators available in the current session that applies the same analytics
method and generate a new combined indicator. Similar to the basic indicator, the
composite indicator was also perceived to be easy to understand. Again quoting the
feedback of Student 89, “the first (basic) and second (composite) is very clear . . . ”.
Similar feedback was given by other participants. Student 99 and 67 thought that
“. . . the composite indicator was very easy” and Student 37 said that “It’s very fast
(to make composite indicator) . . . ”. Researcher 59 commented that “it’s nice that
I can see the visualization (of already created basic indicators) directly . . . I really
liked that because now it’s clearly obvious that I have to combine this graph with that
one”. All other participants also liked the visual representation of indicators to be
combined. Student 51 commented that “this menu where you can click and select
(the indicators) is really nice”. However, some participants had confusion about the
process that in composite indicator only those basic indicators can be combined that
are already finalized and associated with the question in the current session. Student
6 directly went into the composite indicator and was confused because there were
no indicators available to combine. Similar confusion was also stated by Student 64
143

Evaluation

and 110. In terms of usability, Researcher 50 suggested to “. . . also have a count (of
already selected indicators) . . . select two or more indicators or zero out of two . . . ”.
Additionally, Researcher 50 pointed out that “the whole blue thing (indicator name
placeholder) should be clickable. . . ”.
Multi-Level Analysis Indicator
The multi-level analysis is the most complex indicator type. It provides the possibility
to merge the analysis of two or more basic indicators (without the restriction of
applying the same analytics method) and perform a second analysis on the merged
dataset before visualizing it (see Section 4.3.2). During the semi-structured interview
sessions, no task was given related to the multi-level analysis indicator. However, the
concept and UI was briefly discussed with the researchers. Researcher 39 expressed
that in most sections the UI looks very similar to the basic indicator. Thus, it
would be easy to understand. However, the process to merge the analyzed data from
multiple first level analysis was perceived to be confusing. Researcher 39 further
commented that “during merging, the user need to keep track of a lot of information
in mind . . . it will be very difficult for the new user to develop this”. Researcher
59 also stated that “the interface (analysis merge area) was a bit different . . . ” and
showed confusion in understanding the process. Furthermore, Research 39 and 59
stressed on provided detailed documentation of the merging process along with a
video tutorial because otherwise, it would be very difficult to start developing multilevel analysis indicators. Since there was a task related to the multi-level analysis
indicator in the open-ended questionnaire, some students have also tried it before
coming to the interview session. Student 32 commented that “I tried, but did not get
to the end because there was something . . . I could not select something . . . there were
empty fields”. Similarly, Student 89 said that the “. . . third (MLA) type . . . I tried to
understand it but I didn’t . . . ”. Moreover, Student 81 suggested to “combine these
two types (composite and multi-level analysis) to make one basic and one advanced
indicator”. Student 81 also suggested using the composite indicator style of showing
the existing indicators for combining.
GQI Approach
This part provides the discussion on the usefulness of the overall GQI approach for
defining an indicator and in what aspects it can be improved. Figure 6.7 and Figure
6.8 provides the statistical overview of the feedback given by the participants of the
semi-structured interview session related to the usefulness and improvements in the
GQI approach respectively.
The GQI approach is recognized as a useful way to structure an analysis workflow
as shown by the statistics in Figure 6.7. Upon asking if the GQI is a useful approach
for defining an indicator, Researcher 50 replied, “Yes . . . I would say it’s useful because
that is how it should go an intended way of thinking. Usually, people think . . . what
data do I have . . . what can I do with it . . . this should be the way they think. So
I agree with that”. Researcher 39 also provided a similar feedback, “I mean it’s a
logic flow . . . the user should know what he wants to do and then he can follow it
. . . as a research, the flow was logical for me . . . maybe students can have difficulties
who are not familiar with the domain of analytics”. Research 2 thought that “it’s a
good concept. . . if you understand it. . . but you have to understand it first . . . it can be
improved with examples”. Majority of the students also had the same opinion that
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Figure 6.7: Perceived usefulness of different aspects of OpenLAP.
it’s a useful concept (Student 16, 23, 64). However, they think that it can still be
improved as indicated in Figure 6.8. Student 16, 57, and 58 expressed that it was
complicated and confusing in the beginning but as they get familiar with the system,
it becomes very clear and easy. Student 13 commented that “if you grasp the concept,
yes it is useful . . . if the workflow is better, that is enough to improve this system”.
Similarly, Student 76 said, “it needs some time to understand the connection between
them (goal, question, and indicator) but it makes sense . . . I don’t know how it can be
improved . . . maybe just make it more user-friendly and provide description”. Student
23 thought that the LA goal is not that important for the structure and commented
that “the question and indicator association I see ok, but the goal association I only
see (to be useful) on the administrative view . . . just to filter indicators or question”.
Commenting on the usefulness of LA question in the GQI approach, Student 54 said,
“I think it makes sense because if we just have a goal and indicator then it won’t
be clear that you can have one or more indicators”. However, Student 82 thought
that “it’s kind of difficult to find one (question) but the indicator relation with the
goal makes sense”. Student 93 felt that “having both a question and indicator can
be redundant. Let’s say I’m creating a basic indicator for Learning Material views.
My question is ‘How often are learning materials viewed in class?’ and my indicator
is just the same thing not written as a question, ‘learning materials viewed in class’
. . . I do see how it’s helpful for non-basic indicators though”.
In order to improve the overall structure and support users in easily understanding the concept, different suggestions were provided by the participants. The most
important feedback provided by almost everyone was to include a video tutorial with
a step by step explanation of the whole process along with some concrete examples.
This tutorial should be directly accessible by the users when they come to the site
for the first time (Student 16). Furthermore, Student 81 suggested “to at least put
the goal somewhere down below because the most important element of this page is
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Figure 6.8: Improvements in the indicator generation process of OpenLAP.
. . . or the first element should be what is the question and then maybe the indicators”.
Student 33 and 52 also suggested defining the goal later after defining the indicator.
Moreover, Student 23 thought that providing “which goal or question I often used
