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Abstract

This thesis aims at providing visual means of representation of learners gained com-
petences with respect to the taught topics. Its main goal is to present an easy
overview of the learning or gained competences, identify strengths and weaknesses
of collective groups (e.g. classrooms) as well as individual learners (students) in or-
der to allow the teachers to adjust teaching strategies. This work is mainly focused
on the presentation of information as well as on the implementation of such visual
presentation. It first presents a concept for visualisation of students’ competencies
and their inner relationships for which a concept of mathematical and probabilistic
representation of students data is created. Finally, it implements the concept using
modern web technologies. The end result is a competency-based hierarchical net-
work diagram for presenting students competencies and their achievement during

the teaching/process.






Zusammenfassung

Diese Arbeit zielt darauf ab, visuelle Reprasentationsmoglichkeiten der erworbe-
nen Kompetenzen der Lernenden in Bezug auf die gelehrten Themen zu bieten.
Das Hauptziel ist es, einen leichten Uberblick iiber das Lernen oder die erwor-
benen Kompetenzen zu geben, Stérken und Schwichen kollektiver Gruppen (z.
B. Klassenrdume) sowie einzelner Lernender (Schiilerinnen und Schiiler) zu iden-
tifizieren, damit die Lehrkrafte ihre Lehrstrategien anpassen kénnen. Diese Arbeit
konzentriert sich hauptsachlich auf die Prasentation von Informationen sowie auf die
Umsetzung einer solchen visuellen Préasentation. Es stellt zunachst ein Konzept zur
Visualisierung der Kompetenzen und innerer Beziehungen von Studierenden dar,
mit dem ein Konzept der mathematischen und probabilistischen Reprasentation
von Schiilerdaten erstellt wird. Schliefilich implementiert die Arbeit das Konzept
mit modernen Web-Technologien. Das Endergebnis ist ein kompetenzbasiertes hier-
archisches Netzwerkdiagramm zur Darstellung der Kompetenzen der Studierenden

und deren Lernerfolge wahrend des Unterrichts.
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Chapter 1
Introduction

Latest technological advancements have touched and enhanced almost every as-
pect of our life including learning. The online accessibility of information, learning
materials and especially the proliferation of the video based massive online open
courses (MOOCs) [Khalil and Ebner, 2013b|, [Khalil and Ebner, 2013a] have drasti-
cally expanded learning opportunities to enhance educational performance for learn-
ers. When talking about education, one carefully consider also other aspects of
it, such as teachers and environment. While numerous tools and online resources
are made freely or commercially for learners, tools that target teaching especially
in classroom settings are rather rare. Unfortunately, in most of the mainstream
schools, technological support and enhancement for teaching in classrooms have not
evolved along with other technological advancements.

Following such a technological gap in teaching, researchers around the world have
been consistently investigating and proposing technological means to better support
teachers. The use of digital traces of students in combination with data analytics
and visualisation has emerged in a new research field commonly referred as learning
analytics. It aims at providing an overall overview as well identifying specific
aspects of the learning process in order to make it more effective. For instance,
teachers could use utilise learning analytics in order to evaluate the strengths and
weaknesses of each classroom with respect to a given topic in order to adjust teaching
strategy, revisit or re-explain particular parts of a material in order to maximise the
knowledge gained by learners.

This thesis aims at providing visual means of representation of learners gained

competences with respect to the taught topics. Its main goal is to present an easy
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overview of the learning or gained competences, identify strengths and weaknesses of
collective groups (e.g. classrooms) as well as individual learners (students) in order
to allow the teachers to adjust teaching strategies. This work is mainly focused
on the presentation of information as well as on the implementation of such visual
presentation. It first presents a concept for visualisation of students’ competencies
and their inner relationships for which a concept of mathematical and probabilistic
representation of students data is created. Finally, it implements the concept using
modern web technologies. The end result is a competency-based hierarchical network
diagram for presenting students competencies and their achievement during the

teaching/process.

1.1 LEA’s BOX

This work was done within the frame of the LEA’s Box (Learning Analytics Box)
project where I had a chance to be part of it, by contributing to developing the
visualisations aspects of it. It is an already completed multi-partner research and
development project funded by the European Commission.

LEA’s BOX stands for LE-Learning Analytics Box, which offers educators a box

containing several learning analytics tools for [Kickmeier-Rust and Albert, 2016a]:

e performing competence-centred and multi-source reasoning algorithms based

on psycho-pedagogical models such as Competence-based Knowledge Space

Theory (CbKST) and Formal Concept Analysis (FCA)
e intelligent model-based argumentation services
e innovative visualisation techniques

In daily school practice there is only scattered, heterogeneous, and incomplete
data, which makes Learning Analytics on the class level hard. Lea’s Box proposes to
use a central competence (or curriculum) model as an anchor. The origin of CbKST
lies in the field of the intelligent tutorial system where found application also in the
contexts of educational games and the formative assessment and feedback. FCA try
to formalise concept and concept hierarchies where its origin comes from applied
mathematics. The application of FCA methodology takes place in different fields

such as knowledge representation, visualisation, analysing of data, and data mining
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[Kickmeier-Rust, 2016]. With the CbKST logic of separating latent competencies
from observable performance, it aims at linking entire collections of evidences that
can be obtained from real classrooms to this central anchor model. For this, the
project developed and provided technical solutions which enable such a functionality
[Kickmeier-Rust et al., 2016a].

Moreover, typical analytics dashboards are not always suitable and have clear
weaknesses in reflecting learning processes. Hasse diagrams |Birkhoff, 1948] hold
various potentially useful information for teachers. Specifically, they allow making
clear recommendations (the so-called outer fringes |Kickmeier-Rust et al., 2015]),
and they allow predictions. A prominent aspect of it is the Open learner Modelling
[Ginon et al., 2016, Dimitrova et al., 2007] (OLM). The purpose of the OLM in Lea’s

Box is:

e making the results of analytics open to learners in a comprehensible way (e.g.,

in the form of Smileys |[Johnson et al., 2016]) and most importantly

e constructing the processes including underlying hidden analytics algorithms in
a way that would result in more transparent and understandable information.
With the persuadable (or negotiated) learner models, developed in the project,
learners are allowed to also disagree with the results and to negotiate them,

for example by adding further evidence.

Learning Analytics tools in LEA’s Box are designed to use data collected from
multiple sources in order to monitor competency development. Through such ana-
lytics, the competencies students have, or the competencies they lack can be easily
identified. Data from different sources are collected, analysed and then presented

using comprehensible visualisation, including the one I will explain in this thesis.

1.2 The Structure of this Thesis

The Related Work follows the remainder of the thesis. Given that this thesis cross
paths with different disciplines and research areas, the related work is divided in
Information Visualisation (Chapter [2), Learning Analytics (Chapter [3) and Compe-
tence Oriented Learning Analytics (Chapter [4). The Related Work is then followed
by the Concept (Chapter [5)) which describes in great details the conceptual aspects
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of the competency based hierarchical network diagram, the mathematical modelling
of how the information is encoded. The next chapter (Chapter @ describes the
implementation of the concept and the user interface and interaction design.

Last but not least, a summary and discussion (Chapter 7)) are provided where I
discuss the overall thesis, its challenges, limitations as well as recommendations for

future work.






Chapter 2

Information Visualisation

2.1 Overview

According to Frank [Niles, 2011]:

“Visualization works because neurons in our brains — those electrically excitable
cells that transmit information — interpret imagery as equivalent to real-life action.
When we visualize an act, the brain generates an tmpulse that tells our neurons to
‘perform’ the movement. This creates a new neural pathway — clusters of cells in
our brain that work together to create memories or learned behaviours — that primes
our body to act in a way consistent with what we imagined.” [Niles, 2011].

One concern in the field the information society is the generation of the mas-
sive amount of data (big data), where at the end of the day, this data has to be
comprehensible somehow. A good solution for gaining a quick insight from that
massive amount of data is an appropriate visualisation. Visualisations have been
used for centuries, where people have used graphs trying to transmit in this way
different kind of information. Nowadays, with evolving technology, the process of
visualisation became more prevalent thus finding universal application in almost ev-
ery section of our lives. Unlike in the past, where visualisations are made mostly by
hand (manually), recently this process holds associated to each other computer and
data, which means that first, the data needs to be computed before being visualised.
Today almost every one of us who are impacted by the modern technology, use data
visualisations in a daily routine, without even realising it. Let’s take an example and

show that how a simple visual can make our life easier. Let’s say you want to decide
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how to get dressed on a particular day, but you don’t know how first you need to
check a weather forecast. If you are using a smartphone, which have a weather app
and if you see an icon of the sun on it, you will predict that is going to be a good
and sunny day, without having to read any further about it. In this case, with the

help of this simple visualisation, you could be able to have a quick overview of the

weather forecast! [Yuk and Diamond, 2014]. So it is technology however that made

it possible to rapidly evolve the process of graphical representation (visualisation)
of data at lightning-fast speed. Another visual example provides an overview that
how a good visualisation can provide a quick insight of data about the excel salaries

around the world.

Ml Urique | = | cean Salary (in local currency) >|Curency || Salaryin USD =] Job Type > | clean Country .| How many hours of a day you work on Excel | Years of Experience | =
2 |ID0001 5846 USD 5846 Analyst India 410 6 hours a day nfa
3 |ID0002 15000 USD 15000 Controller Croatia All the 8 hours baby, all the 8! nfa
4 |1D0003 58000 USD 58000 Analyst UsA All the 8 hours baby, all the 8! na
5 |1D0004 48000 USD 48000 Controller Pakistan 210 3 hours per day nfa
6 |ID0005 54000 USD 54000 Engineer UsA Al the 8 hours baby, all the 8! nla
7 _|ID0008 41731 USD 41731 Analyst lcekand All the 8 hours baby, all the 8 nfa
8 |ID0007 145000 EUR 1842079167 Manager Germany 10r 2 hours a day nfa
9 |1D0008 12000 USD 12000 Analyst Ukraine Al the 8 hours baby, all the 8! nla
10 |1D0003 44000 USD 44000 CXO or Top Mgmt. Portugal 10r2 hours a day nfa
11 |1D0010 1152000 PKR 122274302 Accountant Pakistan Al the 8 hours baby, all the 81 na
12 |(ID0011 51650 EUR 65616,13102 Specialkst Ireland 210 3 hours per day nfa
13 |ID0012 14000 USD 14000 Engineer Hungary 4 o 6 hours a day na

[14 [BTE] 749000 INR 13338,1286 Analyst India All the 8 hours baby, all the 81 na
15 |ID0014 48000 USD 43000 Analyst USA All the 8 hours baby, all the 81 nfa
16 |ID0015 85000 USD B5000 Engineer USA 10r 2 howrs a day nfa
17 :IDCCI'.E 75000 USD 75000 Engineer USA All the 8 hours baby, all the 8! nfa
18 |ID0017 107000 USD 107000 Manager Switzerand 410 6 hours a day nia
19 |ID0018 45000 USD 45000 Reporting South Africa All the 8 hours baby, all the 81 na
20 |1D0019 550000 INR 9794,354178 Manager India 210 3 hours per day nfa
21 |1D0020 50000 USD 50000 Manager India 1 0r 2 hours a day nfa
22 |1D0021 13500 USD 13500 Manager India 4106 hours a day na
23 |1D00z2 96000 USD 96000 Analyst UsA 210 3 hours per day nfa
24 |ID00Z3 1000000 INR 1780791669 Manager Indlia 410 6 hours a day na
25 |ID0024 75000 USD 75000 CXO or Top Mgmt. Usa 410 6 hours a day nfa
26 |ID0025 40000 USD 40000 Manager USA 210 3 hours per day na
27 |ID0026 60000 USD 60000 Analyst USA Al the 8 hours baby, all the 8! na
28 |ID0028 32400 EUR 41160,94182 Manager Beigium 410 6 hours a day nfa
29 |ID0029 900000 INR 16027,12502 Engineer India 10r 2 hours a day na
30 |ID0030 600000 INR 10684,75001 Manager India 410 6 hours a day nfa
31 |ID0031 41000 USD 41000 Manager Russia All the B hours baby, all the 81 nfa
32 |1ID0032 360000 INR 6410,850007 Speciakist India 410 6 hours a day nia
33 |ID0033 35000 GBP 55166,23852 Analyst UK All the 8 hours baby, all the 8 nfa
34 |ID0035 19200 USD 18200 Analyst Pokand 210 3 hours per day nfa
35 :IDCCIJE 500000 INR 8903,958344 Consultant India All the 8 hours baby, all the 8 nfa
36 |1D0037 150000 USD 150000 Manager USA 210 3 hours per day nfa

Figure 2.1: Salaries in USD represented in excel sheet

Figure indicates the listing of a big excel sheet file with approximately 1880
lines, where each line represent a specific information (data) about the salaries, such
as dean salary, dean country, currency, job type, working hours and so on. If you
get the information only in this form, it would be harder to get an overview at first
sight of how these salaries have been used or what exactly the table contains. In
this case, it is almost unachievable to make sense of all those rows by only taking
a look at them. But if you get the same information represented in a visual form,
including graphs, diagrams and so on, as shown in the Figure [2.2] it is much easier,

to understand what precisely these data represent. In this way, this simple example
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makes us know that a good visualisation makes massive datasets more coherent, it

makes information to appear more compact.

