
Early Screening of Dyslexia Using a
Language-Independent Content Game and
Machine Learning

Maria Rauschenberger

DOCTORAL THESIS UPF / 2019

Directors of the thesis:

Prof. Dr. Ricardo Baeza-Yates
Department of Information and Communication Technologies,
Universitat Pompeu Fabra

Dr. Luz Rello
Department of Information Systems and Technology,
IE Business School, IE University

ii



Dedicated to people with dyslexia

“For your own sanity, you have to remember that not all problems
can be solved. Not all problems can be solved, but all problems

can be illuminated.” – Ursula Franklin
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Abstract

Children with dyslexia have difficulties learning how to read and
write. They are often diagnosed after they fail in school, even
though dyslexia is not related to general intelligence. In this the-
sis, we present an approach for earlier screening of dyslexia using
a language-independent game in combination with machine learn-
ing models trained with the interaction data. By earlier, we mean
before children learn how to read and write.

To reach this goal, we designed the game content with knowl-
edge of the analysis of word errors from people with dyslexia in
different languages and the parameters reported to be related to
dyslexia, such as auditory and visual perception. With our two de-
signed games (MusVis and DGames), we collected data sets (313
and 137 participants) in different languages (mainly Spanish and
German) and evaluated themwith machine learning classifiers. For
MusVis we mainly use content that refers to one single acoustic or
visual indicator, while DGames content refers to generic content
related to various indicators. Our method provides an accuracy of
0.74 for German and 0.69 for Spanish and F1-scores of 0.75 for
German and 0.75 for Spanish in MusVis when Random Forest and
Extra Trees are used. DGames was mainly evaluated with German
and reached a peak accuracy of 0.67 and a peak F1-score of 0.74.
Our results open the possibility of low-cost and early screening of
dyslexia through the Web.
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Resum

Els nens amb dislèxia tenen dificultats per aprendre a llegir i es-
criure. Sovint se’ls diagnostica després de fallar a l’escola, encara
que la dislèxia no estigui relacionada amb la intel·ligència general.
En aquesta tesi, presentem un enfocament per a la selecció prè-
via de la dislèxia mitjançant un joc independent del llenguatge en
combinació ambmodels d’aprenentatge automàtic formats amb les
dades d’interacció. Abans volem dir abans que els nens aprenguin
a llegir i escriure.

Per assolir aquest objectiu, vam dissenyar el contingut del joc
amb el coneixement de l’anàlisi de paraules d’error de persones
amb dislèxia en diferents idiomes i els paràmetres relacionats amb
la dislèxia com la percepció auditiva i la percepció visual. Amb els
nostres dos jocs dissenyats (MusVis i DGames) vam recollir con-
junts de dades (313 i 137 participants) en diferents idiomes (prin-
cipalment espanyols i alemanys) i els vam avaluar amb classifica-
dors d’aprenentatge automàtic. Per a MusVis utilitzem principal-
ment contingut que fa referència a un únic indicador acústic o vi-
sual, mentre que el contingut de DGames fa referència a diversos
indicadors (també contingut genèric). El nostre mètode proporcio-
na una precisió de 0,74 per a l’alemany i 0,69 per a espanyol i una
puntuació de F1 de 0,75 per a alemany i de 0,75 per a espanyol
a MusVis quan s’utilitzen arbres extraestats. DGames es va ava-
luar principalment amb alemany i obté la màxima precisió de 0,67
i la màxima puntuació de F1 de 0,74. Els nostres resultats obren
la possibilitat de la dislèxia de detecció precoç a baixos costos ia
través del web.
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Resumen

Los niños con dislexia tienen dificultades para aprender a leer y
escribir. A menudo se les diagnostica después de fracasar en la
escuela, incluso aunque la dislexia no está relacionada con la in-
teligencia general. En esta tesis, presentamos un enfoque para la
detección temprana de la dislexia utilizando un juego independi-
ente del idioma en combinación con modelos de aprendizaje au-
tomático entrenados con los datos de la interacción. Temprana
aquí significa antes que los niños aprenden a leer y escribir.

Para alcanzar este objetivo, diseñamos el contenido del juego
con el conocimiento del análisis de las palabras de error de las per-
sonas con dislexia en diferentes idiomas y los parámetros reporta-
dos relacionados con la dislexia, tales como la percepción auditiva
y la percepción visual. Con nuestros dos juegos diseñados (MusVis
y DGames) recogimos conjuntos de datos (313 y 137 participantes)
en diferentes idiomas (principalmente español y alemán) y los eva-
luamos con clasificadores de aprendizaje automático. ParaMusVis
utilizamos principalmente contenido que se refiere a un único indi-
cador acústico o visual, mientras que el contenido de DGames se
refiere a varios indicadores (también contenido genérico). Nues-
tro método proporciona una exactitud de 0,74 para alemán y 0,69
para español más una puntuación F1 de 0,75 para alemán y 0,75
para español en MusVis cuando se utilizan Random Forest y Ex-
tra Trees, respectivamente. DGames fue evaluado principalmente
con alemán, obtienendo una exactitud de 0,67 y una puntuación F1
de 0,74. Nuestros resultados abren la posibilidad de una detección
precoz y de bajo coste de dislexia a través de la Web.
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Abstrakt

Kinder mit einer Lese-/Rechtschreibstörung (LRS) haben Schwie-
rigkeiten, Lesen und Schreiben zu lernen. Sie werden oft nach dem
Schulversagen diagnostiziert, auch wenn die LRS unabhängig von
der allgemeinen Intelligenz ist. In dieser Arbeit stellen wir einen An-
satz für ein früheres Screening von der LRSmit einem sprachunab-
hängigen Spiel in Kombination mit machinellen Lernmodellen vor,
die mit den Interaktionsdaten trainiert wurden. Mit früher meinen
wir, bevor Kinder das Lesen und Schreiben lernen.

Um dieses Ziel zu erreichen, haben wir Spielinhalte mit dem
folgendenWissen erstellt: die Analyse von Fehlerwörtern von Men-
schen mit einer (LRS) in verschiedenen Sprachen und die Parame-
ter, die mit der LRS zusammenhängen, wie z.B. auditive Wahrneh-
mung und visuelle Wahrnehmung. Mit unseren beiden entwickelten
Spielen (MusVis und DGames) haben wir Datensätze (313 und 137
Teilnehmer/innen) in verschiedenen Sprachen (hauptsächlich Spa-
nisch und Deutsch) gesammelt undmitMachine Learning Classifier
ausgewertet. Wir verwenden für MusVis hauptsächlich Inhalte, die
sich auf einen einzigen akustischen oder visuellen Indikator bezie-
hen, während DGames-Inhalte auf verschiedene Indikatoren (auch
generische) bezogen sind. Unsere Methode liefert für MusVis eine
Genauigkeit von 0,74 für Deutsch und 0,69 für Spanisch und einen
F1-Score von 0,75 für Deutsch und 0,75 für Spanisch in MusVis,
wenn Random Forest und Extra Trees verwendet werden. DGa-
mes wurde hauptsächlich mit deutscher Sprache ausgewertet und
erreicht die höchste Genauigkeit von 0,67 und den höchsten F1-
Score von 0,74. Unsere Ergebnisse eröffnen die Möglichkeit, die
Lese-/Rechtschreibstörung kostengünstig und frühzeitig über das
Internet zu erkennen.
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Chapter 1

Introduction

1.1 Motivation
In today’s world, not being able to read and write properly is a huge
disadvantage in society. Despite their normal intelligence, indi-
viduals with dyslexia have difficulties learning reading and writing.
Dyslexia is a specific learning disorder which affects 5% to 15% of
the global population [2].

Dyslexia in children is often detected by spelling and reading
mistakes, as well as a lack of reading and writing skills that
indicates academic failure. A person with dyslexia demonstrates
normal or high levels of intellectual functioning [2] and is thus
able to consciously compensate for these deficits [87], making
dyslexia hard to detect. Observable manifestations of dyslexia
typically emerge when a child reaches a certain age and literacy
level. This is why current approaches for screening pre-readers
require expensive personnel (such as a professional therapist) or
special hardware (such as MRI or fMRI scanners [94, 95, 150]
or eye-tracking [4]). Also, most of the methods can only be used
when children are learning how to read but not before, which
delays needed early intervention.
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Detecting dyslexia is important because early intervention is
key to avoiding the negative effects of it, such as school failure
or negative thoughts [138]. The literature shows that dyslexia
is related to various non-linguistic indicators such as short-term
memory [47], visual-spatial attention [38], motor skills [87], reduced
phonological information processing [103], auditory perception
[47], or phonological working memory [103]. Furthermore, Nicol-
son and Fawcett provide evidence that children with dyslexia
show lapses of concentration when applying cognitive or motor
skills [87]. To sum up, prior work found evidence in lab studies of
language-independent indicators associated with dyslexia, such
as visual-spatial attention and phonological working memory.

Our work shows how to design language-independent content
with non-linguistic indicators for universal dyslexia screening using
games and a machine learning prediction using the interaction
data. At this point, a long-term study with pre-readers would
be very time-consuming, since the effort to find participants is
high, participants are less likely to be diagnosed, and much time
passes before results are available. An online study with readers
has the advantage of reducing the effort and time required to
design content, conduct various experiments for optimization, and
increase the number of participants. Nevertheless, the language-
independent content can be used to screen pre-readers who do
not yet have any language skills.

We consider our research game not as a medical detection tool
but as an objective, uncomplicated, user-friendly web screening
tool. Such a web game has the potential to be low-cost and eas-
ily accessible, as it is available for a broader audience through
the Web. It can also serve to make parents aware of the risks
of dyslexia and guide them to additional help and resources (e.g.,
medical doctor or therapist).

Given the previous context, there are threemainmotivations be-
hind our work, each onewith a high social impact. First, dyslexia oc-
curs frequently and across different languages and cultures [2, 104,
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163, 164] and can have strong negative effects on individuals [138].
Second, a language-independent screening tool could be the start-
ing point of early detection for pre-readers, which is a challenge [6].
Hence, children have more time to learn compensation strategies,
which reduces the pressure placed on them and increases their
chances for success. Third, a low-cost, playful, and easily adapt-
able screeningmethod can reach a wide population, making people
aware of the risk of dyslexia as well as guiding parents to more help.

A person with dyslexia has difficulties with reading and writing
that are independent from intelligence, mother tongue, social sta-
tus, or education level. Hence, people with dyslexia understand
the meanings of words, but do not always know how to spell or
pronounce them correctly. However, children with dyslexia do not
show any obvious difficulties in other areas. This is why dyslexia is
considered to be a hidden disorder. This often results in bad grades
in school and frustration for the children and parents over many
years. Around 40% to 60% of children with dyslexia show symp-
toms of psychological disorders [138] such as negative thoughts,
sadness, sorrow, or anxiety. A study showed that even if the child
is diagnosed by the age of eight, they achieve lower school perfor-
mance [31]. Also, according to the same study, the unemployment
rate for adults with dyslexia is higher. Moreover, these are common
indicators for detecting a person with dyslexia.

The International Dyslexia Association states that “15% to 20%
of the population has a language-based learning disability” [65].
Even though language acquisition depends on the syllabic com-
plexity and orthographic depth of a language [145], results show
that similarities between readers with dyslexia in English and in
German are far bigger than their differences [167]. Also, similar
types of errors were found in texts written by people with dyslexia
for English, Spanish [123], and German [118]. Multiple factors
have been investigated to discover the causes of dyslexia, how to
measure it, and which skills need to be trained to improve reading
and writing [21].
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Current approaches such as the German test Diagnostische
Rechtschreibtest [51] detect dyslexia mainly by the spelling and
reading mistakes of a child, which requires the child to have lin-
guistic skills [2, 23, 140]. The reason early prediction of dyslexia is
considered challenging [6] is that dyslexiamanifests itself in reading
and writing, skills which have not yet been acquired by pre-readers.
However, early detection is needed, since it is possible for a per-
son with dyslexia to gain reading comprehension and spelling ac-
curacy with appropriate intervention. As a matter of fact, children
with dyslexia can learn the spellings of words or decode words for
reading, but they need more time to practice [138]. For example,
children need two years instead of one for learning how to spell pho-
netically accurate words. Hence, to provide children with dyslexia
more time to practice, help them to avoid frustration, and give them
the possibility to succeed, early, language-independent detection
is needed. Our overall hypothesis is therefore:

Dyslexia is normally detected using linguistic ele-
ments. That is only possible when children have
already developed reading skills. Is it possible to
detect a child at risk for dyslexia with language-
independent content?

Language-independent content could be used to screen pre-
readers for dyslexia as well as to screen dyslexia across lan-
guages. Dyslexia has been studied extensively, but no scientific
agreement on the causal origin has been achieved [15]. Currently,
there are two main theories, considering either visual [156] or
auditory [46] perception to be a critical causal component. It has
been argued that dyslexia might be mainly rooted in phonological
and perception differences [46]. Non-digital approaches, e.g.,
[70], try to predict the literacy skills of children with phonological
perception, phonological working memory processing, long-term
memory, and visual attention (quoted after [148]). Another line of
research suggests that reading difficulties are due to problems with

4



visual-spatial attention and poor coding rather than phonological
difficulties [156]. In fact, non-similar sounds might be used as a
compensation strategy to cope with dyslexia, which breaks down
when we have phonetic ambiguity. In other words, we see a
symptom of the problem, but not the real cause. To conclude,
the literature shows evidence of non-linguistic indicators related
to dyslexia. These indicators could be integrated into a game
designed to screen for dyslexia, which could also address the
challenge of early dyslexia screening [6].

Lately, it has been shown that computer games are a conve-
nient medium to easily, quickly, and cost-efficiently screen children
with dyslexia using a web tool that, among other things, analyzes
word errors from people with dyslexia [127]. However, collecting
health data is costly in terms of time and resources [34]. Recently,
machine learning has been used to predict dyslexia, using people
with and without dyslexia to distinguish differences between
small groups [6]. However, when machine learning techniques
are applied to small data, precautions of over-fitting need to be
addressed [30].

This prior work motivated us to design our language-
independent game content with auditory and visual cues to analyze
the differences in game measures between children with and with-
out dyslexia. For the content design of the auditory and visual cues,
prior language acquisition, phonological awareness, letter naming,
and letter recognition are not required. Combining the language-
independent content with a web game can make the screening
playful and easily accessible for a wider population. An additional
advantage of a language-independent approach is that only the in-
structions for the supervisor need to be translated. Such a low-cost,
playful, and easy-to-use screening tool could raise awareness of
dyslexia, guide parents to more help, and therefore support 5% to
15% of the child population.
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1.2 Goals
In our work, we first aim to provide predictive results on the univer-
sal screening of dyslexia with language-independent content using
games and amachine learning prediction using the interaction data.
There are three secondary goals:

• To design language-independent content that can be used as
input in a game to measure differences between children with
and without dyslexia.

• To design web applications as a low-cost approach for non-
professionals to conduct a quick and preliminary screening of
people whomay have dyslexia and should see a professional.

• To find significant dependent measures to distinguish children
with and without dyslexia, as well as to screen children for
dyslexia using machine learning classifiers.

We aim to reach our goals for this thesis by answering the fol-
lowing research questions:

R1 Are there significant statistical differences between children
with and without dyslexia when playing a game with auditory
and visual content?

R2 Is it possible to predict risk of dyslexia based on language-
independent auditory and visual content using a game and
machine learning for different languages?

R3 Is it possible to predict risk of dyslexia based on generic
language-independent visual and auditory content with var-
ious indicators using a game and machine learning?
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1.3 Challenges
Early, accurate prediction of dyslexia remains a challenge [6] be-
cause dyslexia is known for causing reading and writing problems
but no obvious deficits in other areas. As explained in the motiva-
tion section, this is why dyslexia is referred to as a hidden disorder.
Therefore, we need to design language-independent content fit to
differentiate between children with and without dyslexia.

Another challenge is finding language-independent content
that can show measurable differences between children with and
without dyslexia that are comparable to differences in reading
and writing mistakes. Designing language-independent content is
probably the greatest challenge (also according to a report from
the National Center on Improving Literacy [97]) because the new
indicators, though related to the reading and writing difficulties,
are probably not the main causes. Additionally, our baseline
for separating the participant groups is affected by the different
standards of diagnostic tools and the high variance of dyslexia.
Furthermore, this new content needs to be integrated into a game
context, as well as be designed to be used in an online experiment
as a game. Previously studied language-independent indicators
have been used in lab settings, which means these indicators
have been tested in controlled environments. That is not the case
for online experiments. Consequently, external factors must be
controlled and influences made transparent for the analysis. We
need to design the game with the proper indicators (content) and
game constraints in order to collect dependent measures that
reveal differences between the participant groups.

A further challenge for this thesis is in using small data to pre-
dict dyslexia with existing machine learning and without over-fitting.
This will be a challenge throughout the thesis, as engaging partic-
ipants over the Web, specifically parents of children 7 to 12 years
old, requires a lot of time, communication, and recruitment.
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1.4 Contributions
The main contributions of this Ph.D. are the game content design
for the experiments, the data sets collected, and the first screen-
ing results with language-independent content using a game and
machine learning prediction techniques. These games provide first
results on screening a person at risk for dyslexia with language-
independent content using a machine learning prediction using the
interaction data. They may also give children time to practice skills,
help them to gain confidence in their abilities, and increase their
chances for success in school.

In the following, we list the publications that we published while
working on this thesis.

• Rauschenberger, M., Willems, A., Ternieden, M., and
Thomaschewski, J. (2019). Towards the use of gamification
frameworks in learning environments. Journal of Interactive
Learning Research, 30(2) (Section 2.4, Chapter 3 and
Appendix A.1, [122]).

• Rauschenberger, M., Baeza-Yates, R., and Rello, L. (2019).
Technologies for Dyslexia. In Web Accessibility A Founda-
tion for Research (Second Edition). Springer-Verlag London
http://doi.org/10.1007/978-1-4471-7440-0 (Chapters 1,
2 and 6, [114]).

• Rauschenberger, M., Rello, L., and Baeza-Yates, R. (2018).
A Tablet Game to Target Dyslexia Screening in Pre-readers.
In Proceedings of the 20th International Conference on
Human-Computer Interaction with Mobile Devices and
Services Adjunct - MobileHCI ’18. Barcelona: ACM Press
(Chapter 5, [113]).

• Rauschenberger, M., Rello, L., Baeza-Yates, R., and Bigham,
J. P. (2018). Towards Language Independent Detection of
Dyslexia with a Web-based Game. In Proceedings of the
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Internet of Accessible Things on - W4A ’18. Lyon, France:
ACM Press http://doi.org/10.1145/3192714.3192816
(Chapter 4; Section 2.2.4 and 2.2.5, [115]).

• Rauschenberger, M., Rello, L., Baeza-Yates, R., Gomez, E.,
and Bigham, J. P. (2017). Towards the Prediction of Dyslexia
by a Web-based Game with Musical Elements. In Proceed-
ings of the 14th Web for All Conference on The Future of Ac-
cessible Work - W4A ’17 (pp. 1–4). Perth, Western Australia:
ACM Press http://doi.org/10.1145/3058555.3058565
(Chapter 4, [117]).

• Rauschenberger, M. (2016). DysMusic: Detecting Dyslexia
by Web-based Games with Music Elements. In The Web for
All Conference Addressing Information Barriers – W4A’16.
Montreal, Canada: ACM Press (Chapter 4, [106]).

1.5 Structure
The thesis is organized as follows (overview in Figure 1.1). After
the introduction (Chapter 1) is the background (Chapter 2), in which
we provide a description of dyslexia, the state-of-the-art on screen-
ing for readers and pre-readers, the design approaches, and gam-
ification. In Chapter 3 we explain the overall thesis methodology
and the details of the experimental design. We show in Chapter 4
the design of the language-independent content and the significant
measures. We also present the first prediction for screening the risk
of dyslexia with language-independent content (auditory and visual)
using a game and machine learning. In Chapter 5 we present the
added generic content and content related to more characteristics
of dyslexia, as well as the improved auditory gameplay. The thesis
ends with our conclusion and proposed future lines of research.

9

http://doi.org/10.1145/3192714.3192816
http://doi.org/10.1145/3058555.3058565


Figure 1.1: Content structure of the thesis.
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Chapter 2

Background

2.1 Introduction
In this chapter, we present the topics that are most relevant to our
objectives into three parts: We start with an explanation of dyslexia
and a review of the state-of-the-art that is relevant to our work. Then
we present the core approaches used to design the thesis, the ap-
plication, and the evaluation. We finish with an explanation of gam-
ification. The content of Section 2.2 was published in [114, 115].
Parts of the content of Section 2.4 were published in [122].

2.2 Dyslexia
In this section, we explain the main characteristics of dyslexia
and present the state-of-the-art related to the thesis, focusing on
screening dyslexia for readers and pre-readers as well as on the
visual and auditory perception of dyslexia.

The American Psychiatric Organization defines dyslexia as a
specific learning disorder which affects around 5% to 15% of the
global population [2]. A person with dyslexia has visual and audi-
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tory difficulties with reading and writing independent of intelligence,
native language, social status, or education level [163, 164]. The
definition of dyslexia in the Diagnostic and Statistical Manual of
Mental Disorders (DSM) is in harmony with the International Statis-
tical Classification of Diseases and Related Health Problems (ICD –
10/ – 11) [2, 163, 164].

Hence, people with dyslexia understand the meanings of words
but do not always know how to spell or pronounce the words cor-
rectly. Thus, children with dyslexia have no apparent difficulties
in other areas, meaning that difficulties (reading and writing) can
only be noticed after the children have gained literacy. This is
why dyslexia is called a hidden disorder. Often, it results in bad
grades in school and frustration for the children and the parents
over several years. Between 40%and 60%of children with dyslexia
show symptoms of psychological disorders [138] such as negative
thoughts, sadness, sorrow, or anxiety. Moreover, these are com-
mon indicators for detecting a person with dyslexia.

Dyslexia occurs in different languages and cultures [2, 104],
although language acquisition depends on the syllabic complexity
and orthographic depth of a language [145]. Research shows
that the similarities between readers with dyslexia in English and
German are much greater than their differences [167]. Further-
more, errors made by persons with dyslexia are similar in English,
Spanish [123] and German [118].

The treatment and diagnosis of dyslexia depends on the unique
guidelines for each country, such as in Germany [29] or the Unites
States of America [159]. Still, all guidelines are commonly based
on the definitions of the DSM-5 [2] and/or ICD-10/-11 [163, 164].

As a matter of fact, children with dyslexia can learn the spelling
of words or decode words for reading, but they need more time to
practice. In Germany, for example, Schulte-Körne et al. state that
children need two years instead of one for learning how to spell pho-
netically accurate words [138]. Although a person with dyslexia can
improve reading comprehension and spelling accuracy, a certain
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degree of difficulty will most likely remain, and assistive applica-
tions for reading and writing can be helpful. Overcoming dyslexia
involves a great effort for children and requires doing language ex-
ercises regularly [60]. Schulte-Körne et al. [139] showed that it
takes longer for children with dyslexia to achieve school grades
that are equal to those of their peers, even if these children have
an above-average socio-economic background. For example, in
Germany, only 25% of the poor spellers achieve average spelling
performance during the period of primary school [130]. Hence, in
order to give children with dyslexia more time to practice and the
possibility to succeed, early detection is needed.

Multiple factors have been investigated to discover the causes
of dyslexia and measure it, as well as to understand which skills
need to be trained to improve reading and writing [21, 27]. Cur-
rently, dyslexia is connected to nine genetic markers, and reading
ability is highly hereditary [27]. However, dyslexia cannot be re-
duced to one cause; rather, it is a combination of factors. There-
fore, the DSM-V has been updated to reflect the fact that “most
children with a specific learning disorder manifest deficits in more
than one area” [14]. For example, one genetic marker is connected
to the “deficits in memory, phonological decoding, sight word read-
ing, orthographic decoding, [...] and spelling” [27]. Another genetic
marker is connected to phonological awareness, spelling, phone-
mic decoding, and sight word reading [27]. Yet, today’s dyslexia
diagnoses (i.e., spelling tests) and/or treatment (i.e., syllable train-
ing) historically does not consider visual and auditory perception
in addition to various indicators, but mainly addresses the spelling
and reading mistakes [51, 148].

Over the last decades, dyslexia has been studied from different
fields, but no scientific agreement of the causal origin has been
achieved [15]. There are two main theories at this point [27]. One
considers visual perception [156] to be a key attribute for the cause
of dyslexia depending on the information processing and memory,
while the other considers it to be auditory perception [46].
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Researchers argue that dyslexia might be mainly based on
phonological and perception differences [46]. Moreover, previous
research has related speech perception difficulty to auditory pro-
cessing, phonological awareness, and literacy skills [27, 133, 149].
Phonological deficits of dyslexia have also been linked to basic au-
ditory processing [53]. The auditory perception of children with
dyslexia has been proven to be related to sound structure [63]
as well as to the auditory working memory [82]. Non-digital ap-
proaches, e.g., [70], try to predict the literacy skills of children using
phonological perception, phonological working memory process-
ing, long-term memory, and visual attention (quoted after [148]).
Another line of research suggests that reading difficulties are due to
visual-spatial attention problems and poor coding instead of phono-
logical difficulties [156]. Apart from this, researchers suggest visual
discrimination and search efficiency as predictors for future read-
ing acquisitions [38]. Recently, the missing visual asymmetry is
proposed as one of the many possible causes of dyslexia [77].

Dyslexia is highly comorbid with other neuro-development
disorders such as specific language impairment, attention-deficit
hyperactivity disorder (ADHD) or dyscalculia [27]. For example,
around 20% of children with dyslexia have ADHD [138]. As with
dyslexia, ADHD [83] and dyscalculia [81] show difficulties for work-
ing memory. However, when compared, the different disorders
show different deficits: e.g., dyslexia corresponds with deficits
in phonological perception, dyscalculia with deficits in visual
perception, and ADHD with deficits in central executive functioning
[81]. Maehler and Schuchardt [81] did not find interaction effects
between the disorders and concluded that comorbidity causes
additive working memory deficits.