would be useful”.
Four-Step Indicator Generation Process
The four-step indicator generation process consists of defining a basic dataset, applying filters, selecting analysis, and specifying visualization technique to render the
indicator. In this part, the participants were asked if the four-step indicator generation process is useful and if the sequence of these four steps makes sense or can they be
re-arranged. As shown in Figure 6.7, the majority of the participants agreed that the
four-step indicator generation process is useful. Researcher 2 said in plain and simple
words that “I think it makes sense . . . I think it was clear”. Similarly, Researcher
59 thought that “the steps, in general, are fine . . . they are logically combined and
make sense . . . simply the handling (implementation) can be improved”. Commenting
on the sequence of the four steps, Researcher 50 said, “I could imagine choosing the
analysis first than specify the dataset, filters . . . could be nice and mind also support
that”. However, Researcher 39 expressed that “based on my analytics background, this
flow (dataset first) seems a more obvious choice”.
Almost every student thought that the current sequence is rather intuitive and
does not require any changes (Student 13, 33, 37, 64, 81, 91, 99). Student 4 expressed
that “it’s actually very useful and I like that . . . it’s very basic and applicable”. Student
67 further added that “. . . it’s kind of natural”. Moreover, Student 58 thought that
“it’s actually a step by step way for you to understand what you want to look at”.
Overall, students stressed the importance of providing a detailed explanation of each
step to support users in easily understanding and learning the process of defining
the indicators (Student 52, 57, 82). Commenting on the sequence of steps, Student
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23 was in the favor of selecting the analysis first because some analytics methods
require specific dataset to be selected and getting this information on later step would
force the user to go back and define the dataset again. An interesting sequence was
proposed by Student 4, who stated that “you first choose what do you want to see, how
do you want to see and then you choose the appropriate data”. The student further
added that “I know that this is what I want to see but visualization is the last step and
maybe the things I select before are not even appropriate for the visualization and then
I have to go back and see what did I do wrong . . . It can be like I want to visualize like
that and then pick accordingly”. Another improvement suggested by Student 76 is to
“. . . create two ways of creating the indicators . . . one very user-friendly and simple
way which can be used by the new users and it does not provide so many possibilities
and it can be easily self-learned . . . when the users learned the simple version they can
use the more advanced version which allows all kind of customization”.
Effectiveness
In this part of the evaluation, the overall effectiveness of OpenLAP was assessed by
discussing the following four points with the participants of the interview session.
• Do you think using OpenLAP you can now generate the indicators that can be
useful for you in improving your teaching/learning experience?
• Do you think OpenLAP is a useful tool and can it support the open learning
analytics requirements?
• Do you think OpenLAP can provide all analytics functionalities that you expect
from it?
• Are you satisfied with the level of indicator personalization possibilities currently provided by OpenLAP? Do you think there should be more/fewer options?
Around 79% of the participants thought that they will be able to generate those
indicators that they think can be useful to them. Researcher 59 said that using this
tool, it is possible to generate the required indicators. However, “the problem is actually outside the tool . . . I think the really hard thing here is to pin it down to what you
want”. Researcher 39 also expressed that OpenLAP provides enough possibilities to
generate the required indicators but it is “. . . dependent on the quality and amount
of data . . . ” available in OpenLAP. Researcher 2 showed some uncertainty and said
“may be not able to do all (the indicators) but hopeful most (indicators) I can (generate) . . . ”. Among the students, many simply said, “yes” they will be able to generate
the required indicators (Student 4, 6, 33, 32, 57, 58, 64). Other students said that
they will be able to generate the required indicators “to some extent” (Student 54,
63) or they need some more time to try out different options before they can actually
generate the indicators (Student 58, 67, 82, 88, 99). Interestingly, Student 81 said
that “I would think so (that I can generate the required indicators) . . . but I don’t
think I would want to because it’s a lot of work”. On the other hand, Student 13
thought that the required indicators cannot be generated using OpenLAP because
currently, it does not provide any analytics method to predict the final grades or
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Figure 6.9: Effectiveness evaluation of OpenLAP.
provide the time management recommendations. However, “it has the potential to do
it”.
The majority of the participants (87%) agreed that it is a very powerful and
useful analytics tool, as shown in Figure 6.9. Researcher 50 expressed that “It’s
kind of useful . . . It’s like LA as a service . . . It’s really generic for everybody to use”.
Student 99 also thought that “it’s very useful and maybe it could motivate students to
do a bit more, to be honest”. Student 4 also thought that “it’s really nice . . . normally
just the staff and teachers have this information via the evaluations and I like it that
now I am on this side and can see . . . like I am evaluating myself . . . So I actually like
that very much”. According to Student 37, “it’s very powerful . . . I think the concept
is good . . . ”. Student 84 provided an interesting feedback that “system is useful if
the indicators are already created . . . I seriously doubt that just normal users will take
the time to work with this and create the indicators . . . I think most people would just
go to the L2 P and try to learn there (by using the indicators already available on the
dashboard) . . . ”.
In response to the question of OpenLAP providing the expected analytics functionalities, 78% of the participants replied positively. Researcher 39 stressed that
“this tool will probably provide what I expected from it given that we have good data
. . . so, it all goes down to the amount and quality of available data”. Researcher 59
commented that “I will select middle here because somehow you can explore the data
which will hopefully lead to good indicators”. However, what is a good indicator is
still an open question that needs to be answered. Thus, “. . . it is a more theoretical
problem than the tool problem”. Student 99 replied, “Yes definitely because you can
customize it all by yourself . . . ”. Student 33 provided a similar feedback, “. . . it has
quite a wide range . . . so maybe it will provide . . . ”. One of the reasons that many
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students said the system provided what they expected from it is that their own expectations were not very clear. This was also observed in the reply of Student 54,
who said “I think it was good . . . I may not know what else I can do with it. But since
other people already have some indicator and I can use those and customize those”.
Students who replied neutrally or negatively to the question still believe that “. . . it
