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Abstract

Dyslexia is a learning disorder that affects around 5 % to 17.5 % of
people worldwide and is primarily characterized by word reading
difficulties, which can lead to poor academic performance. Thus, early
detection of dyslexia is necessary. Current approaches for dyslexia
detection aim at classifying eye-tracking data, which are recorded pri-
marily during text-reading tasks. Those data are usually transformed
into compact representations such as high-dimensional vector features
or image visualizations, which are then used to trainmachine-learning
classifiers. This thesis aims to improve the classification accuracy of
current models by proposing new visualizations of raw eye-tracking
data and derived characteristics, such as fixations and saccades. To
further enhance classification accuracy, the proposed visualizations
are divided into sub-images. For each sub-image, an independent deep
neural network is trained, and the outputs are finally ensembled by
majority voting. Experimental results show that the proposed visual-
izations, along with the division of visualizations into sub-images and
the ensemble of deep neural network outputs, achieve a high accuracy
of up to 92.86 %.
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1 Introduction

Dyslexia is a learning disorder characterized by severe word decoding
and spelling difficulties. These symptoms result in slower reading flu-
ency and challenges with text comprehension. Beyond poor academic
outcomes, dyslexia is also associated with the social (e.g., behavioral
problems) and emotional development of dyslexic individuals [1, 2].
Early and more precise detection of dyslexia is crucial for the further
development of reading skills of dyslexics. This not only improves
their reading skills but also enhances their academic performance [1,
3, 4].

Dyslexia detection is a complex process because symptoms can
vary widely among individuals. This process typically utilizes a mul-
tidisciplinary approach and involves various tasks such as reading
assessments, leveraging the expertise of psychologists, teachers, and
social workers [5, 6]. Dyslexia impacts around 5% to 17.5% of peo-
ple worldwide [2]. One of the promising research directions is to
detect dyslexia automatically by capturing eye-tracking data during
text-reading tasks and classifying such data using machine learning
principles [3].

Eye-tracking data provide valuable insights into reading and how
an individual interacts with written text. Eye-tracking data can be
captured using an eye-tracking device, with a capturing frequency
ranging from 30 to 2000Hz [7]. Raw eye-tracking data are represented
as a sequence of 2D points, where the x and y coordinates indicate the
position on the monitor screen where the individual’s eye is looking
at [3].

Such raw data can further be processed to extract meaningful high-
level gaze events, where themost commonones are fixations and saccades.
A fixation is a period of time during which the eye remains relatively
still, focusing on a specific point, and represents a cluster of raw data
points that are close to each other. A saccade is a quick eye movement
that shifts gaze from one fixation to a consecutive fixation. A saccade
in the direction of reading is called a forward saccade (progression),
and in the opposite direction is called a backward saccade (regression)
[3, 8, 9]. An illustration of raw data, fixations, and saccades is shown
in Figure 2.1.
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1. Introduction

Figure 1.1: Illustration of raw eye-tracking data shown as blue circles,
fixations represented as orange circles, and both types of saccades
depicted as blue lines connecting raw datapoints.

Other characteristics can be derived from fixations and saccades,
such as fixation duration, saccade length, or regression frequency.
Characteristics can be represented in several ways (e.g., numerical
statistics as vectors), and these representations can be classified using
various machine learning techniques, such as kNN, SVM, or neural
networks. One of the most promising approaches is the use of neural
networks, due to their ability to capture complex patterns [10]. Neural
networks can process input characteristics represented as numerical
statistics in the form of vectors or as graphical representations of
captured eye-tracking data in the image format [3, 9].

This thesis aims to improve the classification accuracy of state-
of-the-art methods [3] by introducing new types of visualizations
of eye-tracking data. Furthermore, the proposed visualizations are
divided into sub-images, and an independent deep neural network is
trained for each sub-image. The results are then ensembled together
usingmajority voting, which leads to the improvement of classification
accuracy.

This thesis begins with a review of the current state of the art
in Chapter 2. Chapter 3 describes the dataset used for the proposed
methods, while Chapter 4 introduces and explains the proposed vi-
sualization methods. Chapter 5 then presents the results of applying
these methods to ResNet-18. Finally, Chapter 6 summarizes the eval-
uated methods’ findings and outlines potential directions for future
research.
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2 Related Work

The detection of dyslexia through eye-tracking data collected during
reading tasks has been the subject of numerous studies [11]. This
thesis provides a brief overview of existing classification methods and
datasets, emphasizing the most promising ones relevant to this thesis.
This chapter summarizes commonly used data representations and
machine learning techniques.

2.1 Most-Related Approaches

Among the first attempts for dyslexia detection using machine learn-
ing techniques was a study by Rello et al. [12]. This study involved 97
participants (48 dyslexic) aged from 11 to 54. They assessed perfor-
mance on 12 different text-reading tasks and achieved an accuracy of
up to 80.18 % using Support Vector Machines (SVM).

In a study byNilsson Benfatto et al. [13], they achieved up to 95.6 %
accuracy using SVMswith Recursive Feature Elimination (RFE). Their
study is based on data collected from 185 children (97 high-risk) aged
from 9 to 10 on one text-reading task. The dataset from this study was
also used by Nerušil et al. [14], where they achieved an accuracy of
96.6 % using a Convolutional Neural Network (CNN).

Another feature-based representation approach was conducted by
Vajs et al. [15]. This research collected data from 30 Serbian children
(15 dyslexic) on reading tasks. For dyslexia recognition, they have
used several machine learning techniques such as k-Nearest Neigh-
bours (kNN), random forests, and SVMs, achieving an accuracy of up
to 94 %.

Another research was done by Černek in his Master’s thesis [16],
where he achieved an accuracy of up to 85.88 % on the feature-based
representation approach using Multi-Layer Perceptrons (MLP) and
up to 92 % on a visual-based representation approach using Resid-
ual Neural Networks (ResNet). Both approaches used an ensemble
method based on majority voting across four reading tasks. The re-
search involved 35 children between the ages of 9 and 10 (13 were
dyslexic).
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2. Related Work

A recent contribution to the area of dyslexia detection is a study
by Sedmidubsky et al. [3], where they achieved an accuracy of up to
90 % using the feature-based representation approach with MLP and
up to 88 % with the visual-based representation using ResNets. The
research involved three reading tasks and included 70 Czech children
aged 9 to 10 years (35 were dyslexic).

2.2 Reading Tasks

The most common task for testing participants is the reading task,
which typically consists ofmeaningful text [11]. Usually, in the reading
task, each word in every sentence is treated as a rectangle, also known
as an area-of-interest (AOI). An example is shown in Figure 2.1, where
red rectangles represent the AOIs. AOIs do not have to correspond
exactly to words. In general, they may represent any area of any shape
that participants should focus on. Further, characteristics for one task
can be extracted globally from the whole task, considering all AOIs,
or individually, concentrating on specific AOIs.

Figure 2.1: Example of AOIs on a custom English sentence.