Analyst Number of respondents = 743 of 1 883 (39%

Select job type by click &

= Stratification by Salary in Average salary is USD and number
i uso of hours working in Excel - does it Accourtant
8 3 = ¢ matter? Anglyst
- day Consultant
;"‘; ; 2% Thousands o 1 Confrolier
= 30 or Top Mgt
¥ % el 70 what 3 hours per
-4 Excel? 4 day Engineer
<
° ] 0 © 50 Managee
. wh i Misc
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L & e Canada
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Figure 2.2: Salaries in USD represented with different visualisation diagrams

Average of Salary in USD
46,296

Nowadays visualisation techniques are bringing art and science together. A good
visualisation is good to be aesthetic, but first of all, it must be informative and
efficient [Steele and Iliinsky, 2010]:

e Aesthetic: According to [Salem and Rauterberg, 2005], aesthetics is named

as “the measurement of beauty”. Despite that fact, aesthetic is also something

that entails pleasure in the human eye and not only about the vision and the

beauty [Lau and Moere, 2007]. To create an aesthetic visualisation, first of

all, the designer has to take in consideration that the user has to be able to
read the data from that visualisation and not to create just a beautiful picture
[Lau and Moere, 2007].

e Informative: Regardless of how beautiful the visualisation might be, the
first thing that should take in consideration for a successful visualisation is

informativeness. If you don’t achieve to provide information to the user to

gain knowledge, then that visualisation has failed [Steele and Iliinsky, 2010].

e Efficient: One of the most critical factors for a visualisation to be useful is
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simplicity. The simpler it is, the more efficient it will be. The straightforward

graphs are always the smoothest one for the user to understand.

Edward Swan |[Swan II et al., 1999] has also the same opinion, where he sad that:
“FEffectively designed visual representations facilitate the understanding of com-
plex phenomena by selectively emphasising the most important features and relation-
ships while minimising the distracting effects of extraneous details.” [Swan II et al.,

1999

2.2 Types of Information Visualisation

Data visualisation is about telling a story. It is about helping users to understand
data by placing it in a graphical context. It is about gaining valuable insight data,
by making complex information in this way more accessible, usable and of course
making it much easier to understand.

Ben Shneiderman [Shneiderman, 1996] expressed a visual information seeking
mantra, of how to deal with the representation of data:

“Qverview first, zoom and filter, details on demand.”

Based on this approach, the interactions that a user might perform in information
visualisation systems are divided into seven necessary tasks that are at a high level

of abstraction [Shneiderman, 1996|:

e Overview: Gain an overview of the entire information.

e Zoom: Zoom in on items of interest.

e Filter: Filter out uninteresting information.

e Details-on-demand: Select an item or group and get details when needed.
e Relate: View relationships among items.

e History: Keep a history of actions to support undo, replay, and progressive

refinement.
e Extract: Allow extraction of sub-collections and query parameters.

e Organise: Organise items manually for finding them later on easily.
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Andrews [Andrews, 2002] states that information visualisation is based on ab-

stract data that don’t necessarily have a spatial dimension, unlike scientific visu-
alisation which deals with physical data. The collected data at the information
visualisation are not mapped and represented direct in 2D or 3D physical space like
at the scientific visualisation, but they are visualised in any of a multitude way. This
process is displayed in Figure 2.3

Manipulations

View creation

Data structures

X

Figure 2.3: Diagram depicting the information visualisation reference model
2009

Interactions and transformations

Raw data is drafted into data structures that support a visualisation. These
data structures are used to construct a visual data structures by forming in this
way optical properties such as colour, geometry, and position. For creating inter-
active views of the data with user interaction, are used visual structures given in
Figure No matter how abstract the nature of data is, or what is the purpose

of the information, there are several types of information visualisation. According

to Shneiderman [Shneiderman, 1996] and Andrew [Andrews, 2002], information can

be classified into the following categories:

e Linear information

Hierarchical information

Networks information

Multidimensional information

Vector spaces information

Spatial information
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Before deciding which type of visualisations to use, first we have to know the
nature of the data, to understand the kind of the data and also the relationship
between the data that will be visualised. For every type of information mentioned
above, a significant number of visualisation exist. In the following, we will describe

some of the more commonly used visualisations.

2.2.1 Line Chart

A line chart or also known as a line graph for the first time was used by William

Playfair [Playfair, 1801]. It is a type of visualisation where the information is rep-

resented as a line, formed as a connection of series data points called ‘markers’. It
is usually used for time series data such as financial data in a stock market, data
for facilitating trend analysis. The first line chart is presented by Playfair [Playfair,
in Figure where the modern line chart is shown in Figure
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Figure 2.4: The exports/imports between Norway and Denmark from 1700 to 1780
Wikipedia [Wikipedia, 2018b|
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Figure 2.5: The exports/imports of Denmark from 2005 to 2015 [Solution, 2015]

2.2.2 Pie Chart

A pie chart or a circle chart is a type of visualisation graph in the form of a circle,
divided into slices or sectors interpreting numerical proportion (relative size of the
data). The information from this chart is straightforward to understand (if the
number of slices is not significant) as every slice size of the circle shows the weight
of each category. The sum of all slices in the pie charts must add up to a full
circle (360 degrees), so each slice represents a percentage of 100 percent. The main
disadvantage of pie charts is that by presenting a substantial number of slices where
each slice will become tiny, it will be hard to identify the weight of each slice. In
that case for making the information more significant, pie charts have to use other
indicators such as colour, textures or arrows, which leads in this way to a creation

of a new legend inside the pie chart, which makes them useless in the case of big
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Figure 2.6: Pie chart representing a browser market shares from January 2015 to
May 2015 [Highcharts, 2017D]

data. There are several alternatives to the pie charts, such as Donough chart, three-

dimensional pie charts and, multi-level pie charts [Wikipedia, 2018a]. An example

of a classic pie chart is shown in Figure [2.6]

2.2.3 Bar Chart

Bar charts deals with either horizontal or vertical rectangular bars that present
quantitative data. It usually has two axis, where one of them displays the category,
and the other one shows the discrete value. Most commonly they are used to compare
the height and the width of different category measures which answers the question
of “how many”, and also for displaying the change of data over time. Sometimes
when there is a grouping of categories colour could be used to indicate that group.
Figure demonstrates the world population by region represented by horizontal
bars, and Figure 2.8 shows monthly average rainfall by region represented by vertical

bars.

2.2.4 Area Chart

Similar to line charts, area charts also serve for displaying and comparing the quan-

titative progression of data over time. Here the area beneath a line, a line which
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Figure 2.7: World population by region illustrated in horizontal bars [Highcharts,
2017a]

|
Africa 1l 133

1052 @ Year 1800
@ Year 1900
1 Year 2012
America [l 156
954

[ 635
Asia NN 947

4250
I 203
Europe I 408
740
2
Oceania
38
0 500 1000 1500 2000 2500 3000 3500 4000 4500

Population (millions)

Figure 2.8: Monthly average rainfall by region illustrated in vertical bars |[High-
charts, 2017¢]
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Figure 2.9: Stacked area chart of historic and estimated worldwide population
growth [Highcharts, 2017d]

is created as a connection of data point of each entity, is filled in with colour. A
very often used type of area charts is stacked area charts, in which each data entity
starts from the point left by the previous data entity. An example of stacked area
chart is displayed in Figure which represent historical and estimated worldwide
population growth by region.

2.2.5 Heat Map

Heat maps also are used to perform categorical data such as geographic data or data
tables through variations in colouring or through changing the colour intensity of
each data entity depending on their values. Figure [2.10| shows an example of heat
map matrix used in the educational field for representing students competencies.
The intensity of red colour expresses the level of competency achievement. The
higher the intensity (the darker the colour), the stronger the competency

et al., 2016
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Figure 2.10: Heat map displaying multi-dimensional data
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Figure 2.11: Height versus weight of 507 individual by gender represented by scatter
plot [Highcharts, 2017c]

2.2.6 Scatterplot

It visualises the relationship between two variable in a set of data points. Using this
type of chart one can observe how the other one observes one variable. Additionally,
a single variable can be observed over time. An example of scatterplot is visualised
in Figure [2.11], that shows the differences height versus weight of 507 individuals by
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gender.

2.2.7 Tree Diagram

A tree diagram is a visualisation method for mapping out hierarchical data in the
form of a tree structure. The structure of the tree diagram consists of elements
called nodes, where one node (the very first one) is considered as a root (source)
node, which means it doesn’t have any parent node. It continues with other elements
which are connected to each other will lines called branches. Every node that is one
step higher in the hierarchy is referred to as a parent node, and the others that
are one step lower are named children nodes. Finally, nodes that have no children
nodes are known as leaf nodes or as end-nodes. Characteristic for this diagram
is the existence of a unique path from root element to any vertex (entity) of the
graph. They find applications in various fields such as: in computer science and
mathematics, in taxonomy, in family relations, in businesses and organisations. For
instance, in a team, they’re helpful for expressing a new idea about any subject,
where the connections are directly visible. Figure shows a case of the tree
diagram, which is used in the decision making of the cost-effectiveness of computer-

assisted surgery-CAS in Monte Carlo.
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Figure 2.12: Tree diagram of the cost-effectiveness of computer-assisted surgery-CAS
in Monte Carlo [Novak et al., 2007]
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2.2.8 Network Graph

The network graph is an extended method of hierarchical visualisations which en-
ables the drawing of the data sets and their relationships inside a network. It
comprises elements such as nodes that present entities connected by edges. A circle
illustrates a node, and edges are shown as lines or arrows. Network graphs may be
either static or dynamic, representing in this way information continuously. They
are used to show machine- and human-based systems. An example of a network
graph is depicted in Figure that represents the EU crisis from March 2011 till
March 2013. The data visualised in the network chart are taken from European
news media websites such as Spiegel Online, Guardian, and Ekathimerini. The size
of the node means the appearance frequency, in this case, the more often the name
of the country was referred, the bigger the node is displayed. Also, the edges and
their thickness between nodes have special meaning such as the common naming of
the countries in the analysis and how often that naming happened, which means
the often the naming occurs, the thicker that line appears. For instance, from the
graph, we can see that Germany and UK have a substantial relationship to each

other which means that they were mainly linked together in the EU crisis.