definitely has the potential to . . . “ deliver what they expect (Student 13, 82).
Around 76% of the participants are satisfied with the current level of indicator
personalization possibilities. Upon asking if the available customizations possibilities
should be increased or reduced, Researcher 2 replied, “I think it is a good level . . . if
there is more, the system will be much more confusing for the users”. Student 58,
64, and 82 also thought that the current customizations are “. . . good enough . . . ” for
them. Similarly, Student 23 commented, “I don’t see where I can do more . . . maybe
allow the user to choose the color of the line (in visualization type)”. Moreover,
Student 33 suggested “. . . to maybe (provide) a bit more automation for something
like the ‘Timestamp’ (mapping)”. On the other hand, some students thought the
level of customization is too much for them and it should be reduced (Student 52, 67,
88, 89). Student 37 expressed that “I will be scared of more possibilities because you
need some time to go through it and then it would be more . . . so I think maybe even
a bit less . . . like the most picked (used) parts . . . maybe even less for the beginning
so that the user is not overwhelmed”. Similarly, Student 32 suggested to provide
overall “easier personalization” and Student 67 suggest to provide “. . . an easy version
. . . some time it can be overwhelming how much you can customize”. On the other
hand, there were a selected number of participants who thought that there should be
more customization possibilities available (Researcher 39, Student 76). Student 13
further added, “I think the data has to be refined but in this case, more is better”.
General Remarks
This part provides the summary of the general feedback related to the different aspects of OpenLAP provided by the participants of the semi-structured interview
sessions. The feedback is organized into four sections, namely the advantages and
positive aspect of OpenLAP, disadvantages and negative aspects of OpenLAP, general
usability feedback, and additional feedback.
Advantages and positive aspects of OpenLAP
The main idea behind OpenLAP is to provide an ecosystem of OLA that can easily
be extended and allow users to dynamically define their own indicators. According to
Researcher 59, “the overall idea, I really liked . . . it’s so easy . . . as soon as the theory
would have defined good ways to discover indicators . . . the possibility of defining the
indicators with different sources is good (in OpenLAP)”. Describing the advantages
OpenLAP, Student 84 said that using OpenLAP “It’s possible to observe the habits of
successful students” which can be motivating for other students of the class. A similar
comment was given by Student 93, “I have access to data about my courses that help
me become more efficient and improve my study habits . . . this data without OpenLAP
would only be available to those that conduct the course”. Student 37 thought that
using OpenLAP “many visualizations are possible which can be embedded everywhere.
(E.g.) in every course, you can do visualization (which will support) the person
who takes these course (in identifying) where the problems are (and) what needs to
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be viewed”. Moreover, the good thing about these visualizations is that they are
updated automatically with the latest data (Student 16). Another important aspect
of OpenLAP that is liked by everyone is allowing users to generate new indicators
by using existing ones and customize them according to their needs (Student 88). In
the four-step process of generating an indicator, the “dataset step was most useful
. . . ” because “. . . there I get some ideas where I want to go . . . ” and “. . . you get
to choose exactly what you wanted to show.” (Student 16, 108). The most powerful
and interesting feature of OpenLAP that distinguishes it from any other solution
currently available in the literature is to allow users to dynamically change what
needs to analyzed and visualized through the mapping concept. As described by
Student 99, “. . . if you want to see how many time you have viewed something . . . you
can easily set it . . . you can easily say I want ‘Learning Material’ . . . I want ‘Exercises’
. . . I think this is very easy (to change) . . . if you understand the concept once . . . you
can customize it very easily”. Similarly, Student 16, 52, and 57 also considered the
mapping functionality as one of the core strength of OpenLAP, despite the fact that
it is a bit difficult to understand at first. Moreover, according to Student 54, “the
preview was definitely the best part because if you know what you are mapping . . . you
can just directly change it and see the preview . . . you don’t need to load everything
again”. Student 108 also appreciated the preview part by saying “graphics are always
nice . . . you see your feedback in a glance and you realize what it wants to tell you
. . . things like line graphs show you how well you are doing and you don’t need to view
statistics and compare the numbers for yourself . . . It’s something that really helps
with motivation”. Finally, the most important advantage of using OpenLAP is that
it is “easy to use even without background knowledge of programming or statistics”
(Student 54).
Disadvantages and negative aspects of OpenLAP
OpenLAP is an ongoing research project that is constantly being improved. At the
time of pilot study, various shortcomings existed in the system, which were also
identified by the participants of the interview sessions. Among these, the most noticeable one was the lack of detailed documentation, which caused some confusion
in understanding various concepts of OpenLAP. According to Researcher 59, “the
most complex was understanding the data and after that the mapping between the
inputs and outputs because this is somehow not visual by mental model”. Almost every participant found dataset and mappings to be difficult. Moreover, Student 108
expressed that “even though it (dataset columns) is described in the Help section, it
is very difficult for me to decide what to choose for the inputs of the method . . . with
some methods it is clear because they have the same name . . . with some it is not and
sometimes it’s a trial and error situation where you change it after you visualized
your indicator”. As a consequence, “you had to invest too much time in creating your
own indicator and get through the process of GQI. I think the positive impact on my
learning process cost too much time” (Student 16). Similarly, Student 108 pointed out
that “you have to do a lot of googling and you have to invest quite some time to try
and figure it out via trial and error . . . I think that this discourages people, especially
students who could really benefit from it”. Finally, Student 57 criticized that “It is
only available in English and a little bit difficult to learn”, there should be a German
version also to improve the understandability of the system.
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General Usability Feedback
The detailed discussion of the usability related to each section of the indicator generation process has been discussed previously. This section summarizes the general usability feedback related to OpenLAP based on the ten attitude Likert scale questions
of the SUS. Figure 6.10 shows the responses of the participants in the semi-structured
interview sessions.
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Figure 6.10: General usability evaluation of OpenLAP.
Upon asking if they would use the system frequently, many participants showed
interest in using the system. As Student 13 stated, “I would use it from time to time,
