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ABSTRACT Reading acquisition is one the main keys for school success and a crucial component for
empowering individuals to participate meaningfully in society. Yet, it is still a challenging skill to acquire
for around 10% of children that have dyslexia, a type of neuro-developmental disorder that affects the ability
to learn how to read and write. Dyslexia goes often under-diagnosed, and normally children with dyslexia
are only detected once they fail in school, even though dyslexia is not related to general intelligence. In
this work, we present an approach for screening dyslexia using language-independent games in combination
with machine learning models. To reach this goal, we designed the content of a computer game, collected
data from 137 children playing this game (51 with dyslexia) in different languages -German, Spanish and
English- and created a prediction model using different machine learning classifiers. Our method provides
a precision of 0.78 and recall of 0.79 for German and a precision of 0.83 and recall of 0.80 for all languages
when Extra Trees are used, with an accuracy of 0.67 and 0.75, respectively. Our results open the possibility
of inexpensive online early screening of dyslexia for young children using non-linguistic elements.

INDEX TERMS Dyslexia, language disorder, language-independence, machine learning, reading disorder,

dyslexia screening, serious games.

I. INTRODUCTION

Achieving reading fluency is considered a critical component
for empowering individuals to participate meaningfully in
society and is a major contributor to improved livelihoods.
However, globally, up to 250 million children are unable to
acquire basic literacy skills [1]. While there are many factors
which contribute to poor learning outcomes, one widespread
challenge is developmental dyslexia, a reading-specific dis-
ability, which by some estimates may affect up to 10-15%
of the global population [2]. Despite being one of the most
common learning disabilities and accounting for up to 80%
of diagnosed learning disabilities [3], developmental dyslexia
is still under-diagnosed and often goes untreated, leading
in many cases to school failure. In fact, nowadays learning
difficulties are the primary cause of eventual school failure
and school dropout [4]. For instance, 35% of persons with
dyslexia drop out of school, and it is estimated than less than
2% of persons with dyslexia will complete a four-year college
degree [5]. Moreover, school failure can lead to an excluded
population with limited ability to become productive adults
who function independently in society. For instance, it has
been found that dyslexia negatively impacts workplace per-
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formance as well as career progression [6]. So, we need to
address this accessibility challenge [7].

Dyslexia has been called a “hidden disability”’ due to the
difficulty of its diagnosis [8]. There are many reasons that
make dyslexia detection challenging. A person with dyslexia
demonstrates normal or high levels of intellectual functioning
[2] and is able to compensate these deficits, making dyslexia
hard to detect. Also, there is a high comorbidity of dyslexia
with other disorders, such as attention-deficit hyperactivity
disorder or dyscalculia. Hence, detecting dyslexia normally
requires scarce resources such as a professional assessment
or even special hardware. For instance, some approaches
detect dyslexia through electroencephalography (EEG) and
Magnetic Resonance Imaging (MRI) brain scans. Finally, it is
even more difficult to diagnose in languages with transparent
orthographies, where symptoms of dyslexia are less severe,
such in German or Spanish [9].

Deficits in children with dyslexia are ameliorated after
remediation [10]. However, first they need to be detected as
soon as possible because early intervention is key to avoid its
negative effects as school failure [11].

In this study, we focus on dyslexia detection using games
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and machine learning. For the games content we did not use
the core indicators of dyslexia, which are linguistic (reading
and writing), but decided to focus on other indicators such
as visual and auditory factors, also strongly associated with
dyslexia. Our motivation for this is threefold: first, by includ-
ing visual and acoustic content the results from this study
could be potentially extended to other languages since the
items of the tool are almost language independent. Second,
visual and auditory perception are developed by children
before they learn how to read; hence, our contributions can
potentially be used in future research for early screening of
dyslexia in pre-readers. And finally, the social impact, devel-
oping a method for online dyslexia screening could contribute
to make dyslexia screening widely available for everyone.

The main contributions of this article are the game con-
tent, the data sets collected, and the screening results using
machine learning prediction techniques that range from 78%
to 83% in precision and recall, and from 67% to 75% in
accuracy. !

The article is organized as follows. After the introduction,
we provide the background to this study in Section II. Next,
we present how we designed our screening method (Sec-
tion III) and the study that we performed (Section IV) to
collect our data sets that are presented in Section V. Finally,
we present the machine learning models used and their setup
(Section VI), followed by our results in Section VII. We end
with a discussion and our conclusions (Sections VIII and IX).

Il. BACKGROUND AND RELATED WORK
A. DYSLEXIA

The American Psychiatric Organization defines dyslexia as
a specific learning disorder which affects from 5% to 15%
of the global population [2]. According to the International
Dyslexia Association, dyslexia is characterized by difficulties
with accurate and/or fluent word recognition and by poor
spelling and decoding abilities. These difficulties typically
result from a deficit in the phonological component of lan-
guage that is often unrelated to other cognitive abilities and
the provision of effective classroom instruction [13].

Even though language acquisition depends on the syllabic
complexity and orthographic depth of a language [14], results
show that similarities between readers with dyslexia in En-
glish and German are far bigger than their differences [15].
Also, similar types of errors were found in texts written by
people with dyslexia for English, German [16], and Spanish
[17].