Litfuahia

czecuhlic

Lux@ourg

Figure 2.13: Network Graph: Convergence in the news media discourse on the EU

crisis [Nguyen, 2015]
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2.2.9 Force-Directed Graph

The force-directed graph is based on network graphs and node-link graphs. The aim
of the graph is placing the nodes (entities) in 2 dimensional or 3-dimensional space.
They use drawing algorithms for calculating the position of the nodes as well as the
edges. The edges represent relationships between nodes. The most common usage
of this graph is in social media such as Facebook and Google+, where social entities
(friends or corporations) are represented by vertices and relationships or friendships
between pairs of social entities are represented by edges or lines. A sample of the
force directed graph is displayed in Figure 2.14], expressing the mobile patent suits
between different provider. Dashed edges represent resolved suit where green edges

represent licensing.

Oracle
pBarnes & Noble
Amazon
Google Foxconn
Huawei Motorola
Qualcomm
ZTE ople AONokia
Ericsson

Sony

Figure 2.14: Network Graph showing mobile patent suits [Bostock, 2017]

2.2.10 Smiley Faces Visualisations

In the context of educational data, except for visualisation graphs and charts as
mentioned above, the use of traffic light metaphor or the smileys, as well as text-

based reports about achievements, or rubrics is becoming quite popular.
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Such kind of visualisations is also used in Lea’s Box Project, more concrete at
the OLM (Open Learner Model) part. Those visualisations aim to help students to
identify their strengths and their weaknesses, to identify an area of improvements, to
help them plan what to do next, to think about the way how they are learning, and
to allow them to work independently to make decisions about the learning. They
show different visualisations of students competencies. Some of the visualisations
display structure, some of them can show time, and the others can give an overview.
One particular example of this is provided in Figure [2.15, which displays a smiley
face visualisation. The smiley faces are used to indicate competencies of the student.
The happier the face, the stronger the competencies. The confused face indicates

little or no competence, and no face means there is no information.

riclost BB reemas I wetwerk @D coatine @ hesmn

Figure 2.15: Smiley face visualisation from LEas’'Box OLM |[LEA’sBox, 2016]

2.3 Strengths and Weaknesses

Since the applications of the visualisations discussed earlier vary, it is clear that
they do have advantages and disadvantages, depending on fact for what purpose
they are being used. The tables [2.1] 2.2 and [2.3] will represent some of the strength
and the weakness of these visualisations as well as provide simple examples of how

they could be used for educational data.



21

2.3. STRENGTHS AND WEAKNESSES

(T 21ed) eyep [RUOIIRONPS JO JXOIUOD
oY) Ul sodesn ojdurexo owOs PUL SISSOUNROM ‘STISUIIS IIOY) ‘SUOIIRSI[RNSIA JO sodA) JuoIoyIp Jo Arewrwuns y :1°g 9[qe],

owr) Jjo pourad e
IOA0 309[qNs © 10] SopRIS JUDISYIP
108 Jer) sjyuepnjs jo uorprod o)

(sIxR-X 9] $709810)
-ur sixe-A) SUIUIPSR] JO 9STRID(
I9Y)0 0} Juowgos Yoro oredurod
0} pIey (Ir) ‘sey Ieq [oeo Sjuow
-3os arowr oy} peal 0} prey (1)

sonyeA 9ATye[al jo1dIojur 0
Aseo (1) ‘yeunio] ojdurs A[oArye[or
e ur ejep aaneiyuenb smoys (1)

}IRT]) BIIY

190[qns ® 10J SoprI3 JUSIPIP
108 Jer) sjuepnjs jo uorprod o)

vIRp [ROLIOW
-nu joexo ou (A) ‘ejep jo seoord
Auewr 00} I0J [njesn sso (Al)
“eyep oredwoo 03 JmomgIp ()
‘OyetiIiso 01 JMOIJIP oIe So[Sue
(1) ‘spos wyep ouo juesordor (1)

o[0T M ® Jo jred [euorjoRI] B S
A[rensta eyep sjuesaidal (A) “eyep
Jo sesseo ordiynu jo suorjrodoid
oATjR[l  Av[dsp (A1) ‘A10803RD
oed I10J 1810} oY} Jo juediod o)
smoys (mr) ‘eoue[d ' je uosLred
-woo ejep moys (1) ‘uoryeuerd
-Xo RI)X0 [RUWIUIW o1mbar pue dn
19 0] pue puejsIopun 0) Ases (1)

ey o1

Ieof 10 I9jsowos ‘Yjuoua
® IOAO SJUOPTL)S JO SOPRIS oFRIOAR

9ZIS
JUS)SISUOD JO 9 JSNUI SUODT (AT)
‘suoot perpred Ajnpuenb o3 prey
(1T) ‘“ejep Jo soLI089JRD JUSISHIP
oreduwoo 03 Asea jou (1) ‘“eyep
snonuruod ATuo osn (1) ‘ejep jo
o8urI opIM ® 10J pral 0} prey (1)

oul ydeid woly parIojul
9( UeD ®BIRD WILILIUL (AT) ‘}0S
vyep om) aredwod (1) ‘paure)al
soneA j0exo A[ISed S90S BJRD
snonuryuod  ordiymu  sreduwoo
ued (1) ‘spuar} ejyep Ieop (1)

JretD) o]

sodurexy |

sodejueApesi(I

sogdejueApy

ey




22

(g 21ed) eyep [RUOIIRONPd JO JXOIUOD
oY} Ul soFesn o[duwexs dWIOS PUR SOSSOUNROM ‘ST[JSUDI)S IO} ‘SUOIJRSI[RNSIA JO SodA) JUSIOPIP JO AIewIwns Y 7' 9[(RL

2.3. STRENGTHS AND WEAKNESSES

S90S ®)ep 93IR[ UI JUOAD ISI[RNSIA
0} pIey (A) ‘SNONUIIUOD 9 P[NOYS
soXe 110q uo ejep (A1) ‘st jurod
9} A[}0rX0 9I9YM J® JOO[ 0} JSIX
sour] ydeid ou osneooq ejyep o1}
99s 0} pIey| (1) ‘O[RIS SNONUIIUOD
' ojuo amojod dewr 0} prey (1)

drysuor)
“e[oI BJep oY)} Ul PUSI} B SMOUS
(A1) ‘398 ®ejep O} JO WNWIXRW
pue Wwnwium smMoys (1) ‘worye|
-91100 OU Se [[9M SB UOI}R[DII0D
oATyR3OU ® pue oA1Isod © Aq eyep
oty ut spuoxy Apryuopr 0y doy (1)
‘posn ST porjoul [ROIJRUDJRUL

OUII) 10A0 sso1301d sopeld Juopn)s | ‘ejep A[snonurjuod A[uo osn (1) | -uou pue premIopysrents (1) || jordiojyeng
(9315qeM ® TO SYOI[D Iosn “8°9)
dewr yeor] ® UI WO} SUISI[RNSIA SOIJIAIJOR Iosn Yoel) (II) ‘se[qe
Aq ‘semuejodwiod 197 10 SIY [Yim 9[RIS SNONUI) | -IIRA 9JOIOSIP [IIM poasn A[[eapl
Juopn)s ® Jo so1iAlpr oredwod | -od ' 0juo Inojod dewr o) prey | (1) ‘@iep (I oSI[eNSIA 01 poo3 (1) depy yeoy
Pomo] 9OUR[3 ® B sonfea
-[@ 7, UST o[eds S0[ Je ‘0IoZ Je 1Ie)s | Aoy ojewnIso (Al) ‘UOIINLIISIP
steq oyj [e (ur) ‘uoryeuedxe | Aouenbaij e ur pejussaidal st A103
[euonyippe axmbor (1) ‘suwrejjed | -ojed ejep YOS (II) ‘SpuaI} JYSI]
9SINOD [PRD Ul | PUR $100fo ‘sosnen ‘suonydwins | -y31Y 0} Iolses (1) ‘ULIOJ [BNSIA ®
POI9)SISOI SJUOPN)S JO IOQUUNU O | -SB  [RIJUSsso osodxo 09 [rej (1) | Ur 3os vjep oSIe[ ® osurewrwns (1) || 4Iey)) Ieg
sordurexy | soSejueapesi(J | soSejueApy | 1Ry




23

(¢ 11ed) ®yRp [RUOIIRONPD JO JXOIUOD
o1} Ul sofesn o[duIexe oWIOS PUR SosSoUROM ‘STIBUI)S IIOY} ‘SUOIYRSI[RNSIA JO sodA) JUaIefIp Jo Arewwuns Y :¢'g 9[qe],

2.3. STRENGTHS AND WEAKNESSES

S9SINOD YU
-IOPIp ueomia( sdIysuorye[ol

wnwrui [eoof rood
() ‘yderd jueoyrudrs arouwr
o1} 10} owry Suruunt mofs (1)

QAT)ORIOJUL
(II1) ‘puejsIiepun 0} pue JULSUI
-oidwir 03 Ases (1) ‘pepuey
-xo pue pojdepe Afises (1)

ydeirn) pajoaI([-0010

190
oo 0} paxul] oIe sousjed
-wod (B MOy juosordor urd

oye
-9I0 0} aAlsuadxa (1) ‘9yesIod
0} Surumsuoo-ewry (1) ‘sarr
-A130R Auewt yim joofoxd oAts
-Seul ® U0 MO[[0] 03 prey (1)

S1eO0]J SUIISIXO J[(IS
-sod smoys (A1) ‘yjed pue sony
-IATIOR [RDILID 9)e[No[Rd URD
() ‘goeloxd oyj ur ysej
oY) Jo oouanbes ® sYSIYSIY
(1) ‘[fom oouapoadaxd moys (1)

ydein) yIomioN

SOSINO0D JUDIDPIP UOIMID(
sdiysuorye(or o) SurAe(dsip

9INJONIYS 91} Suoure apewt
SUOT}JRUIULId}OP pUe sassoo01d
MOUS 1,USO0P pue MO[J OU SB(|

QUIOPINSG [RISUAS ® SR Pasn
uoyMm oAIORpe (11) ‘uoryeued
-Xo Joliq ® I99Je jaxdiejur
pue puejsopun o} osidus (1)

WRISeI(] 9917,

sodurexy |

saSejueapesi(J |

soSejueApY

ey







Chapter 3
Learning Analytics

Have you ever wondered how your brain is capable of absorbing new things, or
how you approach problems, or what would you do next time different to achieve
greater success by learning new things easier and quickly, or say it better, how to
get an overview of what you did well and what went wrong during the learning
process or even how to improve it? These questions are become the latest buzz in
the educational field, within those frames for years are going on different research
studies, which are trying to find answers in this fields. The teaching process and the
skills that have been taught to the students from 20th century till now have been
changed, most of all due to the rapid technological progress and its widespread in
the education.

Nowadays, as a result of this rapid change teachers are being pushed by the re-
searchers to teach students new skills such as problem-solving, critical thinking, col-
laboration, innovation, communication, creativity, self- discipline and so on, which
are also called or known as the “21st-century skills” |Khalil and Ebner, 2015].

In education, students leave traces behind their learning process. Sometimes is
too hard or too complicated to be able to capture or even to measure those skills of
the students learning activities during their classes, by a human eye, in this case by
only one teacher for a considerable number of students participating in one class.
Using the current assessment techniques such as teacher-constructed test, multiple
choice tests, open items and portfolios or quizzes, is hard to say that these techniques
are the right ones since they are based on product and not on processes |Blikstein,
2011].

However, educational institutions emphasised the importance of new disciplines

25
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like educational data mining and learning analytics which are enabling detecting,
collecting and analysing the massive amount of data generated from students to
enhance learning and to improve student’s performance.