but when the new quality data will be available, I will definitely use it”. Similarly,
Student 54 also showed high interest in using the indicators which are generated
using OpenLAP and are available on a course dashboard. However, in terms of
defining own indicators, Student 54 stated that “maybe once a semester when the
courses change I would (define indicators) . . . but not often”. Other students also
gave the similar feedback that they do not have to frequently define new indicators
using the indicator generation process. They can use the predefined indicators or
generate the required indicators once at the beginning of the semester. The students
who replied negatively were mainly those who would like to only use the predefined
indicators which more or less fulfill their requirements.
In terms of the complexity and ease of use of OpenLAP, the participants provided
balanced reviews, as indicated in Figure 6.10. Student 58 commented that “I don’t
really think it’s that complex . . . after I got the concept it was easy . . . maybe the last
step will be (difficult) . . . the multi-level thing”. Student 67 also thought that “you
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need some time (to understand) but it was not that complex . . . If I didn’t have your
(’s) explanation it would have taken more time”. Commenting on the ease of use
of OpenLAP, Student 51 said that “selecting things is always nice because it doesn’t
take that much time and you can always select correct”. On the other hand, Student
64 thought “. . . its complex but it would get easier with time”. Similarly, Student
63 expressed that “. . . unnecessarily (complex) not . . . but it was complex . . . you can
make it easy but you lose functionality . . . may be to add an easy version for people like
me who don’t really know what they are doing”. Furthermore, Researcher 59 reported
that one reason for this complexity is that “for most of the users, the naming (terms
used on UI) of the items is unknown because they don’t know the system in general”.
In order to further improve the usability of OpenLAP, Student 23 thought that “. . . It
could be easy to improve by dialog approach like getting the steps one after the other
and having the visualization right there (always visible) . . . especially if you are remanipulating the mapping or so”. Student 81 suggested that “there should be some
kind of intermediate layer which translate (the underlying data) to UI”, making it
suitable for non-technical users to easily understand the system.
A question that is closely related to the complexity and ease of use is if OpenLAP
was cumbersome to use. The response to this question was similar to that of the
complexity of the system. Student 64 expressed that “I think the first time it was
cumbersome . . . ”. A similar response was provided by Student 89, who said “after
this conversion with you (moderator), I think it is ok now . . . ”. Another question
that is closely related is needing an assistance of a technical person to understand the
system. Around 55% of the participants expressed that they don’t need the support of
a technical person. For instance, Researcher 39 said, “if there is a good documentation
and tutorials then there is no need of a technical person at all”. Student 63 also felt
that “if you read it (provided documentation) carefully and try a couple of time, it
will be ok”. However, there are still 38% participants who thought that they could
use additional help because learning on their own would take too much of their time.
Figure 6.10 clearly indicates that the different functions of OpenLAP are well
integrated and there are not many inconsistencies in the UI. For instance, Student 16
commented “it was hard to understand but there are no inconsistencies”. However,
since OpenLAP is an ongoing project, there are still some inconsistencies in it which
are part of future work improvements. For instance, Researcher 59 pointed out that
“the Multi-Level Analysis interface was a bit different (then the composite indicator
interface)”. Student 37 indicated that “sometimes there are different ways to pick
options (in filters section)”. Moreover, various minor usability improvements were
suggested by different participants.
In terms of quickly learning the system as well as learning additional things
to properly use OpenLAP, the overall responses were mainly positive. Student 88
thought “it’s relatively fast to learn”. Student 108 told that “I didn’t need to learn
things specifically but I had to google a lot of things like C3/D3 and also a lot of English terms that I didn’t understand”. Other students also informed that they had to
learn new English words to use the system and requested that it should be available
in the German language as well (Student 16 and 57). Moreover, Student 4 suggested
that “some tooltips are fine like this but the big documentation would be nice in a new
page and not in a popup. I personally don’t like popups but some person prefers this,
so that’s always the matter of choice”. Moreover, Student 23 predicted that “most
modern internet natives (users) will learn it very easily”. On the other hand, Student
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81 thought that “at the current state I don’t think so (that users will learn it easily)
. . . you need to be some kind of techy (tech-savvy) to do this . . . but maybe in the future make some interactive tour or video (to support users in learning it)”. Finally, in
terms of feeling confident while performing various tasks in OpenLAP, the responses
were balanced. For instance, Student 33 felt confident “ . . . most of the time” and
Student 23 informed that “maybe, in the beginning, was not (that confident) but now
yes”. Researcher 2 told that “for loading (basic indicator) and the composite indicator
was easier and I was very confident but not while defining the basic indicator”. In
order to support users in learning the indicator generation process and building up
their confidence, in-context help is provided in almost all sections of the UI. Commenting on this, Student 99 said, “I think this is good that there are so many question
marks which I can click and see how to do”.
Based on the results of the feedback provided by the participants of the semistructured interview sessions, the SUS score of the indicator generation process is
calculated to be approximately 61, which is close to the average SUS score of 68.
Unfortunately, the SUS score of only 38 was calculated based on the feedback provided by the participants of the open-ended evaluation phase. Comparatively, the
SUS score from the open-ended evaluation is very low because, during the interview
sessions, the participants had the opportunity to discuss the unclear aspects of the
indicator generation process. As previously discussed, the majority of participants
had difficulties in understanding the concept of the mappings and the relationship
between goal, question, and indicators. As they understood the concepts, the system
becomes relatively easy for them and UI was also easy to understand. Moreover, the
process of generating a custom indicator itself is complex in nature. Thus, it is difficult for bachelor students in the early semesters of their degree to easily understand
it and use it on their own. By providing detailed documentation along with concrete
examples as well as video tutorials of different scenarios, it is highly expected that
the SUS score of OpenLAP will drastically improve.
Additional Feedback
Finally, this section summarizes all the additional feedback provided by the participants of the interviews sessions. Researcher 50 thought that “. . . the bigger problem that you described is . . . people have to be able to read statistics . . . read diagram