Lately, it has been shown that computer games are a convenient
medium for providing an engaging way to significantly improve the
reading [44, 75] and spelling [44, 128] performances of children with
dyslexia. Additionally, research showed that readers with dyslexia
could be detected easily and cost-efficiently with a web tool that,
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among other things, analyzes word errors from people with dyslexia
[127, 129]. Next, we provide an overview of dyslexia screening
related to this thesis.

2.2.1 Dyslexia Screening
Due to the fact that dyslexia has nothing to do with intelligence, the
difficulties for reading and writing seem to be just one thing they
are not so good at. However, as mentioned in the previous section,
dyslexia is connected to various factors instead of one cause [27].

Historically, the rates of spelling mistakes and reading errors
have been the most common way to detect persons with dyslexia,
using the widely-used paper and pencil assessments. Examples
of the most common ways to detect children with dyslexia are
summarized in [148]. Since people with dyslexia exhibit higher
reading and spelling error rates than people without dyslexia
independent of language (e.g., English [23], German [138], Greek
[102]), there are diagnoses of dyslexia based on the error scores
[140]. For instance, dyslexia is diagnosed in Germany if the
spelling performance of the child is significantly under the level
expected for a child of his or her age and general intelligence
(example: 10 error words out of 40 words [138]). Other causes,
such as insufficient vision or hearing ability, brain injury, or lack of
opportunity to learn, must be excluded first [163, 164]. To confirm
the diagnosis of dyslexia, there has to be a considerably high
intelligence performance relative to a low spelling performance.

Most current approaches to detect dyslexia require linguistic
skills (i.e., phonological awareness or letter recognition for e.g., a
spelling test [51]), expensive personnel (i.e., psychologists) or spe-
cial hardware (i.e., MRI or fMRI Scans [94, 95, 150] or eye-tracking
[4]). Various tools to detect dyslexia exist [148], but these detection
tools are paper-based, using pen and paper assessment as well as
indicators related to linguistic skills.
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Detection and especially early detection of dyslexia is important
because early intervention avoids adverse effects of dyslexia such
as school failure and low self-esteem [138]. Often, children and
their families have already experienced failures and frustration due
to the inexplicable problems with learning how to read and write.
Spelling tests force children with dyslexia to fail again while under
observation, leading to additional stress and frustration. Therefore,
in recent years, computer games have been used to provide sup-
port for children with dyslexia in an engaging, convenient, and cost-
efficient way [75, 107, 128, 129].

There are few applications, especially web applications, for
playful and low-cost screening; hence, it is an emerging field of re-
search. We then present the state-of-the-art in the next sections on
different approaches for screening readers and pre-readers using
web applications and/or games.

2.2.2 Screening for Readers
Different spelling tests and reading tests are provided in different
languages and have their history in paper-based detection. Paper-
based spelling tests, such as the Diagnostische Rechtschreibtest
(DRT) [51] in German, the PROLEC in Spanish [24, 25], and the
DST-J in English [36], focus on the spelling and reading mistakes
of children compared to their peers.

Tools and research focus on differentiating a person with
dyslexia from a person without dyslexia (criteria of [2, 163, 164]).
Various approaches to screening with a web application or analy-
sis with machine learning have been successful for different use
cases: machine learning prediction of eye-tracker fixation points
when reading [4]; assessment of standardized tests battery in a
web application using reading and attentional tests [11]; support
vector machine (SVM) classification using content from electroen-
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cephalography (EEG1) [39]; or the prediction with game measures
using machine learning with content related to linguistic and atten-
tional abilities [127]. A survey of machine learning approaches
to distinguish readers with and without dyslexia concluded that
dyslexia has to be differentiated by a language-based classifica-
tion [6]. Screening with applications for readers is mainly based
on the perception of linguistic skills [11, 79, 86, 127] (e.g., phono-
logical awareness, letter recognition) but also on visual or auditory
short-term memory [127] or phonological processing [133]. Mainly,
these web applications have been designed as a low-cost approach
for non-professionals as a quick screening tool to identify people
that may have dyslexia and should go to see a professional. An
overview of the cognitive skills tested, using tools related to this
thesis, is given in Tables 2.1 to 2.3.

Next, we explain in detail those tools for detecting children with
dyslexia.

• Dytective [125, 127, 129] is a web-based game with differ-
ent stages to detect dyslexia with machine learning prediction
models. The stages exist in German, English, and Spanish.
Each stage has a new task, e.g., click the target non-word
in a grid (see Figure 2.1, a) or search for the different letter
in a letter grid (see Figure 2.1, right). Dytective in English
has an accuracy of 83% for detecting a person with dyslexia
(
∑

=267; n=52 with dyslexia, n=9 maybe with dyslexia and
n=206 without dyslexia) [129]. Dytective in Spanish has an
accuracy of almost 85% in a small data set (

∑
=243; n=95

with dyslexia, n=31 maybe with dyslexia and n=117 without
dyslexia) [127]. In addition, a recent study with 4,333 par-
ticipants was shown to have an accuracy of around 80% for
detecting a person with dyslexia [125]. As of yet, we could
not find a published evaluation for German. We report in the
Table only the results from the Spanish evaluation with 4,333

1EEG monitors the brain activity.
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Figure 2.1: Example exercises from the dyslexia screener Dytec-
tive English: a) player needs to click the target non-word listed
among the distractors; b) player needs to click on the different letter
[129].

participants. The most informative features at the individual
level are how many correct and incorrect answers a partici-
pant has. They plan to include other languages in the future.

• GraphoGame [80] is a game to teach and evaluate early liter-
acy skills. From their pre-analysis of children at risk in Finnish,
they focus on delayed letter knowledge. Measurements are,
for example, phonological manipulation, naming speed, or
verbal short-term memory. GraphoGame provides exercises
for children aged two to six. It requires reading skills, which
is why we included it in this section on screening for read-
ers, although kindergarten children were part of a longitudinal
evaluation. We could not find a published prediction accuracy
for screening children with dyslexia, but the product website
states various use cases and research publications for the
intervention, also in different languages [50].
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• Lexercise Screener [79] is an English screening tool for de-
tecting dyslexia. Children read familiar words, and the par-
ent records the child’s response. This requires phonological
awareness from the parents, whichmight be difficult if the par-
ents have been diagnosed with dyslexia themselves. Hence,
a lack of objectivity needs to be taken into account.

• Nessy [20, 86] is another English screening tool for detect-
ing dyslexia. Exercises are designed to test many cognitive
skills (see Table 2.1). It provides exercises for children aged
five to sixteen years, and the test takes around 20 minutes.
The research summary published on their website reports the
results of the multiple regression analysis between the game
and the comprehensive test of phonological processing [18],
with a strong correlation of almost 0.8.

All of the web applications above are mainly designed for desk-
top or laptop computers or tablets. We could only find a published
prediction accuracy for Dytective. Nessy has been evaluated with
multiple regression analysis, but we could not find the details of the
study apart from the research brief published on its website. The
reason might be that these applications are products, and therefore
their approaches are trade secrets.

To sum up, all these screening applications are language de-
pendent. This means, on one hand, that the content of the appli-
cation needs to be adapted for every new language, which is time
and resource consuming. On the other hand, only people who have
already acquired language can be tested (i.e., children need a mini-
mum knowledge of phonological awareness, grammar, and vocab-
ulary for the application to detect or predict dyslexia). In practice,
these tools can only screen children after the first year of school
and not earlier. Therefore, new ways of detecting the risk of having
dyslexia are needed for pre-readers. Next, we present the results
of our literature review for pre-reader screening approaches.
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2.2.3 Screening for Pre-Readers
The detection of dyslexia in children before they learn to read and
write is difficult because the obvious indicators manifest themselves
mainly in reading and writing. As we already pointed out in the pre-
vious sections, the difficulty in detecting dyslexia before children
go to school is in the missing phonological awareness and linguis-
tic abilities. This means that children can be detected only after
they begin to learn how to read and write. This puts students with
dyslexia behind. Therefore, new ways of detecting the risk of hav-
ing dyslexia are needed for pre-readers.

Prior studies show expensive approaches to predict future
language acquisition of pre-readers, e.g., from newborns with
brain recordings [52, 80], infants with rapid auditory cues [8] to
kindergarten children with the perception of visual-spatial attention
[38]. Previous research has related speech perception difficulties
to auditory processing, phonological awareness, and literacy skills
[133, 149]. Phonological deficits of dyslexia have been linked to
basic auditory processing [53]. The auditory perception of children
with dyslexia has been proven to be related to the sound structure
[63] as well as to the auditory working memory [82]. Neither of
these requires reading ability, and thus they may be useful in
detecting dyslexia.

Related research suggests that reading difficulties are due to
problems with visual-spatial attention and poor coding instead of
phonological difficulties [156]. Apart from that, visual discrimina-
tion and search efficiency are used as predictors for future reading
acquisitions [38].

Now, we present selected examples to explain different ap-
proaches that aim to predict dyslexia in pre-readers. We focus
on digital, playful, and low-cost pre-reader screening. All of them
base their approaches on indicators mainly related to linguistic
skills. This rationale is supported by the following assumptions:
(1) dyslexia does not develop when children come to school, but is
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already there before; (2) linguistic related indicators can represent
the difficulties a person with dyslexia has with writing and reading;
and (3) dyslexia can be measured through the interaction behavior
of a person. An overview of the cognitive skills tested in each
application is given in Table 2.4 and their evaluation are presented
in Table 2.5 if results are published. The applications are:

• AppRISE [151] is a recently published promising concept
to screen pre-readers for dyslexia, although the design and
development as well as the validation are not yet published.
This is the reason we only consider the descriptions from the
lab research website [151] and the game website [100, 101].
The goals are to develop a screening tool with non-linguistic
cues and tutorials for English learners [100]. Besides the
cognitive skills presented in Table 2.4, the tablet-based
games aim to measure strength and weakness using literacy
modules (e.g., receptive vocabulary) and cognitive modules
(e.g., cognitive flexibility or nonverbal reasoning) [100]. The
full assessment takes around 3 hours and can be split into
sessions of 30 minutes on different days and a validation
study should be currently in progress [101].

• AGTB 5–12 is a computer-based test for children from age
five to twelve years old [55, 56, 66]. In Germany, it was one
of the first applications that addressed the visual and phono-
logical working memory (quoted after [66]), in addition to the
linguistic skills and working memory. An evaluation with over
1,659 children was conducted in 2008 and 2009 (quoted af-
ter [66]). Based on the results of the pilot tests, which also in-
cluded pre-readers (age 4 or 5), the final AGTB aims to screen
children from ages 5 to 12 [56]. We could not find the de-
tails of this study. On the product website, it is stated that the
Cronbach Alpha is between .58 and .98 for children age five to
eight, while is .67 and .99 for children from the age of nine and
older [56]. AGTB 5 –12 is criticized for its lack of objectivity for
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some tasks because the supervisor has to decide the grading
depending on subjective knowledge [66]. Although AGTB 5
–12 aims to screen pre-readers, the graphical user interface
and its interaction is not specifically designed for smaller chil-
dren. Additionally, both the long duration of over an hour and
the detailed instructions are not suitable for younger children.

• BELS (Boston Early Literacy Screening) aims to screen
dyslexia from four years old. The screener is a recently
published promising concept, though the design and de-
velopment as well as the validation are not yet published.
This is why we only consider the descriptions from the lab
research website [40, 42] and the game website [41]. In
addition to the cognitive skills presented in Table 2.4 is the
gamified screener using language related indicators: rapid
automatized naming, letter (sound) knowledge, vocabulary
and oral listening comprehension [42]. The validation study
should be currently in progress.

• DYSL-X (also called DIESEL-X) aims to predict the possibility
of a child having dyslexia at the age of five [45, 152]. The
three mini-games are designed to measure dyslexia using,
for example, indicators such as letter knowledge, frequency
modulation detection, and end-phoneme recognition [45].
Participants play each of the three games (for an example,
see Figure 2.2, d) four times with no time limit. An example
task is finding a letter. Various empirical evaluations on differ-
ent prototypes were conducted to improve the gameplay and
future implementations for pre-readers, e.g., 15 pre-readers
participated in a diary study and 20 pre-readers participated
in interviews [45]. The results show that pre-readers prefer
touch input over keyboard or mouse [45].

• Game–Collection (CG) has six games, each with a different
challenge and gameplay [43, 44]. The games use visual
and auditory elements and an evaluation was done only on
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Figure 2.2: Screen examples: a) Paths game [43]; b) Lexa [98]; c)
Fence letters game [43]; and d) DYSL-X [152].

the game interaction. The games explore visual cues and
temporal perception for predicting dyslexia at the age of five
or six [43, 44], although children of age three or four tested
the games as well. In the game called Paths, a shape with
similarities to the letter C is used as an indicator (see Figure
2.2, a). The game called Fence Letters, tries to distract
a child while they close the lines to create a letter (see
Figure 2.2, c).The usability test reported that children without
dyslexia (n= 17) got a higher game score, winning a higher
number of matches and using less time than children with
risk of dyslexia (n=6).
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• Lexa [98] is a prototype to detect dyslexia via auditory
processing using oddity and rise time (see Figure 2.2, b).
The simple decision tree analysis of the lab study data
(data was collected by Goswami et al. [46]) was used to
find the most relevant features. With the MATLAB classi-
fication, a higher accuracy (89.2% vs. 53.8%) was found
if no pre-processing of the feature related to phonological
processing was applied. The features description is missing,
although various tests are mentioned, such as the Wechsler
Intelligence Scale for Children (WISC) or the British Ability
Scales (BAS), to collect features. The small sample size
(n=56) with a ∼90% accuracy could mean that the model is
over-fitting and the classification model is only accurate for
this data set because no further measures such as confusion
matrix, recall, F1-score or precision are mentioned, and
no validation is performed. The researchers state that the
biggest challenge is creating different rise times sounds and
determining whether a child is guessing the answer.

The web games presented focus mainly on high-score game
play, easy instructions, colorful representation, and story based
design. AGTB 5–12 [55, 148] and Lexa [98] predict the risk of
dyslexia. Besides AGTB 5–12 [55, 148], all games are proto-
types and have not been brought to the market until now. Only
Lexa [98] reports an accuracy (89.2%) using features related
and not-relevant to phonological processing. However, the tool
is not playful, and features are collected with extensive tests
which probably take considerable time and cost. In addition,
the classification of machine learning is carried out on a small
sample (n = 56), without any validation and with no precautions
or discussions about over-fitting. Apart from Lexa [98], so far, no
evaluation for the prediction accuracy of any of these games has
been made public. Also, the focus for the prediction is mainly on
letter knowledge and phonological awareness.
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The GaabLab collected an exhaustive list of dyslexia screeners
[93] mainly for pre-readers, and there are various new applications
and approaches. Examples of games and approaches are: a
clinical machine learning analysis for language disorders ages 3 to
5 [72]; a serious game using gesture-based interfaces for clinical
diagnosis of learning difficulties [22]; or a concept and puzzle
game evaluated with a usability test [111].

2.2.4 Auditory Perception
As mentioned in the previous sections, dyslexia has been con-
nected to various auditory indicators and empirical results. We pro-
vide in this section an overview of studies and indicators related to
auditory perception, which are essential for our thesis.

From the analysis of error words, we know that children have
difficulties with ambiguous words [118, 126] when the language has
phonetic ambiguity. For example, Greek has almost no phonetic
ambiguity because a grapheme refers to a phoneme, which results
in fewer phonological errors. French, on the other hand, with its
higher phonetic ambiguity, has more phonetic errors [102].

The central assumption of the hypothesis dyslexia is connected
to auditory perception is that phonological indicators or deficits rep-
resent dyslexia [27, 46]. Various studies support the hypothesis be-
cause they found evidence in dyslexia deficits of phonology such as
auditory processing [53], prosodic skills [49], phonemic awareness
[49] or phonological awareness (quoted after [27]).

For example, the rapid auditory processing deficit hypothesis
assumes that individuals with dyslexia have problems processing
short auditory cues. Another theory claims the dynamic change of
the acoustical parameters causes the difficulties [53].

The rise time theory suggests a connection between dyslexia
and slow auditory procession or impaired discrimination of ampli-
tude [27]. Since the phonological grammar of music [99] is similar
to the prosodic structure of language, music, i.e., a combination
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of acoustical parameters, can be used to imitate these features.
Studies showed a significant difference in the perceptions of read-
ers with dyslexia on the syllable stress compared to those of the
control group at the age of 9 [49].

For example, the rise time of a sound could imitate stress lev-
els on syllables. Additionally, findings suggest a relation between
rise time perception and prosodic and phonological development
[63]. Even newborns respond automatically to the complex task of
perceiving music [165] and show differences in perception of sensi-
tivity to native versus non-native rhythmic stress [47] by the age of 5
months or to the phonemic length by 6 months [80]. Because of the
similarities of music and language, different acoustic parameters of
sound have been explored and proven significant in the perception
of children at the age of 8 to 13 years with and without dyslexia
[63] e.g., rise time, short duration (100ms), intensity, and rhythm.
Also, the perception of pitch and its patterns relates to reading skills,
which is a main area of difficulty for people with dyslexia [133, 165].
Furthermore, a lab study showed different behavior of infants (m=
7.5 months) using complex sound frequencies to predict a child’s
language skills at the age of three [8].

A recent study found evidence that dyslexia-associated genes
are related to the encoding of sounds in the auditory brainstem
[9]. However, there are musicians with dyslexia who scored bet-
ter on auditory perception tests than the general population [82].
At the same time, these participants score worse on tests of au-
ditory working memory, i.e., the ability to keep a sound in mind
for seconds. This observation is in line with the results on percep-
tions for short duration sounds [63] and the findings on the prosodic
similarity effects of participants with dyslexia [47]. One connec-
tion between the difficulties in perception of language and music
seems to be the problem with short-term memory and recall of in-
formation chunks [47]. Since people with dyslexia have short-term
memory difficulties [71, 92], questions like “Which sound did you
hear first” or “Which sound is pitched higher?” [63] could deter-
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mine the groups. Huss et al. [63] already showed that significant
performance differences can be found between children age 8 to
13 with and without dyslexia using musical metrical structure in a
controlled setting. These auditory indicators, such as phonological
differences, could be used in a language-independent approach to
screen for dyslexia.

2.2.5 Visual Perception
Apart from the auditory perception results already mentioned in
the previous section, previous research suggests that the cause of
reading difficulties could be partly due to lack of visuo-spatial (also
called visual-spatial [38]) attention and poor visual coding instead
of auditory difficulties [156]. This would mean that the difficulties
people with dyslexia have in reading and writing are due to a poor
decoding of visual cues, e.g., letter recognition, especially for er-
ror cases where a person has a good phonological awareness but
difficulties in reading non-words.

Further, findings also provide evidence that the cause of
dyslexia might be due to a more basic cross-modal letter-to-speech
sound integration deficit and pre-reading visual parietal-attention
[38]. These can predict reading acquisition in preschoolers with
visual-spatial attention. An example of a visual-spatial attention
task is a search task (searching for symbols), which shows sig-
nificant differences in the error rate for poor readers in first grade
compared to their peers [38].

The analysis of error words from children with dyslexia shows
that the correct and incorrect letters in error words are visually simi-
lar, which holds true for different languages, e.g., English, Spanish
[126] or German [118]. The annotated error and correct letters
show similarities in different visual features calledmirror letter (e.g.,
<n> < u>) or fuzzy letter (e.g., < s> and < z >). Some letters
have also similarities in the vertical (e.g., <m>) and horizontal
symmetries (e.g., <E>) through their visual features [126].
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These visual indicators, such as horizontal or vertical symmetry
of visual representation, could be used in a language-independent
approach to screen for dyslexia.

2.3 Design
An interdisciplinary thesis such as ours requires a standardized ap-
proach in order to allow other researchers to evaluate and interpret
our results. Therefore, we used the design science (DS) research
methodology (DSRM) [96] and the human-centred design (HCD)
[67], which are both well-known and well-defined design concepts.
We describe the core elements for each design process in the next
sections. Additionally, we explain the main concepts behind our
experimental design and data analysis.

2.3.1 Design Science Research Methodology
Researchers combine methodologies or approaches and need to
evaluate results from other disciplines. Combining discipline tech-
niques is a challenge because of different terms, approaches, or
communication within each discipline. For example, the same term,
such as experiments, can have a different interpretation in data
science versus human computer interaction (HCI) approaches.
In HCI, experiments mainly refer to user studies with humans,
whereas in data science, experiments refer to running algorithms
on data sets.

The design science research methodology (DSRM) supports
standardization of design science, for example, to design systems
for humans. The DSRM provides a flexible and adaptable frame-
work to make research understandable within and between disci-
plines [96]. Since the early 1990s, design science is integrated
into information systems and provides with the DSRM a methodol-
ogy to justify system design research (quoted after [96]). The core
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elements of DSRM have their origins in human-centred comput-
ing and are complementary to the human-centred design frame-
work [61, 67]. DSRM suggests the following six steps to carry out
research: problem identification and motivation, definition of the
objectives for a solution, design and development, demonstration,
evaluation, and communication.

In the first step, researchers describe the problem and the moti-
vation for the technological solution. The level of detail depends on
the complexity of the problem. Next, the goals and functionality of
the solution are stated, taking into account the information from the
previous step and quantifying the solution. In step three, a tech-
nological solution is designed and implemented with the proposed
architecture or functionality. In the next two steps, the technological
solution is presented and evaluated to compare with the goals set
at step two. In the last step, researchers “communicate the problem
and its importance, the artifact, its utility and novelty, the rigor of its
design, and its effectiveness to researchers and other relevant au-
diences, such as practicing professionals, when appropriate” [96].

The information system design theory can be considered to be
similar to social science or theory building [158]. However, de-
signing systems was not and is still not always regarded to be as
valuable research as “solid-state physics or stochastic processes”
[147]. One of the essential attributes for design science is a system
that targets a new problem or an unsolved or otherwise important
topic for research (quoted after [96] and [58]). If research is struc-
tured in the six steps of DSRM, a reviewer can easily analyze it by
evaluating its contribution and quality. In addition, authors do not
have to justify a research paradigm for system design in each new
thesis or article.

2.3.2 Human-Centred Design
The human-centred design (HCD) framework [67] is a well-known
methodology to design interactive systems that takes the whole de-
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sign process into account and can be used in various areas: en-
terprise software [105, 110], health related applications [1, 43, 108,
152], remote applications (Internet of things) [135], social aware-
ness [157], or mobile applications [1, 111]). With the HCD, design-
ers focus on the user when developing an interactive system to
improve usability and user experience.

“Human-centred design is an approach to interactive sys-
tems development that aims to make systems usable and
useful by focusing on the users [...] and by applying human
factors/ergonomics, and usability knowledge and techniques.
This approach enhances effectiveness and efficiency, im-
proves human well-being, user satisfaction, accessibility
and sustainability; and counteracts possible adverse effects
of use on human health, safety and performance.” ISO 9241-
210 [67]

The two main terms to describe and quantify the methods for
HCD are usability and user experience (UX). How a user interacts
for a certain goal or task in a specific context is called usability [68].
This means a certain type of user (for example a student) wants
to do a specific task (for example, writing an email to her/his pro-
fessor on her/his computer from home). The level of detail for the
task description can depend on the design resources, (i.e., time or
personnel) or design goal, (i.e., proof of concept or product). The
main focus is on the user achieving the task effectively, efficiently,
and with satisfaction. User experience incorporates usability and
advances the concept of interaction through the perception and re-
sponses of the user as well as the “emotions, beliefs, preferences,
perceptions, physical and psychological responses, behaviors and
accomplishments that occur before, during and after use” [67].

The HCD is an iterative design process (see Figure 2.3). The
process starts with the planning of the HCD approach itself. Af-
ter that, the (often interdisciplinary) design team members (e.g.,
UX designers, programmers, visual designers, project managers
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Figure 2.3: Activities of the human-centred design process visu-
alised by the author from [68].

and/or scrum masters) define and understand the context of use,
(e.g., at work in an open office space). Next, user requirements are
specified and can result in a description of the user requirements or
a persona to communicate the typical user’s needs to e.g., the de-
sign team [7]. Subsequently, the system or technological solution
is designed with the defined scope from the context of use and user
requirements. Depending on the skills or the iterative approach, the
designing phase can produce a (high- or low-fidelity) prototype or
product as an artifact [7]. A low-fidelity prototype, such as a pa-
per prototype, or a high-fidelity prototype, such as an interactive
designed interface, can be used for an iterative evaluation of the
design results with users [3].

Ideally, the process finishes when the evaluation results reach
the expectations of the user requirements. Otherwise, depending
on the goal of the design approach and the evaluation results, a new
iteration starts either at understanding the context of use, specify-
ing the user requirements, or re-designing the solution. Early and
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iterative testing with the user in the context of use is a core element
of the HCD. This is especially true for new and innovative products,
as both the scope of the context of use and the user requirements
are not yet clear and must be explored.

There are various methods and artifacts which can be included
in the design approach depending, for example, on the resources,
goals, context of use, or users. An example for a design method
is in the principles of Gestalt psychology [91]. The principles are
especially useful when the user interaction cannot be known from
previous experience. The design principles of affordance or law of
proximity [91] support the design of new technological solutions.
Affordance describes how the interaction is known by the design,
e.g., how to use a door handle when it is designed differently. Law
of proximity describes how close design elements belong together,
e.g., button and description.

Evaluation methods are, for example, the five-user study [89],
the User Experience Questionnaire (UEQ) [59, 112, 119], obser-
vations, interviews, or the think-aloud protocol [16]. For instance,
the five-user study is commonly used to find the major difficulties
in the prototype or product, which is iterated over the designed
solutions [89, 91]. This is especially helpful for new technological
solutions with limited resources. The five-user test can also be
divided by user groups, e.g., children, parents, students, power
users, or routine users.