Even though the data mining and learning analytics deal with the same problem
by having similar goals and interests for providing higher insight into the educational
process, deep inside them, based on their orientations, like technological, method-
ological and ideological they differ from each other [Siemens and d Baker, 2012].

Learning analytics is more about improving and shaping the learning process
by collecting data from students’ footprints left behind while studying, whereas
the educational data mining provide different algorithm to treat those students’
footprints for identifying patterns or estimating indicators |[Duval, 2012, |Greller
et al., 2014].

Educational data mining EDM is defined from the International Educational

Data Mining as:
“Fducational 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. Whether educational data is taken from students’ use of interactive learn-
ing environments, computer-supported collaborative learning, or administrative data
from schools and universities, it often has multiple levels of meaningful hierarchy,
which often need to be determined by properties and the data itself, rather than in
advance. Issues of time, sequence, and context also play important roles in the study
of educational data ”[Society, 2018].

On the other hand, the term of “Learning Analytics” for the first time was used
by Bienkowski Mingyu and Means in 2009 [Bienkowski et al., 2012]. In 2011 the
first international conference on learning analytics was held in Banff, Alberta. Since
then, is being the recent buzzword in education systems. Learning analytics enables
the collecting, tracking, aggregating, analysing and visualising of those data that
take place in different environments, in a clear and useful way with the help of
various smart tools |[Duval, 2011], So, it is the way how we can use technology to
better impact the teaching process. Bader-Natal and Lotze [Bader-Natal and Lotze,
2011] stated that learning analytics aim is to understand learning in a better and in
a more profound way, as well as to foster it more efficiently.

A good definition of learning analytics that is worth quoting is from Learning
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Analytics Research society as follows:

“Learning analytics is the measurement, collection, analysis and reporting of
data about learners and their contexts, for purposes of understanding and optimising
learning and the environments in which it occurs” [Siemens, 2001]

George Siemens announced as well that:

“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)|

George Siemens has described the process of the learning analytics as a flow of
the learning data, starting from the learner’s off-put data and intelligent data, thus
continuing with proliferation, analysation, prediction, ending up with personalisa-
tion and adaptation of the data [Siemens and Long, 2011]. The whole process is
displayed in Figure [3.1] [Siemens, 2010].

The figure gives us one potential approach to learning analytics. According to
this approach, learners generate constantly data during their routine of the learning
process. The origin of data could be various, such as data from different social media
(Tweeter, Facebook, LinkedIn, blogs etc.), and log data from personal learning en-
vironments, learning management systems and so on. This data is collected into the
database, and later on, this data could be analysed and transformed into intelligent
ones using semantic processes, which could be used for adaptation, personalisation

and building recommender systems.

3.1 Learning Analytics Cycle

According to Clow [Clow, 2012|, the analytic learning cycle is expressed as a closed
and iterative process consisting four components: learners, data, metric/analytics
and intervention see Figure [Clow, 2012].

The first component is learners. The learners could be students, pupils or stu-
dents from online courses that generate data.

The generation and capturing of the data is represented as the second component
of this cycle. Data could be various, such as log data, questionnaires, assessment
data, activity data from online portals and so on.

The next component is considered the main element of the learning analytics

cycle. It is the processing of the collected data from the previous step into metrics
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Figure 3.1: The process of learning analytics|Siemens, 2010]

or analytics. Using which are created different statistical analysis and visualisations,
such as dashboards, recommenders, network analysis etc., which help teachers to
better understand the data.

This is the cycle where the metrics result in concrete interventions. Here can
be effected whether the learners or the teachers. When the learners are being af-
fected, using self-learning dashboards and statistics, they can reflect and compare
themselves to the others. When the teachers are affected, they use the dashboards

to inform the students and to intervene in their learning process by helping them
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improve it.

learners

intervention

metrics /
analytics

Figure 3.2: The learning analytics cycle [Clow, 2012]

3.2 Some Applications of Learning Analytics

Even though learning analytics is a relatively new study field, several types of re-
search indicate that the use of learning analytics has prompted a significant trans-
formation and has found application not only in education but also in various sectors
such as sport, health, business intelligent or advertising. In the following, there will
be mention some applications demonstrated with examples.

An example of learning analytics application in sport and health direction may be

presented through applications like runkeeper (http://runkeeper.com/) or nikeplus

(http://nikerunning.nike.com/) which is illustrated in Figure[3.3] [Duval, 2011]. The
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relation of this example in the learning context is that these kinds of apps help users
(runners) to see the progress they have made, to set and achieve goals, to motivate
them to continue further by looking at their progress, to follow a plan they have
made by themselves, to track activities such as run, walk, climb stairs so in this way

they could get a real view of their workout, etc.

v

Totals Average Accomplishments
Distance Runs Run Tirme Distance Run Tirme Pace Longest Run Fastest Avg Pace
1,420.5 255 220:09 5.6 00:51:48 09:17 411 02:43

Runs over Time B Fastest10runs

Sl i bt i e s bt Wl i, di o i

Latest 7 Runs Rung Distributed over Distance and Duration

04-09-2014 to 19-09-2014 .
Distance

589 604 - 15

Avy. Dist.

74 75 - 02

Avy. Pace
07:44 07:30 - -00:13

Figure 3.3: A runkeeper dashboard

Another positive aspect of this apps is on the online social networks, where they
enable sharing the data with other runners who are using the same apps, challenge
them, compare your data with others, so you can see how your runs stack up to
each other [Duval, 2011].

Other applications of learning analytics in education which I would like to men-
tion are some apps developed at the Graz University of Technology, for testing
students competencies in different mathematical problems such as adding and mul-
tiplication, as well as multiplication and division. These apps emphasise the impor-

tance of the learning analytics and how interesting and useful could be its usage for

education in primary schools [Ebner and Schon, 2013].
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One of these applications is named ”ein mal eins” [[] Here the students are able to
learn and to practice multiplication table [Ebner and Schon, 2013](see Figure [3.4).
The main screen of the multiplication trainer is displayed in the Figure[3.4] It shows
a problem that is given to the user as well as correctly answered problems listed at
the left side of the screen. The correct answers distinguish between colours, where
yellow means the well-known problems, and orange means known problems. The
given problem has to be answered within a given time range.

The proposed apps collected data from users for a long period of time, where
they were being tested with a significant amount of problems, e.g. on learning
multiplication table. In the end, after entering a considerable number of repetitions,
the app gave the users feedback. Due to this feedback, the users were able to improve
their self by realising where did they perform good or bad, which affects the learning
process in a positive manner. The end results of the analysed students data from
the application show that these results could not be achieved by human teachers so
easily which highlight once again the importance of learning analytics for teachers
and learners [Schon et al., 2012, [Ebner and Schon, 2013).

"https://schule.learninglab.tugraz.at/math
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einmaleins

Learning Apps TU Gz Kontakt  Impressum  Mathe-Multi-Traner Nuzungsdedingungen

Figure 3.4: Screenshot of the multiplication trainer
http://mathe.tugraz.at
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Chapter 4

Competence Oriented Learning

Analytics

In this Section, is described Knowledge Space Theory KST and Competency-based
Knowledge Space Theory and their approaches in Learning Analytics.

4.1 Competence based Knowledge Space Theory

Gaining knowledge and reaching goals (learning trajectories) in many education
scenarios is like a mountain climbing. Some can climb very easy; some find it very
hard, and some do not even try or fail.

Techniques like learning analytics and educational data mining allow identifying
the individual strength and weaknesses, individual learning path and goals, com-
petencies and competency gaps (that need to be filled) by analysing the students
learning styles as well as their learning trajectories [Kickmeier-Rust and Albert,
2016b]. The growing use of these techniques is becoming an essential issue of nowa-
days educational life which aims to improve teaching and learning by providing
different ongoing developments.

One of those development methodologies is competence-oriented learning ana-
lytics, which is also the fundamental methodology on which this project (thesis)
is based. Thus, the competence oriented approach is significant for learning an-
alytics. This approach brings together two psychological theories, basically from
the intelligent tutorial system field |[Kickmeier-Rust and Albert, 2016b|. The one is

34
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Competency-based Knowledge Space Theory (CbKST), and the other one is Formal
Concept Analysis (FCA).

CbKST is an extension of the behaviourist and descriptive knowledge space
theory KST based on competencies [Doignon and Falmagne, 1985| Korossy, 1997].
KST and CbKST offer a theoretical underpinning for learning analytics that pushes
analytics beyond being mere “learning stats”. CbKST serves as the anchor to link
multiple sources and evidence and allows building, slowly but steadily, a probability-
based, believe model about students’ abilities. While KST focuses exclusively on
the observable solution performance, CbKST deals with learning objects and their
associated skills and competencies.

Jean-Paul Doignon and Jean-Claude Falmagne introduced the term of KST in
the year 1985 [Falmagne and Doignon, 2010]. Since then have been so many studies
and research based on this theory. In mathematical psychology theory, KST is the
way of representing the learner knowledge in a certain domain. A knowledge domain
is represented as a set of problems denoted by Q. The knowledge state is defined
as a subset of problems or items that a learner is capable of solving |[Doignon and
Falmagne, 2012|. So it describes the current knowledge of a person. The problems
(items) of a knowledge domain can be associated with a value (0 1) which would
indicate whether they are correctly solved or not. Those items can be dependent
on each other such that from the correct solution of a specific problem the power of
some other problems can be surmised. The so-named prerequisite relation captures
these dependencies or surmises relation, which is a transitive and reflexive relation
on problem types [Doignon and Falmagne, 1985]. So, the items are described as a
domain of the knowledge body. A knowledge structure K is defined as a collection of
knowledge states (items). Learners get these items as they are increasing knowledge,
corresponding to prerequisite relation, including the empty set ¢ and the whole set
Q = {a, b, ¢, d, e} [Reimann et al., 2013, Reimann et al., 2015, Nasar, 2016]|.

Formally, an example of a knowledge structure is represented as follows:

K ={¢,{a},{b},{a,b},{b,c},{a,b,c}, {a,b,d}, {a,b,c,d},{a,b,d e}, Q} (4.1)

A visualisation of this knowledge structure is represented in the figure Figure [4.1
a)[Kickmeier-Rust et al., 2016b, Heller et al., 2006].
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{a,b,c,d,e}

(a) (b)

Figure 4.1: a) Prerequisite relations b) Knowledge structure
[Kickmeier-Rust et al., 2016b|

A knowledge structure described in the Figure 4.1]shows the collection of knowl-
edge states, where the links between each other can provide several possible learn-
ing paths, starting from the very naive knowledge state ¢ (no knowledge) navigat-
ing to a full mastery of knowledge [Doignon and Falmagne, 1985| Falmagne et al.,
2013, Heller et al., 2006]. The surmise (prerequisite) relation can be visually repre-
sented by so-called Hasse diagram. From that prerequisite relation, the knowledge
structure can be derived, which is illustrated in Figure (b) where the dashed
line through the knowledge states indicate one possible learning path. However, not
all knowledge states will occur here due to the common dependencies that appear
between knowledge domain, where the potential number of the knowledge states will
be restricted because of these dependencies also expressed by so defined prerequisite
relations [Reimann et al., 2013, |[Reimann et al., 2015, Nasar, 2016].