2.3 Data Representations

All mentioned approaches [3, 12, 13, 14, 15, 16] use feature-based
data representation rather than raw eye-tracking data. This is because
the amount of raw eye-tracking data is significantly larger than the
number of extracted characteristics. Some approaches [3, 16] also use
visual-based representations, which may visualize gaze events, such
as fixations or saccades, in combination with some of the extracted
characteristics, such as fixation duration.
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2. Related Work

2.3.1 Feature-based Representations

The raw eye-tracking data are low-level. They contain x and y coor-
dinates and timestamps from when the record was captured. Thus,
looking into more high-level statistics from gaze events (e.g., fixations
or saccades) can provide the required level of detail. Those statistics
can be derived globally from one task, including all AOIs, or individu-
ally per AOI.

Global statistics typically include a count of gaze events, primar-
ily for fixations, progression, and regression saccades. Other global
features mainly reflect high-level statistics about changes in eye move-
ments, typically by summarizing the length and amplitude of saccades
using metrics such as mean, median, 75th, and 25th quartiles. Similar
statistics can also be made for fixations by summarizing their dura-
tions and x and y dispersions. Those statistics can also be extracted
individually per AOI [16].

In summary, feature-based representations are defined as high-
dimensional vectors of real numbers selected from defined statistics.
In the study by Nilsson Benfatto et al. [13], they managed to extract
48 features using RFE. In Černek’s thesis [16], he extracted up to 46
features, while in the study by Sedmidubsky et al. [3], they managed
to extract up to 450 features for one task.

2.3.2 Visual-based Representations

Feature-based representations include aggregated high-level charac-
teristics such as means, medians, or quartiles. However, they overlook
individual characteristics like fixation position or fixation duration,
along with their changes over time. Instead of representing features
as vectors of real numbers, some of them, particularly fixations, can
be represented graphically in the image format. This is accomplished
by visualizing x and y coordinates of fixation as a circle with a fixed
size and a single color.

One of the simplest visualizations based on fixations is a heatmap.
In heatmap representation, the intensity of the color indicates the level
of attention given to specific areas of a stimulus (visual content pre-
sented to the participants). Warmer colors signify areas that received
more attention (more fixations), while cooler colors indicate areas
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2. Related Work

with less attention (fewer fixations) [9]. Figure 2.2 shows an example
of fixation visualization using a heatmap.

Recent approaches [4, 16] came with a visualization method based
on fixations for reading tasks. The visualization image has a fixed size,
where each fixation is represented as an ellipsoid, where the center of
the ellipsoid is determined by the fixation’s x and y coordinates. The
fixation dispersion in the x and y axes determines the ellipsoid’s width
and height. The normalized value of fixation duration determines
the color of the ellipsoid. Figure 2.3 shows this fixation visualization
method.

Figure 2.2: Example of representing fixations as a heatmap [17].

Figure 2.3: Example of fixation visualization, where each fixation is
represented as an ellipsoid [3].
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2. Related Work

2.4 Classification Approaches

Each type of data representation is suited to specific machine-learning
approaches for classification. A k-Nearest Neighbors (kNN) similarity
search, Support Vector Machines (SVM), and Multi-Layer Perceptron
(MLP) architectures are suitable for classifying feature-based repre-
sentations [11]. In contrast, using Convolutional Neural Networks
(CNN) or Residual Neural Networks (ResNet) for visual-based rep-
resentations is more appropriate, since they offer better classification
accuracy on images than MLPs [18, 19].

2.4.1 kNN Classification

One of the most commonly used methods for machine learning is the
supervised k-Nearest Neighbors algorithm. In this algorithm, each
feature vector represents points in the n-dimensional space Rn. The
feature vector can be derived from a feature-based representation or
extracted using a trained neural network, for example, as the content
of the last hidden network layer. The concept of kNN is based on the
idea that points belonging to the same class tend to be close to each
other. To classify a new point, the algorithm calculates the distances to
all training points and selects the k nearest ones. The class that appears
most frequently among these neighbors is then assigned to the new
point. The most common method for measuring the distance between
points is Euclidean distance [20, 21].

2.4.2 MLP Classification

The backbone of neural networks is the multi-layer perceptron, where
neurons are organized into layers, with each neuron connecting to
every neuron in the previous layer. Each neuron applies an activation
function to introduce non-linearity into the model. The first layer is the
input layer, which contains n neurons corresponding to the dimension
of the feature vector. The output layer often uses the softmax function
across all neurons in one layer to convert output scores into proba-
bilities that sum to one. The layers between the input and output are
known as hidden layers, which play a crucial role in learning patterns
in the data [20].
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2. Related Work

One of the MLP architectures developed for dyslexia classification
was introduced by Sedmidubsky et al. [3]. This architecture consists
of an input layer, three hidden layers, and an output layer. The input
layer receives a 450-dimensional feature vector. Each subsequent hid-
den layer reduces the dimensionality by half (the first hidden layer
has 225 neurons, the second 112, and the third 56). The softmax acti-
vation function is utilized for the output layer to perform two-class
classification.

2.4.3 ResNet Classification

While MLPs are better suited for feature-based representations, Con-
volutional Neural Networks are more effective for image classification
based on visual representations. CNNs are more advanced thanMLPs
and typically achieve higher classification accuracy [18]. However,
for deeper neural networks, it might be better to use Residual Neural
Networks (ResNet-18, ResNet-50) as they are more efficient, robust,
and generally achieve better accuracy than CNNs [10, 19, 22].

A pre-trained network that accepts a fixed-size image as input can
be utilized for small datasets, such as the one used in this thesis. Those
pre-trained networks are usually trained on general domain images
and then fine-tuned on the generated visual representations. This
also requires modifying the original classification layer (e.g., 1,000
classes in a model trained on a dataset of general domain images) to
accommodate only two classes for dyslexia detection [3].

2.5 Summary of Advantages/Disadvantages

Each classification approach comes with its own set of advantages and
disadvantages. Feature-based classification methods, like kNNs and
MLPs, are less computationally intensive than deep neural networks.
However, they are not suitable for visual-based classification tasks. In
contrast, deep neural networks like ResNets are essential for these tasks
despite their significantly higher computing power requirements.

This thesis contributes to improving the classification accuracy
of state-of-the-art methods using ResNets by designing new visual-
izations containing raw eye-tracking data, fixations, and saccades.

8



2. Related Work

Building upon the framework established in this study [3], where
visualizations are put into ResNets as an entire image of a fixed size.
However, due to the large size of these visualizations, compressing
them into a smaller fixed size can lead to data loss. To prevent data loss,
smaller images are necessary. For this reason, this thesis divides the
entire image into several smaller sub-images, where each sub-image
is used to fine-tune an individual ResNet model. The results are then
ensembled using majority voting.