The vast majority of the current studies agree in the deficit
of the phonological component regarding dyslexia [8]. How-
ever, no scientific agreement of the causal origin has been
achieved [18]. In fact, there are some studies that consider

IThe game content is freely available at https://zenodo.org/records/
14413068 and https://github.com/Rauschii/DGamesContent. The datasets
freely available at https://zenodo.org/records/14416576 and https://github.
com/Rauschii/DGamesDataSet. Most of these results are part of the Ph.D.
thesis of the first author [12] and a demo of the game is available at
http://bit.ly/DGamesEN.
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visual perception a key attribute for the cause of dyslexia
[19], while others consider auditory perception to be a causal
component [20]. Our screening method focuses specifically
on these approaches, that link some visual and auditory man-
ifestations to dyslexia.

B. AUDITORY PERCEPTION IN DYSLEXIA

Various studies found evidence linking basic auditory pro-
cessing to phonological deficits of dyslexia [21], as well as
to prosodic skills and phonemic awareness related to dyslexia
[22].

Also, auditory perception of children with dyslexia has
been proven to be related to sound structure [23] as well as to
the auditory working memory [24]. On this line, the rise time
theory suggests a connection between dyslexia and slow audi-
tory procession or impaired discrimination of amplitude [25].
For instance, there has been found significant differences in
the perceptions of readers with dyslexia on the syllable stress
compared to those of the control group at the age of 9 [22].
People with dyslexia also present short-term memory difficul-
ties [26], [27] as well as to recall of information chunks [28].
For example, musicians with dyslexia scored better in audi-
tory perception tests than the general population but, at the
same time, these participants score worse in tests addressing
auditory working memory, i.e., the ability to keep a sound in
mind for seconds [24]. These difficulties can be also linked to
the acoustic perception performance. For example, questions
like Which sound did you hear first or Which sound is pitched
higher? [23] could determine groups. Huss et al. [23] already
showed significant differences on the performance of children
with and without dyslexia (8 to 13 years old) using a musical
metrical structure in a controlled setting.

Our goal aims to use these auditory indicators as a
language-independent approach for dyslexia screening.

C. VISUAL PERCEPTION IN DYSLEXIA

Another line of research suggests that reading difficulties
are due to visual-spatial attention problems and poor coding
instead of phonological difficulties [19].

A three year longitudinal study with 96 Italian pre-readers
(children in kindergarten) found that visual parietal-attention
may explain future reading difficulties and as well as the
development during the first and second grade of school.
The participants performed a set of visual discrimination
search tasks (searching for symbols), which showed signifi-
cant differences in the error rate for poor readers in first grade
compared to their peers. Hence, it is suggested that visual
parietal-attention could be a predictor for future difficulties in
reading acquisition [29]. More recently, a missing visual left-
right asymmetry in adults with dyslexia has been proposed as
one of the many possible causes of dyslexia [30].

Other evidence comes from the analysis of error words
from children with dyslexia, that shows that dyslexic errors
are visually motivated, that is, that letters that are more likely
to be mistakes are visually similar. For instance, 38.23% of
the errors written by children with dyslexia in Spanish has a
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rotation feature <b, d, p, >, and 46.91% of the mistaken
letters have vertical or horizontal symmetries such in <m,
w> and <n, u>. However, this evidence is contested since
some letters that are visually similar present also phonolog-
ical similarities. For instance, the letters <b, d, p, q>, are
plosive consonants, that is, they all share the same manner
of articulation [31].

Nonetheless, these visual indicators, such as horizontal or
vertical symmetry in visual representations, together with
search tasks addressing visual-spatial attention, could be used
in a language-independent approach to screen dyslexia.

D. SCREENING DYSLEXIA USING MACHINE LEARNING

Historically, the most common way to detect a person with
dyslexia was applying some of the widely-used standard
assessments that focus on different indicators of reading
and writing performance, such as reading speed (words per
minute), reading comprehension or spelling errors [32], [33].

More recently, a growing number of computer-based ap-
proaches to detect dyslexia have appeared. Here, we only
focus on the approaches that include machine learning models
for dyslexia predictions.

Successful machine learning approaches to detect dyslexia
have used different types of data, such as eye-tracking mea-
sures while reading using support vector machine models
[34]; content from electroencephalography (EEG) using also
support vector machine models [35], [36]; using handwriting
with machine learning classifiers [37]; or by human computer
interaction measures derived from linguistic games and ap-
plying Random Forests [38].

Since collecting health data is costly in terms of time and
resources [39], these machine learning approaches to predict
dyslexia have used small groups (small data), where precau-
tions of over-fitting need to be addressed [40].

A larger study (n = 200) focusing on Chinese hand-
writing analysis employed machine learning classifiers to
predict the risk of dyslexia, achieving a reported accuracy of
81% [41]. While most of the approaches use data derived from
linguistic tasks to screen dyslexia, we found one machine
learning method that uses auditory content Lexa [42]. This
model reports an accuracy (89.2%) using features related
and not-relevant to phonological processing. These features
are collected with extensive tests and the machine learning
classification is carried out on a small sample (n = 56), with
no precautions reported about over-fitting.