An example of making the prerequisite relations clear is described in Figure
[Kickmeier-Rust et al., 2006]. The author characterised a sample of five compe-
tencies about mathematical problems, such as addition subtraction, multiplication,
division and competence of solving an equation. The set of all possible knowledge

states is 2 to the power of 5, where the power 5 indicates the total number of prob-
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lems. Assuming the fact that the competencies to add, subtract, multiply and divide
are the prerequisite competencies of solving an equation, it is doubtful that a person
can solve an equation without knowing how to add numbers. In this case, instead
of 32 knowledge states, only 25 knowledge states will happen|[Kickmeier-Rust et al.,
2000).

solving linear equations

AN

multiplying dividing
adding subtracting

Figure 4.2: Prerequisite relations among competencies of an algebra problem
[Kickmeier-Rust et al., 2016b|

CbKST is an extension of the behaviourist and descriptive KST based on com-
petencies [Doignon and Falmagne, 1985, Korossy, 1997]. It provides a theoretical
framework for knowledge and competency modelling. CbKST describes a knowl-
edge state of a learner expressed as a set of competencies, that the learner has
gained at a given time. So, its approach is based on structuring and representing
domain and learner knowledge, by collecting and analysing the student’s response.
It expresses the learning domain in the form of competences and also presents the
relationships between those competencies [Heller et al., 2006]. CbKST is essentially
decomposing a domain knowledge into a catalogue of some aptitude (knowledge,
skills, ability competencies). In a simple word, the prerequisite relations (the re-
lationship between competencies) can be established by following this model, (as
known as a latent model) saying that one competency is learned before the other,
the one is necessary to understand the other, and so on and so forth. These relation-
ships enable obtaining a global competency model which is essentially a competency
structure.

CbKST deals with three distinct sorts of entities [Heller et al., 2006], such as:



4.1. COMPETENCE BASED KNOWLEDGE SPACE THEORY 38

e knowledge structure
e learning structure - the set L of learning objects

e competency structure - the set C of skills relevant for solving the problems,

and taught by the learning objects

The knowledge structure establishes the set QQ of assessment of a learners com-
petency. Learning structure and competence structure are described equivalently to
the knowledge structure as we explained earlier [Heller et al., 2006].

The competence state is a set of all possible competencies (skills) of a learner,
which can be inferred from learner’s performance on the set of problems that rep-
resent the domain. Similarly to KST, prerequisite relations represents the set of
competencies constituting the competence structure C composed of alls competency
states [Kickmeier-Rust et al., 2006].

A competence structure illustrated in Figure describes the prerequisite re-
lations among competencies in the form of a Hasse Diagram. Nodes signify the
competencies where links express relationships between competencies. From the
Figure in the panel a), we can see that the prerequisite competencies for the
competence X are competence Y and W., In this case, it can be assumed that if a
learner holds a competence X, she or he holds either competence V or W, or both
of them. The panel b) indicates the competence structure generated from the pre-
requisite relation from panel a) where the number of displayed likely competencies
states is 13 from a total of 25 states

In order theory, a Hasse Diagram is a type of mathematical representation of a
so-called semi-order, used to represent the structure of learning domain in the form
of a directed graph that reads from bottom to top, as well as visualising the progress
of a learner through this domain. The properties of a semi-order are: (i) reflexivity,
(ii) antisymmetry, and (iii) transitivity [Kickmeier-Rust et al., 2016b]. Moreover, the
Hasse diagram is frequently used to visualise knowledge or competence structures.
It holds some properties that might be very useful for teachers, by offering more

than only stats or chart-type visualisations.
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(a) (b)

VWXYZ

VWXY WXYZ

VWX VWY WXY

VW VX WX WY

| 4 w

A

(24

Figure 4.3: a)Prerequisite relations among competencies b) Competence structure
set from prerequisite relation from the left. The bold line shows a possible learning
path. The graph is taken from [Kickmeier-Rust et al., 2006]







Chapter 5

Visualisation Concept:
Competency Based Network

Diagram

The main goal of this thesis is to visualise students’ competencies, the relation of
those competencies in term of dependencies, based on psycho-pedagogical models
such as competency-based knowledge space theory. The visualisation should be
suited for a group of students (e.g. as an entire classroom) as well as for individ-
ual students. The so-called Hasse Diagram inspires the end result visualisation of
this thesis invented in the 1960s by Helmut Hasse [Birkhoff, 1948]. It is a direct
graph that contains nodes and edges which represent the competencies and their
relationships. We will refer to it as competency-based network diagram (CBNK).
This chapter will describe only the visualisation concept. It will explain the
meaning and the logic of how the information is encoded and the mathematical
and probabilistic representation behind it. Additionally, it will present some low
fidelity mockups which were developed during the conceptual phase. This concept
and the mockups then are implemented, and the details of the user interface and

implementation are described in the next chapter (see Chapter @

41
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5.1 Definitions

First, let us define some important concepts. A competency could represent a single
problem of a domain as explained in the Section[d] Competencies can depend on each
other as one could be a prerequisite for the others. For instance, in order for students
to be able to read words, first, they need to learn letters of the Alphabet. In this case,
the words competency is depended on the letters competency. Competencies can
depend (have prerequisites) on many other competencies. Let us denote the set of n
competencies for a particular topic by C' = {¢;},7 € [1,n]. Additionally, let us denote
the relationships between competencies as O(C) = {0(c;,¢;)},i € [1,n],j € [1,n]
which is defined to be:

1 if competency ¢; depends on ¢;
H(Ci, Cj) = P Yo P (51)
0 Otherwise

Note that {6(c;, c;)} is not the same as {6(c;, ¢;)} as the reflexivity does not apply.
Additionally, each competency can be acquired with a certain proficiency by a
student. To model that, we use probabilistic modelling where probabilities are used
to express the certainty that a particular student has acquired a given competency.
In practice, one could think of such a probability as the percentage of acquired
competency. So, let us define the set of m students belonging to a group as S =
{si},i € [1,m]. For a set of competencies C' and students S, we define the set of

probabilities as:
P(C,S) ={p(ci,sj)},i € [1,n],j € [1,m] (5.2)

where p(c;, sj) represents the probability that student j acquired the competency i.
Using the students’ probabilities matrix, P one can derive a similar metric for
the entire group which would express the probabilities that the entire group has

acquired a certain competency ¢;. This can be defined as:

m

p(ci78) = Zp(c’i75j>' (53)

j=1
Furthermore, let us extend to the notation of C' to simplify the modelling of
dependencies by splitting competencies into hierarchical subsets called levels. We

split them in such a way that all competencies of the level [ can depend only on the
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competencies of the levels that are less or equal than [ — 1. This way a hierarchy
of levels is created where the competencies can only depend on the competencies of
lower levels. Such a structural organisation is mainly created for practical purposes,
and it will be used throughout this thesis. Thus, I define the organised competencies

to be the set C' = {cq} where [ simply indicates that ¢; belongs to the level [.

5.2 Visualisation Concept

The visualisation is a direct graph that contains nodes and edges. Both elements

represent particular information which will be described in the subsections below.

5.2.1 Nodes

Each competency is represented by a node in the visualisation. The nodes are colour
coded in order to represent the probabilities P as described by equations [5.6{and
If the node is coloured, it indicates that the student holds the given competency (see
Figure. Otherwise, if the node appears empty (non-coloured) and in dashed lines
as illustrated in Figure [5.1] it indicates that the student or the group (class) does

not possess the given competency.

a) Present Competency b) Absent Competency

Figure 5.1: Nodes presenting the the presence or absence of a competency

Additionally, the intensity of the colour represents information as well. The
higher the probability that the competency is possessed, the darker the associated
node is coloured. Vice versa, the lower the probability it is, the brighter the colour

appears as Figure |5.2| illustrates.
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p=1 p=0.8 p=0.6 p=0.4 p=0.2 p=0

Figure 5.2: Colour coding of nodes based on probability values represented compe-
tencies

5.2.2 Edges (Node Connections) and Hierarchical Position-

ing

For reason of simplicity, because the visualisations of the competence structures are
often too big by containing numerous competence states and thus are not scalable,
I illustrate the characteristics and features of the visualisation method on the basis
of the prerequisite relations. The details of the competence structures and the
prerequisite relations are described in the section

The edges or connections represent the inner dependencies or the prerequisites of
the competencies. In the visualisation, the nodes (competencies) that are connected
with lines that are dependent on each other. The lines do not indicate any direction
as the direction is determined by the position of the nodes. The nodes are presented
in a hierarchically structured way, with parents and children. The very beginning
node, which is located at the bottom of the diagram, represents an empty set {} or
a naive knowledge state. This could be the beginning of the semester or something
that doesn’t hold any information. We can say that this node is the parent of the
all upcoming nodes.

The parent nodes, are visualised in the lower part where the children nodes are
visualised one layer above. This means that the direction of the diagram reads from
bottom to top. If a node one layer above is connected to a node one layer below,
it means that the node in the lower layer is the prerequisite and the parent for the
linked child node above. An abstract example of such a visualisation is provided in
the Figure [5.3] The highest node in the hierarchy or the end node represents the
end goal of the competencies which for instance could be the required knowledge at

the end of a semester.
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C5

C1 C2

{}

Figure 5.3: The prerequisite relations between competencies

5.2.3 Properties

Figure |5.3| elaborates how the prerequisite relations of competencies work. The
competency ¢; is a prerequisite (dependency) for ¢z . Since ¢; is dependency for c3
and c3 is prerequisite for cs, given the transitivity property, c; is also a prerequisite
for c5. Besides transitivity property, the digram has to other properties: reflexivity

and anti-symmetry. Reflexivity means that the competency refers itself, so it is

implicit, but it is not shown in the diagram [Kickmeier-Rust et al., 2015| Kickmeier-|

Rust et al., 2006]. The property of the antisymmetry says that the relationship

between competencies is not invertible (e.g. if ¢; is prerequisite for cs, it does not

make c5 prerequisite for ¢;) [Kickmeier-Rust et al., 2015].

5.2.4 An Illustrative Example

The following example will provide an overview of how the diagram works. The
idea is that students start from the essential competencies and proceed in acquiring
the advanced one. For instance, let us consider the example of how the reading can
be taught. It is unlikely to be that someone can read a sentence without knowing

to read a word first. Similarly, users are less likely to be able to recognise words
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. sentence

words

phoneme syllable

letters

{}

Figure 5.4: The prerequisite relations for reading

without being able to recognise either letters, phonemes or syllables.

Figure [5.4] visualises the competencies of reading. We can see that knowing the
letters of the alphabet is the very first competency someone needs in order to be
able to read. From letters, students could proceed either with phonemes, syllables
or directly with words. It is important to note here that not all prerequisites should
be fulfilled in order to move to the higher competency. For instance, for recognising
words, depending on the student, one of its prerequisites would be sufficient to

proceed with words.
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5.2.5 Learning Path

Learning paths and learning path predictions are a property of the competence
structure. However, because of the scalability purposes, we will integrate those
features in the same competence based network diagram.

The competency-based network diagram presented in the above sections is a
good way of grasping an overall overview of all competencies belonging to a topic.
Teachers could explore in which competencies students lack the knowledge or are
very competent. Nevertheless, there are many use cases, where students do not need
to possess all competencies but only a subset of them. Let us reiterate the example
of teaching to read presented in Figure [5.4] (see Section [5.2.4). There, the end goal
is reading sentences and thus reading the text which requires recognising words.
Recognising words requires either recognising syllables, phonemes or letters, meaning
that not all of those three prerequisites are necessary to master the reading. In such
situations, teachers might want to know how students master the word competency,
which path they do follow. Such information might help teachers to reaffirm that
the used teaching strategy is having success. Alternatively, teachers could use such
information to adjust their strategy. Moreover, not all students learn using the very
same approach. Different students might take different paths to mastering top layer
competencies.

Thus, the learning path represents the history of learning, and it should display
the ‘road’ of how the learners achieved the knowledge over a certain time. In term of
competencies, in our case, the learning path at a certain competency shows simply
the path through all competencies on lower levels that are achieved to achieve the
current competency. The advantage of visualising such a path, is beneficial for an
educator for documenting the student’s accomplishments, let’s say over a semester
and also for planning the forthcoming activities. It helps the educators and the stu-
dents to have a quick summary (overview) of how they progressed during a semester

or a course seeing this way which competencies they handle at the end.