The image-splitting technique generates sub-images whose size
is closer to the required input size for ResNet. This technique keeps
more details after compression. The results fromResNet for individual
sub-images may provide a detailed lookup on which sub-image is
important and which is not, according to their accuracy. The ones
with less accuracy may contain some noise or may be neutral (no
difference between dyslexic and non-dyslexic participants). This may
be considered during ensembling, where only some sub-images with
higher accuracy may be ensembled.
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3 ETDD70 Dataset

The ETDD70 dataset [3] used in this thesis was developed by a re-
search team from the Faculty of Arts of Masaryk University and
the Faculty of Informatics of Masaryk University1. The dataset in-
cludes raw eye-tracking data and various event-based characteris-
tics based on dyslexic and non-dyslexic participants while complet-
ing reading tasks defined in Section 3.2 and visual-differentiation
tasks defined in Section 3.3. Data from visual-differentiation tasks
were not published in this dataset but were recorded simultaneously
on the same participants. The dataset is publicly available at: https:
//zenodo.org/records/13332134

3.1 Participants

Thedatasetwas collected from70participants, consisting of 35 dyslexic
individuals (19 females and 16males) and 35 non-dyslexic individuals
(19 females and 16 males). All participants were elementary school
pupils aged 9 to 10 years, corresponding to the 4th grade of elementary
school [3].

3.2 Text-Reading Tasks

The dataset focuses on three reading tasks, all in the Czech language.

• Task 1 is a reading task containing a grid of 90 syllables (9 rows
and 10 columns). The complexity of syllables increaseswith each
row, where the first row has easier syllables, while the last one
has more complex syllables. Participants had to read syllables
from left to right, row by row, starting from the top left [3].

• Task 2 is a reading task that contains a meaningful story about a
young boy watching a squirrel from his window. The text has in
total seven lines and six consecutive sentences [3].

1. The dataset was part of the project by the Technology Agency of the Czech
Republic (TL05000177 – Diagnostics of dyslexia using eye-tracking and AI).
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3. ETDD70 Dataset

• Task 3 is a reading task that contains a fictional text with mean-
ingless words. The text consists of 7 text lines and 15 artificial
sentences [3].

3.3 Visual-Differentiation Tasks

A visual differentiation task presents pairs of symbols that may match
or not. The difference between non-matching symbols can be identified
based on their top-bottom or right-left positioning. Children need to
distinguish those detailed differences. Otherwise, if they struggle
with visual differentiation, it may lead to confusion with letters and
numbers differing in detail (such as m–n, k–h, 6–9, 4–7) or may result
in confusion of letters and numbers differing in top-bottompositioning
(t–j, b–p, 6–9) or right-left positioning (d–b, 6–9) [23].

Task 4.1 and Task 4.2 represent matching and non-matching pairs
of symbols in a 11 × 5 grid (11 rows and 5 columns). Non-matching
symbols include symbols that differ in detail (such as missing circles
or shorter lines), and symbols that differ in top-bottom and right-left
positioning. The objective for participants in Task 4.1 and Task 4.2 was
to go through all pairs of symbols, starting from the top left pair and
continuing row by row to the bottom right pair, and click on all pairs
that differ. Visualization of Task 4.1 and Task 4.2 is shown in Figure 3.2.
Since the visualizations are blurred at the request of the authors, an
illustration of the symbol is shown in Figure 3.1. The only difference
between Task 4.1 and Task 4.2 is the use of different symbols.

(a) (b)

Figure 3.1: Illustration of similarity differences on figure (a) showing
a house with and without a chimney and right-left positioning differ-
ences on (b) showing half-ellipsoids with a small line.
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3. ETDD70 Dataset

(a) Task 4.1 (b) Task 4.2

Figure 3.2: Blurred visualization of Task 4.1 and Task 4.2.

3.4 Provided Data

The raw eye-tracking data were collected using the SMI-RED 250 re-
mote eye-tracking device, which has a sampling rate of 250 Hz. Those
data were obtained during reading-based and visual-based tasks pre-
sented on a monitor with a refresh rate of 60 Hz and a resolution
of 1680 × 1050 pixels for each child. All children were tested at the
same place at Masaryk University to preserve the same conditions for
measurement [3].

The raw eye-tracking data were processed to extract gaze events,
primarily fixations and saccades. The fixations were identified using
an I2MC fixation detection algorithm [24]. This algorithm effectively
manages data with varying noise levels, including cases of data loss.
Consequently, this algorithm is well-suited for data recorded from chil-
dren. The saccades were defined from fixations, where each saccade
is a transition between consecutive fixations [3].

12



4 Proposed Visualization Representations

This thesis focuses on generating new visualizations based on visual-
izing raw eye-tracking data, fixations, and saccades. ResNet-18 with
pre-trained weights was utilized to classify these visualizations since
it provides better efficiency and robustness than other deep neural net-
works for image classification [10, 19, 22]. However, using pre-trained
ResNet-18 presents several problems outlined in Section 4.1, primarily
compression of visualization of fixed-size input for ResNet-18, result-
ing in data loss. The subsequent sections (from Section 4.2 to Section
4.5) describe generated visualizations. Section 4.6 defines the different
versions of majority voting that were used. Last Section 4.7 describes
the framework used for implementation and the hyperparameters that
can be tuned.

4.1 Problem Definition

The input for this thesis consists of raw eye-tracking data represented
as a sequence of 2D points. From raw eye-tracking data, fixations are
derived as a sequence of 2D points, fixation durations, and dispersions
in both x and y axes. Associated with fixations are saccades, defined
as a sequence of pairs of 2D points, where one 2D point is the start of
the saccade and the second 2D point is the end of the saccade. These
sequences of points are then used for visualizations in the form of an
image of specific dimensions (Task 1 has dimensions of 927 (width)×
682 (height) pixels, Task 2 and Task 3 have 978 × 532 pixels, Task 4.1
and Task 4.2 have 552 × 723 pixels).

This thesis uses aResNet-18modelwith pre-trainedweights trained
on general domain images sized at 224 × 224 pixels. According to this,
visualizations are compressed to the fixed size of 224 × 224 pixels and
serve as input to a ResNet-18 model, which is fine-tuned on these
visualizations to perform classification. The model outputs a prob-
ability value p ∈ [0, 1], representing the estimated likelihood that a
participant exhibits dyslexia-related characteristics.

The issue with the current approach is compressing an entire vi-
sualization image into smaller dimensions as input to the ResNet-18
model, leading to data loss. Using visualizations as an entire image

13



4. Proposed Visualization Representations

comes with another issue. By focusing on specific AOIs, there may be
areas with AOIs where participants show no significant differences
between dyslexic and non-dyslexic groups. This can lead to lower clas-
sification accuracy, as the model might be affected by irrelevant areas.
Noise from these areas with uninformative AOIs may overshadow
patterns that genuinely reflect the differences between dyslexic and
non-dyslexic groups.

