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Resumen

La capacidad cognitiva es un proceso neurológico muy complejo y a su vez muy
estudiado, sobre todo en el proceso de atención debido al alto impacto que tiene sobre
la calidad de vida en las personas, sin embargo, la detección y clasificación de los nive-
les de atención sigue siendo un desaf́ıo debido a la escasez de datos para trabajar, aśı
como la subjetividad de los indicadores al momento de medir los niveles de atención.
El presente trabajo tiene la intención de desarrollar un modelo de Inteligencia Artificial
aplicado a datos de trayectorias oculares para la clasificación de los niveles de atención.
Se trabajó con una base de datos pública, usando una Red Neuronal Convolucional para
extraer las caracteŕısticas de las trayectorias, empleando los vectores de caracteŕısticas
como datos de entrada en distintos modelos de Aprendizaje Automático; además se
propuso una metodoloǵıa para generar y validar el aumento de datos debido al desbal-
anceo de clases en la base de datos. El modelo de regresión loǵıstica fue seleccionado
para realizar la clasificación debido a su adaptabilidad a los datos después de las prue-
bas, además de ser optimizado mediante la técnica de Grid Search. Como conclusión
se desarrolló y optimizó un modelo h́ıbrido incorporando técnicas de Aprendizaje Pro-
fundo con Aprendizaje Automático, probando que un modelo puede clasificar de forma
acertada alcanzando una exactitud superior al 95%, superando investigaciones previas.
Este estudió demostró el potencial que se tiene al trabajar con técnicas no invasivas
usando Inteligencia Artificial en la clasificación de los niveles de atención.

Keywords: Inteligencia Artificial, Redes Neuronales Convolucionales, Aprendizaje Au-
tomático, Clasificación, Atención, Aumento de Datos



Abstract

Cognitive ability is a very complex neurological process and at the same time very
studied, especially in the process of attention due to the high impact it has on the
quality of life in people, however, the detection and classification of attention levels
remain a challenge due to the scarcity of data to work with, as well as the subjectivity
of the indicators when measuring the levels of attention. The present work intends to
develop an Artificial Intelligence model applied to eye trajectory data for the classifi-
cation of attention levels. We worked with a public database, using a Convolutional
Neural Network to extract the features of the trajectories, using the feature vectors
as input data in different Machine Learning models; in addition, a methodology was
proposed to generate and validate the increase of data due to the imbalance of classes
in the database. The logistic regression model was selected to perform the classification
due to its adaptability to the data after testing, in addition to being optimized using
the Grid Search technique. In conclusion, a hybrid model was developed and optimized
incorporating Deep Learning techniques with Machine Learning, proving that a model
can accurately classify reaching an accuracy higher than 95%, surpassing previous re-
search. This study demonstrated the potential of working with non-invasive techniques
using Artificial Intelligence in the classification of attention levels.

Keywords: Artificial Intelligence, Neural Networks, Machine Learning, Classification,
Attention, Data Augmentation



Contents

List of Tables 3

List of Figures 4

1 Introduction 1
1.1 Problem description . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Justification . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

2 Background 3
2.1 Cognitive Attention . . . . . . . . . . . . . . . . . . . . . . . . . 3

2.1.1 Attentional States . . . . . . . . . . . . . . . . . . . . . 3
2.1.2 Attention Levels . . . . . . . . . . . . . . . . . . . . . . . 4

2.2 Saccadic Movements . . . . . . . . . . . . . . . . . . . . . . . . 4
2.2.1 Eye-Tracking . . . . . . . . . . . . . . . . . . . . . . . . . 5

2.3 Machine Learning . . . . . . . . . . . . . . . . . . . . . . . . . . 5
2.4 Related Works . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2.4.1 State of art . . . . . . . . . . . . . . . . . . . . . . . . . . 6

3 Theoretical Foundation 8
3.1 Cognitive Attention . . . . . . . . . . . . . . . . . . . . . . . . . 8

3.1.1 Attentional States . . . . . . . . . . . . . . . . . . . . . 8
3.1.2 Attention Levels . . . . . . . . . . . . . . . . . . . . . . . 9

3.2 Saccadic Movements . . . . . . . . . . . . . . . . . . . . . . . . 10
3.3 Artificial Intelligence . . . . . . . . . . . . . . . . . . . . . . . . 11

3.3.1 Machine Learning . . . . . . . . . . . . . . . . . . . . . . 11
3.3.2 Metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
3.3.3 Neural Networks . . . . . . . . . . . . . . . . . . . . . . 18

3.4 Data Augmentation . . . . . . . . . . . . . . . . . . . . . . . . . 19
3.4.1 Diversity . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
3.4.2 Affinity . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
3.4.3 t-SNE . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

3.5 Optimization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22
3.5.1 Grid Search . . . . . . . . . . . . . . . . . . . . . . . . . 23

4 Hypothesis 25

5 Objectives 26
5.1 General Objective . . . . . . . . . . . . . . . . . . . . . . . . . . 26
5.2 Specific Objectives . . . . . . . . . . . . . . . . . . . . . . . . . . 26

6 Methodology 27
6.1 Materials . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

1



6.2 Database Selection . . . . . . . . . . . . . . . . . . . . . . . . . . 28
6.2.1 Psychometric Tests . . . . . . . . . . . . . . . . . . . . . 30