Originality of our approach. To the extent of our knowl-
edge, we present a novel study, since there are no current
approaches that apply machine learning methods using vi-
sual and auditory content together to screen dyslexia. This
approach comprises the advantage of using non linguistic
content which makes the approach potentially language in-
dependent and applicable to pre-readers, that is, to children
who have not developed yet reading skills. Also, it offers the
possibility of online screening using game making it easy,
inexpensive, and even enjoyable.
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This work is an extension of a previous study that explored
how auditory elements could aid in dyslexia [43]. The pre-
liminary results from that paper were used in the design of
the exercises in the present work.

lil. METHOD

Dyslexia has a neurological origin, it does not develop when
a child start learning how to read or write. Some authors have
explored other dyslexia manifestations that could appear even
before reading acquisition occurs, such as visual and auditory
perception.

A. CONTENT DESIGN
To build the content we took into account the evidence
from the literature that explore visual and auditory percep-
tion to discriminate people with dyslexia, taking account
other generic features related to dyslexia but adapted to be
language-independent.

The aim of the game is to collect measures derived from
the interaction with the game in order to find differences
between children with and without dyslexia. Its duration is
less than 15 minutes and has 16 stages. Each stage has 2
rounds. The game follows a Whac-A-Mole interaction where
the participant needs to find a visual or an acoustic cue that
has seen or heard before, respectively.

Auditory Content. To create the acoustic cues we com-
bined the deficits of children with dyslexia in auditory work-
ing memory with the results of previous literature related to
dyslexia. Auditory working memory helps a person to keep a
sound in mind, and our games items focus on remembering
different auditory cues. At the same time, we took into con-
sideration the type of errors that children with dyslexia make
with letters and words found by previous work [31], [48], [49]
and apply them into sounds.

Then, we mapped the attributes explained in Table 1 to
the game rounds in Table 2. Additionally, Table 2 shows
the relations between our designed auditory types and the
literature that provides evidence for distinguishing people
with dyslexia.

The auditory part has an auditory type for each of the
rounds: substitution, omission, structure, phoneme (one
Spanish and one German vowel; Spanish consonant), confi-
sion (twice Spanish and German; four times English), combi-
nations, and rhythm. Each auditory type has one auditory cue
target and three auditory cue distractors.

Some auditory types are partly related to linguistic features
when using the pronunciation of letters or the confusion of
words. For example, we created cues from the vowel pro-
nunciation of letters using the Mac OS High Sierra 10.13.6
voice for the different languages, e.g., Spanish and German.
We chose vowels because vowel errors are the most frequent
in the substitution category [31], [48].

2 A video showing an example of the visual part of the game is available at
https://youtu.be/lVxuNSMZXVE?si=yMwm62vJ4aRGfcHK. A video pre-
senting an example of the auditory part of the game is available at https:
/lyoutu.be/TxG60kyh9jg.
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TABLE 1. Description of the auditory attributes used in the method.

Key Attribute Description

B Beginning 70% of the spelling errors are at the
third position of a word for German
and Spanish [31], [44].

L Length The average word length for German
and Spanish is just above 7 letters
[31], [44].

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 [31].
For German it is 81.3% [44].

Su Substitution The error category Substitution (ex-
changing a letter for another one)
is frequent for German, English and
Spanish [31], [44].

(0] Omission The error category Omission (leaving
a letter out) is frequent in German
[44].

St Structure CwD find it more difficult to recall
a target item with a similar prosodic
structure [28].

Pst Phonological CwD showed difficulties in the

short-term phonological  short-term  memory
memory [28].
Sip Short-interval Copying and discrimination tasks are
perception used to predict phonological aware-
ness [45].

Pm Pitch modulation | CwD have difficulties in processing
pitch patterns [46].

Cb Combinations Discrimination of rise time is related
to language processing [47].

C Complexity CwD have difficulties with  the

phonological similarity effect and the
phonological neighbourhood when
long memory spans are used [28].
English has a greater percentage
of multi-errors compared to Spanish
[31].

TABLE 2. Mapping of auditory types and stages of the game.

Type

No.
Stages

Pho- Con-
neme fu
sion
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FIGURE 1. Example of the auditory part of the game with the priming of
the target cue (a) and then the distractors for each auditory cue (b).

The auditory game round has two phases: (1) remembering
the target audio cue; and (2) finding the target audio cue
among a collection of audio cues. In the first phase, children
click on the play button and can listen to the auditory cue tar-
get as many times as they like (see Figure 1, a). In the second
phase, a row of four buttons is displayed (see Figure 1, b) and,
automatically, the assigned auditory cues for each button are
played one after another. 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 many times as they like.

Visual Content. To design the visual cues and their dis-
tractors we also took into account the specific difficulties
explained in literature.

Since visual search tasks addressing visual-spatial atten-
tion have been successfully used to predict risk of dyslexia
in previous lab controlled experiments [19], [29], [30], the
visual part of our games followed a search task interaction.