The objective of this thesis is to address these issues by dividing
the full-size image into six distinct sub-images, ensuring that each
sub-image has dimensions close to the desired size of 224× 224 pixels.
For reading tasks, the full-size images are vertically divided into three
sub-images using one third of the width and then horizontally into
two sub-images using one half of the height, resulting in a total of
six sub-images. For visual-differentiation tasks, the division process
is reversed, horizontally divided into three sub-images using one
third of the height and vertically into two sub-images using one half
of the width, resulting again in six sub-images. Each sub-image is
used to fine-tune a separate, independent instance of the pre-trained
ResNet-18 model, which evaluates the participant’s performance in
the specific sub-image area. The results are then ensembled together
using majority voting. The numbering of sub-images is systematically
assigned to correspond with the specific regions shown in Figure 4.1
for both reading and visual-differentiation tasks.

The division method was used on already existing visualization
approaches provided by Sedmidubsky et al. [3] and also on proposed
generated visualizations that are described in the following sections
(raw eye-tracking data visualizations in Section 4.2 and Section 4.3,
fixations with saccades in Section 4.5).
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(a) Reading tasks (b) Visual-differentiation tasks

Figure 4.1: Sub-image numbering for reading and visual-
differentiation tasks.

4.2 Method RD-Idx – Raw Data Index Color

This method visualizes raw eye-tracking data by plotting circles based
on x and y coordinates recorded over time. Each raw datapoint is
represented as a circle of fixed size (i.e., diameter) of 1.86 pixels. The
datapoints index determines the circle’s color (i.e., timestamp order),
transitioning from cool blue for the minimal index values through
purple to pink for the highest index values. The color mapping is
normalized based on the dataset’s [3] highest number of raw data-
points for each task individually. Figure 4.2 shows visualizations of
this method on all tested tasks with a comparison of dyslexic and
non-dyslexic participants. The dotted lines in the Figure 4.2 indicate
the sub-image division as shown in the Figure 4.1.
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(a) Non-dyslexic (b) Dyslexic
Task 1

(a) Non-dyslexic (b) Dyslexic
Task 2

(a) Non-dyslexic (b) Dyslexic
Task 3
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(a) Non-dyslexic (b) Dyslexic
Task 4.1

(a) Non-dyslexic (b) Dyslexic
Task 4.2

Figure 4.2: Comparison of Method RD-Idx on non-dyslexic and
dyslexic participants on all tasks.
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4.3 Method RD-Sac – Raw Data Saccade Color

This method visualizes raw eye-tracking data by plotting circles with
color based on saccade characteristics, instead of timestamp order as
in the previous method described in Section 4.2. The circles have a
fixed size (i.e., diameter) of 9.28 pixels. The green color indicates for-
ward saccades, while the red color represents regression saccades (i.e.,
saccades in the opposite reading direction). This method is visualized
in Figure 4.3 on all tested tasks, comparing dyslexic and non-dyslexic
participants.

Using saccades as colors might be beneficial because participants
with dyslexia tend to havemore regression saccades than non-dyslexic
participants [25].

(a) Non-dyslexic (b) Dyslexic
Task 1

(a) Non-dyslexic (b) Dyslexic
Task 2
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(a) Non-dyslexic (b) Dyslexic
Task 3

(a) Non-dyslexic (b) Dyslexic
Task 4.1
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(a) Non-dyslexic (b) Dyslexic
Task 4.2

Figure 4.3: Comparison of Method RD-Sac on non-dyslexic and
dyslexic participants on all tasks.

4.4 Fixation Image Approach

This section explains the fixation visualization method referenced in
Section 2.3.2 and introduced in the recent studies [3, 16]. This thesis
enhances this method by dividing the visualization image into sub-
images and proposes alternative techniques to address issues arising
from unwanted areas within these sub-images, as proposed in Section
4.4.1, Section 4.4.2, and Section 4.4.3.

4.4.1 Method Fix-D – Fixations with Duration Color

As mentioned, this method was introduced in those studies [3, 16].
This method visualizes fixations as ellipsoids instead of circles, where
the size of the ellipsoid is determined by the dispersion of fixation in x
and y directions. The ellipsoid’s color represents the fixation duration,
which is normalized for each task independently. Starting from black
for shorter durations and transitioning through red to yellow for the
longest durations. Figure 4.4 shows visualizations on all tested tasks
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with comparison of dyslexic and non-dyslexic participants and with
sub-image divided areas.

(a) Non-dyslexic (b) Dyslexic
Task 1

(a) Non-dyslexic (b) Dyslexic
Task 2

(a) Non-dyslexic (b) Dyslexic
Task 3
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(a) Non-dyslexic (b) Dyslexic
Task 4.1

(a) Non-dyslexic (b) Dyslexic
Task 4.2

Figure 4.4: Comparison of Method Fix-D on non-dyslexic and dyslexic
participants on all tasks.
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4.4.2 Method Fix-NO-D – No Overlapping Fixations with Duration
Color

This method is based on visualizing fixations as ellipsoids with the
size determined by the fixation dispersion and color by the normalized
value of fixation duration as exactly described in Section 4.4.1. Since
the image division process is based on the height and width of the
fixed-size image, the division line went directly through some AOIs
for some tasks. Especially for Task 2 and Task 3, the horizontal division
line went through the whole sentence, as shown in Figure 4.5.

Fixations are considered overlapping when the height or width
of a fixation ellipsoid extends from one sub-image into another. This
method ignores all overlapping fixations. However, this leads to com-
plete data loss of themiddle sentence for Task 2 and Task 3. Other tasks
are not shown in Figure 4.5 since there were only a few overlapping
fixations.

(a) Non-dyslexic (b) Dyslexic
Task 2

(a) Non-dyslexic (b) Dyslexic
Task 3

Figure 4.5: Comparison of Method Fix-NO-D on non-dyslexic and
dyslexic participants on Task 2 and Task 3.
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4.4.3 Method Fix-NHO-D – No Horizontal Overlapping Fixations
with Duration Color

The Fix-NO-Dmethod described in Section 4.4.2 resulted in the loss of
the entire sentence. This method uses the exact visualization process
as Fix-D method described in Section 4.4.1. Besides Fix-NO-D method
in Section 4.4.2, this method keeps the overlapping fixations in the y
(vertical) direction and ignores those in the x (horizontal) direction.
Thus, the middle sentence in Task 2 and Task 3 is preserved as shown
in Figure 4.6.

(a) Non-dyslexic (b) Dyslexic
Task 2

(a) Non-dyslexic (b) Dyslexic
Task 3

Figure 4.6: Comparison of Method Fix-NHO-D on non-dyslexic and
dyslexic participants on Task 2 and Task 3.
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4.5 Method Fix-SD – Fixations with Saccade Color and
Duration Size

This method visualizes fixations as circles by utilizing forward and
regression saccades as color. As in the RD-Sac method described in
Section 4.3, green represents forward saccades, while red represents
regression saccades. For the size (i.e., diameter) of the circle, the
normalized value of fixation duration was utilized. Fixation durations
were normalized based on the dataset’s [3] minimal fixation duration
value required for the I2MC algorithm to create fixations (40 ms) and
on the highest fixation duration value for each task individually. The
normalized duration value is then multiplied by a constant number
462 (i.e., parameter for tuning).