Methods can be combined to get quantitative and/or qualitative
feedback, and the most common sample size at the Computer Hu-
man Interaction Conference (CHI) in 2014 was 12 participants [19].
With small testing groups (n<10−15) [19], mainly qualitative feed-
back is obtained with (semi-structured) interviews, think-aloud pro-
tocol, or observations. Taking into account the guidelines for con-
ducting questionnaires by rules of thumb, like the UEQ could be
applied from 30 participants to obtain quantitative results [120].
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2.3.3 General Considerations of Research Design
In a quasi-experimental study, there is control over certain variables
such as participant attributes, which then assigns participants to ei-
ther the control or the experimental group [37]. An example of such
an attribute could be whether or not one has a dyslexia diagnosis.In
a within-subject design [37], all participants take part in all study
conditions, e.g., tasks or game rounds. When applying a within-
subject design, the conditions need to be randomized to avoid
systematic or order effects produced by order of the conditions
[37]. These unwanted effects can be avoided by counterbalancing
the order of the conditions, for example with Latin Squares [37].

The advantage of a repeated-measures design in a within-
subject design is that participants can engage in multiple conditions
[37]. When participant attributes such as age or gender are sim-
ilar in different groups, a repeated-measures design is more
likely to reveal the effects caused by the dependent variable of
the experiment.When conducting a within-subject design with
a repeated measures design, and assuming a non-normal dis-
tribution for independent participant groups, application of the
Mann-Whitney-Wilcoxon Test (also called independent Wilcoxon
Test) is recommended [37]. To avoid confusion with the Wilcoxon
Signed-Rank Test, which is for dependent groups, we will refer to
the Mann-Whitney-Wilcoxon Test as simply the Mann-Whitney U
Test, as it as been called by various authors. [37, 146].

Testing for one hypothesis, such as “a person with dyslexia
clicks more than a person without dyslexia”, involves a one-tailed
test [37]. The homogeneity of variance assumes that the variation
of a population in different experimental conditions is nearly equal.

The American Psychological Association recommends integrat-
ing the effect size to estimate the size of effect for the population
(quoted after [37]). To quantify the effect of the results, the effect
size can be calculated with, for example, Cohen’s d. Or, the effect
size (r) can be calculated as
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r=
z√
N

where z is the z-score and N is the number of observations
[37]. The effect size is considered to be small if the value is 0.10,
medium if it is 0.30, and large if it is 0.5 [37]. As for psychology
in HCD, multi-variable testing must be addressed to avoid having
significance by chance. This can be achieved by using a method
such as Bonferroni-Correction and having a clear hypothesis.

Big data has a different meaning to people depending on the re-
search context, profession or mindset. We use the term “big data”
in terms of size [34]. The decision for an algorithm to investigate
your data set depends on the size, quality and nature of the data
set as well as the available computational time, the urgency of the
task, or the research question. In some cases, small data is prefer-
able to big data because it can simplify the analysis [34]. In some
circumstances, this leads to more reliable data, lower costs, and
faster results. In other cases, only small data is available.

Dependent measures are used to find, for example, differences
between variables, [37] while features are used as input for the clas-
sifiers to recognize patterns [13]. Machine learning is a data-driven
approach in which the data is explored with different algorithms to
minimize the objective function [30]. We are referring to the im-
plementation of the Scikit-learn library version 0.21.2 if not stated
otherwise [143]. Although a hypothesis is followed, optimizing the
model parameters is not generally considered problematic unless
we are over-fitting (also written as overfitting), as stated by Diet-
terich in 1995:

“Indeed, if we work too hard to find the very best fit to the
training data, there is a risk that we will fit the noise in the
data by memorizing various peculiarities of the training
data rather than finding a general predictive rule. This
phenomenon is usually called overfitting.” [30]
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Figure 2.4: Approach of cross-validation from [141].

If enough data is available, common practice holds out (that
is separating data for training, test or validation) a percentage to
evaluate the model and to avoid over-fitting, e.g., a test data set
of 40% of the data [141]. A validation set (holding out another
percentage of the data) can be used to, say, evaluate different
input parameters of the classifiers to optimize results [141], e.g.,
accuracy or F1-score. Holding out part of the data is only possible
if a sufficient amount of data is available. Models performed on
small data are prone to develop over-fitting due to the small sample
and feature selection [69]. Cross-validation with k-folds can be
used to avoid over-fitting when optimizing the classifier parameters
(see Figure 2.4). In such cases, the data is split into training and
test data sets. A model is trained using subsets (typically k-folds,
5-folds, or 10-folds) of the training set, and is evaluated using the
test data [141]. It is recommended that one hold out a test data set
while using cross-validation when optimizing input parameters of
the classifiers [141]. However, small data sets with high variances
are not discussed.
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Model-evaluation implementations for cross-validation from
Scikit-learn, such as cross val score function, use scoring parame-
ters for the quantification of the quality of the predictions [142]. For
example, with the parameter balanced accuracy imbalanced data
sets are evaluated. The parameter precision describes the classi-
fiers ability “not to label as positive a sample that is negative” [142].
Whereas the parameter recall “is the ability of the classifier to find
all the positive samples” [142]. As it is unlikely to have a high pre-
cision and high recall, the F1-score (also called F-measure) is a
“weighted harmonic mean of the precision and recall” [142]. Scikit-
learn library suggests different implementations for computing the
metrics (e.g., recall, F1-score) and the confusion matrix [141]. The
reason is that the metric function reports over all (cross-validation)
fold, whereas the confusion matrix function returns the probabilities
from different models.

2.4 Gamification
Gamification has been successfully used in various use cases and
applications and frameworks have been established [54, 84, 132,
144]. The concept of Gamification is using game elements related
to, for example, emotions or progressions in applications for differ-
ent contexts to engage and motivate users. Gamification can be
used to design the gameplay of a game. The gameplay can be de-
scribed as “the degree and nature of the interactivity that the games
include” [134]. This can refer to, for example, the rules within which
players canmake their choices, such as deciding to interact with an-
other game character. The gameplay is what allows the interaction
of the player with another game character. However, the player
makes the choice of agreeing or disagreeing in the conversation,
which determines how the game reacts. To support the design of
educational environments that improve students’ engagement and
motivation, applying the concept of gamification is beneficial.
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2.4.1 The Evolution of Gamification
At first, in 2003, the term gamification was used to describe the pro-
cess of making electronic devices more entertaining [160]. Gamifi-
cation appeared in the domain of software engineering in 2008 and
gained widespread acceptance in the following years, significantly
influenced by the presentation of Schell [137].

The marketing-based perspective from Zichermann and Cun-
ningham [166] defines gamification as a process of applying game-
thinking and gamemechanics to engage users and solve problems.
Game mechanics are defined as various game elements such as
points, levels, leaderboards, badges and challenges.

Since 2011, the concept of gamification has received compre-
hensive academic attention as different approaches to defining the
concept have emerged. Deterding et al. [28] define gamification as
the use of game design elements in non-game contexts. They de-
fine game design elements as components, patterns, guidelines,
and models, as well as processes and practices from the field of
game design. The design aspect of the definition is used to de-
limit the creation of gamified applications in relation to fully fledged
games, especially for entertainment purposes. The notion of a non-
game context is proposed to define the application of gamification
in contexts other than games. This definition makes no assumption
about the purpose or field of application of gamification.

Huotari and Hamari [62] define gamification from a service mar-
keting perspective as enhancing a service with affordances for
gameful experience. They point out that the user’s experience and
value creation are influenced and supported by the gameful experi-
ence of a service. A service is described as any intentional act that
helps an entity. The value of a service is determined by the user’s
individual perception, as the service provider can only propose an
intended value.

The definition of Huotari and Hamari [62] stands in some con-
trast to the definition of Deterding [28]. Notably, it negates the
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importance of explicit game elements for gamification. Rather, it
states that gamification occurs by enhancing a service with any
qualities that help to elicit a gameful experience.

Werbach and Hunter [160] portray a business oriented ap-
proach to gamification and define the concept as the use of game
elements and game-design techniques in non-game contexts. The
authors give a further definition of game elements, presenting a hi-
erarchy of game elements in the form of a pyramid. This hierarchy
separates game elements into levels of abstraction, with the most
abstract (dynamics) at the top, mechanics in the middle, and con-
crete components at the bottom. They also introduce a six-step
process for applying game elements to the target system which in-
volves defining business objectives, identifying players and activi-
ties, and other actions.

Kapp [131] defines gamification as using game-based me-
chanics, aesthetics and game thinking to engage people, motivate
action, promote learning and solve problems. At the core of the
definition is the aspect of game thinking, which applies elements
like competition, cooperation, discovery and narration to everyday
activities.

From the contributions above, the definition of Deterding [28] is
the most abstract and comprehensive, and thus it can be applied
in many different contexts. Therefore, we use it to build a working
definition upon which this work is based: gamification is the use
of game-design elements in non-game contexts to enhance user
experience.

2.4.2 Gamification vs. Serious Games
Gamification is difficult to define precisely, as shown by the many
definitions above. As a tool in the field of software engineering, it
touches on many different adjacent fields such as human-centred
design or motivational psychology. It also stands in contrast to
related concepts like the widely-known genre of serious games.
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Figure 2.5: Our synthesis from elements of game design to different
outcomes.

To explain the controversy, we shortly describe serious games.
Sawyer [136] defines serious games as the meaningful use of com-
puterized games whose primary purpose is not entertainment.

Serious games as a special form of video games have a long
tradition, as there are examples as old as the first video games.
Some of the most popular examples were created to serve a variety
of purposes: The Oregon Trail, 1973, Education; America’s Army,
2002, Military; X-Plane 10, 2012, Training [76].

The idea of serious games stands in contrast to gamifica-
tion, as gamification is exclusively applied to non-game systems.
This distinction of terms is illustrated in Figure 2.5. The graphic
shows the path a system can follow in its development. Start-
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ing with the use of game design elements, the character of a
system depends on the purpose the system pursues. The fi-
nal status is determined by the user’s perception of the sys-
tem.

2.5 Summary
The previous sections presented the current knowledge of how to
detect a child with dyslexia, auditory as well as visual perception,
design, and games.

Dyslexia is a specific learning disorder [2, 163, 164], which
is probably caused by the phonological skills deficiencies asso-
ciated with phonological coding deficits [155] and problems with
visual-spatial attention [38, 156].

In summary, there have already been improvements in both
the screening of dyslexia and the evaluation of these approaches.
However, detecting dyslexia in a pre-reader is especially challeng-
ing because dyslexia often causes reading and writing problems
but does not show obvious deficits in other areas.

The tool Lexa [98] diagnoses dyslexia with an accuracy of
89.2% using features that are relevant and irrelevant to phono-
logical processing. However, it uses various tests (extensive re-
sources) to collect data and a small sample size analysis without a
discussion of over-fitting.

Language-dependent content, extensive testing, and lack of
precautions for over-fitting for small data motivated us to design
a playful, language-independent game and collect a reasonable
amount of data, while taking care of limited resources and taking
precautions for over-fitting.

We aim to use auditory and visual cues as language-
independent input within a game to collect dependent measures
having less expense (e.g., less tests, less personnel, less partic-
ipants). The collected measures will be used as features for ma-
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chine learning classifiers to achieve our main goal: accurate first
prediction results for universal screening for the risk of dyslexia with
language-independent content using games and machine learning.

We will perform user studies in collaboration with schools and
associations for dyslexia from Germany and/or Spain. The depen-
dent variables (also called dependent measures) that we plan to
use will be derived from the interaction with online games, such as
several performance measures (scores, misses, clicks, etc.).

In the next chapter, we describe our research questions and our
approach to design a language-independent game that could also
be used to provide pre-readers with more time to practice.
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Chapter 3

Methodology

3.1 Introduction
An interdisciplinary thesis like ours requires a standardized ap-
proach to allow other researchers to evaluate and interpret our re-
sults. Therefore, we combine the Design Science (DS) Research
Methodology (DSRM) [96] with the Human-Centred Design (HCD)
[67]. In the following sections, we explain the integration of the
DSRM and HCD as well as the other methodologies used in this
thesis, which come from human-computer interaction, data sci-
ence, and gamification. The contents of Section 3.4.3 were pub-
lished in [122].

3.2 Combining HCD and DSRM
The Design Science Research Methodology (DSRM) provides six
steps for carrying out research, which we answered with theActions
we plan to do and matched with the HCD phases (see Figure 3.1,
black boxes). The blue boxes are only related to the DSRM, while
the green boxes are also related to the HCD approach.
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The four green boxes match the four HCD phases (see Figure
3.1, yellow boxes). Figure 3.1 shows how we approach each of
the DSRM steps. First, we make a selective literature review to
identify the problem, which is described in Section 3.3 and is further
elaborated on in Chapter 2. This results in a concept for targeting
the language-independent screening of dyslexia using games and
machine learning, explained in Section 3.4. We then describe how
we design and implement the content and prototypes in Section
3.5. How we test the interaction and functionality to evaluate our
content (with the prototypes) is described in Section 3.6. Finally,
Section 3.8 describes the outreach of our research.

We design our interactive prototypes to conduct online experi-
ments with participants with dyslexia using the human-centred de-
sign [67]. The human-centred design complements the design sci-
ence research methodology with a focus on the participants and
also provides various guidelines, methods, and artifacts for the de-
sign of a prototype. For example, we use the following:

• an iterative design approach [68],
• a user requirements phase [68],
• evaluation methods such as (semi-structured) interviews or
the think aloud protocol [16],

• principles from gestalt psychology [91], and
• artifacts such as high- and low-fidelity prototypes [16].

We present an overview of the HCD phases, our focus and our
activities for each phase in Figure 3.2. With the HCD, we focus on
the participant and the participant’s supervisor (e.g., parent/legal
guardian/teacher/therapist) as well as on the context of use when
developing the prototype for the online experiments to measure dif-
ferences between children with and without dyslexia. Our proto-
types target the auditory and visual perception of children, which
have been examined in lab studies already (selective literature re-
view in Chapter 2) and which we adapt for online experiments.
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The user requirements and context of use define the content
and gameplay for the prototypes, which are iteratively designed
with the knowledge of experts. Furthermore, the HCD enhances
the design, usability, and user experience of our prototype by
avoiding external factors which could unintentionally influence
the results. In particular, the early and iterative testing of the
prototypes helps to avoid unintended interactions from participants
or their supervisors. Example iterations are internal feedback
loops of human-computer interaction experts or user tests, (e.g.,
five-user test). For instance, we discovered that children touch
multiple times quickly on a tablet to interact. Because of the
web implementation technique we used, a double click on a web
application generally zooms in on the application on a tablet, which
was not intended. Therefore, we controlled the layout setting
for mobile devices to avoid the zoom-effect on tablets, which
caused interruptions during the game. The evaluation requires the
collection of remote data with the experimental design in order to
use the dependent measures for statistical analysis and prediction
with machine learning classifiers.

When taking into account participants with learning disorder, in
our case participants with dyslexia, we need to address their needs
in the design of the application and the experiment as well as con-
sider the ethical aspects [10]. As dyslexia is connected to nine ge-
netic markers and reading ability is highly hereditary [27], we sup-
port readability for participants’ supervisors (who could be parents)
with a large font size (minimum 18 points) [124].

We explain our activities for the DSRM and HCD phases used
for this thesis in the next sections.

3.3 Problem Identification
As explained in Chapter 2, current approaches for detecting
dyslexia require linguistic skills, expensive personnel, and/or spe-
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cial hardware. The related work regarding screening for risk of
dyslexia in pre-readers focuses mainly on gameplay. Only Lexa
[98] published a prediction accuracy, but it focused on phonologi-
cal features in a small data set (n=56) without precaution for over-
fitting. Additionally, children require general linguistic knowledge
and phonological awareness to use it. To give children with dyslexia
more time to practice, help them to avoid frustration, and increase
their chances of success, a tool for early, language-independent
detection is needed.

Dyslexia is normally detected using linguistic knowl-
edge. That is only possible when children have already
developed reading skills. Is it possible to detect a child
at risk of having dyslexia without linguistic knowledge?

The next section describes the concept and research question
developed to solve the identified problem.

3.4 Concept
From the selected literature review (presented in Chapter 2) and the
identified problem (presented in the previous section), we know that
dyslexia does not develop when one is learning to read and write.
Rather, dyslexia already exists before learning to read and write. In
fact, dyslexia has been associated with nine genetic markers, and
reading ability is highly hereditary [27].

Common detecting and screening tools are mainly useful
for children between the ages of 7 to 12 with linguistic knowl-
edge. Evidence from the literature provides proof that there are
language-independent indicators related to dyslexia, such as
auditory working memory [82] or visual-spatial attention [156].
However, predicting dyslexia early on is still a challenge [6], which
we address with language-independent content.
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The related work focused on using one piece of evidence, e.g.,
local visual search or rhythm. We combine findings from previous
literature, which use visual and auditory perception to distinguish
children with dyslexia from those without. This content is used to
design a game environment that illuminates solid differences for
predicting dyslexia in the future. At the same time, the game should
be fun and not too difficult. We expect the people with dyslexia to
make more mistakes and take more time than the control group.
We advance previous approaches for screening risk of dyslexia by
not focusing on linguistic knowledge and by using the same game
content for every language. Using the same game content reduces
the effort and time required to design different content for different
languages, but more importantly, allows the content to be used for
pre-readers.

At this point, a long-term study with pre-readers would be very
time-consuming, since the effort to find participants is high, partici-
pants are less likely to be diagnosed, and a lot of time passes before
results are available. An online study with readers has the advan-
tage of reducing the effort and time required to design content, con-
duct various experiments for optimization, and increase the number
of participants. Nevertheless, the language-independent content
can be used for the screening of pre-readers who do not yet have
any language skills.

3.4.1 Objectives
Based on the selected literature review (presented in Chapter 2)
and the identified problem (previous section), we aim to answer
with this thesis the following research questions:

R1 Are there significant statistical differences between children
with and without dyslexia when playing a game with auditory
and visual content?
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R2 Is it possible to predict risk of dyslexia based on language-
independent auditory and visual content using a game and
machine learning for different languages?

R3 Is it possible to predict risk of dyslexia based on generic
language-independent visual and auditory content with var-
ious indicators using a game and machine learning?

3.4.2 Participant Requirements and Context
We conducted experiments with participants in the age range
of 7 to 12, along with their supervisors (e.g., parent/legal
guardian/teacher/therapist). We are familiar with the effects of
dyslexia on individuals due to our close contact with diagnosed chil-
dren, parents of children with dyslexia, teachers, and therapists, as
well as because of the author’s history with dyslexia. The exten-
sive testing for and late detection of dyslexia often lead to harmful
side effects [138]. These negative side effects are the reason we
aim to design our experiments to be fun as well as motivating and
engaging for children.

It is well known that children have more difficulties in maintain-
ing attention over longer periods of time. Additionally, people with
dyslexia should not be involved in long sessions or with many top-
ics, as this could overwhelm or exhaust them [10]. Therefore, our
games have limited numbers of rounds, and each game takes less
than 15 minutes to play.

To gather more data, we set up an online experiment in which
children can participate from different places, e.g., school, therapy,
or home. For example, subjects will participate from different lo-
cations and environments, such as Spain vs. Germany or school
vs. home. As a consequence, the technology used (such as head-
phones or device) will differ.
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3.4.3 Integrating Gamification
Computer games are suitable for engaging children with dyslexia
in reading and writing tasks [44, 75, 128]. Moreover, the quality of
the game design could have an effect on the quality of the tests
[153], which we test with the HCD. Like DYSL-X [45], we create a
game to meet the actual goal (screening for dyslexia). To design
a game in a non-game context, we used game elements to gamify
our tasks for the online experiments. But because of the diversity of
game elements used in applications as described in Appendix A.1,
no reliable standard can be given to design gamified environments
with game elements. Therefore, we analyzed the game elements
by their quantity. A summary of which and how game elements
have been applied in the different applications and frameworks is
described in Appendix A.1. As gamification is a relatively young
field of research, future work is necessary to give a comprehensive
assessment of the topic, but this is not the main scope of this thesis.

The results of our systematic literature review analysis show
that game elements are used heterogeneously, and only those
game elements related to dynamics, emotions and progression are
preferred in educational environments. The frequency distribution
indicates preferences (see Appendix A.1, Figure A.1) for the differ-
ent game dynamics and mechanics. Most game elements used for
the environments are in the dynamics: emotions and progression.

Consequently, we use for our game design the game mechan-
ics related to rewards (points), feedback (instant feedback), or chal-
lenges (time limit). Furthermore, our results confirm the acceptance
of the term gamification for educational environments. But, since
there is a widespread variety of game elements, the only common
ground seems to be the definition of the term gamification made
by Deterding [28]: Gamification applies game design elements in
non-game contexts.
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3.5 Content Design
The content we design is related to the evidence from the litera-
ture for distinguishing a person with dyslexia from one without. We
design visual and auditory cues, as the reported evidence is con-
nected to visual and auditory perception. We take into account the
requirements of the participants as well as the fact that the par-
ticipants’ technological devices, such as headphones, will differ.
Because different technological devices are used, we do not use
promising indicators such as intensity, as variation among head-
phones and volume levels could easily influence perception of au-
ditory cues.

We design the games with content that is strongly related to
dyslexia. Furthermore, the gameplay is used to increase, for ex-
ample, the cognitive load with time pressure, i.e., a limited amount
of time is allotted for each round of the visual game. However,
at the same time, participants should not be overwhelmed by the
content, which can lead to a loss of confidence or stop participation
[10]. An iterative and user-focused approach like HCD helps to de-
tect and avoid these kinds of influences. We describe the details of
the designed content for each game in the section on game design.

3.6 Demonstration
We evaluate our concept and designed games with a data-driven
approach, which we start by collecting data with the experimental
design (see Table 3.1).

Initially, we designed the web-based prototype MusVis (mainly
for desktop computers) with language-independent visual and audi-
tory cues to investigate the cues across languages. Consequently,
we conducted studies with German, Spanish and English students
from 7 to 12 years old (n=178 and n=313, see Chapter 4). The find-
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Activity Data collection Pre-processing Analysis
Approach Experimental

design
Class labeling,
data cleaning,
dealing with
missing values

Statistical
analysis

Supervised
machine
learning
classification

Tools and
programming
languages

Web
Programming,
PHP,
JavaScript,
jQuery and
SQL-database

RStudio, Python and JupiterLab

Table 3.1: Overview of the data-driven approach.

ings and experiences from our previous iteration of the approach
were used to redesign the study and the content (see Chapter 5).

After we collected a sufficient amount of data, we pre-processed
our data with data cleaning and decided how to deal with missing
values. Subsequently, we analyzed our data with traditional statis-
tical analysis to uncover differences between dependent measures
and predict dyslexia using a machine learning classifier.

To achieve our thesis goals, we used different tools (see Table
3.1). Our games for the data collection are built with web program-
ming tools and techniques such as PHP, JavaScript, jQuery, and a
SQL-database. The pre-processing and analysis are mainly done
with RStudio, Python, and JupiterLab. Next, we explain the general
idea for our experimental design, data collection, and analysis.

3.6.1 Experimental Design
We base our experimental design on the following assumptions:
(1) dyslexia does not develop when children come to school, but is
already there before, (2) non-linguistic indicators can represent the
difficulties a child with dyslexia has with writing and reading, and
(3) dyslexia can be measured through the interaction data.

In our case, we need a certain age range to make sure a per-
son with dyslexia has already been diagnosed (an official diagnosis
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from an authorized specialist or a medical doctor) but has not yet
been fully treated. Dyslexia is diagnosed in different languages,
but always using spelling and reading tests connected to the lan-
guage. To gather the data of this thesis, we had participants already
diagnosed with dyslexia, to reduce the time to find the correct ap-
proach and increase the chances of designing a better game be-
fore having smaller children participate in a long-term study. Sub-
sequently, we conducted different language-independent remote
online experimental study to collect data to find differences in de-
pendent variables between participants with and without dyslexia.
Since the collection of participant data is costly in terms of time and
resources, we evaluate our dependent variables with the pilot study
before continuing the data collection.

We use the Latin Squares to counterbalance our conditions and
avoid external factors, which means unintended influences on the
participants, and therefore the analysis of the data is more diffi-
cult. The reason is that we save our data by the order of the Latin
Squares, but analyze our data by the type of cue to avoid order ef-
fects. Since we used JupiterLab and Python for the machine learn-
ing prediction, we calculated the effect size with Cohens d [37], as it
was more practical using the existing function for Python from [17].

3.6.2 Ethics
When conducting user experiments with participants who have dif-
ficulties, “there may be a tension between what the community re-
gards as being a rigorous methodology against what researchers
can do ethically with their users” [10]. Therefore, our research is
in accordance with the ethical standards of the University and we
address participants’ needs with the human-centred design (HCD)
[67]. The European Union uses theGeneral Data Protection Regu-
lation to define how the data of a person, in regard to the processing
of personal data, is protected [33]. The Ministry of Education, Sci-
ence and Culture of Schleswig-Holstein (Ministerium für Bildung,

58



Wissenschaft und Kultur, MBWK) is in compliance with the GDPR
[12, 33]. Therefore, we used the same approach and approval for
the collection of data in Spain and in Germany.

The data collection for this work has been approved by the Min-
istry of Education, Science and Culture of Schleswig-Holstein (Min-
isterium für Bildung, Wissenschaft und Kultur, MBWK) and by the
Education Authority of the State of Lower Saxony (Niedersächsis-
che Landesschulbehörde) [88]. The State of Lower Saxony re-
quires this additional permit for user studies at each school, and
requires that no schools, teachers, or pupils are named. Specifics
of the procedure are described in each Section for the study and
the permits are in Appendix A.3.

3.6.3 Data Collection
The games and the user studies are designed with the human-
centred design (HCD) framework [67] to collect the data set. It is
relevant to include the HCD since collecting data related to e-health
is challenging because of privacy and trust issues [5, 34].

Collecting data is costly in terms of time consumption and
privacy issues, especially if the data is health-related. Therefore,
we must make the most of our limited resources [5, 34]. Also,
aggregated small data is sometimes better than individual level big
data, and it also has the potential to reduce variations and privacy
concerns [34].