Also, the analyses of mistakes made by people with
dyslexia suggest trends in dyslexic errors related to visual
features, such as different types of symmetries and similar-
ities in letters. For instance, mirror letters such as <b> and
<d> appear more frequently in dyslexic errors [31]. Hence,
we designed our visual cues using visual features found in the
error made by people with dyslexia, including horizontal and
vertical symmetries that are known to be difficult for a person
with dyslexia (Figure 2, left).

Regarding the interaction, at the beginning participants
are shown the target visual cues for three seconds. They are
asked to remember this visual cue. After that, the participants
are presented with a setting where the target visual cue and
distractors are displayed (Figure 2). The participants needs
to find and click on the target cue as many times as possible
within a span of 15 seconds. The arrangement of the target
and distractors cues changes randomly after every click.

The visual part of the game has a total of 8 stages. Each
stage is assigned to one visual type (symbol, z, rectangle,
face, fruit, kitchen, plant and animal). One visual cue is the
target, which the participants need to find and click. The other
three visual cues are distractors for the participants (Figure
2). Each stage has two rounds (the total number of rounds is
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FIGURE 2. The figure shows the target cue (top) and distractor cues
(below) for the eight different stages (symbol, z, rectangle, face, fruit,
kitchen, plant, animal) of the visual part of the game.

=

distractor 1

distractor 2

distractor 3

Ia'idindias
=Y

b) o 119 C)

"o /19

FIGURE 3. Example of the visual part of the game 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.

16), the first round presents a 2x2 grid and the second a 3x3
grid design (see Figure 3). 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.

B. GAMIFICATION

Gamification was proven to be beneficial to improve students’
engagement and motivation and, at the same time, computer
games are suitable for engaging children with dyslexia in
reading and writing tasks [50], [51] as well as for screening
[38]. Consequently, we integrated the following gamification
mechanics that were identified (in a previous usability study
with the game) to increase motivation through emotional
engagement and visualize participants’ progress: rewards
(points), feedback (instant feedback), challenges (time limit),
and game components (story for the game design).

C. IMPLEMENTATION

We implemented our games using PHP, JavaScript, jQuery,
and a SQL-database. The visual part is also implemented with
Angular, which allowed us to perform remote online studies,
with the advantage of adapting the application for different
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TABLE 3. Participants per data set.

Data N Dyslexia Control

set n age f. m. n age f. m.
DE 120 { 36 91 17 19 | 84 10 46 38
ALL 137 | 51 9.7 23 28 | 86 88 48 38

devices in future research studies. This study was optimized
for desktop and tablet environments. Data pre-processing and
analysis was carried out using RStudio, Python, and Jupiter-
Lab.

The layout of the games follow the SO 9241 requirements
and recommendations for the ergonomics of human-computer
interaction [52].

IV. EXPERIMENTAL STUDIES
Using a within-subject design, we conducted a study com-
prising a total of 137 participants (51 with dyslexia). Each
participant had to play one of our games for approximately 15
minutes. The goal of the study was to collect the data needed
to run machine learning experiments to find out if language-
independent computer games can predict risk of dyslexia.
We postulated the following Hypothesis: It is possible to
screen dyslexia in children by applying machine learning to
the data derived from a game that uses auditory and visual
language-independent content?

A. PARTICIPANTS

We conducted experiments with participants with ages rang-
ing from 7 to 12, along with their supervisors: parents, legal
guardian, teacher or therapist.

Recruitment. Participants with diagnosed dyslexia were
recruited via public calls on social media (support groups),
learning centers and schools, in collaboration with dyslexia
non-profit organizations to reach wider audiences. In contrast,
the control group was recruited in collaboration with Spanish
and German schools. However, some English speakers con-
tacted us through theses calls. Since our games are language
independent (only the instructions use native languages) we
welcomed the English participants who meet the inclusion
criteria to join the study. All participants played the game
either with the instructions in English, German or Spanish de-
pending on their native language. Participation in the research
was completely voluntary.

Inclusion Criteria. 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 data set and a binary classification to
simplify the prediction, we only considered participants with
an official dyslexia diagnosis or no signs of dyslexia for the
control group. So, 28.1% of the initial group of participants
with suspected dyslexia but without official diagnoses were
not included in the study.

Experiment Participants. A total of 137 participants took
part of the study, where most of them were German speakers
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(DE, n = 120). The other data set includes all languages
(ALL, n = 137) where we also added participants that used
the game instructions in English (n = 2, 1 with dyslexia and 1
control) and Spanish (n = 15, 14 with dyslexia, 1 control). We
use the ALL data to explore their influence on the prediction.

Due to limited resources, we could not completely balance
our groups for dyslexia (n = 51) and control (n = 86). Hence,
we will addressing the problem of our unbalanced data sets in
our analysis.

Bilingualism. Participants played the game either in En-
glish, German, or Spanish, depending on their native lan-
guage. However, we had some bilingual participants, n =
54. 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. 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 [53].
Second, this question is a self-reported question and every
participant’s supervisor might define it differently for each
child.

B. DESIGN AND DEPENDENT MEEASURES

We used a within-subject experimental design, so all par-
ticipants contributed to all the conditions of the study e.g.,
tasks or game rounds. When applying a within-subject design,
the conditions need to be randomized to avoid order effects
produced by order of the conditions. Hence, we used Latin
Squares to counterbalance our conditions and avoid order
effects.