Utilizing fixation durations as circle size might also be beneficial,
as dyslexic participants tend to have much longer fixation durations
than non-dyslexic participants [25]. This observation can be seen in
the images presented in Figure 4.7.

(a) Non-dyslexic (b) Dyslexic
Task 1
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(a) Non-dyslexic (b) Dyslexic
Task 2

(a) Non-dyslexic (b) Dyslexic
Task 3

(a) Non-dyslexic (b) Dyslexic
Task 4.1
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(a) Non-dyslexic (b) Dyslexic
Task 4.2

Figure 4.7: Comparison of Method Fix-SD on non-dyslexic and
dyslexic participants on all tasks.

4.6 Classification and Majority Voting

For classification, this thesis uses a ResNet-18 model with pre-trained
weights trained on general domain images with a fixed size of 224 ×
224 pixels. Generated visualization sub-images are compressed into a
fixed size of 224 × 224 pixels and serve as input to a ResNet-18 model.
Those sub-images for each task and method are denoted by I1, . . . , I6.
Then, for each sub-image, the independent model is fine-tuned, creat-
ing six independent classifiers denoted as cl1(I1), . . . , cl6(I6) for each
task and method. The classifier outputs a probability value p ∈ [0, 1]
denoted as cli(Ii) = pi, representing the estimated likelihood that
a participant exhibits characteristics associated with dyslexia. The
output class is generated by a bincls function, indicating 1 = dyslexic
if the probability is greater than or equal to a 50% threshold, and
0 = non-dyslexic otherwise [4].
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bincls(cli, Ii) =

{
1 if cli(Ii) ≥ 0.5

0 else
(4.1)

Using six classifiers for eachmethod and taskmight seem excessive.
However, combining their outputs into a single final decision for each
task can simplify interpretation and enhance robustness. Some sub-
images may lack informative features needed to distinguish between
dyslexic and non-dyslexic participants, which can result in misleading
classifier outputs due to the noise. To address this, two variants of
majority votingwere utilized to ensemble the outputs of the sub-image
classifiers.

4.6.1 Binary Majority Voting

One of the simplest ensemble approaches is majority voting [26]. This
thesis utilizes a binary version of majority voting, denoted as mv, since
only two classes are required. The function mv takes as input a set of
n classifiers and a set of their n corresponding sub-images, where n ∈
{1, . . . , 36}. The function outputs class 1 (dyslexic) if at least half of the
classifiers, when applied to their respective sub-images, output class 1
(dyslexic). In case of even n, where there is exactly half of both classes,
the function outputs class 1, since from the medical perspective, it
might be preferable to minimize false negatives. Otherwise, it outputs
class 0 (non-dyslexic).

mv({cl1, . . . , cln}, {I1, . . . , In}) =
{

1 if ∑n
i=1 bincls(cli, Ii) ≥ n

2

0 else
(4.2)

This version of majority voting ignores the probability value p and
focuses only on the class. This leads to situations where the model can
output a probability around 0.5, meaning that it is not sure about what
class to put the input in. An example can be three classifiers cl1(I1) =
0.54, cl2(I2) = 0.53, cl3(I3) = 0.06 resulting in class 1 (dyslexic) for
function mv. Since the results for cl1 and cl2 are almost random, cl3
should be the indicator for the resulting class from the majority voting
function. Similiary also for cl1(I1) = 0.96, cl2(I2) = 0.42, cl3(I3) = 0.48
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resulting in class 0 (non-dyslexic) for function mv, however cl1 should
be the indicator for the resulting class.

4.6.2 Improved Binary Majority Voting

To address the problemwith majority voting described in the previous
Section 4.6.1, this version of binary majority voting, denoted as imv,
focuses on probabilities p instead of classes. The function imv takes as
input a set of n classifiers and a set of their n corresponding sub-images,
where n ∈ {1, . . . , 36}. The function outputs class 1 (dyslexic) if the
sum of probabilities is greater than or equal to half of the total number
of classifiers 1 (dyslexic). Otherwise, it outputs class 0 (non-dyslexic).

imv({cl1, . . . , cln}, {I1, . . . , In}) =
{

1 if ∑n
i=1 cli(Ii) ≥ n

2

0 else
(4.3)

4.6.3 Majority Voting across Different Sub-Images

The six classifiers (n = 6) for each method and task can be ensembled
together, resulting in one class output for each method and task. How-
ever, some sub-images may not contain the informative features nec-
essary to differentiate between dyslexic and non-dyslexic participants.
Using these sub-images may lead to misleading classifier outputs due
to the noise.

Therefore, it may be necessary to disregard certain sub-images
during the ensembling process (n ∈ {1, . . . , 6}). Typically, those sub-
images can be found by observing their classifier accuracy, where
those with low accuracy are disregarded. This process might be time-
consuming and handy. To improve efficiency, utilizing a brute-force
method to find the best combination of sub-images with the most
promising results for each method and task may be more effective.

4.6.4 Majority Voting across Different Methods

Some sub-images for different methods might provide different re-
sults, since some methods use different features for data visualization
(e.g., raw eye-tracking data visualization and fixation data visual-
ization). This might provide more stable results. Sub-images from
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different methods can be ensembled together for each task. Thus,
n ∈ {1, . . . , 36} denotes the possible ensemble of up to all six sub-
images for each of the six methods, totaling 36 sub-images. This is
done by using the best-performing combination of sub-images for
each method described in the previous Section 4.6.3 and finding the
best combination across different methods for each task. Due to the
efficiency, this is also done by utilizing the brute-force method.

4.7 Implementation Details

For this thesis, an existing framework was used for experimental eval-
uation. This framework includes modules for feature extraction, a
visualization generator, model training, and a final classification for
new data. This framework is publicly available at: https://gitlab.
fi.muni.cz/xsedmid/dyslex

This thesis extends the following modules of the framework:

• Visualization generator that generates newly introduced vi-
sualizations and divides them into sub-images. Each method
described in this chapter has its own function named with the
prefix method_ and the method’s name (e.g., method_rd_idx for
method RD-Idx in Section 4.2). All functions are situated in file
visualization_generator.py.

• Majority voting is for ensembling results from ResNets. Each
version of majority voting described in Section 4.6 has its own
function in file majority_voting.py. For binary majority voting,
there is a function called majority_vote, and for the improved
binary majority voting, a function improved_majority_vote.

The whole process for generating visualizations, model training,
and the ensemble of results is summarized in a Jupyter notebook file
model_visualization_training.ipynb.