Formal Definition of the Learning Path

Let us formally define the learning path. First, let us consider a particular com-
petency ¢; (where [ represents the hierarchical level) using notation of hierarchi-

cal competencies C presented in Section Second, let us define a competencies
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propagation path related to a particular competency c¢; which represents any path
connecting the node of ¢; with the zero node (cqy) containing a single node for each
level below [. So a competency propagation of ¢; is a subset of competencies which

includes ¢;; and ¢y as given in Equation [5.5}

CPP(cy) = {coo, Ca1---Cya—1), Cat} = {cppo, cpp1...cpp1—1, cpp1} (5.4)

where [ is the level and cg;...cyq—1) (which is the same as cpp;...cpp;—1) represent one
competency for each level 1...[. The notation cppy simply represents competency of
the C'PP which is located in the level k (cppy = coo and cpp; = ¢;1).

Note that every combination of sub level competencies can form a competency
propagation path according to Equation [5.5 But not all of them are valid. Such
a propagation path would be valid only if every subsequent competency are con-
nected with each other through the dependency/prerequisite relation. So the given

condition must hold:

O(cppr, cpprs1) = 1, V k € {0,1 — 1} (5.5)

Given that each competency is associated by a probability, either for a single
student or a group, we can calculate the entire probability of competencies propaga-
tion path as a joint probability of each competency within the path. So, for a group
of students S, such the probability of a CPP for a given competency c¢;; is defined

as:

p(CPP(cq), S) = | [ plcops, S) O(cpopr—1, cppr) (5.6)

where p(cppy, S) represents the probability of the competency cppy for the set of
students S as defined in Equation . Note that 0(cppr_1,cppr) represents the
dependency of two successive competencies as defined in Equation [5.1) and it is used
to filter out the CPPs that are invalid as in such cases 6(cppr_1,cppr) = 0 and
thus the entire probability would result in 0. Analogously, using Equation [5.2], the
probability of a CPP can be defined for a single student s; as:

l

p(CPP(cy), s;) = [ [ p(cppr. s;) O(cppe—. cppr) (5.7)
k=1
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For a given diagram D and with a set of competencies C', for most of the compe-
tencies there exist many competencies propagation path each resulting in different
probabilities. However, most of them are less probable or not valid at all. So we
define the learning path for a competency ¢; to be the CPP(c¢;;) with the highest
probability. So for a set of all possible CPPs denoted as CPPS = {CPPj(cy)}
belonging to the competency ¢;;, the learning path LP(cy, S) (for a set of students
S) is defined to be:

LP(cy,S) = argmax p(CPP(cy),S) (5.8)
CPP(Cll)

Analogously, learning path can be defined for a single student s; as:

LP(cy,s;) = argmax p(CPP(cy),s;) (5.9)

CPP(ci)
Solving the equations and will result in choosing a competencies prop-
agation (C'PP(c;) with the highest probability for a given set of students S or a
single student s; which is defined to be the learning path with respect to the given

competency.

Visualisation

In the visualisation, the learning path is highlighted by reducing the visibility of
all other nodes that do not belong to the learning path. Similarly, all edges of the
diagram that do not belong to the learning path are made less visible. An example of
a learning path visualisation is provided in Figure[5.5] We can see that the learning
path (for the competency c¢g) drawn here indicates the way of reaching competency
ce¢ through the competencies ¢4 and ¢;. The other competencies and edges are still
visible enough to indicate that they exist, but with reduced visibility to indicate
that they are not a part of the learning path.

Obviously, the user needs to indicate for which competency the learning path
needs to be shown. Additionally, the user should be able to ask for the learning
path of competency only if such competency has a probability greater than 0, which
means that student(s) already posses it up to a degree. However, taking those
considerations is a task of user interface implementation and interaction design which

is out of the scope of this chapter but described in Chapter [6]
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1)

Figure 5.5: Learning path for the competency cg

5.2.6 Forward Learning Path Prediction

Learning path is a good way to observe how users gain competencies through time.
However, for teachers, it would be useful not only to show the learning path up to
a particular competency c; but also to show a prediction on how students would
most likely continue from the ¢;; to the top competency c,,,, where m indicates the
complete depth of the diagram or the most upper level. Such a prediction is a sort of
forward learning path (from the given node to the top), but it could also be provided
in the absence of the data. In case there exist data (assigned probabilities for some
students) for the competencies in the levels [+ 1 to m, we can use the probabilities of
such nodes and then utilise the same formula defined in equations and with
some small adaptations. The only adaptation we need to do is that when building
the set of all competencies propagation paths, instead of using the paths starting

at node cgp and ending at node ¢;;, we use the paths that start at ¢; and end at
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Cnm- This small adaptation would be sufficient to calculate the path from c¢;; to ¢,
which is rather a forward calculation instead of a prediction of the learning path.

However, during the teaching process, in most of the time-points, there will be no
data for all competencies as the teachers will probably not have covered the planed
material. For instance, in the middle of the semester, the competency-based network
diagram will likely be coloured only in the half bottom part. This means that there
will be data (assigned probabilities for competencies) only for the nodes in the
bottom half of the diagram. As the time passes and teachers cover more materials,
the students will acquire more competencies. Thus resulting in the diagram being
more coloured and thus as more nodes will have assigned probabilities. So, in
such cases, where for some upper part of the diagram, no data is assigned yet, the
forward path cannot be calculated as all competencies propagation paths will have
0 probability. Instead, a prediction is required.

Thus, we assign each to competency a default probability which is set by experts
(teachers), and it reflects their opinion of how probably learners will achieve this in
future. It is expected, that experts take into consideration how hard, time consuming
and complex is the task of acquiring a particular competency when providing such
a default probability. Such a default probability can be used to predict the forward
path, in case the that the real probabilities (which is based on real evidence on data)
are missing. So for the forward path, if a probability is missing for competency, the
default probably will be used instead. Due to triviality and simple adjustment
for the forward learning path prediction in comparison with the learning path, the
formal definitions will be skipped.

The relevance of learning path prediction has been in depth discussed by |[Kickmeier-
Rust and Albert, 2016a]. The authors define weights for competencies which define
the difficulty of achieving a competency. Such weights are used then to provide a
learning path prediction. The concept of foreward learning path prediction used in
this thesis is based on the aforementioned work [Kickmeier-Rust and Albert, 2016a].
However, it makes some small practical adjustments. First instead of using the pre-
defined weights, in case there is data available for given nodes, it uses such data.
Second, instead of defining weights it defines default probabilities for the nodes
for implementation practical. This way the same implementation of learning path
can be used to visualise path prediction by simply replacing probability with default

probability in case the students’ data is missing. However, one could think of default
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probabilities as a parameter which could be derived from the weights as described

by |[Kickmeier-Rust and Albert, 2016a], with an inverse relationship between them.

The forward learning path prediction will be highlighted in a similar fashion as
the learning path, in the sense that the nodes are part of it are more visible the
ones that are not part of it or part of the learning path. However, there will be
a distinction in terms of edges. The edges of a foreword learning path prediction
will be visualised using dashed lines as opposed to continuous lines used in learning
path. An abstract example of the foreword learning path prediction is illustrated in
Figure 5.6, It demonstrates the learning path prediction of how competency cg can
be achieved by a student starting from the competency ¢, whereas down below ¢y

is represented the learning path.

c/

1)

Figure 5.6: Learning path and learning path prediction for competency ¢,
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5.2.7 An Overview of Visualisation Concept

This chapter described a concept of competency bases network diagram. The di-
agram is designed to give overview your all competencies acquired by the learners
as well as prerequisites and dependencies between competencies. This diagram is
designed to enable teachers to inspect the achievement of competencies for a single
student or a group of students by a single look at it. Using the colour coding, they
can immediately spot which competencies are achieved and where the students are
lacking. Such information can be used to adopt, continue with used teaching strate-
gies, reiterate or skip some parts of the curriculum as teachers can react based on
the information provided by the visualisation.

Besides the visualisation of competencies and their dependencies, the diagram is
designed to provide the teachers with the learning path, which visualises the history
of learning and it shows the path of how the learners propagated throughout the
competencies over time. Additionally, it is designed to visualise the prediction of
the foreword learning path which shows the prediction of how learners will continue
to acquire competencies.

Besides developing the visualisation and appearance in this chapter, the encoding
of information and necessary formal mathematical and probabilistic representation
are created. Probability values for students are assigned to nodes or competencies,
which represent the probability value that a student has acquired the competency.
In practice, this can represent the percentage of the knowledge of that particular
competency compared to the entire taught knowledge. Throughout this thesis, it
will be assumed such probabilistic representation. The way to create such proba-
bilistic values (how to know how much percent a student acquired a competency,
e.g. using the score of a test) will not be discussed as it is out of the scope of this
thesis. Using the probabilistic representation of the values of the nodes, one can use
the visualisation for a single user or simply adopt it for a group of users by using the
Equation [5.6, Additionally, the probabilistic representation allows the derivation of
probabilistic calculations for a competencies propagation path as a joint probability
of the single competencies. The equations for calculating probabilities are defined in
equations [5.6| and Such calculations are furthered utilised to define an optimi-
sation problem (see equations and which enables finding the competencies
propagation path with the highest probability which is used to find the learning
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path and foreword learning path prediction.

The visualisation diagrams presented in this chapter are only mockups, concep-
tual and thus no user interaction is provided in this phase. However, they together
with mathematical and probabilistic formulation defined here, lay the foundation
for implementation and user interaction development which will be described in the

next chapter.






Chapter 6

User Interface, Interaction Design

and Implemenation

6.1 User Interface and Interaction Design

This section describes the implemented user interface provided, implemented visu-
alisation as well as the interactions that are provided with the user interface. The
diagram visualisation is an implementation of the conceptual design. For details on
the visualisation concept, the mathematical definitions and background regarding

the visualisation, please refer to the Chapter

6.1.1 Authentication

Before using the application, the user needs to register at the central user manage-
ment system. After creating the credentials, the user can go to the homepage and
authenticate using the username and the password as in shown the Figure in or-
der to proceed and use the application. The prototype is designed and developed to
be used by teachers in a very easy and intuitive way. Thus we will use the following

sections user and teacher interchangeably.

6.1.2 Visualisation and Interaction

After the authentication process, the teacher will reach the main page of the appli-

cation from where she/he can start using the application as shown in the Figure .

26
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I Leas Mind Map X

o C i | ® css-kmitugrazat/mkrwww/leas-portal/imm/client V]

) ﬁ_mexs WORKRENCH

Username

m

Password

Figure 6.1: Authentication page

There are two dropdown menus shown on the screen for the user to select:

e Group - which represents the group of students. Typically a group represents
all students within a classroom. Although, it does not have to, as groups can

be defined according to the needs of the teachers.

e Subject - which represents a common topic for which a set of competencies are
defined. Typically this represents course, but it could represent a single topic
as well. Teachers are free to be more creative and play with the granularity of

the subject according to their needs.

Each teacher is assigned to have access (in the database) only to certain groups,
e.g. only classes they teach. This way teachers can access only to those groups and

subjects that they are responsible for. The selection of the group is quite simple, by
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Select Group

Select Subject

Figure 6.2: Main page

just clicking on the boxes where the user can choose between the groups, as shown
in the Figure [6.3]

Select Group

- Load

(Iﬁl

7A
7B
7C

Figure 6.3: Selecting a group

After selecting a group, all students that are already assigned to the selected
class will be listed on the right part of the window, each of them visualised by an
avatar. This is illustrated in the Figure[6.4] The teacher can also choose one of the
subjects that are related to the selected group. The process of the selection of the
subject is same as for the group (see Figure [6.5)).