To quantify the participant performance, we collected a
number of dependent variables that are used as input (fea-
tures) for the machine learning classifiers, explained in de-
tailed in Section 5, where Table 5 shows the auditory mea-
sures while Table 6 shows the visual measures.

C. COMPLIANCE AND ETHICS STATEMENTS

Our research is in accordance with the ethical standards of
the Universitat Pompeu Fabra, Barcelona. We also address
regional ethical requirements such as from the State of Lower
Saxony, e.g., additional permit for user studies at each school,
and the requirement that no schools, teachers, or pupils are
named [54]. The prototypes used for this research are in com-
pliance with the European General Data Protection Regula-
tion (GDPR) in regard to the processing and protection of per-
sonal data [55], [56]. Personal information of the participant’s
supervisor such as name or email is not published and it 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 secured web server in Germany.

D. MATERIALS AND PROCEDURE

The study adhered to the following procedure. First, the
parents were informed about the purpose of the voluntary
study. Next, only after the parents had given their consent,
children were allowed to participate in the user study from
home or from school, with either the first author of this work
present or always available through digital 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 ad-
vance, and the user study was supervised by the participant’s
supervisor (i.e., parent, legal guardian, teacher or therapist).

After the online consent form was approved, we collected
demographic data using a questionnaire, which was com-
pleted by the participant’s supervisor. This included the age of
the participant, whether they had an existing dyslexia diagno-
sis (yes/no/maybe), and their native language, among others.
Table 4 presents the complete demographic data collected.

This was followed by explaining instructions to the partic-
ipant’s supervisor (e.g., turn up the volume, use headphones,
play without interruptions, or explain and help your child
only with the instructions of the games). Then, participants
watched the short video with the instructions and played
to our game, for 15 minutes approximately. The dependent
variables were collected while playing. Participants could
choose to discontinue participation at any time during the
study.

V. DATA SETS

Our data sets were derived from the experimental studies
presented in the previous section. The data sets from the
experiment have 429 features per subject (137), that is, 58,773
data points.

To extract the features we used the (i) demographic ques-
tionnaire, (ii) technical metadata collected from the browser
(Table 4), and (iii) game measures derived from the par-
ticipant performance while playing, divided in a auditory
features (Table 5) and visual features (Table 6).

VI. MACHINE LEARNING SETUP
A. METHODS

Rationale. Traditional predictive machine learning methods
such as regression were designed before big data existed.
Since we collected rather small data, it would be obvious
to use these traditional methods. However, we did not use
them since our data has a high variance 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 needed for dyslexia,
hence a regression is not the best technique. The data also has
complex dependencies, and using causal dependencies (e.g.
having more correct or incorrect answers), does not give a
precise prediction.
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TABLE 4. Description of the demographic and technical features.

General Features

Description

Number

Age
Gender

Language

Native Language

It ranges from 7 to 12 years old.
A binary feature with two values,
female or male.

It is either Spanish, German, or
English.

It indicates if the language used

1
2

3

TABLE 5. Description of the auditory features.

for the instructions is the first lan-
guage of the participants, being Yes
or No.

Number of lan- | It describes the number of 5
guages languages a participant reported
knowing, ranging from 1 to 4
languages.

It ranges from O to 8 and it de- 6
scribes in which year of education
the participant is. The integer value
corresponds to the main model of
primary and lower secondary edu-
cation in Europe.

Hearing Limita- | It indicates the hearing limita- 7
tions tion the participant reported, being
No limitations, little limitations or
limitations.

Fun It indicates the expressed “‘fun” 8
mentioned in the feedback ques-
tion, being No fun, little fun, or fun.
It indicates the expressed level of 9
difficulty for the game mentioned
in the feedback question, being Not
challenging, middle challenging or
challenging.

It indicates if a participant plays a 10
musical instrument, being No, Yes,
less than 6 months or Yes, over 6
months.

Computer or Tablet. 11
Mac OS, Windows, Android or 12
Linux.
Safari, Chrome, Edge, Firefox, 13
Opera or Internet Explorer.

Class level

Difficulty Level

Instrument

Device
Operating system

Browser

For the reasons above we used non-linear methods such as
Random Forest (RF) without and with class weights (RFW),
Extra Trees (ETC), and Gradient Boosting (GB) from the
Scikit-learn library version 0.21.2 [57].

Avoiding risk of over-fitting. Since our collected data are
considered small data [39], [58], [59], we need to analyze
them accordingly. To avoid the risk of over-fitting, we used
10-fold cross-validation [40], [60] and the default parameters
suggested in the Scikit-learn library to avoid training a model
by optimizing the parameters specifically for our data [57].
We also use 10-fold cross-validation because a small test or
training set with high variances is not representative, hence a
prediction based on it could be misleading. Apart from that
we followed the following small data recommendations [61],
[62]. Moreover, we used classifiers designed to avoid over-
fitting such as Random Forest with weights and Extra Trees
with their default parameters, and metrics for imbalanced data
(balanced accuracy, F1-score), as well as no optimization of
features within the cross-validation loop.