Several methods offer a parameter circle-size that can be tuned to
increase the model’s performance. For this thesis, the well-performing
values were found. For method RD-Idx, the circle size is set to 1.86
pixels, for RD-Sac it is 9.28 pixels, and for Fix-SD it is calculated as
normalized_duration × 462 pixels.
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5 Experimental Evaluation

This chapter outlines the experimental setup and evaluation proce-
dures used to assess the classification performance of ResNet-18 mod-
els based on the proposed visualization methods. The aim is to de-
termine how effectively individual ResNet-18 models can distinguish
between dyslexic and non-dyslexic participants on sub-image inputs.
Also, how the application of two different majority voting strategies
can further enhance the overall classification accuracy by ensembling
outputs from those models.

5.1 Methodology

For each task, a 5-fold cross-validation procedure was applied, re-
sulting in five separate experiments. The final results were averaged
across all experiments. The dataset of 70 participants was divided
into folds with an equal number of dyslexic and non-dyslexic partici-
pants, using four folds for training and one for validation. The quality
of the ResNet-18 classifier was determined by comparing the ratio
of correctly classified participants from the validation fold [3]. The
quality of majority voting functions was determined by the ratio of
correctly classified participants to the total number of participants.
The models were trained with a fixed learning rate (lr = 0.0001) and
with 50 epochs.

5.2 Results of Proposed Visualization Methods

This section presents the classification performance of ResNet-18
models fine-tuned on all sub-images for each method and task. The
evaluation focuses on how different visualization methods affect the
model’s ability to distinguish between dyslexic and non-dyslexic par-
ticipants for each sub-image. The results emphasize the strengths of
eachmethod and help identifywhich visual feature encodings provide
the most discriminative information for the specific task.

By looking at Table 5.1, some sub-images tend to have lower accu-
racy than others. The most effective method among all tested tasks

31



5. Experimental Evaluation

and methods is the newly introduced fixation-based visualization Fix-
SD, which achieved an accuracy of up to 90 % for reading tasks and
up to 78.57 % for visual-differentiation tasks. Among the best-scoring
tasks was Task 3 (pseudo-text) with up to 90 % accuracy on some
sub-images.

From raw eye-tracking visualizations, the more accurate method
is RD-Idx with smaller circles and color based on timestamp order
indexes than RD-Sac with bigger circles and color based on saccades.
This is more likely due to the larger circles for RD-Sac, which resulted
in too many circles overlapping other circles and also probably over-
shadowing possible patterns. Some RD-Idx sub-images, primarily for
reading tasks, have accuracy similar to that of Fix-D method, which vi-
sualizes fixations. For the visual-differentiation tasks, one sub-image
achieved an accuracy of 80 %. However, most of them achieved an
accuracy below 70 %.

Fix-D, Fix-NO-D, and Fix-NHO-D performed similarly. Fix-NO-D
and Fix-NHO-D methods offer a few sub-images with better accuracy
than Fix-D. However, on some sub-images have lower accuracy than
Fix-D. Surprisingly, Fix-NO-D method performed very well despite
missing data from thewhole sentence for Task 2 and Task 3. Compared
with Fix-D, Fix-SD method offers better results for all tasks, primarily
for Task 1 and Task 2 by achieving an accuracy of up to 88.57 % and
for Task 3 by achieving an accuracy of 90 % on three sub-images and
88.57 % on other three sub-images. This is likely due to the increased
occurrence of larger circles for dyslexic participants in Fix-SD method,
as well as a higher number of regression saccades among dyslexic
participants.
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Table 5.1: Comparison of classification accuracies and standard devi-
ations across all tested methods and tasks (the best results are high-
lighted in bold, the second best are underlined).

Method Sub-image Task 1 Task 2 Task 3 Task 4.1 Task 4.2

RD-Idx

1 75.71 % ± 7.28 % 84.29 % ± 5.35 % 84.29 % ± 5.35 % 61.43 % ± 7.28 % 67.14 % ± 5.71 %
2 74.29 % ± 7.28 % 84.29 % ± 8.33 % 85.71 % ± 6.39 % 58.57 % ± 7.00 % 62.86 % ± 9.48 %
3 77.14 % ± 2.86 % 82.86 % ± 5.71 % 87.14 % ± 9.48 % 68.57 % ± 9.69 % 64.29 % ± 10.10 %
4 77.14 % ± 7.00 % 85.71 % ± 4.52 % 88.57 % ± 7.28 % 61.43 % ± 5.71 % 68.57 % ± 7.28 %
5 87.14 % ± 8.33 % 84.29 % ± 8.33 % 88.57 % ± 7.28 % 67.14 % ± 7.28 % 70.00 % ± 8.33 %
6 81.43 % ± 8.57 % 82.86 % ± 5.71 % 85.71 % ± 4.52 % 70.00 % ± 8.33 % 80.00% ± 10.50 %

RD-Sac

1 74.29 % ± 7.28 % 78.57 % ± 10.10 % 82.86 % ± 3.50 % 65.71 % ± 10.50 % 65.71 % ± 5.35 %
2 72.86 % ± 5.35 % 77.14 % ± 5.35 % 77.14 % ± 12.29 % 57.14 % ± 7.82 % 60.00 % ± 7.28 %
3 77.14 % ± 5.35 % 78.57 % ± 4.52 % 80.00 % ± 2.86 % 67.14 % ± 9.69 % 68.57 % ± 8.57 %
4 72.86 % ± 8.33 % 74.29 % ± 7.28 % 78.57 % ± 11.95 % 68.57 % ± 3.50 % 65.71 % ± 8.33 %
5 75.71 % ± 7.28 % 80.00 % ± 8.33 % 77.14 % ± 13.85 % 58.57 % ± 10.50 % 75.71 % ± 9.69 %
6 80.00 % ± 10.50 % 81.43 % ± 3.50 % 72.86 % ± 8.33 % 64.29 % ± 9.04 % 61.43 % ± 8.57 %

Fix-D

1 78.57 % ± 6.39 % 82.86 % ± 7.28 % 90.00% ± 7.28 % 62.86 % ± 8.33 % 62.86 % ± 10.50 %
2 80.00 % ± 9.48 % 81.43 % ± 5.71 % 88.57 % ± 9.69 % 65.71 % ± 8.33 % 61.43 % ± 7.28 %
3 81.43 % ± 5.71 % 82.86 % ± 5.71 % 84.29 % ± 8.33 % 62.86 % ± 8.33 % 62.86 % ± 2.86 %
4 77.14 % ± 5.35 % 81.43 % ± 7.28 % 87.14 % ± 5.35 % 60.00 % ± 10.69 % 72.86 % ± 7.00 %
5 80.00 % ± 8.33 % 85.71 % ± 7.82 % 85.71 % ± 7.82 % 57.14 % ± 4.52 % 64.29 % ± 6.39 %
6 82.86 % ± 11.61 % 84.29 % ± 5.35 % 82.86 % ± 7.28 % 65.71 % ± 12.29 % 70.00 % ± 2.86 %