In our case, small data means controlling the time and cost to
collect data as well as providing reliable data for the analysis. That
is why our final data set only includes participants that either have
an official diagnosis or show no sign of dyslexia. We rely solely
on self-reporting of diagnosis. However, in order to avoid the risk
of fraudulent diagnosis reports by people wanting to participate
for money, we exclusively use volunteer participants. An online
screening test as a control test would ensure the quality of the
data. However, since participation is voluntary and participants do
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not have unlimited free time, this would further reduce the number
of participants. Additionally, implementing or accessing such a
test would take even more resources and time. The data sets
we collected in our online experiment can help to achieve more
realistic results [34].

We aim to protect the randomness and representation for our
sample, but at the same time, want a precise data set according to
the requirements of the experimental study design. However, with
around 5% to 15% of the world population having dyslexia [2], we
will handle an imbalanced data set, which we will address for the
analysis. In our case, we need a certain age range to make sure a
person with dyslexia has already been diagnosed but has not yet
been fully treated. Dyslexia is diagnosed in different languages
using different tests, e.g., spelling and reading tests, that are
connected to that specific language. To investigate the possibility
of a language-independent approach for both pre-readers and
readers of different languages, we start with three languages with
the same spelling error types [118, 123]: Spanish, German, and
English. As explained in Chapter 2, the error words of children
with dyslexia are phonetically and visually similar.

For online studies, the challenge is to engage participants
over the Web, and in this case parents of children 7 to 12 years
old. Therefore, we also recruited at schools and learning centers.
Hence, parents and teachers had to trust us and take the time to
participate in the online experiments that we conducted from 2017
to 2019.

3.7 Evaluation
The dependent measures are used to find differences between vari-
ables [37]. Second, the features are used as input for the classifiers
to recognize patterns [13].
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For our game content, we used language-independent indica-
tors that have been related to dyslexia in lab studies. The specifics
are explained in the content design sections of each game. It is
challenging to design indicators so that measures can find differ-
ences between participant groups.

Although error rates are a common measure for dyslexia
when reading, writing [51], letter naming [148], or even picture
naming [71] is involved, error rates are not informative for dyslexia
prediction in games. Games such as Dytective [129] have shown
that participants’ mistakes are not informative for the machine
learning prediction. Therefore, we used new dependent variables
such as click intervals.

The comorbidity of dyslexia with other neuro-development dis-
orders causes additive working memory deficits (as already ex-
plained in Chapter 2). The comorbidity makes the investigation of
dyslexia more difficult [10]. Hence, we added questions regarding
possible related diagnoses of the participants for DGames (e.g.,
ADHD diagnosis, hearing limitations).

The pre-processing (class labeling, data cleaning, dealing with
missing values) of the data is done before the data analysis. For
example, visual and auditory game data is merged from different
CSV files to one participant’s anonymous ID and class labels are re-
named (Yes, diagnosed = 1; No, not diagnosed = 0). We excluded
participants if the following values were not reported in the back-
ground questionnaire: age, dyslexia status, or gender. Parental
consent was required before a child was allowed to participate in
these studies. On one hand, we use the risk of dyslexia to include or
exclude participants, and on the other hand, the status of dyslexia
is meant to be determined using machine learning techniques.

Predictive traditional methods such as regression were de-
signed before big data existed. Since we collected rather small
data, it would be obvious to use these traditional methods. How-
ever, we did not usemore traditional methods such as regression or
approaches on step-wise regression since our data has a high vari-
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ance which causes a high R-squared error and multiple-colinearity
(i.e., two or more variables have a high correlation). As dyslexia’s
origin in not fully decoded yet, more than one cause is assumed
and therefore more than one indicator is stated for dyslexia, hence
regression is not useful for the prediction. The data has complex
dependencies, and using causal dependencies (e.g., having more
correct or incorrect answers), does not give a precise prediction.

Machine learning (ML) can find patterns in complex dependen-
cies with statistical approaches to create predictive models. These
methods have been proven to be more effective than traditional
methods for modeling complex computational models. We use ex-
isting machine learning classifiers such as Random Forest with and
without class weights, Extra Trees, and Gradient Boosting from the
Scikit-learn library version 0.21.2 [143] for the prediction of dyslexia
with language-independent content and small data sets.

A further advantage of ML is the extensive amount of tech-
niques, which allow predictions for various use cases without being
explicitly programmed for the use case. Our reported results focus
on the class of people with dyslexia, e.g., F1-score, accuracy, re-
call, and precision.

Since our collected data are considered small data [5, 34], we
need to analyze them accordingly, i.e., avoid over-fitting by using
cross-validation instead of training, test, and validation sets [30].
When the data are small and sample variances high, we avoid over-
fitting by using cross-validation instead of training, test, and valida-
tion sets, as well as by using classifiers’ default parameters [30,
141, 154]. Because a small test or training set with high variances
is not representative, prediction based on it could be misleading.

We address the danger of selecting the incorrect features [69]
by taking into account knowledge from previous literature about
the differences of children with and without dyslexia. For exam-
ple, since there are two theories of the cause of dyslexia (visual vs.
auditory [27]), we use subsets of visual and auditory features to ex-
plore their individual influences on the classifiers. We use subsets
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of features (feature selection) to explore the influence on our data,
while being aware of possible biases [154].

While we have small data, we do not optimize the input
parameters of classifiers until we can hold out test data sets to
evaluate changes as proposed by the Scikit-learn documentation
[141]. We address the imbalanced data set for our binary classi-
fication problem (having dyslexia YES/NO) with different actions:
using Random Forest with class weights (RFW) or computing the
balanced accuracy.

Our aim is to detect a person with dyslexia. If we only consider
the balanced accuracy, then we do not mainly focus on the detec-
tion of dyslexia, but rather on the overall accuracy of our model.
Obtaining both high precision and high recall is unlikely, which is
why we also report the F1-score (the weighted average between
precision and recall) for dyslexia to compare our model’s results.

We do not apply over-sampling to address our imbalanced data
because the variances among people with dyslexia are broad; for
example, difficulty levels or the individual causes for perception dif-
ferences vary widely. We do not apply under-sampling to address
our imbalanced data because our data set is already very small and
under-sampling would reduce it to n<100. The smaller the data set,
the more likely it is to produce the unwanted over-fitting.

To avoid the risk of over-fitting our small data sets, we used
10-fold cross-validation and the default parameters suggested in
the Scikit-learn library to avoid training a model by optimizing the
parameters specifically for our data [143].

3.8 Outreach
On one hand, participants want to be informed about research re-
sults, and on the other hand, the interest in dyslexia research is im-
mense. The participant calls in media and over social media have
raised awareness of the topic of dyslexia. Around 32% of the par-
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ticipants did not know or suspect that they might have dyslexia, and
parents raised lots of questions in the communication.

Since participants with dyslexia or their parents (who may also
have dyslexia) have difficulties with reading and writing, under-
standing research results might be an additional challenge for
them [10]. However, reading research papers is not an everyday
task, and even researchers are often overwhelmed by the number
of existing research papers.

Clear and understandable communication for the different target
groups and contexts about the results of the study is necessary
to ensure the comprehension and visibility of the research results.
Therefore, we provided results in different ways: newsletter (n=
400, accessed 09/July/2019), research social media group (n=451,
accessed 08/July/2019), personal website, Twitter/Instagram, and
video stories throughout the years.

3.9 Discussion
This chapter presents the approach used for this thesis in terms of
howmethodologies are combined to screen children with language-
independent content using a web game and a machine learning
prediction using the interaction data. The advantage of using ex-
isting and well-known approaches such as the design science re-
search methodology, human-centred design, and experiments de-
sign is the variety of methods that exist. However, describing and
publishing results in this interdisciplinary environment can be chal-
lenging. It can be especially difficult to agree on terms that describe
similar approaches or on similar terms that describe different ap-
proaches. We address this issue for this thesis by the integration of
design science researchmethodology (DSRM) and human-centred
design (HCD) (see Section 3.2).

Notably, the iterative evaluation and design of the prototype, first
in Chapter 4 (with auditory and visual content that refers mainly to
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one single acoustic or visual indicator) and then with the lessons
learned in Chapter 5 (with auditory and visual content that refers
to language-independent generic content related to various indi-
cators), help to avoid unintended external factors which might in-
fluence the prediction results. The main challenge was to collect
features that are meaningful for the prediction while also designing
a game and content to achieve language-independent prediction
using machine learning to answer our research questions.

Next, we present the first prediction with visual and auditory
language-independent content using a game and a machine
learning prediction using the interaction data.

65





Chapter 4

Screening Dyslexia with
Auditory and Visual Cues

4.1 Introduction
Dyslexia is a specific learning disorder (prevalence 5-15% world-
wide [2]) which affects the acquisition of reading and writing abil-
ities. Children with dyslexia are often diagnosed with spelling
and reading errors, sometimes after failing in school, even though
dyslexia is not related to general intelligence. To be able to diag-
nose a person with dyslexia without using orthography or phono-
logical awareness, new indicators, content and tools are needed.

In this chapter, we present how we designed a playful, easy and
low-price web-based game and an approach for a possible earlier
detection of dyslexia using machine learning models based in in-
teraction data gathered from the language-independent game. We
designed the game content taking into consideration the analysis
of mistakes of people with dyslexia in different languages as well as
other parameters related to dyslexia, such as auditory and visual
perception.
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Our main contribution is the first web-based game for screen-
ing risk of dyslexia on readers through a game that uses visual and
auditory language-independent content and using a machine learn-
ing predictive model trained with interaction data. Our results show
that the approach is feasible and that a higher prediction accuracy
is obtained for German participants than for Spanish participants.
The contributions of this chapter can be summarized as follows:

• The design of the web-based game and the language-
independent auditory and visual content related to dyslexia
(Section 4.3).

• The evaluation of our auditory game part with a usability test
and the designed improvements for the web-based gamewith
parents and children (Section 4.4).

• The experimental design setup, the statistical analysis and
the predictive model provide results on how to design appli-
cations for children and parents, how participants with and
without dyslexia differ from each other, and how the collected
features can be used for the prediction (Sections 4.5, 4.6, 4.7,
and 4.8).

• The discussion of how children with and without dyslexia
can be distinguished (R1); for example, with seven signifi-
cant measures based on language-independent auditory and
visual cues in Spanish or for example, with one significant
visual measure for all languages. Additionally, we discuss
how auditory and visual language-independent content can
be used for screening dyslexia in different languages (R2)
with an accuracy of 0.74 and F1-score of 0.75 in German us-
ing a Random Forest and an accuracy of 0.69 and F1-score
of 0.75 in Spanish using a Extra Trees (Section 4.9).

The research plan, the game design, the game content, and the
analysis of this chapter were previously published in [106, 115, 117].

68



4.2 Methodology
Generally, we follow the methodology explained in Chapter 3
and point out here the important and case-specific steps for this
application. Using the HCD and especially early user testing helps
to avoid interaction mistakes (i.e., avoiding external factors for the
user study). Interaction mistakes might influence the prediction
(as already explained in Chapters 2 and 3). With the usability first
approach, we avoid influences for the iterative implementation of
the new game (Section 4.4).

We focus our usability test on the new gameplay of the audi-
tory part, the online consent, and the background questionnaire
(called DysMusic). The reasons is the visual gameplay is already
tested with the application Dytective [127, 129]. After the usability
changes are updated in the auditory part and integrated with the vi-
sual part, the application is called MusVis. Finally, we conducted a
medium-scale remote online experimental study to collect the min-
imum sample size to explore a possible prediction with machine
learning classifiers (see Section 4.7, 4.6, and 4.9).

4.3 Game Design
The aim of our web game, MusVis, (see Figure 4.1) is to measure
the reactions of children with and without dyslexia while playing in
order to find differences in the groups’ behavior. A video of MusVis
is available at https://youtu.be/HeHERpYGA9Q.

We designed the language-independent game content by tak-
ing into account knowledge of previous literature and selecting the
most challenging content for children with dyslexia (CWD). There-
fore, we designed language-independent content with auditory and
visual cues. We describe in this section the game MusVis, which
already integrates the changes suggested in Section 4.4.3 after the
usability test. We designed an auditory part (see Figure 4.2) and
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Figure 4.1: Participants playing the visual part (left) and the auditory
part (right) of the Game MusVis. Photos included with permission.

a visual part (see Figure 4.3) of the game MusVis using features
extracted from the literature. The game play for the auditory and
visual parts is different due to unequal perception of auditory and
visual cues, but both parts target general skills (e.g., short-term
memory [47, 71, 92]), the phonological similarity effect [47], or the
correlation of acoustic parameters speech [47, 165].

As is well known, children have more difficulty paying attention
over a longer period of time. Therefore, the two games each have
four stages, made up of eight rounds, each needing less than 10
minutes to play. Each part has four stages which are counter-
balanced with Latin Squares [37]. Each stage has two rounds,
which sums up to 16 rounds in total for the whole game. Each

70



Figure 4.2: Example of the auditory part from the game MusVis for
the first two clicks on two sound cards (left) and then a pair of equal
sounds is found (right). The participant is asked to find two equal
auditory cues by clicking on sound cards.

stage first has a round with four cards and then with six cards. We
aim to address participants’ motivation for both game parts with the
design of the following game mechanics: rewards (points), feed-
back (instant feedback) or challenges (time limit), plus the game
components (story for the game design). We identified these game
mechanics as techniques to increase motivation through emotional
engagement and visualize participants’ progress (as explained in
Chapter 3). The content design, user interface, interaction and im-
plementation for the auditory and visual parts of the game are de-
scribed in the following sections.
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Figure 4.3: Example of the visual part of the game MusVis with the
priming of the target cue symbol (left) and the nine-squared design
including the distractors for each symbol (right).

4.3.1 Auditory Cues
The auditory part modified the traditional game Memory in which
pairs of identical cards (face down) must be identified by flipping
them over [162]. We chose this game play because it is a well-
known children game and could be easily transformed to use au-
ditory cues. To create the auditory cues for the auditory part of
our game MusVis, we used acoustic parameters; for example, to
imitate the prosodic structure of language which is similar to the
phonological grammar of music [99]. As explained in Chapter 2,
musicians with dyslexia score better on auditory perception tests
than the general population, but not on auditory working mem-
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ory tests [82]. Auditory working memory helps a person to keep
a sound in mind. We combined, for example, the deficits of chil-
dren with dyslexia in auditory working memory with the results on
the short duration of sounds [63] while taking the precaution of not
measuring hearing ability [35]. We designed the auditory cues with
an expert from the Music Technology Group from Universitat Pom-
peu Fabra and now we describe in detail our sound properties for
each auditory cue.

To keep the game duration short, we only included very promis-
ing and easy to deploy acoustic parameters. Therefore, we used
the acoustic parameters frequency, length, rise time and rhythm as
auditory cues (see Table 4.1). Each auditory cue was assigned to
a game stage (see Table 4.3), which we mapped to the attributes
and literature references (see Table 4.2) that provide evidence for
distinguishing a person with dyslexia.

For example, our rhythm stage uses the following character-
istics: complex vs. simple [47, 63], sound duration, rhythm [63],
short-term memory [47, 71], phonological similarity effect [47], and
correlation acoustic parameters speech [47, 165].

The following is a short summary of the stages. Each acoustic
stage has three auditory cues (we use MP3 for sound files). Only
one acoustic parameter changes within a stage. Each stage is
assigned to one acoustic parameter of sound, which is designed
with knowledge of the analysis from previous literature (e.g.,
frequency or rhythm).

For the stage frequency, we use frequencies within the auditory
perception range of a person, starting from 440Hz.1 We present
the simple tone for a relatively short duration of 0.350s. Each
auditory cue of this stage differs by 50 cents2 intervals which is

1The 440Hz is used for tuning instruments and is therefore in the auditory
perception range of a person.

2Cent is a logarithmic unit of measure used for musical intervals. The twelve-
tone octave (interval with double its frequency, e.g., C till C’) is divided into 12
semitones of 100 cents each.
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Auditory cue Sound Properties
Always the same waveform: sinus, mono files

amplitude: 0.8
auditory cues: 2 to 3 sound files
frequency: 440Hz unless specified differently

Frequency 2 cues*: 440Hz, 452.8929Hz
(change of 3 cues∆: 2 previous sounds and 446.3998Hz
tone frequency) fade in/out: 0.025s

duration: 0.350s
Length 2 cues: 0.350s, 0.437s
(change of 3 cues: 2 previous sounds and 0.525s
tone length) fade in/out: 0.025s
Rise Time 2 cues: 0.025s fade in, 0.250s fade in,
(change in both with fade out of 0.025s
rise time) 3 cues: 2 previous sounds and 0.025s fade in

and 0.250s fade out
duration: 0.500s

Rhythm 2 cues: (i) auditory events with rise time
(change in rise time equal to 100ms, 100ms and 0.025s;
for different and (ii) rise time equal
auditory events) to 100ms, 0.025s and 100ms

3 cues: 2 previous sounds plus one with rise
time equal to 0.025s, 100ms, 100ms)

duration: 0.300s

Table 4.1: Auditory cues generated for the four tasks in MusVis. *
2 cues: (1/2 semitone - 50 cents interval); ∆ 3 cues: 3 sounds
spaced by 25 cents (quarter of a semitone) - 2 previous ones.
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Key Name Description
CS Complex vs.

simple
Children with dyslexia (CWD) recall significantly
fewer items correctly in a lab study for long
memory spans [47]. The rhythmic complexity did
not have an effect on the difference between
CWD and children without dyslexia (CC) [63].

P Pitch Pitch perception is essential for prosodic
performance [63], is correlated to language
development, and can be used as a predictor for
language [165].

So Sound
duration

Acoustic parameter differences in short tones (<
350 ms) are difficult to distinguish for a person
with language difficulties [92].

Ri Rise time CWD or without showed significant differences
when a comparing task used rise time [47]. Rise
time and prosodic development are strongly
connected and were shown to be most sensitive
to dyslexia [63].

Rh Rhythm CWD show deficits in recalling the patterns of
auditory cues [92]. However, rhythm modulations
show no effect on the children performance [63].

Sh Short-term
memory

CWD show weaknesses in short-term memory
tasks [92] when more items are presented [47].
Also, deficits can be frequently observed for the
short-term auditory memory span [71].

PSE Phonological
similarity
effect

CWD have difficulties with similar sounds and the
phonological neighborhood when long memory
spans are used [47].

CAPS Correlation
acoustic
parameters
speech

Since the phonological grammar of music is
similar to the prosodic structure of language,
music (i.e., a combination of acoustical
parameters) can be used to imitate these features
[165]. CWD are “reliably impaired in prosodic
tasks” [47].

Table 4.2: Description of the auditory attributes which show promis-
ing relations to the prediction of dyslexia.
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Attributes Auditory General
CS P So Ri Rh Sh PSE CAPS

Literature
Goswami et al.[47] ✓ ✓ ✓ ✓ ✓
Huss et al.[63] ✓ ✓ ✓ ✓
Johnson [71] ✓
Overy [92] ✓ ✓ ✓
Yuskaitis et al. [165] ✓ ✓
Stage
frequency ✓ ✓ ✓ ✓ ✓ ✓
length ✓ ✓ ✓ ✓
rise time ✓ ✓ ✓ ✓ ✓ ✓
rhythm ✓ ✓ ✓ ✓ ✓ ✓

Table 4.3: Mapping of the evidence from literature to distinguish a
person with dyslexia, the attributes and general assumptions, and
the stages of the auditory part of the game MusVis.

0.25 of a semitone (440Hz to 452.8929Hz to 446.3998Hz). For
the first round of two sound pairs, we use the 440Hz and 446Hz
auditory cues.

In the stage length, each auditory cue has a different duration
(0.350s, 0.437s, 0.525s), i.e., tone length. The differences between
the lengths of the auditory cues follow the suggested short duration
(100ms) from Huss et al. [63]. For the first round of two sound pairs,
we use the 0.350s and 0.525s auditory cues.

Each auditory cue of the stage rise time is designed with either
a short fade in of 0.025s, a fade in of 0.250s, or a fade out of
0.250s. We use for the first round of two sound pairs the 0.025s
and 0.250s fade ins.

The auditory cues of stage rhythm are designed with two in-
tervals of rise time equal to 0.250s fade in and one interval equal
to 0.025s fade in, in a changing order. The order of fade in for
each auditory cue is changed according to the limit of possibilities
(see example in Figure 4.4). We always use for the first round the
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Figure 4.4: Waveform for the order of intervals for one auditory cue
of the stage Rise Time. The example starts with a 0.025s fade in
interval and then a 0.250s fade in interval followed by a 0.250s fade
in interval.

two sound pairs with the order of rise time interval 0.025s, 0.250s,
0.250s and the auditory cue with the rise time order reversed.

The auditory cues are generated with a simple sinus tone using
the free software Audacity.3 The exact parameters of each audi-
tory cue are given in Table 4.1 and the auditory cues are available
at GitHub [116]. Each stage has two rounds, with first two and then
three auditory cues that must be assigned by choosing the same
sound (see Figure 4.2). The arrangement of sounds (which audi-
tory cue matches which card) is random for each round.

4.3.2 Visual Cues
The visual game play had a Whac-A-Mole interaction similar to the
first round of Dytective [127]. But instead of using letter recognition
as does Dytective, we used language-independent visual cues. An
example for letter recognition would be finding the graphical repre-
sentation of the letter /e/. 4

We adapted the interaction design and content for this purpose
(see Figure 4.3). For the visual game, we designed cues that have

3Audacity is available at http://audacity.es/, Last access: May 2019 .
4We used the standard linguistic conventions: ‘<>’ for graphemes, ‘/ /’ for

phonemes and ‘[ ]’ for phones.
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the potential of making more cues with similar features and repre-
sent horizontal and vertical symmetries that are known to be difficult
for a person with dyslexia in different languages [118, 126, 156].

To create the visual cues, we designed different visual repre-
sentations similar to visual features of annotated error words from
people with dyslexia [118, 126, 156] and designed the game as
a simple search task, which does not require language acquisition.
Each stage is assigned to a visual cue type (e.g., rectangle or face).

In the beginning, participants are shown the target visual cues
(see Figure 4.3, left) for three seconds. They are asked to remem-
ber this visual cue. After that, the participants are presented with
a setting where the target visual cue and distractors are displayed
(see Figure 4.3, right). The participants try to click on the target
visual cue as often as possible within a span of 15 seconds. The
arrangement of the target and distractor cues randomly changes
after every click.

The visual part has four stages, which are counter-balanced
with Latin Squares [37]. Each stage is assigned to one visual type
(symbol, z, rectangle, face) and four visual cues for each stage are
presented. One visual cue is the target, which the participants need
to find and click (see Figure 4.5, top). The other three visual cues
are distractors for the participants. Each stage has two rounds (in
total the number of rounds is 8) with first a 4-squared and then a
9-squared design (see Figure 4.3, right). The target and all three
distractors are displayed in the 4-squared design. In the 9-squared
design, the target is displayed twice as well as distractors two and
three. Only distractor one is displayed three times. The stages
from Figure 4.5 are summarized next.

Stage symbol: This stage uses two lines connected in an an-
gle of less than 30◦ as the target visual cue and creates vertical
symmetry. The distractor one is mirrored while distractors two and
three are rotated by 90◦ and -90◦.

Stage z: The target visual cue for this stage is created with
two lines parallel to each other connected with a diagonal line.
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Figure 4.5: Overview of the designed visual cues. The figure shows
the target cue (top) and distractor cues (below) for the four different
stages (z, symbol, rectangle, face) of the visual part of the game
MusVis.

The diagonal line is drawn from the top right line end to the down
left line end. This creates a horizontal symmetry of the visual cue.
This representation looks very similar to the letter z, but we do not
use phonological awareness of the letter (i.e., the participants do
not need to know that this is also a letter of the Latin alphabet).
Distractor one is mirrored, while distractors two and three are
rotated by 90◦ and -90◦.

Stage rectangle: This stage is the shape of a square divided
into two right-angled triangles, one of which is filled in. These
shapes have by design vertical and horizontal symmetries, which
we use to create a complex target. The 90◦ corner of one triangle
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is placed in the top-right corner of the square and that of the other
triangle in the bottom-left corner of the square. This creates a
visual cue with different ways to perceive similarities within the
cue. The distractors are rotated by 90◦, 180◦ and 270◦.

Stage face: This target visual cue has three visual cues com-
bined (two symmetric dots placed horizontally inside a semicircle).
The whole target cue is symmetrical on the vertical line. The target
is rotated 180◦ for the first and third distractors. Additionally, the
two dots are slightly staggered up and down for the second and
third distractors.

4.3.3 User Interface
To avoid distractions or influences on the participants’ behavior,
the user interface is consistent in font size, as well as size,
color, and shape of cards. To support readability for parents and
supervisors, we used a large font size (minimum 18 points) [124].
The interactive elements (cards to be clicked within the game) are
large enough to be clicked easily. The presentation of interactive
elements (sound cards/squares) is the same within each game and
does not differ in color or shape to avoid differences in perception.

4.3.4 Implementation
The game is implemented as a web application for the front-end
with JavaScript, jQuery, CSS, and HTML5, and with a PHP server
and a MySQL database for the back-end. One reason for this is
access simplicity for remote online studies. Another reason is the
advantage of adapting the application for different devices in future
research studies.
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4.4 Usability Test
First, internal feedback from HCI researchers improved the ap-
plication and only minor changes on the game play needed to be
done. After that, the usability test was conducted with children
and parents who are not the authors of this thesis and are not
familiarized with the research.

Since the auditory part is new, a user test [89] was conducted
to discover (usability) problems which could have unintended influ-
ence on the planned study for predicting risk of having dyslexia. It
should be mentioned that a five user test is a preliminary test for
finding major usability problems and does not aim to find all usabil-
ity problems.

4.4.1 Procedure
In a within-subject design [37], all participants played all four tasks
of the game DysMusic. Only parents entered additional details
for the study (e.g., background information) while using the think
aloud protocol [16].