. . . know what they want . . . but it’s really hard”. Research 59 informed that “the main
issues I always have is . . . somehow you want to discover the good indicators”, which
are still lacking in the literature and in the indicators which are already available, “I
couldn’t really see the action that needs to be done by me” to improve my teaching
behavior. Student 88 showed some concern regarding the indicators presented to the
student through such analytics tools by saying that “it’s mostly de-motivating because
the students that are actively learning in the semester they will be good no matter,
but the students who are not as good they want to just learn one week before the exam
. . . maybe they will be de-motivated because they see that in the semester they did not
do that much”.
In terms of improvement, Researcher 50 suggested to provide something “like a
learning space . . . a playground” where users can try out various indicator settings
with sample data, for the purpose of learning. Similar request was made by student
63 also who said that “there should be an option if I just want to see one thing for
myself and don’t want to save it and just look at the specific indication . . . you can
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produce an indicator and throw it away or you can save it afterwards but not directly”.
In order to motivate users and show them what is possible with OpenLAP, Student
51 suggested that “it would be good if you can have some kind of start page like
course dashboard . . . there you get suggestions about what people use and what are
possible . . . if you are student and you come here in OpenLAP . . . you see something
like start page and you can pick this (indicator) . . . also a button would be nice if I
can directly add this (indicator to my LMS) but this copy thing (IRC) is also fine”.
Moreover, everyone suggested providing textual and video documentation to improve
the understandability of OpenLAP. Student 99 further suggested that “it would be
nice if there were one half an hour class and if someone would come to this and get
to know how this (OpenLAP) works . . . that would be super”.
Pilot Study Evaluation Summary
This part provides the summary of the overall feedback given by the participants
of the pilot study. Together with the reference implementation of OpenLAP (see
Section 5.3), this summary can be used as a guideline that should be followed by the
developers while creating solutions for OLA. It is organized in three main sections,
namely overall impression, improvement suggestions, and usability considerations.
Overall Impression
• Overall, the GQI approach was perceived to be an effective way to organize an
analysis.
• The current sequence of Goal, Question, and Indicator was liked by the researchers. However, the students found the relationship between them to be a
little bit confusing and requires additional explanation.
• The four-step process of defining an indicator (Dataset, Filters, Analysis, and
Visualization) and its current sequence was found to be rather intuitive and
natural way of defining an analysis.
• Defining a mapping between the dataset columns and the analytics method
inputs as well as the analytics method outputs and the visualization type inputs
is considered the most difficult step by almost all participants. However, after
understanding the concept it becomes relatively easy.
• Even though the mapping part was considered difficult, it was also categorized
as the most powerful step that enables personalization in OpenLAP.
• The customization of a visualization type and previewing an indicator was liked
by every participant.
• The composite indicators were highly liked and were perceived to be very easy
to generate.
• Majority of participants thought that using OpenLAP, they will be able to
regenerate the required indicators that can support them in improving their
learning/teaching experience.
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• Students were pleased that using OpenLAP they have the ability to perform
their personalized analysis, which was previously only possible for teachers and
institution administrators.
• Every participant expressed that OpenLAP can support the requirements of a
wide range of stakeholders and has the potential to become an ecosystem for
OLA.
Improvement Suggestions
• Any textual information provided on OpenLAP should be understandable by
a non-technical person.
• Every step of the indicator generation process should be explained in details using concrete examples to support new users in easily understanding and learning
the system.
• Detailed textual documentation, as well as video tutorials, should be provided
for each step.
• The documentation should be context sensitive allowing users to instantly open
any specific part. Moreover, a printable format of the same the documentation
should be available for those users who like to print and read it.
• Detailed explanation of the relationship between Goal, Question, and Indicators
should be provided in both textual and visual format.
• The title and description of each Goal should be provided in details using easy
to understand language.
• The Goal can be automatically selected based on the parameters of the defined
indicators of a question.
• Example Questions should be provided to support users in formulating their
own.
• Detailed explanation of each dataset column and their self-explanatory values
should be available to users.
• The concept of mapping should be explained using multiple concrete examples
in both textual documentation and video tutorial formats.
• Advanced analytics methods (prediction, recommendation) should be provided
to support the diverse requirements of multiple users.
• Each visualization library and its associated visualization types should be described in details along with sample images and the dataset used to generate
them.
• Similar to the analytics methods, additional parameters should be provided for
each visualization type allowing users to customize axis labels, axis steps, and
legends of the graphs.
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• It would be nice to have an advanced mode for customizing visualization types
by dragging and dropping fields on the graph, similar to Microsoft Excel.
• The constraints of having Goal, Question, and unique Indicator name should
only be applied when finalizing the indicator and not while previewing it.
• Once the preview has been generated, it could be kept visible at some fixed
location and any changes made to the indicator can be reflected in the preview,
allowing users to instantly see the impact of changes.
• The system should provide recommendations for the most suitable visualization
types based on the semantics of the available analyzed data.
• Provide detailed documentation and video tutorial to explain the generation of
multi-level analysis indicator.
• Improve the design of merging analysis results from multiple first level analysis
to reduce the cognitive load for better user experience.
• Learning analytics experts should provide a catalog of effective predefined indicators which can be directly used by teachers and students to help them in
improving their teaching and learning experiences respectively.
• Quality data should be collected from various learning environments to increase
the impact and range of the indicators provided by OpenLAP.
• Different modes of operation for OpenLAP should be provided. Basic mode
should provide minimal customization but it should be very simple and easy to
understand. Advanced mode should support all kind of customization possibilities allowing users to generate more complex indicators.