Fix-NO-D

1 81.43 % ± 5.71 % 87.14 % ± 7.00 % 85.71 % ± 6.39 % 57.14 % ± 4.52 % 65.71 % ± 10.50 %
2 78.57 % ± 11.95 % 84.29 % ± 5.35 % 85.71 % ± 7.82 % 65.71 % ± 8.33 % 61.43 % ± 7.28 %
3 82.86 % ± 7.28 % 85.71 % ± 4.52 % 88.57 % ± 7.28 % 67.14 % ± 8.57 % 58.57 % ± 5.35 %
4 81.43 % ± 3.50 % 78.57 % ± 6.39 % 82.86 % ± 3.50 % 57.14 % ± 9.04 % 65.71 % ± 12.29 %
5 78.57 % ± 7.82 % 80.00 % ± 8.33 % 88.57 % ± 5.71 % 62.86 % ± 5.35 % 62.86 % ± 5.35 %
6 87.14 % ± 9.48 % 81.43 % ± 5.71 % 85.71 % ± 7.82 % 61.43 % ± 7.28 % 65.71 % ± 9.48 %

Fix-NHO-D

1 81.43 % ± 9.69 % 88.57% ± 7.28 % 88.57 % ± 7.28 % 57.14 % ± 4.52 % 65.71 % ± 8.33 %
2 78.57 % ± 10.10 % 81.43 % ± 3.50 % 87.14 % ± 5.35 % 64.29 % ± 4.52 % 57.14 % ± 7.82 %
3 82.86 % ± 7.28 % 85.71 % ± 7.82 % 87.14 % ± 7.00 % 61.43 % ± 9.69 % 61.43 % ± 5.71 %
4 81.43 % ± 3.50 % 82.86 % ± 7.28 % 85.71 % ± 6.39 % 55.71 % ± 8.33 % 68.57 % ± 13.25 %
5 80.00 % ± 7.00 % 87.14 % ± 7.00 % 87.14 % ± 5.35 % 60.00 % ± 7.28 % 61.43 % ± 7.28 %
6 84.29 % ± 8.33 % 84.29 % ± 2.86 % 82.86 % ± 5.71 % 62.86 % ± 8.33 % 68.57 % ± 7.28 %

Fix-SD

1 78.57 % ± 7.82 % 88.57% ± 9.69 % 88.57 % ± 9.69 % 71.43 % ± 10.10 % 70.00 % ± 8.33 %
2 88.57% ± 7.28 % 82.86 % ± 9.69 % 88.57 % ± 9.69 % 64.29 % ± 9.04 % 65.71 % ± 11.43 %
3 88.57% ± 11.61 % 85.71 % ± 7.82 % 90.00% ± 7.28 % 75.71% ± 9.69 % 71.43 % ± 10.10 %
4 87.14 % ± 9.48 % 88.57% ± 7.28 % 90.00% ± 7.28 % 70.00 % ± 5.35 % 78.57 % ± 11.95 %
5 85.71 % ± 6.39 % 84.29 % ± 13.85 % 88.57 % ± 8.57 % 68.57 % ± 9.69 % 71.43 % ± 14.29 %
6 88.57% ± 11.61 % 85.71 % ± 10.10 % 90.00% ± 8.57 % 62.86 % ± 5.35 % 72.86 % ± 8.33 %

5.3 Results of Majority Voting across Different
Sub-Images

Results in Table 5.2 were obtained by ensembling all sub-images for
each method and each task. The ensemble results were slightly better
than those described in the previous Section 5.2. Some methods, pri-
marily on reading tasks, exceed an accuracy of 90 %. The difference
between normal (i.e., based on the dyslexic and non-dyslexic classes)
and improved (i.e., based on the classifier’s output probability) ma-
jority voting for reading tasks is up to 10 percentage points. For the
visual-differentiation tasks, the difference is up to 16 percentage points.
In general, the normal version of majority voting provides better accu-
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racy. The improved version ofmajority voting results in lower accuracy.
It is important to note that the ResNet-18 models were fine-tuned only
on the dataset of 70 participants, so their output probabilities may not
be very reliable.

Among the results based on the raw eye-tracking data, RD-Idx
method outperforms RD-Sac method and is comparable to fixation
methods at the same level by achieving an accuracy of up to 90 %
for reading tasks. Notably, RD-Sac method achieved higher accuracy
on visual-differentiation tasks with normal majority voting than RD-
Idx method. However, the difference between normal and improved
majority voting is up to 15.72 percentage points, much higher than
RD-Idx difference, which is up to 7.14 percentage points.

Among the best fixation visualization methods, Fix-SD shows sig-
nificant improvement, primarily in Task 1 and visual-differentiation
tasks. For Task 2, other fixation visualization methods outperform
Fix-SD on normal majority voting by achieving higher accuracy of up
to 91.43 %. In the case of improved majority voting, Fix-SD still ranks
among the best ones.

Table 5.2: Comparison of majority voting results on all tasks for each
method, including all six sub-images (the best results are highlighted
in bold, the second best are underlined).

Method Type Task 1 Task 2 Task 3 Task 4.1 Task 4.2

RD-Idx Normal 84.29 % 85.71 % 90.00 % 68.57 % 77.14 %
Improved 77.14 % 84.29 % 87.14 % 64.29 % 70.00 %

RD-Sac Normal 82.86 % 82.86 % 82.86 % 72.86 % 78.57 %
Improved 72.86 % 80.00 % 72.86 % 57.14 % 65.71 %

Fix-D Normal 90.00 % 88.57 % 91.43% 61.43 % 71.43 %
Improved 81.43 % 82.86 % 84.29 % 60.00 % 57.14 %

Fix-NO-D Normal 91.43 % 88.57 % 88.57 % 61.43 % 64.29 %
Improved 84.29 % 80.00 % 88.57 % 55.71 % 55.71 %

Fix-NHO-D Normal 88.57 % 90.00% 88.57 % 60.00 % 62.86 %
Improved 81.43 % 82.86 % 84.29 % 48.57 % 55.71 %

Fix-SD Normal 92.86% 87.14 % 91.43% 77.14% 81.43%
Improved 84.29 % 85.71 % 88.57 % 67.14 % 74.29 %

In comparison with the binary classification implemented by Sed-
midubsky et al. [3], the ensembled Fix-D method provides better
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results, particularly on normal majority voting, for all tasks. For Task
1 (90.00 % on normal and 81.43 % on improved majority voting vs.
82.86 %), for Task 2 (88.57 % on normal and 82.86 % on improved
majority voting vs. 82.86 %), and for Task 3 (91.43 % on normal and
84.29 % on improved majority voting vs. 88.57 %).

All possible combinations of sub-images were evaluated, and the
results presented in Table 5.3 show the ensemble of the best-performing
combination of sub-images for each method and task. Notably, the
results are more consistent, indicating that there is a lower difference
between normal and improved majority voting. With this approach,
many methods achieved over 90 % accuracy on reading tasks. Primar-
ily for Task 3, where Fix-D and Fix-SD achieved an accuracy of 92.86 %
on normal majority voting and 91.43 % on improved. Notably on Task
3, Fix-NHO-D achieved an accuracy of 94.29 % on normal majority
voting, while 87.14 % on improved. For visual-differentiation tasks,
RD-Idx and Fix-SD achieved an accuracy of up to 82.86 % on normal
majority voting.