Dealing with an unbalanced data set. To compare differ-
ent predictions we use balanced accuracy as main measure
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Auditory Feature | Description Number
Instructions Number of times a participant lis- 14-29
tened to the instructions.
Duration per | It starts with the beginning of the 30-45
Round game round, which is the listening
of the target queue, and ends when
the participant has made a choice
in the second phase, that is, a click
on a button (ms.).
Thinking It starts right after the participant 46-61
Duration finished hearing the auditory cues
of the round and ends when the
participant clicks over the selected
auditory cue (ms.).
Target Melody | Number of times a participant lis- 62-77
Repetitions tened to the target auditory cue.
Correct Answers | A binary feature either with wrong 78-93
or correct value.
Wrong Answers A binary feature either with wrong | 94-109
or correct value.
Total Correct | Number of correct answers for the | 110-125
Answers previous rounds by summing the
correct answers from all previous
auditory rounds.
Total Wrong An- | Number of wrong answers for the | 126-141
swers previous rounds by summing the
wrong answers from all previous
auditory rounds.
Cue It indicates the participant’s click | 142-157
choice, being target, distractor 1,
distractor 2, or distractor 3.
Button Position It describes the position of the | 158-173
clicked button, being left, middle-
left, middle-right, or right.

to deal with imbalanced data. However, since our aim is to
detect a person with dyslexia, if we only consider the balanced
accuracy, then we do not mainly focus on the detection of
dyslexia, but rather on the overall accuracy of our model. Ob-
taining both high precision and high recall is unlikely, which
is why we also report the Fl-score (the weighted average
between precision and recall) for dyslexia to compare our
model’s results. For an operational tool, we need to also look
at the ratio of false positives and false negatives, as missing
a person with dyslexia is worse than telling a child that may
have dyslexia when is not the case [38].

We do not apply over-sampling to address our unbalanced
data because the variances among people with dyslexia are
broad; for example, difficulty levels or the individual causes
for perception differences vary widely. Similarly, we do not
apply under-sampling to address our unbalanced 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 unwanted over-fitting.

B. FEATURE SELECTION
To explore the best prediction conditions and gain knowledge
about our data, we used feature selection and ranked the most
informative features with Extra Trees.

Feature Selection. The results of the ranking for the data
sets (see Figure 4) show a step at the information score of
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TABLE 6. Description of the visual features.

TABLE 7. DE and ALL have 15 features in common among the
highest-ranked informative features (DE n = 53, ALL n = 58) in the
experiment.

Feature Category | No. of Features | Features

Auditory 3 Cue, Total Number of
Wrong Answers, Button
Position.

Visual 7 Accuracy, Total clicks, Ef-
fect, 3rd Click Interval, 5th
Click Interval, 6th Click In-
terval, 6th Click Interval.

Subject 4 Class Level, Age, Fun and
Native Language

Technical 1 Device

TABLE 8. Overview of the subsets of features used to compare the
quality of the prediction for our method.

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 fea-
tures) and DE (53 features).

Auditory Only the auditory features.

Auditory related

They are measures taken from the auditory

Visual Feature Description Number
1st Click Interval Duration between the start of the | 174-189
second phase and the first click
of the participant on a visual cue,
in milliseconds (ms.).
2nd Click Interval Duration (ms.) between the first | 190-205
and second click on a visual cue.
3rd Click Interval Duration (ms.) between the sec- | 206-221
ond and third click on a visual
cue.
4th Click Interval Duration (ms.) between the third | 222-237
and fourth click on a visual cue.
5th Click Interval Duration (ms.) between the | 238-253
fourth and fifth click on a visual
cue.
6th Click Interval Duration (ms.) between the fifth | 254-269
and sixth click on a visual cue.
Time Last Click Duration (ms.) of the last click | 270-285
within a game round in the sec-
ond phase.
Total Clicks Number of total clicks within a | 286-301
game round.
Correct Answers Number of hits or correct an- | 302-317
swers within a game round.
Wrong Answers Number of wrong answers or | 318-333
non-correct answers within a
game round.
Distractor 1 Number of times distractor 1 is | 334-349
clicked within a round.
Distractor 2 Number of times distractor 2 is | 350-365
clicked within a round.
Distractor 3 Number of times distractor 3 is | 366-381
clicked within a round.
Efficiency Time Last Click divided by Cor- | 382-397
rect answers.
Accuracy Correct answers divided by Total | 398-413
clicks.
Effect Correct answers multiplied by | 414-429
Total clicks.
0.05
®—— ID 3 Language ®ALL ®DE
0.045
004 @—1ID6 Class level
w0 0.035 o ~ ID 13 Browser
£ — ID 1 Age
S 0.03 B
o ID 11 Device
_g 0.025 '@
§ 0.02
E 0.015 ® ° ®
001 ® » ° ‘e
. ° Y ] - () 9 @ O °
0005 90 o oo’ oFeloned® e\ P § o %ec o
0
0 50 100 150 200 250 300 350 400

Feature ID

FIGURE 4. Features ranking for the DE and ALL data sets of the
experiment with the highest-ranked features highlighted.

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 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 7).