Usability Considerations
• The whole system should be available in multiple languages.
• Responsive web design should be adopted for UI to deliver a similar user experience on different devices.
• Confirmation alerts should be provided before performing resetting the current
analysis session or deleting an indicator.
• The ‘Visualize’ and ‘Save’ buttons in the Question section should be merged in
an effective way to reduce confusion and improve usability.
• The complexity of the IRC should be hidden from users, in order not to overwhelm them with the long code. Moreover, a simple and prominent button
should be provided to copy the code to the clipboard which can be embedded
in any Web page.
• Indicator name should be separated from the Dataset section.
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• Indicator name should be validated before the user moves on to the next step.
For instance, as soon as there is a pause of a few seconds in typing, the name
should be validated. Moreover, the validation should also ensure that proper
names are provided by the users.
• The “Action” and “Category” parameters of the Dataset can be swapped and
“Action” can be populated/filtered based on the selected “Category”.
• The UI should clearly indicate that all types of filters are optional and if required
multiple filters can be applied in a single analysis.
• A collective area for the applied filters should be provided where different filters
types are distinguished using colors or symbols.
• Attribute values available in the database should be automatically populated
based on the selection to make it consistent with the rest of the system.
• Contextual filters should be pre-applied. E.g. accessing OpenLAP through a
specific learning course should automatically have that course filter applied.
• Two different date controls should be provided for selecting the Start and the
End dates filters.
• Consistent mechanism to apply a filter should be adopted for all types of filters.
• The order of selecting items from two different lists while performing a mapping
should be swapped. Therefore, the list containing the inputs should be on the
left side of the list containing the fields that can be mapped to inputs.
• A legend should be provided near the mapping area to clarify the difference
between required and optional fields before the user stars performing the mapping.
• Obvious mappings should be automatically added in the beginning.
• More control should be provided to the user in the previewing process allowing
them to start and stop the process on demand.
• For consistency, adopt the similar process and UI design of the composite indicator for defining the first level analysis of the multi-level analysis indicator.