For an individual task, the sub-images vary for an individual
method (e.g., Task 1 has 5 and 6 sub-images for method RD-Idx, while
method RD-Sac has 1, 3, and 6 sub-images). The variability is likely
due to the features differently encoded (e.g., raw eye-tracking data vs.
fixations, different sizes of circles or ellipsoids) by each visualization
method. This can impact how effectively the ResNet-18 model learns
meaningful patterns. Consequently, some sub-images may highlight
more discriminative information, while others might introduce noise
or less relevant structures.
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5. Experimental Evaluation

Table 5.3:Comparison of majority voting results for all testedmethods,
tasks, and sub-image combinations providing the best performance
(the best results are highlighted in bold, the second best are under-
lined).

Method Type Task 1 Task 2 Task 3 Task 4.1 Task 4.2

RD-Idx
Sub-images 5, 6 1, 2, 5 2, 3, 4, 5, 6 2, 3, 4, 5, 6 4, 5, 6
Normal 85.71 % 88.57 % 91.43 % 82.86% 80.00 %
Improved 85.71 % 87.14 % 87.14 % 65.71 % 74.29 %

RD-Sac
Sub-images 1, 3, 6 1, 3, 6 1, 3 1, 2, 3, 4, 6 3, 4, 5
Normal 81.43 % 85.71 % 82.86 % 75.71 % 80.00 %
Improved 80.00 % 84.29 % 81.43 % 62.86 % 71.43 %

Fix-D
Sub-images 1, 4, 5, 6 1, 3, 4, 6 1, 2, 3, 4 2, 3, 4, 5, 6 2, 4, 6
Normal 90.00 % 90.00 % 92.86 % 67.14 % 77.14 %
Improved 84.29 % 85.71 % 91.43 % 62.86 % 71.43 %

Fix-NO-D
Sub-images 1, 3, 6 1, 2, 3, 5, 6 1, 2, 3, 4, 5 1, 3, 6 1, 4, 5
Normal 92.86% 90.00 % 90.00 % 70.00 % 72.86 %
Improved 84.29 % 84.29 % 88.57 % 64.29 % 60.00 %

Fix-NHO-D
Sub-images 1, 4, 6 1, 3, 6 1, 3, 4 2, 3, 5 1, 4, 6
Normal 91.43 % 91.43 % 94.29% 64.29 % 70.00 %
Improved 85.71 % 88.57 % 87.14 % 58.57 % 65.71 %

Fix-SD
Sub-images 4, 6 1, 3, 5, 6 3, 4, 5, 6 1, 2, 3 1, 2, 4, 5
Normal 92.86% 92.86% 92.86 % 80.00 % 82.86%
Improved 88.57 % 88.57 % 91.43 % 72.86 % 77.14 %

5.4 Results of Majority Voting across Different
Methods

Results in Table 5.4 combine different methods and their best combi-
nation of sub-images from Table 5.3. All reading tasks achieved an
accuracy of 92.86 % for normal majority voting, and the maximum
difference between normal and improved majority voting is 4.29 per-
centage points for Task 2. For Task 3, both Fix-D and Fix-SD indepen-
dently achieved the same accuracy of 92.86 % on normal and 91.43 %
on improved majority voting. Visual-differentiation tasks achieved
an accuracy of up to 88.57 % on normal majority voting, while the
maximum difference between normal and improved majority voting
is 17.14 percentage points for Task 4.1.
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5. Experimental Evaluation

Table 5.4: Comparison of majority voting results on all tasks across dif-
ferent methods using the best-performing combination of sub-images
from Table 5.3.

Task Methods Type Score

Task 1 Fix-NO-D, Fix-SD Normal 92.86 %
Improved 90.00 %

Task 2 Fix-SD Normal 92.86 %
Improved 88.57 %

Task 3 Fix-D or Fix-SD Normal 92.86 %
Improved 91.43 %

Task 4.1 RD-Idx, RD-Sac, Fix-NO-D, Fix-SD Normal 88.57 %
Improved 71.43 %

Task 4.2 RD-Idx, RD-Sac, Fix-SD Normal 87.14 %
Improved 78.57 %

5.5 Quantitative Results

The visualization generation process was executed on a machine
equipped with an AMD Ryzen 5 2600 processor, while training of
the ResNet-18 models was carried out on an NVIDIA GeForce GTX
1660 Ti graphics card. Generating a single sub-image took approxi-
mately 1.6 seconds for the raw eye-tracking data methods and around
0.4 seconds for the methods based on fixations. Training a ResNet-18
model on one sub-image required approximately 23 minutes.
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6 Conclusions

This thesis aimed to improve the classification accuracy of state-of-the-
art approaches using ResNet-18. This was done by developing newly
generated visualizations containing raw eye-tracking data, fixations,
and saccades. Due to the pre-trained weights of ResNet-18 causing
the fixed size of the input image, the visualizations were divided into
sub-images that were used as input. Results from each individual sub-
image classifier were then ensembled using two different versions of
majority voting. This process achieved an accuracy of up to 92.86 % for
reading tasks and an accuracy of up to 88.57 % for newly introduced
visual-differentiation tasks.

Visualizations based on raw eye-tracking data are generally not as
effective as those based on fixations, but still provide promising results.
When comparing the best-performing combinations of sub-images,
the most effective method based on raw eye-tracking data performed
only 1.43—7.15 percentage points worse in accuracy than the best
method based on fixations. Among all tasks and tested methods, the
most promising method was the newly introduced Fix-SD method.

The process of splitting entire visualization images into smaller
sub-images is very promising because it allows the focus to be only
on specific sub-images that may indicate significant differences be-
tween dyslexic and non-dyslexic participants. For comparison, the
best sub-image for Fix-SD method achieved an accuracy of 88.57 %,
while the worst achieved 78.57 % accuracy in Task 1. Although the
image-splitting method was not ideal due to the division affecting
some AOIs, the results were still promising.

For future research, selecting a more effective method for image
division might be beneficial, and also by using more sub-images focus-
ing on individual sentences with proportionally empty surroundings
for reading tasks. For the grid form used in visual-differentiation tasks,
having a sub-image for each pair of symbols might be useful, but this
may be time-consuming with lots of pairs of symbols. Additionally, a
grid layout with an even number of columns and rows, with larger
gaps between pairs, might be more helpful for systematic image divi-
sion. Also, encoding information about correct and incorrect clicks as
color may be more informative than encoding saccades.
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A Content of the Electronic Appendix

Part of this thesis involves an extension of the used framework, which
can be found in the archive named FrameworkExtension.zip. A sum-
mary of the extended modules is described in Section 4.7 and is also
included in the README file located in the attached archive.
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