All participants played the web-based game DysMusic with the
same tablet (Android Galaxy Tab A). The introduction video is avail-
able at https://youtu.be/wIgcSMbE1VY. Participants chose if they
wanted to use headphones or not while playing (only one female
parent used headphones). First, the parent read the study instruc-
tions and played with the sound cards while using the think aloud
protocol. Afterwards, the parent or the first author filled in the back-
ground information for the child and the child played with the sound
cards. After each sub-task, the first author asked the participant
‘How difficult or easy was it to distinguish between the sounds?’.
At the end of the game, each participant was asked if they had fur-
ther comments on the interaction design of the game or the auditory
cues.

81

https://youtu.be/wIgcSMbE1VY


4.4.2 Participants
We recruited ten participants: five children (users) and five parents.
Two female parents (both age 35) and three male parents (ages 35,
40, and 40) participated. Each parent had two children, and five of
their children took part in the user testing of DysMusic. Two female
children (ages 3 and 8) and three male children (ages 5, 9 and 9)
participated. All participants were German native speakers. Since
there is no indication of significant differences in usability studies
for people with or without dyslexia, we did not differentiate the two
groups for the usability study.

4.4.3 Usability Improvements
We present now the results of the usability test and the changes we
made to DysMusic. After these changes we call the game MusVis.

Wording and Text: Generally, the parents found the text easy
to read and understand. They reported some spelling mistakes,
which were mainly caused by the translation process from English
to German, e.g., study (English) vs. Studie (German). Parents
also mentioned the large amount of text for Online Consent. One
parent suggested only presenting the important information of the
Online Consent and offering the possibility for further reading.

Interaction: All participants played the memory game with the
auditory cues instantly and increased their speed after the first
tasks, independently of the auditory cue. Only the youngest child (3
years old) had major problems with the amount of six sound cards
for all auditory cues and did not find any sound pairs. We consider
only using four cards when younger children play DysMusic. Some
participants suggested including the button ‘let’s play’ in the game
summary in order to make the interaction more visible. The first au-
thor observed that the participants started to play faster, especially
after the first task, and the delay of releasing the sound cards for
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the next click helped to control the speed of the game interaction
without being annoyingly slow.

User Interface: In general, all participants liked the structure,
layout, and game cues (e.g., story), as well as the spoken mo-
tivational feedback: ‘Yeah’. One participant commented that the
footer of the game was very visible (large) and suggested making
it smaller and less conspicuous. We did this change accordingly.

Auditory cues: All participants commented that they had to
listen and concentrate carefully to be able to distinguish the audi-
tory cues. Participants had different perceptions on how difficult it
was to distinguish the sounds and find the card pairs depending
on the auditory cues. But all participants always determined the
first auditory cue of the first sub-task to be difficult, independent
from the auditory cue (because of the counter-balanced design,
the auditory cue order changed). This seems to be because it
was the first time they played. For the second sub-task, they
were already familiarized with the parameter and were able to
name it. Two children and three parents mentioned difficulties in
recognizing the auditory cue Length. One parent and one child of
this group and another parent described more difficulties with the
auditory cue Frequency. Only three parents reported difficulties in
distinguishing the auditory cue Rhythm and two children mentioned
difficulties for the auditory cue Rise Time.

Functionality: The motivational sounds between the exercises
were not always played on the tablet and needed to be debugged
for different devices. Besides, the video sometimes could not be
played instantly, which may have been caused by a bad Wi-Fi con-
nection. A change of the video player from HTML 5: video-tag to
YouTube: Iframe-tag prevented the loading problems.

Other Comments: In general, all participants found the task
easy to understand. The children expressed more fun while play-
ing than did the parents (e.g., by smiling or laughing). Three par-
ticipants commented that the game was fun and all participants re-
acted positively to the spoken feedback ‘Well done’ when it was
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played. We includedmore game sound cues (e.g., after each found
pair we added a spoken feedback word like ‘Great’ or ‘Super’).

DysMusic is now called MusVis and incorporates the optimiza-
tions mentioned above and also the visual game part.

4.5 Experimental Design Setup
The usability test described in the previous section was used to
improve the game MusVis, as already described in Section 4.3, to
collect data with the experimental design. Here, we present the
experimental design to collect data in an online experiment with
our game MusVis to screen dyslexia [37].

We conducted a within-subject design study, which means that
all participants played all game rounds [37]. As explained in Chap-
ter 3, we first evaluate our indicators with a statistical comparison to
find significant differences between the user groups (i.e., between
children with and without dyslexia). Subsequently, we collected
more data to use predictive models to explore the prediction of
dyslexia with our game and describe the participant groups accord-
ing to the data sets. Only the game instructions were translated into
each mother tongue.

The data collection for this user study has been approved by the
Ministry of Education, Science and Culture of Schleswig-Holstein
(Ministerium für Bildung, Wissenschaft und Kultur) and by the Ed-
ucation Authority of the state of Lower Saxony (Niedersächsische
Landesschulbehörde), both in Germany.

4.5.1 Procedure
We follow the methodology description from Chapter 3. We sum-
marize here the procedure and describe in more detail the steps.
First, the parents were informed about the purpose of the volun-
tary study. Next, only after the parents had given their consent,
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children were allowed to participate in the user study from home
or from school, with me present or always available through digi-
tal communication. The communication with the participants was
mostly via email or phone.

If the study was conducted in a school or learning center, the
parental or legal guardian consent was obtained in advance, and
the user study was supervised by the participant’s supervisor (e.g.,
parent/legal guardian/teacher/therapist). After the online consent
form was approved, we collected demographic data, which was
completed by the participant’s supervisor. This included the age
of the participant, whether they had an existing dyslexia diagnosis
(yes/no/maybe), and the native language. We asked the partici-
pant’s supervisor to only set YES for a participant if the child had an
official diagnosis from an authorized specialist or a medical doctor.

This was followed by explaining instructions for the user study
to the participant’s supervisor (e.g., turn up the volume, use head-
phones, play without interruptions, or explain and help your child
only with the instructions of the games). Then a short video story
for the auditory part was played. After that, every participant played
first the auditory and then the visual part ofMusVis (see Figure 4.1)
and measurements were taken while playing.

At the end, two feedback questions were asked and the partici-
pant’s supervisor could leave contact details to be informed about
the results of the study.

Personal information of the participant’s supervisor such as
name or email is not published and is stored separately from the
participant data for communicating results, if given. The name of
the child is not collected and all data is stored on a password se-
cured web server in Germany. Participants could choose not to
participate or discontinue participation at any time during the study.
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4.5.2 Participant Groups
The data includes only participants that completed all 16 rounds of
the web game using a computer or a tablet. Dropouts happened
mostly because participants used a different browser (e.g., Internet
Explorer instead of Google Chrome) or a different device (tablet
instead of a computer) for the statistical analysis of the pilot study.

Spanish participants diagnosed with dyslexia were mainly re-
cruited over public social media calls from the non-profit organi-
zation ChangeDyslexia (https://changedyslexia.org/). We re-
cruited German participants diagnosed with dyslexia mainly over
support groups on social media. Also, some English speakers con-
tacted us through this call, as our location (Barcelona, Spain) is very
international. These participants played with the English instruc-
tions. The control groups for Spanish and German were recruited
mostly with the collaboration of two Spanish schools and two Ger-
man schools.

Participants of the Pilot Study

For the statistical comparison (n= 178), we included only partici-
pants that are either diagnosed with dyslexia (n=67) or do not have
dyslexia (n=111). Thirteen participants were suspected of dyslexia
and were therefore taken out of the analysis.

Each input method (computer vs. tablet) needs to be analyzed
separately. We decided for the analysis of 178 to use a laptop or
desktop computer for two reasons: (1) From prior game evaluation
[44, 127], we know that readers are able to interact with the device,
and (2) these devices are still more available than tablets [64].

We report separately the results for the Spanish participants
(n=108), the German participants (n=57), and an analysis with all
languages for the language-independent variables where we added
English (n=6) and Catalan (n=7). The dependent variables that
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show indications of the same tendency of results are considered to
be language-independent.

For the analysis with all languages (n= 178), we considered
for the dyslexia group 67 participants that were diagnosed with
dyslexia (33 female, 34 male). Their ages ranged from 7 to 12
years (age=9.8, sd=1.4). For the control group, we considered 111
participants (67 female, 44 male). Their ages ranged from 7 to 12
years (age=10.5, sd=1.5).

For the Spanish participants, we considered 41 participants di-
agnosed with dyslexia (23 female, 18 male). Their ages ranged
from 7 to 12 years (age= 9.5, sd= 1.1). For the control group, we
took into account 67 participants (42 female, 25 male). Their ages
ranged from 7 to 12 years (age=10.0, sd=1.2).

For the German participants, we considered 17 participants di-
agnosed with dyslexia (5 female, 12 male). Their ages ranged from
7 to 12 years (age=10.7, sd=1.4). For the control group, we had
40 participants (21 female, 19 male). Their ages ranged from 7 to
12 years (age=11.4, sd=1.4).

Participants of the Validation Experiments

For the predictive models, we took 313 participants into account,
which include the ones from the pilot study. To have precise data,
we took out participants that reported in the background question-
naire that they were suspected of having dyslexia but did not have
a diagnosis (n=48).

The remaining participants were classified as diagnosed with
dyslexia or not showing any signs of dyslexia (control group), as
reported in the background questionnaire.

We separated our data into three data sets: one for the Spanish
participants (ES, n= 153), a second for the German participants
(DE, n= 149), and one for all languages (ALL, n= 313) in which
we included participants that spoke English (n= 11). Participants
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Data set n
Dyslexia Control

n age female male n age female male
DE 149 59 10.22 21 38 90 9.58 42 48
ES 153 49 9.47 26 23 104 9.99 58 46
ALL 313 116 9.77 50 66 197 9.76 103 94

Table 4.4: Overview of the participants per data set for the valida-
tion experiments.

ranged in age from 7 to 12 years old. The data sets are described
in Table 4.4.

The ALL data set (n=313, age=9.76) contains 116 participants
with dyslexia (50 female, 66 male, age= 9.77) and 197 as control
(103 female, 94 male, age=9.76). ES (n=153, age=9.82) includes
49 participants with dyslexia (26 female, 23 male, age=9.47) and
104 as control (58 female, 46 male, age=9.99). DE (n=149, age=
9.83) is comprised of 59 participants with dyslexia (21 female, 38
male, age=10.22) and 90 as control (42 female, 48male, age=9.58).

Participants played the game either in English, German or
Spanish depending on their native language. We had some bilin-
gual participants (n= 48) in the Spanish data set (Spanish and
Catalan) since the media call was done from a non-profit organi-
zation in the area of Catalonia (Spain). For these cases, we used
the language they reported to be more comfortable with, which was
used for the instructions of the game. We do not use the native
language, but rather the language the game was played in as the
criterion to split the data sets for three reasons.

First, the definition of a native language or mother tongue can
be made easily when a participant speaks only one language. But
this is not the case for bilingual participants because they might
not be able to choose, and then we cannot distinguish the mother
tongue or native language clearly [73]. Second, this question is
a self-reported question and every participant’s supervisor might
define it differently for each child. Finally, some bilingual speakers
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spoke similar Latin languages (Spanish and Catalan). We consider
these participants in the ES data set, as the instructions of the game
were in Spanish.

4.5.3 Dependent Variables and Features
We conducted an online user study to collect the participants’ re-
sponses (see participant features in Table 4.5) and the dependent
variables. These variables were used for the statistical comparison
of the pilot study and for the selection of the features. We used the
following dependent variables for the statistical comparison:

Auditory game part

• Duration round (milliseconds) starts when round is ini-
tialized.

• Duration interaction (milliseconds) starts after the player
clicks the first time on a card in each round.

• Average click time (milliseconds) is the duration of a
round divided by the total number of clicks.

• Time interval (milliseconds) is the time needed for the
second, third, fourth, fifth and sixth clicks.

• Logic we define it as True when in a round the first three
clicked cards are different, otherwise, it is False.

• Instructions is the number of times the game instructions
were listened by the player.

Visual game part

• Number of hits is the number of correct answers.
• Number of misses is the number of incorrect answers.
• Efficiency is the number of hits multiplied by the total
number of clicks.
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• Accuracy is the number of hits divided by the total num-
ber of clicks.

All part

• Time to the first click (milliseconds) is the duration be-
tween the round start and the first user click.

• Total number of clicks is the number of clicks during a
round.

Wewould like to further elaborate on the gamemeasurement Logic,
which is based on the direct experience of the user study. Some
children may not have really listened to the sounds and played logi-
cally. As each round is designed such that the first two clicks never
match, if the participant chooses for the third click a different card,
s/he is increasing the chances of finding a match independent of
the total amount of cards.

The descriptions of the participant features are in Table 4.5.
Feature 1 was set with the language selected for the instructions.
Features 2 to 8 were answered with the online questions by the
participants’ supervisor. Feature 9 was collected from the browser
during the study experiment. The features for the data sets ALL,
ES, and DE are the same. Each data set has 201 features per
participant, where features 10 to 105 are the variables from the au-
ditory part and features 106 to 201 are the variables from the visual
part (Table 4.6).
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Participant
features

Description

1 Age It ranges from 7 to 12 years old.
2 Gender It is a binary feature either with female or male

value.
3 Language It is either Spanish, German or English.
4 Native
Language

It indicates if the language used for the
instructions is the first language of the
participants, being Yes, No or Maybe.

5 Instrument It indicates if a participant plays a musical
instrument, being No, Yes, less than 6 months
or Yes, over 6 months.

6 Memory It indicates how well the participant knows the
visual Memory game, being Participant gave no
answer , Participants does not known the game,
Played once, Played a few times or Played a lot.

7 Rating
Auditory Part

It indicates the self-reported answer with a
6-level Likert scale [37] to the statement: ’the
auditory part was easy for the participants.’ The
values are Answer unknown, Strongly disagree,
Disagree, Undecided, Agree or Strongly Agree.

8 Rating Visual
Part

It indicates the self-reported answer of the
statement: ’the visual part was easy for the
participants.’ (We used the same Likert scale
from feature 7.)

9 Device It is the device the participants used and is a
binary feature with the Computer or Tablet
value.

Table 4.5: Description of participant features.
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Auditory features Visual features
10–17 Time to click. 106–113 Time to click.
18–25 Total clicks. 114–121 Total clicks.
26–33 Duration per round. 122–129 Correct answers.
34–41 Duration interaction. 130–137Wrong answers.
42–49 Average click time. 138–145 Accuracy.
50–57 Logic. 146–153 Efficiency.
58–65 2nd click interval. 154–161 2nd click interval.
66–73 3rd click interval. 162–169 3rd click interval.
74–81 4th click interval. 170–177 4th click interval.
82–89 5th click interval. 178–185 5th click interval.
90–97 6th click interval. 186–193 6th click interval.
98–105 Instructions. 194–201 Time last click.

Table 4.6: On the left are features 10 to 105 for the auditory part
and on the right are features 106 to 201 for the visual part of the
game MusVis.
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4.6 Predictive Models Setup
In this section, we present the machine learning approach for the
data sets ALL (n=313), ES (n=153), and DE (n=149). First we ex-
plain the choice of predictive models and then the choice of feature
selection.

4.6.1 Model Selection
We used Random Forest (RF), Random Forest with class weights
(RFW), Extra Trees (ETC), Gradient Boosting (GB), and the
Dummy Classifier (Baseline), which are described in the Scikit-
learn version 0.21.2 [143]. As already explained in Chapter 3,
we address the risk of over-fitting our small data sets with 10-fold
cross-validation and the default parameters suggested in the
Scikit-learn library to avoid training a model by optimizing the
parameters specifically for our data [143].

To explore the best prediction conditions we used the feature
selection as described in the next section.

4.6.2 Feature Selection
We rank the most informative features with Extra Trees. The
results show a flat distribution for all three data sets and a step at
the information score of 0.008: ALL (n= 33 features), ES (n= 41
features), and DE (n= 38 features). The comparison of the most
informative features reveals that the data sets have only a few
features in common, e.g., four features for Spanish and German
(Logic, 6th click interval, total click, duration interaction) or only
16 features in ALL compared to Spanish and German. Visual
and auditory features are equally represented in the ranking of
the most informative features; for example, ALL has 16 auditory
features and 14 visual features.
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The biggest step in the informative ranking for all three data
sets is between the fifth and sixth informative features, e.g., for ALL
the step is between the visual part (cue Z, 4 cards) Efficiency with
the informative score of 0.0128 and the auditory part (cue Rhythm,
6 cards) Time 5th click with a score of 0.0104. The only dependent
variables with the same tendency are Number of misses and Total
clicks from the visual game part, but the features from the different
rounds for the different data sets are mainly not under the 33
informative features (ALL 2/16, ES 3/16 and DE 6/16).

We explore the influence of the features on the accuracy of the
different selected feature subsets (i.e., 201, 33, 27, 20 and 5). We
choose the subset 201 since it contains all possible features and
the subset 5 since it contains the most informative features. Addi-
tionally, we choose the first 33 features because they represent the
next step of the most informative features. Finally, we choose 20
features randomly as a comparison to 33 features. Finally, we se-
lected only the 27 features that have the same tendency and have
been answered by the participant’s supervisor because they are
mainly not under the most informative feature ranking.

4.7 Statistical Analysis
We present here the results for the statistical comparison of depen-
dent measurements to find differences between children with and
without dyslexia for different languages and for the predictive mod-
els to report the possibility of predicting the risk of having dyslexia.
In order to find out whether we have new indicators to predict peo-
ple with dyslexia after playing MusVis, we analyzed the dependent
variables from our independent within-subject study for the three
groups: Spanish (ES), German (DE), and all languages (ALL).

The pilot study collected data from 178 participants (which were
later included into our validation data set of n= 313) to find sig-
nificant differences on the game measurements. We followed the
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same steps of the pilot study (n= 178) for the validation data set
(n= 313) to compare the findings. Therefore, we apply first the
Shapiro-Wilk test and then theMann-Whitney U Test since all game
measures (n=54) are not normally distributed. We use the Bonfer-
roni correction (p< 0.00) to avoid type I errors [37].

4.7.1 Pilot-Study
We present the results of the pilot-study (n=178) separated by data
set for German (see Table 4.7), for Spanish (see Table 4.8), and for
all languages (see Table 4.9).

The dependent variables are categorized for Spanish and Ger-
man according to the tendency that participants with dyslexia had
compared to the control group within each language (see Table
4.10). An example of a language-independent variable is the de-
pendent variable hits, because the dyslexia group has in German
and Spanish significantly fewer correct clicks (Spanish 5.7; German
5.6) than the control group (Spanish 6.6; German 6.3). The depen-
dent variable duration is an example of the opposite trend because
the dyslexia group for Spanish takes significantly more time while
the German participants with dyslexia take less time compared to
their language’s control group. The dependent variables were in-
cluded in the overview of all languages only if the tendency was sim-
ilar between groups (Table 4.9). We consider the variables in Table
4.10 as a first step to providing evidence for language-independent
detection of dyslexia.

We use the effect size (see Section 3) in Tables 4.7 and 4.8 only
for the significant results. First, we report the results for the auditory
part and then for the visual part of the game.

Total number of clicks (auditory) is not language-
independent. The tendency of results is opposite between
participants with dyslexia (Spanish, m = 11.3 and German,
m = 10.6) compared to participants without dyslexia (Spanish,
m= 11.0 and German, m= 10.8). This means that German par-
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Dependent
variables

Control Dyslexia Mann-Whitney U

DE (n=57) mean sd mean sd W p-
value

z effect
size

Auditory
Total clicks 10.8 5.4 10.6 4.4 20880 0.49 -0.70 0.09
4th click 1.8s 0.8s 2.0s 1.2s 19218 0.05 -2.00 0.26
6th click 1.7s 0.7s 1.6s 0.7s 21580 0.89 -0.14 0.02
Duration 28.5s 16.9s 27.9s 13.0s 20542 0.34 -0.95 0.13
Average
click time

2.6s 0.8s 2.6s 0.5 19.708 0.11 -1.59 0.21

Visual
Total clicks 7.2 3.1 6.8 2.7 23887 0.10 1.67 0.22
Time to
first click

2.4s 1.5s 2.5s 1.1s 19314 0.06 -1.90 0.25

Hits 6.3 2.8 5.6 2.6 24675 0.02 2.28 0.30
Misses 0.9 2.1 1.2 2.3 20718 0.36 -0.92 0.12
Accuracy 0.60 0.49 0.59 0.49 22084 0.83 0.30 0.04
Efficiency 2.8s 2.3s 3.2s 2.9s 19357 0.06 -1.87 0.25

Table 4.7: Overview of all selected dependent variables for the au-
ditory and visual parts of the game MusVis for German.

ticipants with dyslexia click less often compared to the German
control group, while Spanish participants with dyslexia click more
often compared to the Spanish control group.The total number
of clicks did not reveal significant differences in total clicks for
Spanish (W = 86231, p = 0.63, r = 0.05) or German (W = 20880,
p = 0.49, r = 0.09). The effect size for Spanish and German is
nearly zero, so it is considered to have no effect [37].

Click time interval (auditory) is not language-independent
over all click intervals. Therefore, we do not report any click in-
tervals for all languages. Hence, participants with dyslexia (Span-
ish 4th click interval m= 2.0s, German 4th click interval m= 2.0s
and Spanish 6th click interval m=1.7s) take more time before they
make the next click than the control group (Spanish 4th click inter-
val m= 1.6s and German 4th click interval m= 1.8s and 6th click
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Dependent Control Dyslexia Mann-Whitney U
variables
ES (n=108) mean sd mean sd W p-

value
z effect

size
Auditory
Total clicks 11.0 5.5 11.3 6.0 86231 0.63 -0.48 0.05
4th click 1.6s 0.7s 2.0s 1.3s 63658 7e-12 -6.80 0.66
6th click 1.5s 0.8s 1.7s 1.2s 76762 2e-3 -3.13 0.30
Duration 27.5s 17.1s 34.3s 27.0s 72316 1e-5 -4.38 0.42
Average click time 2.5s 0.8s 3.0s 1.2s 59028 2e-16 -8.11 0.78
Visual
Total clicks 8.0 3.3 6.7 2.7 110000 3e-10 6.25 0.60
Time to first click 2.3s 1.4s 2.7s 1.8s 75566 5e-4 -3.47 0.33
Hits 6.6 2.9 5.7 3.0 105670 5e-7 5.02 0.48
Misses 1.3 3.1 1.0 1.8 86340 0.62 -0.50 0.05
Accuracy 0.60 0.50 0.57 0.50 90432 0.43 0.83 0.08
Efficiency 2.8s 2.6s 3.1s 2.8s 73301 4e-5 -4.10 0.39

Table 4.8: Overview of all selected dependent variables for the au-
ditory and visual part of the game MusVis for Spanish.

Dependent Control Dyslexia Mann-Whitney U
variables ALL (n=178) mean sd mean sd W p-value
Total clicks 7.6 3.2 6.8 2.7 276120 3e-7
Time to first click 2.4s 1.5s 2.6s 1.6s 210850 3e-4
Hits 6.5 2.9 5.8 2.9 272180 4e-6
Accuracy 0.60 0.49 0.58 0.49 240780 0.66
Efficiency 2.8s 2.5s 3.1s 2.7s 209740 2e-4

Table 4.9: Overview of dependent variables with the same ten-
dency, which are all from the visual part of the game for ALL.
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Language-Independent
n=178 n=313

Auditory
Total clicks No No
4th click interval No No
6th click interval No No
Duration No No
Average click time No No
Visual
Total clicks Yes Yes
Time to first click Yes No
Hits Yes No
Misses No Yes
Accuracy Yes No
Efficiency Yes No

Table 4.10: Overview of all dependent variables showing the
language-independent results between the German and Spanish
groups.

interval m=1.5s). But German participants with dyslexia (6th click
interval m= 1.6s) take less time before they make the next click
than the German control group (m= 1.7s). The 4th time interval
(W=63658, p=7e−12, r=0.66) and the 6th click interval (W=76762,
p=2e−3, r=0.30) are significant for Spanish but not for German
(W =21580, p=0.89, r=0.02). The effect size for 4th click time in-
terval Spanish is considered to be large, while the effect sizes for
6th click time interval for Spanish and the 4th click time interval for
German are considered to be medium. We report only the fourth
and sixth click intervals for the auditory game part since the first
three intervals do not show, as expected due to the game design,
any significant differences between the groups.

Duration (auditory) is not language-independent. Hence,
Spanish participants with dyslexia (m= 34.3s) take more time to
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find all pairs and finish the round than the Spanish control group
(m=27.5s). But German participants with dyslexia (m=27.9s) take
less time before they find all pairs than the German control group
(m= 28.5s). The duration is significant for Spanish (W = 72316,
p=1e−5, r=0.42) but not for German (W =20542, p=0.34, r=0.13).
The effect size for Spanish is considered to be medium and for Ger-
man it is considered small.

Average click time (auditory) is not language-independent.
Spanish participants with dyslexia (m=3.0s) take, on average, more
time per click than the Spanish control group participants (m=2.5s).
But German participants with and without dyslexia take about the
same time (m=2.6s). Spanish participants with dyslexia spend sig-
nificantly more time for each click (W =59028, p=2e−16, r=0.78),
while we cannot measure a difference for the German participants
(W =19708, p=0.11, r=0.21). The effect size for Spanish is con-
sidered to be large and for German it is small.

Total number of clicks (visual) is language-independent.
Participants with dyslexia (m = 6.7) clicked significantly fewer
times than participants without dyslexia (m = 8.0) for Spanish
(W = 110000, p= 3e−10, r= 0.60). The effect size for Spanish is
considered to be large. The German participants have the same
trend for the control group (m= 7.2) compared with the group of
participants with dyslexia (m= 6.8, W = 23887, p= 0.10, r= 0.22).
The effect size for German is considered small. Because the trend
is the same for German and Spanish participants, we provide
the total number of clicks for ALL, which confirms the significant
difference (W =276120, p=3e−7).

Time to the first click (visual) is language-independent. This
means that participants with dyslexia (Spanish, m=2.6s) and Ger-
man (m = 2.5s) take more time before they make the first click
than the control group (Spanish, m=2.3s and German, m=2.4s).
The time to the first click is significant for Spanish (W =89450, p=
1e−3, r=0.30) but not for German (W =19314, p=0.06, r=0.25).
The effect sizes for Spanish and German are considered medium.
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Because the trend is the same for both languages, even though
it is only significant for Spanish, we provide the analysis for the
time to the first click with a significant difference for all languages
(W =210850, p=3e−4).