6.3

Summary

This chapter provides the evaluation details of OpenLAP in terms of usability, usefulness, extensibility, and modularity. Initially, independent evaluation of each component is discussed followed by the detailed discussion of the whole system in the
pilot study conducted at RWTH Aachen University. The evaluation showed that
OpenLAP is a useful analytics tool for OLA with a potential to deliver a wide variety of analytics that can fulfill the requirements of different stakeholders. From the
usability perspective, the evaluation showed that it is a bit complex system which
requires some time to understand. However, the process of learning can be improved
by providing documentation and video tutorials. The concept of mapping the dataset
157

Evaluation

columns to the analytics method inputs and the analytics method outputs to the visualization type inputs was considered to be difficult but at the same time, it was
considered the most powerful feature of OpenLAP that enables personalization.
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Chapter 7

Conclusion and Future Research
Directions
This chapter summarizes the main findings of the dissertation based on the research
questions and provides future research directions.

7.1

Conclusion

The concept of automatically analyzing educational data has gained interest in the
last few years, which is the focus of the Learning Analytics (LA) research area. It
is a multidisciplinary field with its roots in numerous academic disciplines, including
learning science, psychology, pedagogy, computer science, and Web science (Dawson
et al., 2014). LA employs a wide range of methods and techniques to detect useful
patterns and support different stakeholders in improving their learning and teaching experiences (Chatti et al., 2012; Siemens et al., 2011). The advancements in
learning technologies and increase in the complexity of learning scenarios have paved
the path for a new research area called Open Learning Analytics (OLA), which focuses on providing LA in more open, self-organized, networked, and lifelong learning
environments, such as Personal Learning Environment (PLE) and Massive Open Online Course (MOOC) (Chatti, 2010). The core concept behind OLA is to utilize a
wide range of data coming from both the traditional as well as the networked learning environments and address the diverse analytics needs and objectives of different
stakeholders (Chatti et al., 2017). However, all the requirements of different stakeholders cannot be anticipated beforehand. Furthermore, an extensive research is still
lacking, which can support in identify the learning behaviors of the learners to design
an effective OLA solution (Chatti et al., 2017). Moreover, the LA tools and solutions
currently available in the literature only provide a predefined catalog of static indicators to support specific scenarios. Such tools cannot be adopted in the context of
OLA where every stakeholder has a personalized set of objectives.
The aim of this dissertation was to address these limitations by investigating the
design of an effective user-centered Open Learning Analytics Platform (OpenLAP).
The following sections summarize the main findings and the contributions of this
dissertation to the field of OLA based on the provided main research questions (see
Section 1.2), namely:
• How to effectively design and implement a user-centered platform for OLA that
159

Conclusion and Future Research Directions

has the potential to evolve over time and support the ever-changing requirements of different stakeholders?
• How can OpenLAP be evaluated in terms of usability, usefulness, extensibility,
and modularity?

7.1.1

OLA Theoretical Background

In order to identify the limitations and challenges in the literature of OLA, an empirical analysis was conducted using the template analysis research methodology focusing
on the tools, solutions, frameworks, and platforms designed for LA between 2011 and
2017. In total, 96 publications, which met the defined criteria, were thoroughly
reviewed based on a selected set of dimensions to build a deep and better understanding of the key concepts in the field of OLA and extract core requirements for
the design of OpenLAP. The dimensions for analysis included: ‘Data, Environments,
Context (What?)’, ‘Stakeholders (Who?)’, ‘Objectives (Why?)’, ‘Methods, Instruments (How?)’, and ‘Quality attributes’. Moreover, based on various LA dimensions,
OpenLAP was compared in detail with the four well-known OLA frameworks available in the literature, namely the SoLAR OLA architecture, the Apereo LAI, the Jisc
OLAA, and the SURFnet LAA.

7.1.2

OpenLAP Design

One of the key objectives of this dissertation was to identify the main design requirements for a user-centered platform for OLA. Based on the results of the empirical
analysis of the literature, a set of design requirements were identified to build the
foundation of OpenLAP. These requirements included:
• ‘Personalization’ of the LA process by bringing end-user in the loop.
• Providing a User Interface (UI) with high ‘usability’ for generating custom
indicators.
• Addressing the ‘privacy’ issues by giving the users the control of their data.
• Making the whole process of data collection and analysis ‘transparent’.
• Allowing the support for ‘data aggregation and integration’ from multiple sources
to provide ‘interoperability’.
• Adopting different ‘specifications and standards’ available in the literature.
• Following a ‘modular’ design in the architecture to support ‘reusability’ and
‘extensibility’.
• Considering ‘performance and scalability’ issues in the design.

7.1.3

OpenLAP Implementation

The objective of involving the end-users in the indicator generation process was realized by providing the concrete implementation of OpenLAP as a proof of concept
based on the defined design requirements. It consists of three main components,
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namely Data Coordinator, Indicator Engine, and Analytics Framework. Together,
these components provide an ecosystem for OLA.
Data Coordinator
This component addresses the ‘data aggregation and integration’, ‘specifications and
standards’, ‘interoperability’, ‘privacy’, and ‘transparency’ requirements of OpenLAP. It is responsible for collecting and managing the learning activity data adhering to the privacy policies of OpenLAP. It uses LCDM as a user-centric data model
for aggregating and integrating data from various sources and generating the learner
and context models, which are used to trigger effective personalization, adaptation,
intervention, feedback, and recommendation actions.
Indicator Engine
The focus of the Indicator Engine component is to address the ’personalization’,
‘usability’, ‘reusability’, ‘privacy’, and ‘transparency’ requirements of OpenLAP. It
provides an intuitive and easy to use indicator editor based on the Goal-QuestionIndicator (GQI) approach that engages end-users in the indicator definition process
by supporting them in setting goals, asking questions, exploring available activity
data, and generating indicators that can satisfy their analytics requirements. The
indicators in OpenLAP are generated as HTML and JavaScript based Indicator Request Code (IRC) that can be embedded in any web-based application providing
analytics to the users in the context.
Analytics Framework
The Analytics Framework component is the backbone of OpenLAP responsible for
executing indicators and facilitating the Indicator Engine in the indicator generation
process. Additionally, it addresses the ‘modularity’ and ‘extensibility’ requirements
by providing a web-service based mechanism to manage existing indicators, analytics goals, analytics methods, and visualization techniques in OpenLAP. Moreover,
it provides a set of templates and guidelines to support developers in easily extending OpenLAP with new analytics methods and visualization techniques. Furthermore, the ‘performance and scalability’ requirement is addressed by implementing
the indicator execution process using the Java Spring Framework, which ensures the
concurrent executions of multiple indicators at an acceptable rate.