By selecting the subject, the competency-based network diagram representing

the competencies of that subject will be presented in the lower part of the page.
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Select Groui S 4 ' S
test : -/ -

Select Subject Amelie Anna Rosalie Vita Alba
: o
Student

Figure 6.4: List of students that belong to the selected subject

Select Group

Select Subject

v Test Subject
Elementary Algebra
cbkst_test 1

Figure 6.5: Selecting a subject

This is the most important part of this user interface. An example of such a diagram
is provided Figure . As it is already described in the concept (see Chapter |3)),
the diagram is visualised as a set of hierarchical nodes connected to each other,
where each node represent a competency. Note that the nodes have different colours
as the colour encodes the achievement of that competency by a single student or
a group of students. The intensity of the blue colour represents the probability of
the competence achievement. It means, that the higher the intensity, the higher
the probability of competency achievement and vice versa. When the node is not
coloured (empty), then the student has no awareness or say it better does not own
that competency at all.

The diagram can be used to indicate the competences of the whole group, or it
can be used to visualise the competences of a particular student. The user chooses
the data underlying the diagram through the interactions. When no student is
selected, then the data of the entire group is used whereas when a student is selected
then the data of only that particular student is used. To select a student, the user
needs to simply click on the avatar. After selecting a student, the user can deselect

him/her by clicking again on the selected student, in which case the data of all
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Figure 6.6: The competency based network diagram for all students of a class
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Figure 6.7: The competency based network diagram for

Vita Alba

a single student
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Figure 6.8: A student (Amelie) is selected which is visualised by the circle around
the avatar

students is used, or select another student. When the student is selected, the avatar
indicates the selection by a visualised circle around the avatar (see Figure .
Additionally, the diagram will update to represent the data of the selected student
only. The colours of the nodes change from student to student or to a group of
them as the underlying data change. For instance, the diagram of the entire class,

shown in Figure[6.6] looks different from the one of a single student which in shown
in Figure [6.7]

6.1.3 Learning Path and Foreword Learning Path Predic-
tion

Besides visualising competencies and their interconnections in terms of prerequi-
sites, the competency-based network diagram is capable of visualising the leaning
path and forward learning path prediction. Such paths are bound to a particular
node/competency. In order to highlight the path, the user needs to select a node by
clicking on it. Upon clicking on the node, both the learning path and the forward
learning path prediction for that node and underlying data are highlighted as de-
picted in Figure[6.9] The learning path from the bottom node to the selected node is
visualised using a line. Similarly, the forward learning path prediction is shown from
the selected node to the top node where the edges are presented in dashed lines. All
other nodes and edges that do not belong to both paths are displayed with reduced
visibility, which is still visible but not highlighted. The user can select anywhere in
the canvas to deselect the node, which would remove the highlight if the learning
path and would return the view of the entire diagram as shown in figures and
6.6l It is evident that their paths to the same competency are very different from

each other.
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The underlying data for the learning path, similar to the underlying data for
the entire diagram, depends on whether a particular student is selected or not. If
yes, then the data of that student is used. Otherwise, the data of the entire group
is used. Note that, for the same diagram and same competency, different students

will probably have different learning paths. For instance a learning path for two

students for the same competency (skgs) is shown in figures [6.9) and
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Figure 6.9: Learning path of student Alba
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6.2 Technical Implementation

The entire project is implemented using a client-server architecture as visualised in
Figure The server is provided as a RESTful service. Its job is to accept the
GET request, fetch the data from database and then provide the response in the
JSON format. Given that the manipulation(insert, delete, update) of the data is out
of the scope of this thesis, only the GET request is used. The server is implemented
in PHP, and it uses Slim Framework [] for providing the RESTful service. The
database uses MySQL E] as its backend.

On the other hand, the role of the client is to provide a user interface to the
user, detect the user interaction, send the proper request to the server, parse the
response and finally present and visualise the result to the user. The user interface
is implemented in HTML5/CSS3, and it uses the Bootstrap Framework ﬂ for provid-
ing theme, layout and user controls. Additionally, the competence-based network

diagram is developed using D3.js Framework ﬂ

f Server \

. stsS
User Interactlonsf—W :[ Rest API ]
Client m—
Present JsON Re Fetch
ui Data
mySQL
Database

/

Figure 6.11: The client server architecture used in the developed prototype

In the following subsection, brief descriptions of some of the essential technical

aspects of the prototype will be outlined.

! https://wuw.slimframework.com/
2 https://www.mysql.com/

3 https://getbootstrap.com

4 https://d3js.org/
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6.2.1 Database

In this section, it will be discussed the database storage used for storing the visu-
alisation and student data. Although the database of the project contained dozens
of tables (53), we will only focus on the tables that are used for the visualisation
and ignore the rest. Other tables which store information regarding users, schools,

subjects, etc. will not be discussed.

] complog v _] dependencies v | subject_has_competencies ¥
id INT(11) id INT(11) subjectid INT(11)
» compid INT(11) 2 competenceid INT(11) compid INT(11)
studid INT(11) » dependentid INT(11) >
teacherid INT(11) > v
value DOUBLE \4 \4 T
timestamp BIGINT(20) : : :
subjectid INT(11) I I I
> I I I
I INNEEEEEENENN RN I
\'4 v oo T
| | I |
| I I :
e LR 1 I | |
| I | |
[
EEENEINE
—_| competencies v
id INT(11)
name VARCHAR(255)
description TEXT

schoolid INT(11)
default_value INT(11)
’

Figure 6.12: Database tables that are relevant for the visualisation.

Figure shows the four relevant tables used for visualisation which include:
e competencies - which saves all competencies

e dependencies - which is used to define prerequisites meaning which competency

depends on which competency

e subject_has_competencies - which is used to model the relation between subject

and competencies. This way competencies can be assigned to subjects.
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e complog - which is used to log students performance during the semester. Note
that, as the teacher provides many entries during the semester, one should need

to pay attention only to the latest entries in order to get the most accurate

picture.

Please note that some of the relevant table columns are not displayed for readability
purposes. To visualise the competency-based network diagram for a given subject,
one needs information for competencies that belong to the subject, their depen-
dencies and student achievements for the given competencies (for every user and
aggregated). To collect such data, the three queries displayed in listenings ,
and [6.3] are used.

SELECT =«
FROM dependencies
WHERE competenceid IN (
SELECT C.id
FROM competencies C
INNER JOIN subject_has_competencies SHC
ON SHC. compid = C.id
WHERE SHC. subjectid = $subjectid
)
AND dependentid IN (
SELECT C.id
FROM competencies C
INNER JOIN subject_has_competencies SHC
ON SHC. compid = C.id
WHERE SHC. subjectid = $subjectid

)

Listing 6.1: SQL query to obtain all dependencies for the given subject identified
by $subjectid.

SELECT
C.id,
C.name,

C.description ,
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C.default_value
AVG(IFNULL(CL. value ,0)) AS value
FROM competencies C
INNER JOIN subject_has_competencies SHC
ON SHC. compid = C.id AND SHC. subjectid = $subjectid
LEFT JOIN complog CL
ON CL.compid = C.id AND CL.id IN (
SELECT MAX( id )
FROM complog
GROUP BY compid, studid

)
GROUP BY C.id

Listing 6.2: SQL query to obtain the competencies (values averaged per user) for

the given subject identified by $subjectid.

SELECT
C.id,
C.name,
C.description ,
C.default_value ,
IFNULL(CL. value ,0) AS value,
CL. studid ,
CL. timestamp
FROM competencies C
INNER JOIN subject_has_competencies SHC
ON SHC. compid = C.id AND SHC. subjectid = $subjectid
LEFT JOIN complog CL
ON CL.compid = C.id AND CL.id IN (
SELECT MAX( id )
FROM complog
GROUP BY compid, studid

)

Listing 6.3: SQL query to obtain the competencies of all users for the given subject
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‘ Url ‘ Prams ‘ Method ‘ Description ‘
‘ /login ‘ userid, password ‘ POST ‘ authenticates user ‘
| /logout | | GET | logs out |
/authenticated GET returns authentication
status
/dependencies/:subjectid subjectid GET returns all dependencies

for a subject

/compdep/:subjectid subjectid GET returns all competen-
cies, dependencies and
the students’ probabil-
ity values for a given a
subject

/groups GET returns all groups that
the teacher is allowed to
access

/students/:groupid groupid GET returns all students that
belong to a group

/subjects GET returns all subject that
the teacher is allowed to
access

Table 6.1: Restful API for the prototype.

identified by $subjectid.

6.2.2 Server API

The server API offer the entire functionality needed for the prototype. It provides
functionality related to the visualisation of the diagram as well as functionalities
related to the website such as login and log out. The API functionality is given in
the Table [6.1] The response is provided in JSON format.

6.2.3 Visualisation

The entire visualisation is built in HTML5/Javascript, and it uses D3.js as visu-

alisation framework. In this section, we will shed light on two crucial algorithms
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used to construct the visualisation. The initial step on visualising is building the
hierarchy as the data are delivered merely with anchors which describe the compe-
tency dependencies, but no hierarchy is stored in the database. Thus an algorithm
for constructing the hierarchy and assigning each node to the appropriate level of
hierarchy was developed.

The main intuition of the algorithm is to start with the head node and then
proceed in with next levels wherein each level are placed all the competencies that

have prerequisites only in lower levels of hierarchy. The algorithm is listed in Lis-

tening [6.4]

function generateLevels(competencies, dependencies){

var competenciesDict = {};

for (var i = 0; i < competencies.length; i++){
var ¢ = competencies[i];

competenciesDict [c.id] = c.name;

var levels = {};
var keys = Object.keys(competenciesDict);
var j = 0;
var previousKeys = [];
while (keys.length > 0){
levels [j] = keys.slice (0);

for (var i = 0; i < dependencies.length; i++){

var key = dependencies[i].dependentid;
var cid = dependencies[i].competenceid;
if (j = 0){
var ix = levels[j].indexOf(key);
if(ix >= 0){

levels[j].splice(ix, 1);

1
telse(

var ix = levels[j].indexOf(key);
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var cix = keys.indexOf(cid);

var pix = previousKeys.indexOf(cid );

if(ix >= 0 & pix < 0){
levels[j].splice(ix, 1);

}
for(var k = 0; k < levels[j].length; k ++){

previousKeys.push(levels[j][k]);
keys.splice (keys.indexOf(levels[j][k]), 1);

J+
}

return levels;

}

Listing 6.4: Building the hierarchy for the competency-based network diagram for

the given competencies and dependencies

Once the hierarchy is built, and nodes have been assigned, then the visualisation
simply assigned the positions of each node according to the place in the hierarchy
and some visualisation settings such as the horizontal distance between nodes, the
vertical distance between levels of hierarchy, node size, etc... The algorithm for

creating the visualisation is given in Listening [6.5]

function visualise (competencies, dependencies, width){
var xStart = 20;
var xDistance = 100;
var yDistance = 80;
var nodes = [];
var edges = [];
nodesDict = {};

var levels = generateLevels(competencies, dependencies);
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var levelsReversed = {};
var 1Keys = Object.keys(levels);

var maxLevelSize = 0;

for (var j = 0; j < 1Keys.length; j ++){
var k = 1Keys|[j];
for (var i = 0; 1 < levels[k].length; i ++){
levelsReversed [levels [k][i]] = k;

if (levels[k].length > maxLevelSize){

maxLevelSize = levels [k].length;

var yStart = lKeys.lengthxyDistance —20;

for (var index = 0; index < competencies; index++) {
var competency = competencies[index |;
var levelSize = levels[level].length;

var levellndex = levels[level].indexOf(competency.id);
var cxStart = xStart + (width — xDistancexlevelSize)/2

var x = (cxStart 4+ levellndexs*xDistance);
var y = (yStart — levelxyDistance);
var probability = competency.value;

var def_probability = competency. default_value;

var node = createNode(x, y, probability , def_probability)
nodesDict [node.id] = node;

nodes . push (node ) ;
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for (var index = 0; index < dependencies; index++) {
var dependency = dependencies|index];
var sourceid = dependency.competenceid;

var targetid = dependency.dependentid;

var source = nodesDict[sourceid ];
var target = nodesDict[targetid];
var edge = createEdge (source, target);

edges . push (edge);

draw (nodes , edges);

Listing 6.5: Algorithm for drawing nodes and edges between nodes.