Hits is language-independent. Hence, participants with
dyslexia (Spanish, m=5.7s and German, m=5.6s) have fewer hits
than the control group (Spanish, m=6.6s and German, m=6.3s).
Hits is significant for Spanish (W =105670, p=5e−7, r=0.48) and
for German (W=24675, p=0.02, r=0.30). The effect sizes for Span-
ish and for German are considered medium. Because the trend is
the same for both languages, we provide the analysis for hits with
a significant difference for all languages, W =272180, p=4e−6.

Misses is not language-independent. Hence, Spanish partici-
pants with dyslexia (m=1.0) make fewer mistakes than the Span-
ish control group (m=1.3). But German participants with dyslexia
(m=1.2) make more mistakes than the German control group (m=
0.9). Misses has no significant difference for Spanish (W =86340,
p= 0.62, r= 0.05) or German (W = 20718, p= 0.36, r= 0.12). The
effect size is considered small for both languages.

Accuracy is language-independent. There were no dif-
ferences for participants with dyslexia (Spanish, m = 0.57 and
German, m= 0.59) and the control group (Spanish, m= 0.60 and
German, m = 0.60) in accuracy. Accuracy is not significantly
different for Spanish (W = 90432, p = 0.43, r = 0.08) or German
(W =22084, p=0.83, r=0.04). Because the trend is the same for
both languages, we report the accuracy for ALL, which has no
significant difference for all languages (W =240780, p=0.66).

Efficiency is language-independent. Hence, participants
with dyslexia (Spanish, m = 3.1s and German, m = 3.2s) take
more time for a hit than the control group (Spanish, m= 2.8s and
German,m=2.8s). Efficiency is significant for Spanish (W =73301,
p = 4e− 5, r = 0.39) but not for German (W = 19357, p = 0.06,
r=0.25). The effect size is considered medium for both languages.
Because the trend is the same for both languages, we provide the
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analysis for efficiency with a significant difference for all languages
(W =209740, p=2e−4).

Children and parents provided positive (n= 44) and negative
(n=7) feedback about the gameplay or content. The following are
translated quotes from children that show examples of the positive
feedback we received. A boy (8 years) who participated in a school
said: “This was so cool! It was the best day at school ever”. A girl
(12 years) wrote in the web feedback input field that “it was fun
and not boring!” and a boy (10 years) wrote “I love this game”.
The positive feedback was provided by all age groups. However,
some provided negative feedback. A girl (12 years) said it was “not
exciting more boring,” while a boy (12 years) wrote that the “game
started too fast”.

4.7.2 Validation
We present the results of the statistical analysis for the validation
data (n= 313) separated by language and for all languages (see
Table 4.11). Additionally, we compare the statistical analysis results
from the pilot-study (n=178) with the validation data set (n=313).

The ES data set (n=153) has seven dependent variables with
significant differences between groups: 4th click interval, duration
round, average click time, total number of clicks, time to the first
click, number of hits, and efficiency. The ES data set (n= 153)
confirmed the results of the pilot study (n = 178). The visual
accuracy is now also significant (p= 0.026, before p= 0.43). All
other game measurements decreased the significance by slightly
increasing the p-value (visual efficiency from 4e−5 to 1e−4). The
data set ES has 9 significant variables that distinguish a person
with or without dyslexia.
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For the data set ALL (n=313) we consider only dependent vari-
ables with the same tendency as for the pilot study (n=178). We
categorize the tendency (e.g., playing faster or having more clicks)
by the group (dyslexia compared to control group) mean of the de-
pendent variables within the same language. ALL (n=313) has two
visual gamemeasurements (number of misses and total clicks) with
the same tendency while the pilot study had five for the visual game
(total clicks, time to the first click, hits, accuracy, and efficiency).

The DE data set (n = 149) confirmed the results of the pilot
study (n=57) with no significant dependent variables. The means
of the dependent measurements for DE are all very close (e.g.,
the time to the first click is 2.58s for the control group and 2.50s for
the dyslexia group).

We can confirm that misses did not reveal significant differences
for German or Spanish, even though the tendency is now the same
for both languages. On the other hand, the total number of clicks
is still significant.

To sum up, we confirmed one significant dependent variable in
ALL (n= 313), seven significant dependent variables for ES (n=
153), and no significant dependent variables for DE (n=149).

4.8 Prediction using Machine Learning
We processed our data sets with different classifiers and different
subsets of features, following Section 4.6. We computed the bal-
anced accuracy for our binary classification problem to deal with im-
balanced data sets; for example, ALL data set has dyslexia 37% vs.
control 63%. The best results obtained are presented in Table 4.12.

As described in the Section 4.6.2, the ranking of the informa-
tive features is different for the three data sets. Hence, we explore
the influence of different subsets of features, namely: (1) all repre-
sented features (201 features); (2) the 5 most informative features;
(3) the 33 most informative features, as this was the next natural
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Clas. Data set Feat. Recall Precision F1 Accuracy
RF DE 5 0.77 0.78 0.75 0.74
RFW DE 5 0.75 0.75 0.74 0.73
Baseline DE 0.60 0.37 0.46 0.50
ETC ES 20 0.76 0.76 0.75 0.69
RF ES 5 0.74 0.73 0.72 0.65
Baseline ES 0.68 0.46 0.55 0.50
GB ALL 20 0.66 0.65 0.65 0.61
GB ALL 5 0.64 0.64 0.63 0.59
Baseline ALL 0.63 0.40 0.49 0.50

Table 4.12: Best results of the different classifiers, features and
data sets. Results are ordered by the best F1-score and accuracy.

informative subset; (4) 20 random features selected from (3); and
(5) 27 features that have the same tendency and which have been
answered by the participants’ supervisors, because they are mainly
not under themost informative feature subsets (although total clicks
is significant in the statistical comparison).

We report the two best F1-scores and accuracy scores for each
data set as well as the baseline, as can be seen in Table 4.12. We
outperform our basic baseline (DummyClassifier) for all data sets.
The best F1-score, 0.75, is achieved for both languages, the DE
and ES data sets. DE uses 5 features with RF and ES uses ETC
with 20 features. The second best F1-score, 0.74, is achieved with
the DE data set using 5 features and RFW. The best accuracy, 0.74,
is achieved with RF while the second best of 0.73 is achieved with
RFW, both in the DE data set using just 5 features.

For ES, the best F1-score is also 0.75 with ETC and the selec-
tion of 20 features. The second best F1-score for ES is 0.72 with
RF and a selection of 5 features. The F1-score is reduced by 0.10
when combining the two data sets (DE and ES), since the best F1-
score for ALL is 0.65 using GB and 20 features. The second best
F1-score for ALL is 0.63 with GB and 5 features. For ES, the best

104



Figure 4.6: Normalised confusion matrix from the three best results
(F1-score and accuracy): a) DE, 5 features with RF; b) ES, 20
features with ETC; and c) ALL, 20 features with GB.

accuracy is 0.69 with ETC and the selection of 20 features. The
second best accuracy for ES is 0.65 with RF and a selection of 5
features. The accuracy is reduced by nearly 0.10 when combining
the two data sets (DE and ES), since the best accuracy for ALL is
0.61 using GB and 20 features. The second best accuracy for ALL
is 0.59 with GB and 5 features. This shows that there are differ-
ences across languages.

The normalised confusionmatrix (see Figure 4.6) does not show
over-fitting for the best obtain results for DE, ES and ALL.

The reduction of features improves the accuracy for DE but not
consistently for ES and ALL, as can be seen for the different clas-
sifiers and data sets in Figure 4.7. For example, reducing the fea-
tures for DE improves the accuracy for ET, RF, and RFW, but not
for GB. For ES, the accuracy improves only for RF and stagnates
for RFW when reducing the number of features, otherwise the ac-
curacy inverts for ETC and GB. For the data set ALL, RFW and RF
improve but ETC and GB decrease.
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Figure 4.7: The plot shows the relation of accuracy to features for
all classifiers in the data set ALL (left), ES (middle) and DE (right).

4.9 Discussion
Most children with dyslexia show a varying severity of deficits in
more than one area [14], which makes dyslexia more a spectrum
than a binary disorder. Additionally, we rely on current diagnostic
tools (e.g., DRT [51, 148]) to select our participant groups, which do
not yet represent the diversity of people with dyslexia. We accept
that our participants have a high variance because of the measure-
ment of our current diagnostic tools and the spectrum dyslexia has.

In the following sections we will discuss the results from the sta-
tistical analysis 4.7 and the machine learning prediction 4.8.
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4.9.1 Group Comparison
The measurement data taken from the game MusVis show that
Spanish participants with dyslexia behave differently than their con-
trol group (R1). Differences can be reported for the auditory game
part for: 4th click interval, 6th click interval, duration, and average
click time. For the visual part, the following measurements can be
reported as indicators: total clicks, time to the first click, hits, and
efficiency. Besides, similar tendencies can be reported for the vari-
ables of the visual part: total clicks and misses (see Table 4.10).

We can show with our results over all languages that the effect
for each measurement is confirmed even if we cannot draw strong
conclusions about our sample size on the comparison of German
vs. Spanish speaking participants. Spanish has eight significant
indicators and we expected to reproduce the same number of sig-
nificant indicators with more German participants.

In general, all participants found the game easy to understand,
and only children at the age of 12 complained about missing chal-
lenges. The amount of positive feedback and engagement of all
age groups let us conclude that the game mechanics and compo-
nents applied are also positive for perceiving MusVis as a game
and not as a test.

Dyslexia is known to be present across different languages
and cultures [2]. The assumption that the tendencies for the
indicators are similar over all languages cannot be proven for all
indicators in our study (e.g., German participants with dyslexia
start to click faster than the Spanish participants compared to
their language control group in the auditory part). We can exclude
external factors such as different applications or study setups
as possible influences on this opposite tendency. According to
the results, we may have to assume that not all indicators for
dyslexia are language-independent and that some have cultural
dependencies, or we have omitted variable bias. To confirm this
assumption, we will need to obtain larger numbers of participants
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for both language groups (Spanish and German) or investigate
further measurements (indicators).

The variables time to first click (visual and auditory) and total
number of clicks (visual and auditory) provide dependencies of the
game content and game design. Otherwise, we could not explain
the trend difference between the auditory and visual parts for total
number of clicks (i.e., total clicks for visual is significantly different
than for auditory). Additionally, the analysis of the auditory game
part presents two limitations: (1) participants could select a correct
pair by chance, and (2) participants could click through the game
board without listening to the sounds.

Children with dyslexia are detected by their slower reading or
spelling error rate [23, 140] as further explained in the Chapter 2.
Therefore, we designed our game with content that is known to be
difficult to differentiate for children with dyslexia to measure the er-
rors and duration. Nevertheless, from previous literature we knew
that children with dyslexia do not make more mistakes in games
than the control group [127]. We can confirm that misses did not
reveal significant differences for German or Spanish either. It might
be possible that we cannot compare errors in reading and writing
with errors in this type of game. Then, we cannot explain (yet) why
the Spanish control group made more mistakes than the Spanish
group with dyslexia. It might also be possible that participants with
dyslexia show generally different behavior that is separated from
the content but depends on the gameplay. Spanish children with-
out dyslexia take significantly more time to find all pairs and finish
the auditory game part. Children without dyslexia take more time
before they click the first time (visual) for all languages. This might
be due to the time they need to process the given auditory in-
formation [149] or recall the auditory and visual information from
short-term memory [47]. However, participants with dyslexia from
the German group are nearly as fast as the control group in finding
all pairs (auditory) which might be due to cultural differences.
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The auditory and visual cues are designed on purpose to be
more difficult to process for people with dyslexia than without.
Therefore, children with dyslexia are expected to need more time
(duration), which might be due to a less distinctive encoding of
prosody [47] and is in line with the indicator of slower reading.
Considering that children with dyslexia need more time to process
information, we observe this behavior as well for our indicators. For
example, participants with dyslexia from the Spanish group take
more time on the 4th click interval and also on the average click
time compared to the control group. Both results are significant
and have large effect sizes of 0.7 and 0.8, so we can estimate
what the effects would be in the whole population [37].

A person with dyslexia has difficulties with reading and writing
independent of the mother tongue, which also appear when learn-
ing a second language [57, 90]. The analysis of errors from chil-
dren with dyslexia show similar error categories for Spanish, En-
glish [126], and German [118], revealing similarities of perception
between the languages.

Our results suggest that we can measure a significant differ-
ence on four indicators for the visual game with the same ten-
dency between Spanish, German, English, and Catalan (R1). This
means that people with dyslexia might perceive our visual game
content similarly, independent of the mother tongue. Further re-
search needs to be done to confirm the results, but this validation
study provides strong evidence that it will be possible to screen
dyslexia with our content, approach, and game design using the
same language-independent content for different languages.

4.9.2 Screening Differences
Our approach aims to screen dyslexia with indicators that do not
require linguistic knowledge. These indicators are probably not as
strong or visible as the reading and spelling mistakes of children
with dyslexia. Therefore, we consider our results (highest accu-
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racy of 0.74 and highest F1-scores of 0.75) for German with Ran-
dom Forest as a promising way to predict dyslexia using language-
independent auditory and visual content (R2). Having an early indi-
cation of dyslexia before spelling or reading errors appear can have
a positive impact on the child’s development, as we can intervene
earlier in her/his education.

Therefore, we aim to optimize the Recall and F1-score by find-
ing as many participants with dyslexia as possible.

We have set ourselves this goal because early detection in a
person with dyslexia has a greater positive effect on the person with
dyslexia than than a misjudgement in a person without dyslexia. If
a person with dyslexia is not discovered (early), they are prone to
face additional issues such as anxiety, sadness and decreased at-
tention [138]. Also, a person with dyslexia needs around two years
to compensate for their reading and spelling difficulties. Early treat-
ment among children at risk of dyslexia as well as children without
dyslexia can serve as both a preventive measure and an early stim-
ulation of literacy skills.

Our results support the hypothesis that dyslexia cannot be re-
duced to one cause, but is rather a combination of characteristics
[27]. The equal distribution of auditory and visual features in the in-
formative features ranking supports the hypothesis of dyslexia be-
ing related to auditory and visual perception. We might be able to
measure stronger effects when we design visual and auditory cues
that have more attributes related to dyslexia.

The ALL data set reached only an accuracy of 0.61, which
might be due to the following reasons (R2). First, the informative
features for each data set are different from each other, which
indicates different informativeness in German and Spanish.
Combining the data sets into ALL probably adds noise for the
prediction, which results in a lower accuracy. The noise might be
that features are not as informative anymore because they cancel
each other out as they are highly correlated.
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In addition, reducing the features only to the features with the
same tendency as used for the statistical analysis did not reveal
any improvement, which supports the hypothesis that features in
ALL cancel each other out.

The results of our current game measures with 313 participants
confirm differences in the behavior of Spanish vs. German partic-
ipants (i.e., (1) seven significant dependent variables in Spanish
vs. none in German and (2) only two dependent variables with the
same tendency over all languages).

These results might be explained with the concept of bilingual-
ism. It is argued that a person who speaks more than one language
has more knowledge of their first language than a monolingual per-
son [73], and it is unclear whether this also has an influence on “how
people perceive differences as well”. Additionally, dyslexia detec-
tion differences are reported for transparent (like Spanish) vs. deep
(like English) orthographies (quoted after [125]). In a transparent
orthography mainly a single grapheme (letter) corresponds to a sin-
gle phoneme (sound) and dyslexia is reported to be more distinct
in deep orthographies.

If so, this might explain the difference we have in the signifi-
cance for the statistical analysis as well as the tendency of values,
and the need for separate models to predict dyslexia for our Ger-
man vs. Spanish data set (Spanish has bilingual participants).

Overall, having fewer features improves the accuracy, but this
is less so when we run experiments for ALL or ES. There, the in-
fluence of the different informative features for ES and DE seem
to cancel each other out. The high correlation between features
would explain why, for example, ALL taking into account 27 fea-
tures (GB) performs no better than using 20 features (GB) from the
ALL data set. The fact that the accuracy does not increase when
more features are used supports the argument that features are
highly correlated.

As described before, small data can help for understanding the
data and results better. In our case, we see that ALL does not per-

111



form as well as ES or DE. This is probably due to the facts described
above (e.g., bilingualism, features canceling each other, English-
speaking participants). The prediction for dyslexia is therefore pos-
sible with the data taken from the same game, but needs different
models for the prediction in different languages as was proposed
by [6], something that made sense in retrospect (R2).

112



Chapter 5

Screening Dyslexia adding
Generic Content

5.1 Introduction
In Chapter 4, we showed how a game can be used to screen for
dyslexia in English, German and Spanish with auditory and visual
cues. We addressed language-independent screening with mainly
a desktop game in order to later integrate younger children who do
not yet have any reading or writing skills. Based on these results,
we redesigned the gameplay and added cues with generic visual
and auditory content related to various indicators. Hence, here we
present a game to study the relation of language-related vs. generic
game content to screen children with dyslexia.

Our main contributions are the added language-independent
generic content related to various indicators, the relaunched au-
ditory gameplay, and the prediction with interaction data from a
web-based game using machine learning. The contributions of this
chapter can be summarized as follows:

113



• The game design presents how the new auditory game part,
the new language-independent auditory content as well as
the added generic content for auditory and visual related to
various indicators is designed (see Section 5.3).

• The experimental design setup, predictive model setup and
the results for the evaluation of the web-based game provide
insights into how participants with and without dyslexia differ
from each other and how language-related and generic con-
tent with various indicators can be used for screening dyslexia
(see Sections 5.4, 5.5, and 5.6).

• The discussion shows how children with and without dyslexia
can be distinguished (R1), for example, with nine significant
variables for German (see Section 5.7). Additionally, we dis-
cuss how the new generic visual and auditory content related
to various indicators perform best (R3). We reached the best
balanced accuracy and F1-score for all languages (0.77,0.75)
and for German (0.67,0.74) with generic auditory cues using
Extra Trees Classifier (see Section 5.7).

Part of the content of Section 5.3 was published in [113].

5.2 Methodology
Generally, we follow the methodology explained in Chapter 3 and
point out here the important and case-specific steps for this appli-
cation and study.

Consequently, we used the study and observational results as
well as participant feedback and game data ofMusVis to develop a
new application, DGames, with the following requirements: (a) add
generic content; (b) provide auditory content that is appropriately
perceivable by pre-readers; (c) simplify the auditory gameplay; and
(d) use input methods that are adequate for pre-readers. Hence,
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we changed the gameplay and content of the application as well
as dependent variables for the experimental design. We aimed for
easier gameplay and an auditory gameplay comparable with the
visual game part. The content needs to incorporate cues related
to various deficits known to be connected to dyslexia as well as
generic content and content more perceptible for pre-readers. The
major changes made to achieve the requirements are described in
Section 5.3.

As the comorbidity is a challenge for dyslexia research (as ex-
plained in Chapter 2 and 3), we added further questions regarding
possible related diagnoses of the participants (e.g., ADHD diag-
nosis, hearing limitations). We used internal feedback loops from
human-computer interaction researchers to ensure the quality of
the game as we already evaluated the gameplay of MusVis.

Due to limited resources (e.g., time, personnel, language
skills), we could only collect a sufficient number of participants
for German (see Section 5.4). We combined all participants in
an additional data set to decide if collecting further participants in
future studies might have positive prediction results for the other
languages (English, Spanish).

We evaluated our indicators with the statistical analysis and
compared the statistical results betweenMusVis andDGames. The
statistical and prediction results are presented in Section 5.6 and
the discussion in Section 5.7.

5.3 Game Design
The gameDGames is similar to the gameMusVis [115] and a demo
is available at http://bit.ly/DGamesEN. Only the interaction for
the visual part and eight visual cues are duplicated from MusVis.
We designed the game DGames with the experience from the pre-
vious study and implementation of MusVis [115, 117]. All changes
are reported below.
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Although children aged 7 to 12 and their parents gave very
positive feedback on the gameplay and content, parents of pre-
readers described troubles. Parents reported that their pre-readers
had difficulties in understanding the gameplay and distinguishing
the very short and similar sounds of the auditory part. Most of
them quit the game because of that. An example quote from a dad
of a boy (4 years) shows this: ”He was overwhelmed by the game.
He could not distinguish the sounds and just touched randomly
on any card.” Also, the input method (computer mouse) was not
adequate for younger children.

To be able to target pre-readers, we changed the focus in the im-
plementation from a desktop computer to a tablet device. We also
completely recreated the auditory content and interaction. Addition-
ally, results fromMusVis and Dytective [127, 129] showed that chil-
dren with dyslexia (CWD) did not makemoremistakes while playing
games, in spite of the fact that CWD are diagnosed by the number
of written errors they make. Therefore, we design more generic
auditory and visual content to be less linguistic (called generic) to
evaluate the influence on the prediction.

The auditory game cues from MusVis were related to one
acoustic parameter. Since the variables for the auditory part of
MusVis are mainly not significant, we assume that cues related
to various deficits (as done for visual) will increase the chances
of measuring a difference between groups. Since the short-term
memory capacity shows a strong correlation with the search vari-
able [10], our games are both designed as search games. Each
game part (auditory and visual) has 16 rounds which are counter-
balanced with Latin Squares [37].

We aim to address users’ motivation for both game parts with
the following game mechanics, which are similar to the ones used
for MusVis: rewards (points), feedback (instant feedback), or chal-
lenges (time limit). We identified these game mechanics as tech-
niques to motivate through emotional engagement and visualize
users’ progress (as explained in Chapter 3).

116



5.3.1 Auditory Cues adding Generic Content
The new auditory cues are designed with the knowledge of at-
tributes used in previous literature and the new analysis of the Ger-
man errors resource (see Table 5.1). Our analysis of German error
words [109, 118] compared with the existing analysis of Spanish
and English [126] found similarities between the languages as de-
scribed in Appendix A.2. The analysis of error words on different
languages needs future work to make a comprehensive assess-
ment, but this is not the main scope of this thesis.

Wemapped the attributes explained in Table 5.1 to the stages in
Table 5.2. Additionally, Table 5.2 shows the relations between our
designed auditory types and the literature that provides evidence
for distinguishing a person with dyslexia.

The auditory part has for each stage/round a new auditory type:
substitution, omission, structure, phoneme (one Spanish and
one German vowel; Spanish consonant), confusion (twice Span-
ish and German; four times English), combinations, and rhythm.
Each auditory type has one auditory cue target and three auditory
cue distractors.

Auditory types are related to linguistic features when using the
pronunciation of letters or the confusion of words. For example,
we created cues from the vowel pronunciation of letters using the
Mac OS High Sierra 10.13.6 voice for the different languages, e.g.,
Spanish and German. For example, we know from the analysis of
mistakes from children with dyslexia in Spanish that vowel errors
are the most frequent in the substitution category [126].

The auditory game round has two phases: (1) remembering the
target audio cue; and (2) finding the target audio cue among a col-
lection of audio cues. In the first phase, the children click on the
play button and can listen to the auditory cue target as often as
they like (see Figure 5.1, a). In the second phase, a row of four
buttons is displayed (see Figure 5.1, b) and automatically the as-
signed auditory cues for each button are played one after another.
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Key Name Description
B Beginning 70% of the spelling errors are at the third position

of a word for German and Spanish [109, 126].
L Length The average word length for German and

Spanish is just above 7 letters [109, 126].
Si Simple For 73.3% of the analyzed words for Spanish the

Damerau-Levenshtein distance was one, which
means that only single mistakes were made [126].
For German it is even 81.3% [109].

Su Substitution The error category Substitution (exchanging a
letter for another one) is frequent for German,
English and Spanish [109, 126].

O Omission The error category Omission (leaving a letter out)
is frequent in German [109].

St Structure CWD find it more difficult to recall a target item
with a similar prosodic structure [47].

Pst Phonological
short-term
memory

CWD showed difficulties in the phonological
short-term memory [47].

Sip Short-interval
perception

Copying and discrimination tasks are used to
predict phonological awareness [85].

Pm Pitch
modulation

CWD have difficulties in processing pitch patterns
[133].

Cb Combinations Discrimination of rise time is related to language
processing [48].

C Complexity CWD have difficulties with the phonological
similarity effect and the phonological
neighbourhood when long memory spans are
used [47]. English has a greater percentage of
multi-errors compared to Spanish [126].

Table 5.1: Description of the auditory attributes for DGames.

118



Content Related Generic
Type Phon. Conf. Comb. Omi. Rhyt. Struc. Subs.
Total Stages 3 8 1 1 1 1 1
Attri.
B ✓ ✓ ✓ ✓ ✓
L ✓ ✓ ✓ ✓ ✓ ✓
Si ✓ ✓ ✓ ✓
Su ✓ ✓ ✓
O ✓ ✓ ✓ ✓
St ✓ ✓ ✓ ✓ ✓ ✓ ✓
Pst ✓ ✓ ✓ ✓ ✓ ✓ ✓
Sip ✓ ✓ ✓
Pm ✓ ✓ ✓ ✓ ✓
Cb ✓ ✓
C ✓ ✓ ✓

Table 5.2: Mapping of the evidence from literature to distinguish
a person of dyslexia to design the auditory type for each stage of
DGames.

The buttons are disabled until the auto-play is done to ensure the
children listen to all auditory cues. In order to distract the player,
the first button/auditory cue is never the auditory cue target. The
order of auditory cues is randomly assigned and starts always from
left to right. With the Play all sounds again button, the children can
listen to all cues as often as they like.

5.3.2 Visual Cues adding Generic Content
The main changes from MusVis [115] are (a) adding non-linguistic
content (called generic), (b) tablet adaptation (e.g., double click),
and (c) video introduction to the game.

The visual part has 8 stages and 16 rounds. Each stage has
two rounds with first a 4-squared (see Figure 5.2, b) and then a
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Figure 5.1: Example of the auditory part of the game DGames with
the priming of the target cue (a) and then the distractors for each
auditory cue (b).