7.1.4

OpenLAP Evaluation

The final objective of this dissertations was to perform a thorough evaluation of
OpenLAP in terms of usability, usefulness, extensibility, and modularity. The evaluation of OpenLAP was conducted in multiple iterations. Initially, each component
of OpenLAP was independently evaluated with a small set of evaluators in terms of
usability, extensibility, and modularity. Finally, an extensive pilot study was conducted at RWTH Aachen University with the focus on evaluating the usability and
usefulness of OpenLAP. The pilot study consisted of two main phases. An openended evaluation phase focused on collecting quantitative data during which every
participant who agreed to take part in the pilot study was requested to perform a
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provided set of tasks and fill in the questionnaire. Out of 426 participants of the
pilot study, 115 submitted their response to the questionnaire. The semi-structured
interview phase was conducted to collect detailed feedback related to the different
aspects of OpenLAP. During this phase, researchers (research assistants and professors) were asked to perform a cognitive walkthrough of OpenLAP, whereas, for the
students, the think-aloud approach was used to gather detailed qualitative feedback.
The most interesting findings are summarized in the following points:
• Overall, the GQI based UI of the indicator generation process was perceived to
be rather intuitive and natural way to let the end-users define their personalized
indicators. Some of the evaluators had to put some effort in the beginning to
understand the concepts of goal, question, and indicators. However, once the
concepts were clear, the process was very easy to follow.
• The concept of defining the mappings: dataset - analytics method inputs and
analytics method outputs - visualization technique inputs were found to be the
most difficult steps of the indicator generation process. For this, the detailed
documentation and video tutorials were requested by almost every evaluator.
However, the mapping concept was categorized as the most powerful step that
enables personalization in OpenLAP.
• Almost every evaluator expressed that OpenLAP is a very useful analytics
tool that can support their analytics requirements and it has the potential to
deliver more than expected. However, an interesting observation was that the
majority of the evaluators (especially students) did not actually know what their
objectives are and they liked what was already provided to them as pre-defined
indicators on their course dashboard.
• In terms of extensibility, the steps required to develop new components for
OpenLAP were perceived to be satisfactory and easy to perform. To further
support the developers, some evaluators suggested providing more examples
in the step by step guides along with some screencasts. Furthermore, one of
the evaluators suggested providing a testing environment where newly developed components can be tested with real data before making them available in
OpenLAP.

7.2

Future Research Directions

The immediate future work for this dissertation consists of improving the usability
issues in the indicator generation process identified during the pilot study. Moreover, detailed textual documentation of each step of the indicator generation process
should be developed along with video tutorials to explain the required concepts to
properly understand and effectively use OpenLAP. Furthermore, the Indicator Editor should be provided with two different complexity levels. A simple and easy to
understand UI with minimal customization possibilities for beginners and a UI with
full customization options as well as with complex indicator type generation support
should be available for advanced users. A testing environment should be developed
allowing developers to debug newly developed analytics methods and visualization
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techniques with the live data with OpenLAP before making them available for everyone. Finally, to increase the impact and range of indicators provided by OpenLAP,
quality data collectors and adapters should be developed which can extract activity
data from various formal and informal learning environments as well as support for
importing data from xAPI and IMS Caliper based record warehouses.
OpenLAP currently provides a selected set of simple statistics analytics methods which can be used by end-users to define their personalized indicator. However,
to allow users to perform more complex analysis, advanced indicators beyond simple
statistics should be developed based on different machine learning and data mining
algorithms, including clustering, classification, and association rule mining. One important analysis, which was also requested by some participants in the pilot study of
OpenLAP, is to predict student success in a course and if required provide proactive
intervention based on different performance parameters and contextual information
(Jayaprakash et al., 2014; Dietz-Uhler and Hurn, 2013; Arnold, 2010). The research
direction in this regards would be to identify which parameters can be used to provide
the most efficient predictions in the blended learning environments and what additional multimodal data needs to be captured beyond Learning Management System
(LMS) trace logs to train accurate predictive model for predictions.
Another interesting research and development direction for OpenLAP is to incorporate Natural Language Processing (NLP) in the indicator generation process by
realizing the concepts behind the Question Analyzer module of the Indicator Engine
component. The basic idea is to continuously analyze the LA question as the user
is entering it and suggest similar questions already existing in OpenLAP to support
users in formulating an appropriate question or reusing an existing one. The more
advanced feature would be to allow users to enter their analysis idea in a textual
form and extract relevant goal, question, and indicator parameters from it to prepopulate the Indicator Editor. This would require investigating and incorporating
the concepts of information retrieval, term extraction, and NLP algorithms to extract
relevant information from the provided analysis idea.
Recently, the tools and solutions available for big data has rapidly increased
providing an efficient way to analyze a large amount of data. One research direction
for OpenLAP would be to investigate the possibility of incorporating available big
data platforms (e.g. Hadoop1 , HPCC2 , Apache SAMOA3 ) to move beyond batch
data processing. Incorporating big data platforms would ensure fast and reliable
analysis of a large amount of data making OpenLAP truly an ecosystem for OLA.
One of the most liked features of OpenLAP was the customization of visualizations during the indicator generation process and instantly previewing the indicator.
The next steps in this direction would be to provide support for more advanced
visualization techniques based on D3.js, Highcharts, and InfoVis. Moreover, to further enhance the visualization customization capabilities and support effective understanding and decision making based on large and complex data sets, Visual Analytics
concepts and techniques (Keim et al., 2008) should be incorporated in the indicator
generation process. One possible research direction in this area would be to investigate how an advanced mode for customizing visualizations, similar to the Microsoft
Excel Charts, can be provided on the web-based interface of OpenLAP that allows
1

http://hadoop.apache.org/
https://hpccsystems.com/
3
https://samoa.incubator.apache.org/
2

163

Conclusion and Future Research Directions

dragging and dropping of data fields on the graph for easy customization. Another
challenging research direction would be to investigate how the currently generated
static indicators in the form of HTML and JavaScripts can be evolved into more
interactive indicators, which can be embedded in the client applications to support
more exploratory and interactive visualizations.
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