8

game rounds where the game content was
related to language.

They are measures taken from the auditory
game rounds where the game input was
generic.

Only the visual features.

They are measures taken from the visual
game rounds where the game content was
related to language.

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

Auditory generic

Visual
Visual related

Visual generic

Since parameter optimization of predictive models can lead
to over-fitting in small data, 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 8. We address the danger
of selecting the correct features [63] by taking into account
knowledge of previous literature about the differences of
children with and without dyslexia to avoid finding spurious
correlations. All feature subsets include the subject features
(1 to 13 in Table 4).

VII. RESULTS
The two best results for the Fl-score and accuracy obtained
for each data set and feature selection as well as the baseline
are presented in Table 9. For the ALL data set, we achieved
the best two results for the Fl-score and accuracy using the
feature selections auditory generic (0.77,0.75); and informa-
tive (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 rank-
ing 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
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TABLE 9. Best results of ALL (on the left) and DE (on the right) data sets for the different classifiers and subsets of features. The best two results for the
F1-score and accuracy are highlighted as well as difference in the classifier ranking.

ALL data set DE data set
Selected Features | Classifier Recall Precis. F1 Accuracy | Classifier Recall Precis. F1 Accuracy
All features ETC 0.70 0.67 0.66 0.64 ETC 0.73 0.68 0.68 0.60
All features GB 0.64 0.64 0.60 0.59 GB 0.70 0.65 0.66 0.59
All features Baseline 0.63 0.39 0.48 0.50 Baseline 0.70 0.49 0.58 0.50
Informative ETC 0.77 0.81 0.75 0.73 ETC 0.79 0.78 0.74 0.65
Informative GB 0.75 0.79 0.73 0.70 GB 0.74 0.72 0.71 0.66
Informative Baseline 0.63 0.39 0.48 0.50 Baseline 0.70 0.49 0.58 0.50
Auditory RF 0.64 0.61 0.61 0.58 ETC 0.75 0.72 0.71 0.63
Auditory RFW 0.65 0.64 0.61 0.58 RF 0.71 0.62 0.65 0.56
Auditory Baseline 0.63 0.39 0.48 0.50 Baseline 0.70 0.49 0.58 0.50
Auditory related ETC 0.72 0.76 0.70 0.68 RF 0.69 0.65 0.65 0.56
Auditory related GB 0.66 0.67 0.65 0.63 GB 0.69 0.66 0.65 0.56
Auditory related Baseline 0.63 0.39 0.48 0.50 Baseline 0.70 0.49 0.58 0.50
Auditory generic | ETC 0.80 0.83 0.77 0.75 ETC 0.77 0.77 0.74 0.67
Auditory generic GB 0.66 0.66 0.64 0.62 RFW 0.73 0.71 0.69 0.60
Auditory generic Baseline 0.63 0.39 0.48 0.50 Baseline 0.70 0.49 0.58 0.50
Visual GB 0.69 0.69 0.66 0.65 GB 0.74 0.72 0.70 0.64
Visual ETC 0.67 0.71 0.65 0.62 ETC 0.69 0.62 0.64 0.55
Visual Baseline 0.63 0.39 0.48 0.50 Baseline 0.70 0.49 0.58 0.50
Visual related ETC 0.71 0.73 0.68 0.66 RF 0.76 0.74 0.70 0.61
Visual related GB 0.69 0.69 0.68 0.67 GB 0.70 0.70 0.68 0.61
Visual related Baseline 0.63 0.39 0.48 0.50 Baseline 0.70 0.49 0.58 0.50
Visual generic ETC 0.71 0.72 0.69 0.66 ETC 0.68 0.66 0.65 0.57
Visual generic GB 0.69 0.71 0.66 0.65 GB 0.69 0.66 0.65 0.59
Visual generic Baseline 0.63 0.39 0.48 0.50 Baseline 0.70 0.49 0.58 0.50

True label
True label

Informative with ETC

0.9

0.8

0.6

05

True label
True label

0.4

0.2

Auditory generic with ETC

01

~
Predicted label

c) ALL

Predicted label

d) DE

FIGURE 5. Normalized confusion matrix from the two best results
(F1-score and accuracy): a) ALL data set, Informative features with ETC; b)
DE data set, Informative with ETC; c) ALL, Auditory generic features with
ETC; and d) DE, Auditory generic features with ETC.

RF and RFW, while DE has the best results with ETC and
RF. The prediction for the subsets of auditory features has a
higher accuracy and F1-score than for visual features. Finally,
the normalized confusion matrix (see Figure 5) does not show
over-fitting for the best results for ALL and DE.

Viil. DISCUSSION
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A. HYPOTHESES

After the results of the experiment, we accept the Hypoth-
esis: It is possible to screen dyslexia in children by apply-
ing machine learning to the data derived from a game that
uses language-independent content: auditory and visual and
generic content. The comparison of subsets of features for
visual and auditory shows a slightly higher score for accu-
racy and Fl-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).