An essential aspect of the visualisation and the diagram, in general, is the learn-
ing path. The algorithm for finding and drawing the learning path for a given
node is provided in the Listening which is an implementation of a solution the

optimisation problem defined in Equation [5.8]

function visualiseLearningPath (currentNode, links){
var lastLevelNodes = [currentNode.id |;

var pathNodes = [[currentNode.id]];

while (true){
var ¢ = 0;
var newLevelNodes = [];

var pathNodesTemp = [];

for (var i = 0; i < edges; i++) {

var link = edges|[i];
if ($.inArray(link.source.id, lastLevelNodes) > —1 &&
$.inArray (link.target.id, lastLevelNodes) = —1){

Ct++;
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newLevelNodes.push(link.target.id);

for (var i = 0; i < pathNodes.length; i ++){
arr = pathNodes[i];
if(arr[arr.length —1] = link .source.id){
narr = arr.slice(0);
narr.push(link.target.id);
pathNodesTemp . push (narr );

if (¢ = 0) break;
pathNodes = pathNodesTemp;

lastLevelNodes = newLevelNodes;

var proabbilities = pathNodes.map(function (pathNode){
return pathNode.reduce(
function (previousValue, currentValue, currentlndex) {
var res = localVars.nodes. filter (function( n ) {
return n.id = currentValue;
IOk
return previousValuex res [0]. probability;
beo1);
1}

var bestPathNodelds = [];

var maxProba = Math.max.apply (Math, proabbilities );
var maxProbalx = proabbilities.indexOf(maxProba);
var bestPathNodelds = pathNodes[maxProbalx|;

var bestPathLinks = [];
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for (var i = 1; i < bestPathNodelds.length; i++){
var targetid = bestPathNodelds[i —1];
var sourceid = bestPathNodelds|[i];

var res = localVars.links.filter (function( 1 ) {
return 1.source.id = sourceid &&
l.target.id = targetid;

1)
bestPathLinks.push(res [0]);

draw_highlight (bestPathNodelds, bestPathLinks);
}

Listing 6.6: The algorithm for finding and drawing the learning path for a given

node.

6.2.4 Technical Evaluation

This section will provide a technical evaluation of the prototype. First, it will
evaluate the capabilities in terms of required resources for the visualisation of the
diagram as well as for the learning path and learning path prediction. Second, it
will provide some limitations of the prototype.

First, let us see some limitations of the prototype. The students are organised
into rows and displayed in pairs of 4 for a row as shown in Figure The space
holding them will adjust depending on the number of students. However, in case
the classrooms with many students, a better approach would be to reorganise the
space of students by fitting them more within a row (e.g. smaller icons).

The visualisation itself adopts as well. At the initial zoom level (at which the
diagram is initially visualised), ten nodes fit at one row of each hierarchical level.
Whereas for the number of levels, the visualisation adjusts its height to fit them.
Note that, users can still zoom in and out (by scrolling), to visualise the entire
diagram in case levels contain more than ten nodes and thus in practice this is not

a limitation of the visualisation.
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Additionally, to provide an overview of the technical capabilities, we present
measurements of the time it takes to visualise the entire diagram as well as the
time it takes to find and visualise the learning path and forward learning path
prediction. The visualisation of the diagram includes the organisation of nodes into
levels of hierarchy which is given by Algorithm and the presentation of nodes
and connection in the hierarchy as given by Algorithm [6.5] On the other hand,
the implementation of the learning path is given by Algorithm [6.6, The evaluation

for discrete samples of the number of nodes, links and levels hierarchy is given in

Table [6.2]

Levels ‘ Width ‘ Nodes ‘ Links H Visualisation ‘ Learning Path

2 | 2 | 6 | 8 | 4 |1

3 | 3 | 11 24 |4 | 2

5 |5 | 27 |70 |6 | 3

5 | 10 | 52 140 | 9 | 4

10 | 10 102 [290 | 19 | 134
15 | 10 | 152|440 || 37 | 540
20 | 10 202|590 || 65 | 10503
30 | 10 302|890 || 170 | 1504660
40 | 10 | 402 | 1190 | 370 |

50 | 10 | 502 | 1490 | 668 |

60 | 10 | 602 | 1790 | 1120 |

70 | 10 | 702 [ 2090 | 1740 |

80 | 10 | 802 | 2390 | 2540 |

90 | 10 1902|2690 | 3590 |

100 |10 | 1002 | 2990 || 4950 |

Table 6.2: Visualisation time, learning path finding and visualisation time depending
on the size of diagram. Notation: levels - the number of levels in hierarchy, width -
the max number of nodes per level, links - the total number of nodes, nodes - the
total number of nodes, visualisation - the time in ms for building the hierarchy and
visualising it (both algorithms and and visualisation - the time in ms for
finding and visualising it the learning path and forward learning path prediction

(Algorithm [6.6)).
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Note that, due to high memory and processing time requirements, not all con-
figurations in Table have values for learning path construction and visualisation.
As shown in Table 6.2 up to 150 nodes and 440 links, both visualisation of diagram
and learning path is quite fast. This structure contains 15 levels of hierarchy (17
if the first and last node are included) and 10 nodes per level. As the number of
levels, nodes and links increases, the processing requirements increase, especially for
the leaning path where after 15 levels (150 nodes, 440 links), the processing time in-
creases to a state where the user experience could be considered to be suffering a lot.
On the other hand, the visualisation of the diagram itself, even up 60 levels which
contain around 600 nodes and 1800 links, can be still performed with a processing
time of slightly above 1 seconds which could be still be considered acceptable. Nev-
ertheless, in practice, it is not expected to have subjects that have more than 100
nodes as then teachers would have a hard time to grasp an overview. Thus, for such
a tree the visualisation time would be around 20 ms and whereas the learning path
including the forward learning path could be constructed and visualised in about

130 ms, which is entirely acceptable for the user experience.






Chapter 7
Summary and Discussion

The main goal of this thesis was to visualise the learners’ gained competencies and
their relationship. The visualisation mainly targets teachers with the intention of
letting them explore students’ gained knowledge, identify the strengths or weakness
of a collective group (e.g. entire classroom) and adapt learning strategies accord-
ingly, e.g. by reiterating some parts of curricula where students are having more
difficulties.

Initially, this thesis identifies and thoroughly reviews the related work in order to
grasp an overview of different related fields and thus be able to tackle the problem
from different perspectives. As the topic of this thesis crosses paths with many
disciplines, the related work first covers the basics of information visualisation in
general (Chapter [2). Then it proceeds with the analytical aspect of data in the
learning domain which is known as learning analytics (Chapter . Last but not
least, it dives into the psychological theory of competency-based learning analytics
(Chapter ) for a better understanding of competence based learning theory.

Given the knowledge gained in related work and the better understanding of the
problem, I created a visualisation concept along with the low fidelity mockups. The
mockups define how visualisation will look like as well as how the information is
presented in the visualisation. The chosen visualisation is a hierarchical network
diagram, where the information is presented based on the colours of the nodes,
connection of the nodes as well as the location of them in the hierarchy. Each
node represents a competency which is associated one value for each learner. Such
value represents the probability that the given students acquired the competency.

Additionally, nodes are connected to each other by edges which define dependencies

79
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or prerequisites between them. For the connected nodes, the ones in the upper
level in the hierarchy are depended on the lower ones meaning that the nodes or
competencies on, the lower levels are prerequisites for the ones on the upper level.
Additionally, the visualisation defines the learning path as a way to visualise the
road of how leaner(s) acquire knowledge and propagate through competencies.

This thesis assumes that the students’ probability values for competencies are
evident and it does not take the task of defining or suggesting how such probabilities
are assigned. However, common testing methods could be used as the probability
values could be represented by a percentage of the knowledge for the given compe-
tency. Thus test scores expressed in percentage could be used for that purpose.

The probabilistic representation of knowledge has many advantages. Thus in
this thesis, I defined formal mathematical and probabilistic representations (see
Chapter [5)) of competency values which allows the switching of underlying data of
the visualisation from one learner to a group of students and vice versa. Additionally,
the probabilistic representation of node values (probabilities) allows the definitions
of probabilities for an entire competencies propagation path containing connected
nodes (one per level) in different levels in the hierarchy. Such path probability can
be calculated as a joint probability of the nodes contained within it. Finally, this
allows formulating the finding of learning path as an optimisation problem which
searches through all competencies propagation paths in order to find the one with
the highest joint probability which is defined to be the learning path (which then
later is implemented in the software prototype).

Given the mockups and the mathematical conceptual definitions for the visual-
isation, I implemented the visualisation as well a user interface which would allow
users (teachers) to use it. The user interface allows the users to select groups of
students or individual ones in order to visualise their data.

Overall, the hierarchical network competency-based diagram developed through-
out this thesis presents a good opportunity for teachers to review students progress
and adapt teaching strategy based on evidence (real data). However, the visuali-
sation has not been evaluated with target users, which is also the main limitation
of this thesis. While initially, an evaluation was planned, due to the lack access to
real students’ data and access to teachers, the evaluation was not feasible. Given
that the tool targets teacher, I did not see if meaningful to evaluate with other users

groups (outside of teaching profession).
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Thus, an evaluation with professional end-users is something that should be
addressed in future work. Additionally, in future, having access to real data might
make it worth to explore changes in parts of the concept of the diagram as well. For
instance, instead of showing one learning path, one could visualise more of them (e.g.
top 2-3) which in turn would cluster the propagation of competencies in different
subgroups. Perhaps, users progress patterns tend to cluster in some limited path.
However, as mentioned, such exploration would be possible only when equipped with
real data and then it should be evaluated whether such information would be useful
for teachers. Nevertheless, the thesis provides a thorough technical evaluation of the
visualisation, which identifies the limitations of the developed prototype.

Additionally, in this thesis, I added the concept of forward learning path which
predicts users learning path, even when there is no data for some upper parts in the
hierarchy of the visualisation as students are still in the process of graining com-
petencies (for instance in the middle of the semester). The prediction is made by
using default values assigned by experts instead of probability values obtain from
students’ data. One could use more sophisticated approaches of recommending the
forward path, especially for individual students. For instance, one could suggest
forward paths based on students who already have similar learning path up to the
given competency and also have data for the upper part of the graph/visualisation
as such students might be more advanced. For instance, for students who attended
the course last year, probably there is evidence data for all nodes. Such individual
(students in this case) similarly approaches are quite common in recommender sys-
tem [Ricci et al., 2011} Linden et al., 2003] even in learning environments [Kopeinik
et al., 2017al [Kopeinik et al., 2017b|. For instance, collaborative filtering |Ricci
et al., 2011}, Linden et al., 2003| [Sarwar et al., 2001} Kopeinik et al., 2017a] or cosine
similarly [Singhal et al., 2001} Tan et al., 2005 are very popular algorithmic choices
for recommending based on individual similarities. However, to apply such algo-
rithms and evaluate whether they provide meaningful recommendations, real data
and user studies are necessary. But such an approach could be a good opportunity

for exploration in the future work.
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