9-squared design (see Figure 5.2, c). Each stage is assigned to
one visual type (symbol, z, rectangle, face, fruit, kitchen, plant,
and animal). Four visual cues for each stage are presented (see
Figure 5.3, where the first four visual types are duplicated from
MusVis [115]).

The visual game round has two phases: (1) remembering the
target visual cue; and (2) finding the target visual cue among a
collection of visual cues. In the first phase, the participant has 3
seconds to memorize the assigned target visual cue for the stage
(see an example in Figure 5.2, a). This is the visual target cue the
participant has to find in the second phase of the round.

In the second phase of the round, the target and all three dis-
tractors are displayed in either the 4-squared design or 9-squared
design for 15 seconds. The participant needs to find and click on
the target visual cue before the time is up. Within the 15 seconds,
the squared design is updated every time the participant clicks on
a visual cue. The visual cues are randomly assigned within the
squared design. The target and all three distractors are displayed
in the 4-squared design. In the 9-squared design, the target is dis-
played twice along with distractors two and three. Only distractor
one is displayed three times.
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Figure 5.2: Example of the visual part of the game DGames with
the priming of the target cue animal (a) and then the four-squared
(b) and (c) nine-squared design including the distractors for each
animal.

5.3.3 User Interface
As for MusVis, we avoid distractions or influences on the users’
behavior with a consistent user interface (e.g, font size, color or
shape) and support the readability of text for participants’ supervi-
sors with a large font size (minimum 18 points) [124].

The interactive elements (cards to be clicked within the game)
are large enough to be touched easily. The interactive elements
(sound cards/squares) are presented the same way within each
game and do not differ in color or shape to avoid differences in
perception.
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Figure 5.3: Overview of the designed related-linguistic (called re-
lated) and non-linguistic (called generic) cues. The figure shows
the target cue (top) and distractor cues (below) for the eight differ-
ent stages (symbol, z, rectangle, face, fruit, kitchen, plant, animal)
of the visual part of the game DGames.

5.3.4 Implementation
Both game parts are developed as a web application using
JavaScript, jQuery, CSS, HTML5 and a back-end with a PHP server
and a MySQL database to make the game easily adaptable for dif-
ferent devices. The visual part is also implemented with Angular.

Because of the web implementation technique, we were re-
minded that a double click on a web application generally zooms
the application on a tablet. As young children were observed touch-
ing the application very quickly and triggering the zoom-effect, this
caused interruptions while playing and was not coherent with the
experience of using a native tablet application. Therefore, we used
a viewport meta tag to control the layout settings for mobile devices.
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All instructions within the game are presented with video or au-
dio media to address pre-readers. Android prevents by default au-
tomatic play of sound or video and asks for user interaction. There-
fore, we designed the whole game with a sequence that starts with
user interaction followed by audio sounds.

5.4 Experimental Design Setup
We designed our application with the human-centered design
framework [67] to gather data for the prediction of dyslexia with an
experimental study design [37]. In our within-subject design [37],
all participants played all 16 rounds of each game part.

As for MusVis, we also collect data from children ages 7 to
12. First, this is because at this age children should already be
diagnosed with dyslexia. Even if a treatment is already being per-
formed, children should still show signs of dyslexia. Second, we
do this because it allows us to compare the results with MusVis
where we collected data from the same age range. As described
in Section 3.6.2 the study has been approved.

5.4.1 Procedure
We followed the same approach as described for MusVis in Sec-
tion 4.5.1. Apart from the following: DGames has a video instruc-
tion also for the visual game. Participants watched the short video
instructions for the visual game part and played the visual game.
Following, the participants watched the short video instructions for
the auditory game part and played the auditory game.

5.4.2 Participants
We have the following exclusion and inclusion criteria: We ex-
cluded participants if they did not report any of the following at-
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Data set N
Dyslexia Control

N age female male N age female male
DE 120 36 9.1 17 19 84 10 46 38
ALL 137 51 9.7 23 28 86 8.8 48 38

Table 5.3: Overview of the participants per data set.

tributes: gender (3.5%), age (7.1%), or diagnosis status (8.5%).
Only participants who played all 16 rounds of each game are in-
cluded in the analysis. Participants with dyslexia were mainly re-
cruited over (support groups on) social media calls, learning centers
and our own participant pool. The control groups were recruited
mostly with the collaboration of schools from the northern part of
Germany (Schleswig-Holstein and Lower Saxony State).

The participant call raised attention for parents who either did
not know whether their child had dyslexia (18.3%) or suspected
their child had dyslexia but did not have an official diagnosis (9.8%),
e.g., from a medical doctor. To have a precise small data set and a
binary classification to simplify the prediction, we only considered
participants with an official diagnosis (dyslexia group) or no sign of
dyslexia (control group).

We separated our data in two data sets (see Table 5.3): One
data set with German participants (DE, n=120) and the other with
all languages. The DE data set is constrained to be as precise
as possible (e.g., one language, no missing values, and restricted
age range). This means we took out optional questions when only
a few participants answered. We cannot completely balance our
participant groups for dyslexia (n= 36) and control (n= 84) in DE
due to limited resources, which we will address in our analysis.

The other data set includes all languages (ALL, n=137) where
we also added participants that used English (n=2, 1 dyslexia and
1 control) and Spanish (n=15, 14 dyslexia, 1 control) game instruc-
tions. We use the ALL data with the same constraints as DE to ex-
plore the influence on the prediction, apart from balanced groups
of participants for Spanish (mainly participants with dyslexia) and
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Data set N Biling.∆ Dyslexia Control
in % N One Lang.* Biling.∆ N One Lang.* Biling.∆

N in % N in % N in % N in %
DE 120 19.16 36 31 86.11 5 13.89 84 66 78.57 18 21.43
ALL 137 22.63 51 40 78.43 11 21.57 86 66 76.74 20 23.26

Table 5.4: Overview of bilingualism per data set. *One Language;
∆ Bilingualism.

different languages. Participants ranged in age from 7 to 12 years.
Our ALL data set (n=137, age=9.2, sd=1.5) contains 51 par-

ticipants with dyslexia (23 female, 28 male, age= 9.7) and 86 as
control (48 female, 38 male, age=8.8).

Our German data set (n= 120, age= 9.1, sd= 1.5) includes 36
participants with dyslexia (17 female, 19 male, age=10) and 84 as
control (46 female, 38 male, age=8.8).

Participants played the game in English, German, or Spanish
depending on their native language. We provide an overview in
Table 5.4 on the answers for one language (One Lang.) and re-
ported bilingualism (Biling.) from the demographic questionnaire.
Our data sets contain bilingual participants (ALL ∼ 22.63%, DE ∼
19.16%, Biling.).

The participants with dyslexia mainly reported one native lan-
guage for ALL (∼ 78.43%, n=40) and DE (∼ 86.11%, n=31). For
ALL, ∼ 21.57% of the participants with dyslexia reported bilingual-
ism (n=9 a second and n=2 a third language). Only ∼ 13.89% of
the DE participants with dyslexia reported bilingualism (n=4 a sec-
ond and n=1 a third language). The participants without dyslexia
reported one native language for ALL with ∼ 76.74% (n=66) and
for DE with ∼ 78.57% (n=66). For ALL control, ∼ 23.26% of the
participants reported bilingualism (n= 13 a second, n= 5 a third,
and n=2 a fourth language). For DE control, ∼ 21.43% of the par-
ticipants reported bilingualism (n=11 a second, n=5 a third, and
n=2 a fourth language). Bilingual participants used the language
they reported to be more comfortable with for the instructions of the
game.
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Part Dependent variables
Auditory Number of repeats, correct answers, wrong answers,

durati on per round, thinking time of the participants
before responding.

Visual Total clicks, correct answers, wrong answers, 1st
click interval, 2nd click interval, 3rd click interval, 4th
click interval, 5th click interval, 6h click interval, time
last click, accuracy, efficiency and effect.

Table 5.5: Overview of the dependent variables used for the statis-
tical comparison.

5.4.3 Dependent Variables and Features
We conducted an online user study to collect participants’ re-
sponses with the demographic questionnaire and the dependent
variables while playing the web game. We use the dependent vari-
ables from children with and without dyslexia for the statistical com-
parison and also as input (features) for the machine learning classi-
fiers. First, the statistical analysis is performed using the dependent
variables presented in Table 5.5.

Next, we selected our features for our predictive models from
the collected data taking into account the following sources: ques-
tionnaire, technical meta data, and game measures.

The features 1 to 10 were answered with the online questions
by the subject’s supervisor (see Table 5.6). The technical meta-
data, Features 11 to 13, was collected with the PHP variable from
the browser while the user was participating in the user study (see
Table 5.6).

We would like to further elaborate on our subject features lan-
guage, class level and device. We select only one subset (DE) with
the feature language. Our game instructions are available in three
languages. But due to limited resources (time and personnel), we
collected only sufficient amount of participants for the German data
set (English, n= 2 and Spanish, n= 15). The feature class level
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ranges from 0 to 8 and describes in which year of education the
participant is. The integer value corresponds to the main model of
primary and lower secondary education in Europe [32]. As the in-
fluence of the input method (computer vs. tablet) was in MusVis
(Chapter 4) positive for the prediction, we included for the analysis
both input methods and collected further technical metadata such
as operating system and browser.

We excluded a few questions because the participants’ answers
could not be solidly summarized for the feature selection. For ex-
ample, the questionnaire responses to school grades for language
or mathematics subjects were different and could not be attributed
to a uniform result, such as 2, ++, -, remarkable.

The data set has 429 features per subject, where the 160 vari-
ables from the auditory part are features 14 to 173 (Table 5.7) and
the 256 variables for the visual part are 174 to 429 (in Tables 5.8
and 5.9). A game variable corresponds to either the auditory or
visual round.

We would like to further elaborate on our auditory features dura-
tion per round, thinking duration and button position: The function
duration per round starts with the beginning of the game round,
which is the listening of the target queue, and ends when the par-
ticipant has made a choice in the second phase (that is, a click on
a button).

We elaborate on the gameplay to explain the feature thinking
duration. Buttons are assigned to auditory cues. After the second
phase starts, auditory cues are automatically played one after an-
other. The buttons are disabled until the auto-play is done to ensure
children listen to all auditory cues.

Thinking duration lasts from the time the buttons are no longer
disabled until the participant chooses (clicks on) a button.

The feature button position represents the position of the button
within the row of the four buttons, starting from the left.

We would like to further elaborate on our visual features for the
different click intervals. From MusVis (Chapter 4), we know that
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Participant
features

Feature description

1 Age It ranges from 7 to 12 years old.
2 Gender It is a binary feature either with female or male

value.
3 Language It indicates the instruction language, Spanish, Ger-

man or English.
4 Native
Language

It indicates if the language used for the instructions
is the first language of the participant, being Yes or
No.

5 Number of
languages

It describes the number of languages a participant
reported knowing, ranging from 1 to 4 languages.

6 Class level It describes the class level of the participant, being
an integer ranging from 1 to 8.

7 Hearing
Limitations

It indicates the hearing limitation the participant re-
ported, beingNo limitations, little limitations, or lim-
itations.

8 Fun It indicates the expressed fun mentioned in the
feedback question, being No fun, little fun, or fun.

9 Difficulty
Level

It indicates the expressed level of difficulty for the
game mentioned in the feedback question, being
Not challenging, middle challenging, challenging.

10 Instrument It indicates if a participant plays a musical instru-
ment, being No, Yes, less than 6 months or Yes,
over 6 months.

11 Device It is the device the participant used, which is a bi-
nary feature with the Computer or Tablet value.

12 Operating
system

It describes the operating system the participant
used, being Mac OS, Windows, Android or Linux.

13 Browser It is the browser the participant used, being Safari,
Chrome, Edge, Firefox, Opera or Internet Explorer.

Table 5.6: Description of the participant features.
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Auditory features Feature description
14–29 Number of
repeats

It counts the number of times a partici-
pant listened to the instructions, being
an integer.

30–45 Duration per
round.

It is the duration of a round, being mil-
liseconds.

46–61 Thinking
duration

It is the duration after the buttons are
not disabled anymore until the partici-
pant chose (clicked) an auditory cue in
the second phase of the game round,
being milliseconds.

62–77 Number of
repeats target melody

It is counting the number of times a par-
ticipant listened to the target auditory
cue, being a integer.

78–93 Correct
answers.

It is a binary feature either with wrong
or correct value.

94–109Wrong
answers.

It is a binary feature either with wrong
or correct value.

110–125 Total correct
answers.

It indicates the number of correct an-
swers for the previous rounds by sum-
ming the correct answers from all pre-
vious auditory rounds, being a integer.

126–141 Total wrong
answers.

It indicates the number of wrong an-
swers for the previous rounds by sum-
ming the wrong answers from all previ-
ous auditory rounds, being a integer.

142–157 Cue It indicates the participant’s click
choice, being target, distractor 1,
distractor 2, or distractor 3.

158–173 Button
position

It describes the position of the clicked
button, being left, middle-left, middle-
right, or right.

Table 5.7: Description of the auditory features.
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Visual features Feature description
174–189 1st click
interval.

It is the duration between the start of the
second phase and the first click of the par-
ticipant on a visual cue, being millisec-
onds.

190–205 2nd click
interval.

It is the duration between the first and sec-
ond clicks of the participant on a visual
cue, being milliseconds.

206–221 3rd click
interval.

It is the duration between the second and
third clicks of the participant on a visual
cue, being milliseconds.

222–237 4th click
interval.

It is the duration between the third and
fourth clicks of the participant on a visual
cue, being milliseconds.

238–253 5th click
interval.

It is the duration between the fourth and
fifth clicks of the participant on a visual
cue, being milliseconds.

254–269 6th click
interval.

It is the duration between the fifth and
sixth clicks of the participant on a visual
cue, being milliseconds.

270–285 Time last click It is the time of the last click within a game
round in the second phase, beingmillisec-
onds.

286–301 Total clicks. It is the number of total clicks within a
game round, being an integer.

302–317 Correct
answers.

It is the number of hits or correct answers
within a game round, being a integer.

318–333Wrong
answers.

It is the number of wrong answers or non-
correct answers within a game round, be-
ing a integer.

Table 5.8: Description of the visual features (part one).
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Visual features Feature description
334–349 Distractor 1 It is the number of times distractor 1 is

clicked within a round, being a integer.
350–365 Distractor 2 It is the number of times distractor 2 is

clicked within a round, being a integer.
366–381 Distractor 3 It is the number of times distractor 3 is

clicked within a round, being a integer.
382–397 Efficiency It is dividing the time of the last click by

hits, being a fractional value.
398–413 Accuracy It is dividing the number of hits by the total

number of clicks, being a fractional value.
414–429 Effect It is multiplying the number of hits by the

total number of clicks, being a integer.

Table 5.9: Description of the visual features (part two).

participants with dyslexia have an average of 6.7 clicks per round
[115]. We chose six intervals for DGames because we wanted to
ensure meaningful values in the interval features and reduce the
number of zero values due to missing clicks.

Next, we describe the model and feature selection.

5.5 Predictive Models Setup
In this section we present the machine learning for the ALL (n=137)
and German (n= 120) data sets. First we explain the choice of
predictive models and then the choice of feature selection.

5.5.1 Model Selection
We used Random Forest (RF), Random Forest with class weights
(RFW), Extra Trees (ETC), Gradient Boosting (GB), and the
Dummy Classifier (Baseline), as in Section 4.6.1.
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Figure 5.4: The plot shows the features ranking for the DE and ALL
data sets with the highest-ranked features highlighted. Feature ID
follows the index described in Section 5.4.3.

Following Section 3.7, we used a 10-fold cross validation and
computed the balanced accuracy for our binary classification prob-
lem to deal with imbalanced data sets for ALL data set (dyslexia ∼
37% vs. control ∼ 63%) and DE (dyslexia 30% vs. control 70%).

To compare different predictions we use the measures de-
scribed in Section 3.7 and we used the feature selection as de-
scribed in the next section.

5.5.2 Feature Selection
First, we ranked the most informative features with the Extra Trees
Classifier (see Figure 5.4). The results show a step at the informa-
tion score of 0.032: ALL 2 features and DE 3 features.

The two highest-ranked features of the ALL data set (language
and browser) are different from the highest ranked features of the
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Feature
category

Number of
features

Feature names

Auditory 3 cue 3, total number of wrong
answers 4, button position 1.

Visual 7 accuracy 15, total clicks 4,
effect 11, 3rd click interval 8,
5th click interval 2, 6th click
interval 1, 6th click interval
13.

Subject 4 class level, age, fun, native
language

Technical 1 device
Total 15

Table 5.10: DE and ALL have 15 features in common among the
highest-ranked informative features (DE n=53, ALL n=58).

DE data set (class level, age and device). The comparison of the
highest-ranked features (score over 0.005) reveals that the data
sets have fewer features in common (15 features out of 58 for ALL
and 53 for DE, see Table 5.10).

The game is designed with game content that should represent
dyslexia, which means language-independent content. Since we
have small data, the parameter optimization of predictive models
can lead to over-fitting, so we use the feature selection to compare
screening results. We explore the improvement of our measures
for the predictive models with the subsets of features as described
in Table 5.11. We address the danger of selecting the correct fea-
tures [69] by taking into account knowledge of previous literature
about the differences of children with and without dyslexia to avoid
finding correlations by chance. All feature subsets include the sub-
ject features (1 to 13) except selected feature ID informative.
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Selected
features ID

Description

All features All the 429 features.
Informative They are the most informative features with a

ranking score over 0.005 for ALL (58 features)
and DE (53 features).

Auditory Only the auditory features.
Auditory related They are measures taken from the auditory

game rounds where the game content was re-
lated to language.

Auditory generic They are measures taken from the audi-
tory game rounds where the game input was
generic.

Visual Only the visual features.
Visual related They are measures taken from the visual game

rounds where the game content was related to
language.

Visual generic They are measures taken from the visual game
rounds where the game content was generic.

Table 5.11: Overview of the subsets of features used to compare
the quality of the prediction.

5.6 Results
We present separately the results for the statistical analysis to find
differences between children with and without dyslexia and for the
predictive models to screen children’s risk of dyslexia.

5.6.1 Statistical Analysis
We compared the variables for our independent within-subject de-
sign only for German since we do not have enough participants for
Spanish or English. Additionally, the groups (dyslexia/control) are
not balanced, and we cannot investigate the tendency between par-
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ticipants with dyslexia and the control group as we have done for
MusVis. Therefore, we cannot select the dependent variables with
the same tendency when combining data for the all languages data
set. We report 9 significant dependent variables for German (DE):
number of repeats, total clicks, correct answers, 1st click interval,
2nd click interval, 3rd click interval, time of last click, efficiency and
effect. Since all variables were not normally distributed (Shapiro-
Wilk test), we applied theMann-Whitney U (also called independent
Wilcoxon). We use the Bonferroni correction to avoid type I errors
(p < 0.002). We report dependent variables for DE in Table 5.12.
The effect size is only reported for significant dependent variables
and we use the classification defined by Cohen [37]. None of the
significant dependent variables have a large effect (≥ 0.5).

Next, we report the dependent variables for the auditory part.
Number of repeats has a small effect size and is significant

(W =327560.5, p=6e−9, d=0.20). Participants with dyslexia (m=
2.5, sd=2.9) listen on average more times to the target auditory cue
than the control group (m=2.1, sd=2.2).

Correct answers is not significant (W =380064, p=0.20). Par-
ticipants with dyslexia (m=0.6, sd=0.5) have fewer correct answers
than the control group (m=0.7, sd=0.5).

Wrong answers is not significant (W = 379392, p= 0.20). Par-
ticipants with dyslexia (m=0.4, sd=0.5) have more wrong answers
than the control group (m=0.3, sd=0.5).

Duration is not significant (W =359961, p=7e−3). Participants
with dyslexia (m= 10.62s, sd= 28.70s) take more time for a game
round than the control group (m=9.11s, sd=6.94s).

Thinking time is not significant (W =358154.5, p=5e−3). Par-
ticipants with dyslexia (m=1.16s, sd=1.33s) have a shorter thinking
time than the control group (m=1.31s, sd=1.47s).
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Next, we report the dependent variables for the visual part.
Total clicks has a medium effect size and is significant

(W = 316124, p = 7e − 11, d = 0.31). Participants with dyslexia
(m=8.55, sd=3.18) have more clicks within a game round than the
control group (m=7.6, sd=2.96).

Correct answers has a medium effect size and is significant
(W =316954.5, p=1e−10, d=0.30). Participants with dyslexia (m=
7.91, sd= 3.43) have more correct answers than the control group
(m=6.95, sd=3.11).

Wrong answers is not significant (W =382403.5, p=0.30). Par-
ticipants with dyslexia (m= 0.64, sd= 1.26) have fewer wrong an-
swers than the control group (m=0.66, sd=1.23).

1st click interval has a small effect size and is significant
(W = 333016, p = 5e − 7, d = 0.18). Participants with dyslexia
(m=2.01s, sd=1.2s) have a shorter interval than the control group
(m=2.25s, sd=1.39s).

2nd click interval has a small effect size and is significant
(W = 344247, p = 6e − 5, d = 0.17). Participants with dyslexia
(m=1.86s, sd=1.11s) have a shorter interval than the control group
(m=2.07s, sd=1.25s).

3rd click interval has a small effect size and is significant
(W = 335960.5, p = 1e − 6, d = 0.20). Participants with dyslexia
(m=1.76s, sd=0.93s) have a shorter interval than the control group
(m=1.96s, sd=1.07s).

4th click interval is not significant (W =362120, p=0.01). Par-
ticipants with dyslexia (m=1.74s, sd=1.2s) have a shorter interval
than the control group (m=1.82s, sd=1.05s).

5th click interval is not significant (W = 370624.5, p= 7e− 2).
Participants with dyslexia (m=1.56s, sd=0.85s) have a shorter in-
terval than the control group (m=1.60s, sd=0.97s).

6th click interval is not significant (W =384970, p=0.04). Par-
ticipants with dyslexia (m=1.32s, sd=0.85s) have a longer interval
than the control group (m=1.31s, sd=0.96s).
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Time last click has a small effect size and is significant
(W = 354033.5, p= 2e− 3, d= 0.11). For participants with dyslexia
(m= 13.93s, sd= 1.23s), the last click is later within a game round
than for the control group (m=13.79s, sd=1.24s).

Accuracy is not significant (W =380380, p=0.20). Participants
with dyslexia (m=0.91, sd=0.19) are more accurate within a game
round than the control group (m=0.90, sd=0.19).

Efficiency has a small effect size and is significant (W =
317231, p = 2e − 10, d = 0.16). Participants with dyslexia (m =
2.17, sd=1.53) are less efficient within a game round than the con-
trol group (m=2.42, sd=1.57).

Effect has a medium effect size and is significant (W =
316518, p = 1e − 10, d = 0.31). Participants with dyslexia (m =
77.81, sd=61.90) have a bigger effect within a game round than the
control group (m=61.25, sd=50.52).

From Table 5.12, we confirm nine significant dependent vari-
ables for DGames with German participants (n=120). Eight were
dependent variables for the visual content (total clicks, correct an-
swers, 1st click interval, 2nd click interval, 3rd click interval, time
last click, efficiency and effect) and one was a dependent variable
for auditory content (number of repeats).

5.6.2 Prediction using Machine Learning
We processed our data sets (ALL and DE) with different classifiers
and different subsets of features as explained in Section 5.5.2.

The two best results for the F1-score and balanced accuracy ob-
tained for each data set and feature selection as well as the base-
line are presented in Table 5.13. Our results focus on the class
dyslexia, e.g., F1-score, accuracy, recall, and precision.

We outperform our baseline (Dummy Classifier as described in
Scikit-learn library version 0.21.2 [143]) for all data sets. For the
ALL data set, we achieved the best two results for the F1-score
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Figure 5.5: Normalised confusion matrix from the two best results
(F1-score and accuracy): a) ALL, Informativ with ETC; b) DE, In-
formativ with ETC; c) ALL, Auditory generic with ETC; and d) DE,
Auditory generic with ETC.

and accuracy using the feature selections auditory generic
(0.77, 0.75) and informative (0.75, 0.73) and the ETC model.

For the DE data set, we achieved the best two results for the F1-
score and accuracy using the feature selections auditory generic
(0.74, 0.67) and informative (0.74, 0.65) and using the ETC model.

The ranking of classifiers for each selected feature is nearly the
same for ALL and DE except for the auditory feature selection. For
the auditory feature selection, ALL predicts best with RF and RFW,
while DE has the best results with ETC and RF.
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The prediction from MusVis (Chapter 4) is higher than from
DGames. ButMusVis has more participants for each language and
therefore a bigger sample size. The auditory features are more
informative in DGames than in MusVis. The DGames prediction
for the subsets of auditory features has a higher accuracy and F1-
score than for visual features.

The normalised confusionmatrix (see Figure 5.5) does not show
over-fitting for the best obtain results for ALL and DE.

5.7 Discussion
As for the participants of the gameMusVis, we know that our partic-
ipants have a high variance because of the measures of our current
diagnostic tools and the wide spectrum dyslexia has. Additionally,
we believe that questions regarding further diagnoses of dyslexia
were not answered by the participants because the questions were
too specific or the status was not known (e.g., “Does the partici-
pant have attention deficit hyperactivity disorder (ADHD) or atten-
tion deficit disorder (ADD)?”)

In the following sections we will discuss the results from the sta-
tistical analysis and the predictive models.

5.7.1 Statistical Comparison
The variables taken from the game DGames show that participants
with dyslexia behave differently for nine indicators than the control
group for German (R1). Differences can be reported for one indi-
cator in the auditory game: number of repeats. The visual part has
eight significant indicators: total clicks, correct answers, 1st click in-
terval, 2nd click interval, 3rd click interval, time last click, efficiency
and effect. Due to the Bonferroni-correction, three dependent vari-
ables (duration per round, thinking time and 5th click interval) lost
significance, but might regain it with more participants’ for German,
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Spanish and English, as dyslexia is present across different lan-
guages and cultures [2].