Data set ALL (n = 137) achieved a better prediction result
than DE (n = 120), but the unbalanced Spanish participant
group (n = 15) biased the prediction, something that in
retrospect made sense. Due to the limited resources, only
a few participants played in English and Spanish. Hence
these data sets were not computed separately. English has a
balanced group of participants, with only one participant for
each group. The Spanish participant group mainly contained
participants with dyslexia (n = 14), with only one control
participant. We assume that the model uses the unbalanced
Spanish participant group as the relationship for the predic-
tion and thus achieves higher prediction results compared to
DE. The reason that ALL (generic content) performs better
than DE is probably due to the unbalanced Spanish participant
data, not because of the model. While ALL (related content)
does not perform better than the other two data sets (ES or DE)
probably due to e.g., bilingualism or features canceling each
other. An additional data collection of Spanish participants
for the control group is needed to confirm our current results
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for ALL.

Visual vs. Auditory. A clustering of data might help to
ensure the quality of data and a better prediction. For example,
it could help to cluster 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 better metrics
than visual (see Table 9), 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 two reasons: the
auditory content is related to more characteristics of dyslexia
(see Tables 1 and 2); and the sample size is bigger (in terms
of more auditory stages and features) providing more infor-
mation for the models. These results support the theory that a
stronger effect can be measured when content is related to
many indicators at the same time. Hence, more indicators
combined in game content could create a more prominent
effect between groups.

B. LIMITATIONS

Small Data. Other machine learning approaches to screen
dyslexia presented higher accuracy rates. One possible expla-
nation of our results is the high heterogeneity of our partici-
pants. Nonetheless, dyslexia itself presents a wide spectrum
[64] and there is also a high variance in the measures of
current diagnostic tools [33], [65]. Another possible reason
is that we took the precautions needed when dealing with
unbalanced small data; so, our model is not over-fitted at the
cost of lower accuracy rates. Also, having small data is a
limitation itself. However, small data was expected because
collecting health-related data is challenging in many ways:
dyslexia is under-diagnosed and privacy issues, among others.
As a matter of fact, our study has a good number of partici-
pants in contrast to some previous studies. Moreover, in some
circumstances, only small data is available, and it can lead to
more reliable data, lower costs, and faster results [39], [58].

Ground truth. Another possible limitation is the hetero-
geneity of our ground truth. Dyslexia is diagnosed in different
languages using different diagnostic assessments, that are
connected to a specific language. These tests do not nec-
essarily use the same measures to diagnose dyslexia, such
as reading errors, reading speed, different types of reading
comprehension, among others [32], [33], [66]. Having an
extra online screening test as a control test in our experiments
would have further ensured the quality of the data. However,
implementing or accessing such a test would had taken even
more resources. Besides, it would have been more challeng-
ing to find the required number of participant because of
having a longer study that includes diagnostic assessments
instead of just a game.

Language-independent content. Another challenge was
to design new language-independent content that could show
measurable differences between children with and without
dyslexia, when most manifestations of dyslexia occur in
reading and writing. Designing new language-independent
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content was probably the greatest challenge (it is also the case
for the National Center on Improving Literacy [67]) because
our indicators, though related to the reading and writing
difficulties, are probably not the main causes of dyslexia.

Online experiment. Furthermore, our new language-
independent content needed to be integrated an online experi-
ment as a game. Most previous approaches using auditory and
visual content conducted their experiment in a laboratory set-
ting [22], [29], which means that these indicators were tested
in controlled environments. That is not the case for online
experiments. We controlled as many variables as possible;
however, the control of an online setting is not comparable
to a lab controlled environment.

IX. CONCLUSIONS AND FUTURE WORK

We presented a method to screen risk of dyslexia that applies
machine learning to data extracted from a computer game
composed of language-independent items. In contrast to pre-
vious work, we worked with visual and auditory elements
(not linguistic) as dyslexia indicators. Also, we conducted a
international user study that included native speakers from
three different languages: German, Spanish and English. Our
results show that our method is able to screen dyslexia in
children from 7 to 12 years old, specially in the larger data
sets including groups that share the same native language.

This is the first screening method that integrates in the same
tool visual and auditory content and which was evaluated
for different languages. Since this approach uses language-
independent content, our contributions has the potential to be
extended to other languages, as well as to be applied for early
prediction of dyslexia in pre-readers, that is, to screen risk
of dyslexia in very young children, even before they develop
linguistic skills. This approach is not a medical diagnosing
tool; however, it offers an easily accessible and cost-efficient
way of helping children to be screened in order to avoid the
negative consequences of dyslexia. The demo of the games,
the content used, and data sets are freely available online.

We consider our results with language-independent audi-
tory generic content for DE (highest balanced accuracy of
0.67 and highest F1-scores of 0.74) using Extra Trees (Table
9) as a promising way to screen for dyslexia using language-
independent content related to various dyslexia indicators. In
addition, it is possible to screen dyslexia with the measures
extracted from the games, however models are trained sepa-
rately for each language, as recommended by previous studies
[68]. Hence, predicting dyslexia for different languages with
the same prediction model remains a challenge.

For future work we aim to conduct a longitudinal study and
collect more data from younger children to find out if this
approach with visual and auditory elements can be used for
early prediction of dyslexia in pre-readers, without using any
linguistic elements, working towards a universal screening
tool for dyslexia.
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