Three of our significant dependent variables have a medium ef-
fect size. This means that the experiment can explain 9% of the
variances and estimates the size in the population as defined by
Cohen [37]. Participants with dyslexia show a tendency to click
faster, as the average is shorter for nearly all click intervals (except
for the 6th click interval). Since all participants and supervisors had
the same (video) instructions, we rule out the study set up as an ex-
ternal factor.

We now compare the statistical results from MusVis with the
data set from DGames first for the auditory part and then for the
visual part.

We changed the gameplay and content of MusVis in DGames
because of the study results from MusVis. For example, to have
easier gameplay, game content related to various deficits known
to be connected to dyslexia and generic content were used to ex-
plore behavioral differences. Therefore, we cannot compare these
results in detail with the MusVis auditory part, as the variables and
interactions are different. But the changed auditory part ofDGames
shows with fewer participants a significant indicator, while the au-
ditory part of MusVis with more participants did work for Spanish
but not for German. We suspect that we can confirm the significant
indicator for Spanish by enrolling more participants.

The visual game play is the same as for MusVis but we added
generic content to the existing visual cues. As expected, significant
indicators from MuVis are also significant for DGames.

We here compare the significant dependent variables from
MusVis Spanish with the DGames German data set because
MusVis German had no significant indicators. We see two possible
explanations for this phenomenon. First, the content is designed
to address more characteristics related to dyslexia, which should
cause a stronger effect between the group of participants with and
without dyslexia. Second, German DGames has significant indi-

142



cators probably because of our repeated-measures design, as it is
more likely to measure an effect in a repeated-measures design
[37]. This means that more game rounds in DGames with fewer
participants produces more data and the effect caused by our ex-
periment design is more likely to be measured. As for MusVis,
the time to first click is different between the auditory and visual
parts. We cannot compare the only added dependent variables in
DGames 2nd to 6th click interval, time last click and effect.

5.7.2 Screening Differences
Our approach aims to measure dyslexia with indicators that do
not involve linguistic knowledge and are generic. These indicators
are probably not as strong or visible as the reading and spelling
mistakes of children with dyslexia. Therefore, we consider our
results for DE (highest balanced accuracy of 0.67 and highest
F1-scores of 0.74) as a promising way to screen dyslexia using
language-independent cues and generic content related to various
dyslexia indicators (R3). Having an early detection of dyslexia be-
fore spelling or reading errors appear can have a positive impact
on the child’s development, as we can intervene earlier in her/his
education.

The ALL data set achieved a better prediction result than DE,
but the unbalanced Spanish participant group biased the predic-
tion, something that in retrospect made sense. Due to the limited
resources, only a few participants played in English and Spanish.
English has a balanced group of participants, with only one partic-
ipant for each group. The Spanish participant group mainly con-
tained participants with dyslexia, with only one control participant.
We assume that the model uses the unbalanced Spanish partici-
pant group as the relationship for the prediction and thus achieves
higher prediction results compared to DE. An additional data col-
lection of Spanish participants for the control group is needed to
confirm our current results for ALL.
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The comorbidity of dyslexia in the low-cost prediction remains
a challenge. A clustering of data might help to ensure the quality
of data and a better prediction. For example, it could help to clus-
ter abilities of participants who are better for the visual or auditory
game or participants who have a tendency for visual or auditory
difficulties.

In our case, the subsets with auditory features have slightly bet-
ter metrics than visual (see Table 5.13), although it is difficult to
compare visual and auditory content (for example, based on the
level of difficulty or similarity). The subsets with auditory features
probably have higher prediction scores for DGames than MusVis
for two reasons: (1) the DGames content is related to various
deficits of children with dyslexia, while MusVis contains auditory
cues primarily related to one acoustic parameter (one deficit); (2)
the bigger sample size provides more information for the models
(repeated measures).

Our results support the theory that a stronger effect can bemea-
sured when content is related to more indicators. As comorbid-
ity causes additive working memory deficits [81], more indicators
combined in game content could create a more prominent effect
between groups (with and without dyslexia).

As described before, small data can help us to understand the
data and results better. For example, we agree that using one
model for different languages remains a challenge [6]. The reason
that ALL performs better than DE is probably due to the unbalanced
Spanish participant data, not because of the model.

We show that the prediction for dyslexia is possible with con-
tent related to various indicators in a small data set with German
participants and that generic content can achieve better prediction
results: ALL but also DE computed the best results with generic
auditory content (ALL highest balanced accuracy of 0.75 and high-
est F1-scores of 0.77; DE highest balanced accuracy of 0.67 and
highest F1-scores of 0.74).
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Chapter 6

Conclusions and Future Work

Screening dyslexia is a growing research field, and contributions
to it may help around 5% to 15% of the global population [2].
The main focus of this thesis was the design of a game based in
language-independent content and the early prediction of dyslexia
using machine learning with the game interaction data. The ap-
proach presented in this thesis is a starting point on how to screen
for dyslexia in children without linguistic features or phonological
awareness using games and a machine learning prediction using
the interaction data.

In this chapter, we summarize our work and contributions. We
additionally discuss open problems and future research directions
on screening dyslexia with language-independent auditory and vi-
sual content. Parts of the content of this chapter were published in
[114].

6.1 Summary
We achieved reliable results for screening dyslexia with language-
independent content using machine learning with the combination
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of the design science research methodology, human-centred de-
sign, experimental design, and gamification. We will reiterate our
research questions (from Chapter 3) and findings (from Chapter 4
and 5). Here we summarize our answers for our three research
questions:

R1: Are there significant statistical differences between chil-
dren with and without dyslexia when playing a game with au-
ditory and visual content?
Yes, we found significant differences between groups for different

languages using auditory and visual content in the following depen-
dent variables: The statistical analysis for MusVis with language-
independent auditory and visual content mainly related to one indi-
cator has seven significant variables for Spanish (n=153): with four
visual variables (total clicks, first click, hits, and efficiency) and three
auditory variables (4th click, duration, and average). ALL (n=313)
has one significant visual variable (total clicks). However, we have
no significant variables for German (n=149).

The statistical analysis for DGames with generic language-
independent auditory and visual content with various indicators has
nine significant variables for German (n=120) with eight visual vari-
ables (total clicks, correct answers, 1st click interval, 2nd click in-
terval, 3rd click interval, time of last click, efficiency, and effect) and
one auditory variable (number of repeats).

The stronger effect and the significant variables (DGames com-
pared to MusVis) are probably caused by the content related to
more characteristics of dyslexia and the repeated-measures de-
sign.

R2: Is it possible to predict risk of dyslexia based on language-
independent auditory and visual content using a game andma-
chine learning for different languages?
Yes, the prediction of dyslexia is possible with auditory and visual

content using a game andmachine learning for different languages,
as our results in MusVis for different data sets show.
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The machine learning classification for MusVis showed equal
F1-scores (0.75) for German and Spanish but a higher accuracy
for German (0.74) than for Spanish (0.69). However, we obtained
a lower F1-score (0.65) and accuracy (0.61) for the combination of
the data set (ALL). This is probably caused by the difference in
the ranking of informative features for the data sets (German and
Spanish), which results in features canceling each other out.

Our results support the hypothesis that dyslexia cannot be re-
duced to one cause but is instead a combination of auditory and
visual attributes [27]. The evaluation of MusVis showed that peo-
ple with dyslexia do not make more interaction mistakes, in spite of
the fact that children with dyslexia have typically been detected by
the spelling mistakes they make. Consequently, we added generic
language-independent visual and auditory content related to vari-
ous attributes of dyslexia and measures to a new application called
DGames.

R3: Is it possible to predict risk of dyslexia based on generic
language-independent visual and auditory content with vari-
ous indicators using a game and machine learning?
Yes, it is possible to predict dyslexia on generic language-

independent visual and auditory content with various indicators
using a game and a machine learning prediction using the in-
teraction data. Still, the comparison of subsets of features for
visual and auditory shows a slightly higher score for accuracy
and F1-score when auditory content is used. Auditory subsets
of features showed the best results (F1-score and accuracy) with
the feature selection auditory generic using Extra Trees: ALL data
set (0.77, 0.75, n= 137) and DE data set (0.74, 0.67, n= 120). The
reason that ALL performs better than DE is probably due to the
unbalanced Spanish participant data, not because of the model.

We addressed over-fitting using cross-validation, classifiers
designed to avoid over-fitting (e.g., Random Forest with weights,
Extra Trees), default parameters for classifiers, and metrics for
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imbalanced data (balanced accuracy, F1-score), as well as no
optimization of features within the cross-validation loop. Therefore,
our results provide evidence that prediction for dyslexia with visual
and auditory content is possible with the data taken from the same
game. However, different models are needed for the prediction in
different languages, something that in retrospect made sense.

Our approach aims to measure dyslexia with indicators that do
not require linguistic knowledge and are generic. These indicators
are probably not as strong or visible as the reading and spelling
mistakes of children with dyslexia. Therefore, we consider our re-
sults with language-independent auditory generic content for DE
(highest balanced accuracy of 0.67 and highest F1-scores of 0.74)
using Extra Trees as a promising way to screen for dyslexia using
language-independent content related to various dyslexia indica-
tors. Early detection of dyslexia before spelling or reading errors
appear can have a positive impact on a child’s development, as
we can intervene earlier in her/his education. Our approach can
optimize resources for detecting and treating dyslexia and provide
objective measures for non-professionals. Such a web game has
the potential to be low-cost and easily accessible, be available for
a broader audience through the Web, and make parents sensitive
to the risk of dyslexia and guide them to more help (e.g., medi-
cal doctor or therapist). However, it would need at the beginning
more personnel to screen all children at a young age, but could be
done easily and quickly from home with the parents present. Chil-
dren with dyslexia need around two years to compensate for their
difficulties. Hence, this approach could help to decrease school
failure, late treatment, and most importantly, to reduce suffering for
children and parents.
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The main advantage is that this approach opens the possibility
of predicting the risk of dyslexia using auditory and visual language-
independent content, which has the potential to be used for pre-
readers. Indeed, we aim to collect more data with younger children
to validate our approach for this case. We give an overview of the
cognitive skills tested compared to example applications from the
related work (Chapter 2) and added the details from MusVis and
DGames in Table 6.1.

To sum up, the stronger effect and significant dependent vari-
ables for auditory and visual while having a smaller sample size
for DGames are probably caused by both the content related to
more characteristics of dyslexia and the repeated-measures de-
sign. MusVis has the best F1-score (0.75) for both languages, with
German using 5 features with Random Forest and Spanish using
Extra Trees with 20 features related to visual and auditory content.
However, predicting dyslexia for different languages with the same
prediction model remains a challenge.

6.2 Future Directions
Future lines of research include using new languages and con-
ducting further analysis and measures for small health data
for screening dyslexia with language-independent games and
using machine learning with the game interaction data. The
new research field of detection presents applications accessible
through the Web to screen for a person with dyslexia. Additionally,
this research area opens up the opportunity to use the Web for
medium-scale online experiments designed to prove hypotheses
related to underrepresented target groups.

In our case, the language-independent screening needs to be
tested with more languages and larger data samples to confirm
our results. We already started pilot studies in Catalan and English
to be able to compare the different languages and study whether
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the game content is truly language-independent. For future work,
we are planning to conduct a large-scale study to be able to apply
a machine learning model to predict dyslexia on training, test, and
validation data sets instead of only cross-validation.

Our participant calls received the attention of parents who
suspected their child of having dyslexia. These parents had
observed their children and mainly needed the confirmation that
the indications of dyslexia were strong enough to visit a medical
doctor. Our research could be implemented and tested in a product
to visualize the probability of dyslexia and to advise on when to see
a doctor. Therefore, in the long term, we plan to develop a game
that uses language-independent auditory and visual indicators
applicable for pre-readers and that is easily accessible from any
given location with a tablet, laptop, or desktop computer. Such a
game will leverage the opportunities of children with dyslexia by
being able to predict their difficulties when they are pre-readers, in
time to effectively intervene.

The assumption is that early detection for pre-readers is more
helpful than late traditional detection tests. Early detection also
means early intervention and probably a faster and more concrete
knowledge of reading and writing. The challenging parts are the
degree of personalization for individual learning as well as the en-
gagement to keep the child practicing. Our results might be helpful
for evaluating the progress of learning and intervention.

The analysis of data collected through online experiments with a
larger number of participants will improve future detection and inter-
vention tools, which will surely involve machine learning and other
data science methods. Indeed, since we are dealing with a social
problem, we should make sure we detect everyone with dyslexia
and interview many more people over the years instead of not de-
tecting people with dyslexia that may fail at school. This social prob-
lem applies to any prediction process related to health issues.

On the one hand, the possibilities for exploring dyslexia on the
Web have increased in the last years. On the other hand, little
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is known about the social effects: What kind of feedback does a
person receive when writing on the Web with spelling mistakes?
How does the (apparently) negative feedback affect a person’s
writing or personality? Are the time and effort a person with
dyslexia has to spend on writing correctly a daily disadvantage
because they cannot spend time on other things to succeed?

So far, the focus is mainly on writing and reading, and future
research could take advantage of the strength that a person with
dyslexia uses to compensate for the challenges of reading and writ-
ing. As a person with visual impairment trains other sensory abil-
ities (e.g., hearing or touch sense), a person with dyslexia must
train other areas to compensate for the difficulties with texts. These
compensation strategies might lead to a better understanding of
dyslexia and improve the guidelines for presenting (digital) text or
supporting (digital) writing. Apart from that, the disadvantage a per-
son with dyslexia faces in their daily routine on the Web, in social
media or through conversations, has an impact on each individual
and on the content of the Web. When exploring user-created con-
tent or predicting diseases, a multi-modal approach is needed (i.e.,
including different computer science fields such as HCI, IR, and ML
as well as other disciplines like psychology)

The field has evolved and taken new directions in the detec-
tion and intervention through web-based applications. It is not only
about assistive tools to understand what has been written or how to
write correctly. Rather, the Web is now a place to explore and study
dyslexia with web methods. Communication, training, and support
aimed at limiting spelling mistakes are the obvious solutions for im-
proving the writing of a person with dyslexia. Early detection is
key to supporting a person with dyslexia and helping them to suc-
ceed. Although they can succeed without it, it is much more diffi-
cult. Therefore, we should not wait for a person to fail before help-
ing. Rather, we should work to improve our methods and develop
a screening tool that can be used for early detection of dyslexia.
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Appendix A

Appendix

A.1 Towards the Use of Gamification
Because motivation is a key factor for successful learning and en-
gaging children is important, gamification is a suitable mechanism
to design an environment such as a product, a prototype or an appli-
cation for different use cases. Frameworks have already been de-
veloped to transfer the concept of gamification to learning environ-
ments. This is especially achieved by integrating game elements
into applications. Game elements are classified in different abstract
levels to realize gamification in an application. For example, the
highest abstract level, dynamics, could be emotions or progres-
sion, while the middle abstract level, mechanics, ,e.g., the abstract
level dynamic with emotions (dynamics) is referencing to rewards
or feedback. Nevertheless, the existing frameworks and game ele-
ments have not yet been compared tomake the benefits visible or to
clarify preferences of game elements for educational environments.

However, there are papers exploring aspects related to gamifi-
cation in literature (e.g., digital games in Education [132]). There
are also papers focusing on gamification frameworks in learning
environments without explicitly performing a SLR. For example,
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Seaborn and Fels [144] provide a comprehensive overview of ap-
plied gamification while focusing on the gap between theory and
practice. It also covers gamification in education.

Theoretical foundations and frameworks are examined, yet
there is no overview about papers that provide working frameworks
for gamification in learning environments. Mora, Riera, Gonzalez,
and Arnedo-Moreno [84] focus on frameworks and methods, but
there is no conclusion as to whether frameworks are suited for
educational use. Hamari, Koivisto, and Sarsa [54] provide a liter-
ature review of peer-reviewed empirical studies on gamification.
It focuses on the effects, results, motivational affordances, and
psychological and behavioral outcomes of the use of gamification.
In conclusion, the papers mentioned earlier offer an overview of
studies that focus on the outcomes, the frameworks and methods,
and applications of gamification. The contents of this Appendix
A.1 were published in [121, 122].

With a quick systematic literature review (SLR) [74] in two well-
known databases in the field of computer science, the hits were
reduced by applying different quality criteria, resulting in ten articles
published before June 2016. All frameworks were designed during
the last three years. The search protocol is available at https:
//github.com/Rauschii/slrgamification2018 [121].

The increasing number of academic publications since 2014 for
gamification might indicate the establishment of frameworks and
game elements. The use cases for the game elements are very
diverse and have not yet been evaluated. Since we did not find
other educational environments with the applied SLR, no standard
approach for the usage of game elements can be derived.

Therefore, the game elements are analyzed by their quantity to
understand which game elements are used in regard to the differ-
ent abstraction levels defined by Werbach and Hunter [160]. The
game element hierarchy of dynamics, mechanics and components,
as explained in Chapter 2, is used to be able to compare the ex-
tracted game elements from the SLR results. The differentiation

178

https://github.com/Rauschii/slrgamification2018
https://github.com/Rauschii/slrgamification2018


Figure A.1: Overview of the abstraction levels: 115 Dynamics, Me-
chanics and Components.

179



Figure A.2: Distribution of dynamics (n=115).

between three abstraction levels consequently allows a compari-
son not only of the game elements but also of the respective level
in the hierarchy (see Figure A.1). The highest level dynamics is
extended by choice to also include the choice of a player [161].

In total, 115 game elements are extracted from the articles and
compared. Over half (76/115) of the components are associated
with the dynamics of emotions and progression (see Figure A.2).
This finding indicates that the desired increase in motivation is
achieved through emotional engagement and the visualization of
the students’ progress.

The abstract level mechanics contains 19 different mechanics
(see Figure A.1, middle column) and by far the most frequent
mechanic is rewards (31/115, emotions). The mechanics feedback
(13/115, progression) and challenges (12/115, progression) also
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have high frequencies compared to the remaining 16 mechanics,
which are mostly mentioned less than half as often. In total, 57
components (see Figure A.1, right column) are extracted. Over
half of the components (30/57) are mentioned only once over
all extracted articles. Furthermore, if the components that are
mentioned twice (12/57) are added, over all extracted articles only
26% of the components are mentioned more than twice. Because
of that, we report the components by their appearances over all
dynamics and mechanics (see Figure A.1).

These new components have been introduced in the last
three years and belong mainly to the dynamics emotions (11/30).
Presented in order of frequency distribution, the remaining com-
ponents are: levels (5), progression (5), achievement (5), leader
board (5), competition (5), instant feedback (4), progress bar (4),
challenges (4), cooperation (4), quests (3), reward (3), teams (3),
and narrative (3).

Our results confirm the acceptance of the term gamification for
educational environments. But as the variety of game elements is
still widespread, the only common ground seems to be the defini-
tion of the term gamification made by Deterding [28]: Gamification
applies game design elements in non-game contexts.

These findings are complementary to Mora et al. [84] in terms
of future publications and the analysis of game elements. Also, we
can confirm their previous observation on which game elements
are applied.

To summarize these findings, over half of the extracted compo-
nents are mentioned only once or twice. Consequently, no guide-
lines for the use of components can be derived to make recommen-
dations for educational environments. The frequency distribution
indicates preferences (see Figure A.1) for the different dynamics
and mechanics as presented earlier. Most game elements used for
educational environments are in the dynamics emotions and pro-
gression. The small number of hits for the search phrases indicates
that more research on different aspects of gamification is necessary
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Figure A.3: Distribution of the error position for the German error
resource [109] for position 0 to 12.

to provide a more representative data set for a full-fledged literature
review, which is not the scope of this thesis. The results indicate
preferences for the use of game elements in the different abstract
levels.

A.2 Analysis of German Error Words
Here we present an analysis of the collected error words from
[109, 118], which are 1,021 error words from children with dyslexia.
The analysis of the errors for German as well as Spanish and En-
glish [126] describe the auditory attributes in Table 5.1. Now, we
present the focused analysis of German errors with the RStudio
version 1.0.136 and the comparison with Spanish and English er-
ror words, if the analysis is available, for: length of the error words,
error position, error categories and minimum number of edits.
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Figure A.4: Distribution of the error categories for the German error
resource [109].

We use the meta data “misspelled length: number of charac-
ters the error word have” [118] for the analysis of the German error
length. The average length of phonemes for German (∼ 7.74) and
Spanish (∼ 7.47) [126] error words is similar. Therefore, we design
the auditory content with a focus on seven notes which intend to
represent the seven phonemes.

We use the meta data “error position: the position in the tar-
get word where the error occurs” [118] for the analysis of the error
position. Position 0 describes an error word with multiple error po-
sitions, and themultiple error words are segmented and separately
annotated. Most German errors are at the beginning of a word
which is the error position 1 (∼ 20.67%) or at error position 3 (∼
21.06%) (see Figure A.3) while 70% of the Spanish errors are at
the third position. Therefore, the third position is considered for the
auditory attributes and the auditory content is designed with a fo-
cus on differences at the third position of, for example, a rhythm or
series of notes.

We analysed the six error categories (omission, substitution,
multi-errors, insertion, boundary errors, and transposition) from the
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Damerau–Levenshtein distance 1 2 3 4 5
Total of 1021 error words 830 142 24 20 5
% 81.29 13.91 2.35 1.96 0.49

Table A.1: Distribution of the Damerau-Levenshtein distance [26,
78] for the German error words.

Spanish and English annotation of errors [126] and the two new
error categories (capital letter and non-capital letter errors) from the
analysis of German errors. For example, substitution is changing
one letter for another [118], omission is missing a letter while
capital letter describes a missing capital letter at the beginning of
a word. Omission and substitution are the two most frequent error
categories for German (omission, n = 290, 28.4%; substitution,
n= 214, 20.96%, see Figure A.4), equal to Spanish and English
[126]. Therefore, we focus on exchange music notes instead of
letters (substitution) or leaving music notes out (omission) when
designing the auditory content in Chapter 5.

We use the meta data “Damerau–Levenshtein distance: the
minimum number of edits (insertions, omissions, substitutions,
transpositions) required to change the misspelled error into the (tar-
get) correct word [26, 78]” [118] for the analysis of the error po-
sition. The distribution of the Damerau–Levenshtein distance for
German errors shows with 81.3% a climax for one edits. Spanish
error words have a similar high percentage for one letter mistakes
(73.3%). The detailed results are given in Table A.1.

We made this additional small analysis of the German error
words from [109, 118] to compare them with the summary of the
Spanish and English annotations [126]. We aimed to identify obvi-
ous similar attributes between the error analysis and easy to deploy
characteristics for the design of the auditory content in Chapter 5.
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A.3 Study Approvals
In the following, we show the approvals for our studies.

First, approval for MusVis was given by the Ministry of Edu-
cation, Science and Culture of Schleswig-Holstein (Ministerium für
Bildung, Wissenschaft und Kultur, MBWK, see Figure A.5) and by
the Education Authority of Lower Saxony State (Niedersächsische
Landesschulbehörde, see Figure A.6 and A.7).

Second, approval forDGameswas given by the Ministry of Edu-
cation, Science and Culture of Schleswig-Holstein (Ministerium für
Bildung, Wissenschaft und Kultur, MBWK, see Figure A.8) and by
the Education Authority of Lower Saxony State (Niedersächsische
Landesschulbehörde, see Figure A.9 and A.10). The documents
are required to be submitted and approved in German.
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Niedersachsen für eure Teilnahme. Aufgrund der Auflagen der Lan-
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wisst ihr seid gemeint. Besonders, möchte ich einer ganz beson-
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Spain, and L. Niemeier, Fröbel Bildung und Erziehung gemein-
nützige GmbH, Berlin; E. Prinz-Burghardt, Lerntherapeutische
Praxis, Duderstadt; L. Klaus, Peter-Ustinov-Schule, Eckernförde;
H. Marquardt, Gorch-Fock-Schule, Eckernförde; M. Batke and J.
Thomaschewski, Hochschule Emden/Leer, Emden; N. Tegeler,
Montessori Bildungshaus Hannover gGmbH, Hannover; Y. Schulz,
Grundschule Heidgraben, Heidgraben; T. Westphal, Leif-Eriksson-
Gemeinschaftsschule, Kiel; F. Goerke, Grundschule Luetjensee,
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pel, AncoraMentis, Rheine; A. Wendt, Grundschule Seth, Seth; K.
Usemann, OGGS Meyerstraße, Wuppertal; in Germany. Thanks
to H. Witzel for his advice during the design of the visual part and
to M. Blanca and M. Herrera for the Spanish version translation.

There are times when you search for collaborators or partic-
ipants but your offers are turned down through one refusal after
another. In times like these it is essential to have great supporters
like Monika Batke, Friederike Hansch, Ute Lustig, Nancy Tegeler,
Kirsten Usemann, Gisela Rauschenberger, Emilia Gómez, and Au-
relio Ruiz García! Thank you so much for your kind words, your in-
spiration, and your support in spreading the word about my online
experiments.
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Francesco, Marzieh,+Silvia, and Valerio, as well as previousmem-
bers such as Çiğdem, Diego, Ioanna, and Lorena. Thanks for
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Figure A.5: MusVis study approval by the Ministry of Education,
Science and Culture of Schleswig-Holstein (Ministerium für Bil-
dung, Wissenschaft und Kultur, MBWK) in German.
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Figure A.6: MusVis study approval by the Education Authority
of the State of Lower Saxony (Niedersächsische Landesschulbe-
hörde) in German (part one).
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Figure A.7: MusVis study approval by the Education Authority
of the State of Lower Saxony (Niedersächsische Landesschulbe-
hörde) in German (part two).
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Figure A.8: DGames study approval by the Ministry of Educa-
tion, Science and Culture of Schleswig-Holstein (Ministerium für
Bildung, Wissenschaft und Kultur, MBWK) in German.
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Figure A.9: DGames study approval by the Education Authority
of the State of Lower Saxony (Niedersächsische Landesschulbe-
hörde) in German (part one).
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Figure A.10: DGames study approval by the Education Authority
of the State of Lower Saxony (Niedersächsische Landesschulbe-
hörde) in German (part two).
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