6.3 Preprocessing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31
6.3.1 Data cleaning and imputation . . . . . . . . . . . . . . 32
6.3.2 Data Calibration . . . . . . . . . . . . . . . . . . . . . . 37
6.3.3 Obtaining fixations and saccadic movements . . . . . 38
6.3.4 Region of Interest (ROI) Generation . . . . . . . . . . 41
6.3.5 Database Labeling . . . . . . . . . . . . . . . . . . . . . 42
6.3.6 Image resizing and Data normalization . . . . . . . . 47

6.4 Data Augmentation . . . . . . . . . . . . . . . . . . . . . . . . . 48
6.4.1 Validation . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

6.5 Feature Extraction . . . . . . . . . . . . . . . . . . . . . . . . . . 54
6.6 Models Selection . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

6.6.1 Models Development . . . . . . . . . . . . . . . . . . . . 55
6.6.2 Models training and testing . . . . . . . . . . . . . . . 56
6.6.3 Models validation . . . . . . . . . . . . . . . . . . . . . . 56
6.6.4 Model Selection . . . . . . . . . . . . . . . . . . . . . . . 57

6.7 Optimization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57
6.7.1 Grid search . . . . . . . . . . . . . . . . . . . . . . . . . . 58

6.8 Attention Model Classification . . . . . . . . . . . . . . . . . . 58

7 Results and Discussions 60
7.1 Class Balance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

7.1.1 Data Augmentation Validation . . . . . . . . . . . . . 61
7.2 Experimental results . . . . . . . . . . . . . . . . . . . . . . . . 64

7.2.1 Raw data training and testing . . . . . . . . . . . . . . 64
7.2.2 Synthetic data training and testing . . . . . . . . . . . 64
7.2.3 Model Validation . . . . . . . . . . . . . . . . . . . . . . 65
7.2.4 Optimization . . . . . . . . . . . . . . . . . . . . . . . . . 65

7.3 Optimized Model . . . . . . . . . . . . . . . . . . . . . . . . . . 67

8 Conclusions 71
8.1 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

Bibliographic references 73



List of Tables

2.1 State of the art . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
3.1 Classification of Attention Types Based on Different Criteria . 8
3.2 Summary of the Differences Between States of Attention and

Levels of Visual Attention . . . . . . . . . . . . . . . . . . . . . . . 10
3.3 Comparison of Machine Learning Models . . . . . . . . . . . . . 12
3.4 Comparison of Multiclass Classification Methods . . . . . . . . 13
3.5 Hyperparameters of Multinomial Logistic Regression . . . . . . 15
3.6 Comparison of Hyperparameter Optimization Methods . . . . 23
6.1 Databases characteristics . . . . . . . . . . . . . . . . . . . . . . . . 29
6.2 Most Relevant TSV Values . . . . . . . . . . . . . . . . . . . . . . 30
6.3 Technical Specifications of the EyeTribe Eye Tracker . . . . . . 30
6.4 Number of values outside the specified range per column. . . . 33
6.5 Number of values after applying the filter. . . . . . . . . . . . . . 33
6.6 Number of missing values (NaN) and 0 values per column. . . 36
6.7 Number of missing values (NaN) and 0 values per column after

data imputation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36
6.8 Total participants considered for each test. . . . . . . . . . . . . 38
6.9 Test Results by Attention Level Categories . . . . . . . . . . . . 46
6.10 Hyperparameters and their values . . . . . . . . . . . . . . . . . . 58
7.1 Diversity of Classes . . . . . . . . . . . . . . . . . . . . . . . . . . . 63
7.2 Affinity by Class . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63
7.3 Models Evaluation Metrics . . . . . . . . . . . . . . . . . . . . . . 64
7.4 Models Evaluation Metrics . . . . . . . . . . . . . . . . . . . . . . 65
7.5 Model Evaluation Metrics . . . . . . . . . . . . . . . . . . . . . . . 66
7.6 Evaluation Metrics for Different Tests . . . . . . . . . . . . . . . 69

3



List of Figures

2.1 Eye tracking trajectories obtained . . . . . . . . . . . . . . . . . . 5
3.1 Confusion Matrix . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
3.2 Architecture of a neural network. . . . . . . . . . . . . . . . . . . 18
3.3 Grid Search representation . . . . . . . . . . . . . . . . . . . . . . 24
6.1 Methodology flowchart . . . . . . . . . . . . . . . . . . . . . . . . . 27
6.2 Visualization of data obtained through the eye-tracker . . . . . 29
6.3 Example of the psychometric tests used in the database to mea-

sure attention levels . . . . . . . . . . . . . . . . . . . . . . . . . . . 32
6.4 Preprocessing Diagram Flow . . . . . . . . . . . . . . . . . . . . . 33
6.5 Example of how the trajectories look like before and after hav-

ing imputed the data using Cubic Splines . . . . . . . . . . . . . 37
6.6 Example of how tests change after data calibration . . . . . . . 38
6.7 Fixation and Saccadic Movements obtained . . . . . . . . . . . . 41
6.8 Example of how the tests look like after the generation of AOIs 42
6.9 Parameters used for labeling the unfolded Cubes test . . . . . . 44
6.10 High attention level tests . . . . . . . . . . . . . . . . . . . . . . . . 44
6.11 Medium attention level tests . . . . . . . . . . . . . . . . . . . . . 45
6.12 Low attention level tests . . . . . . . . . . . . . . . . . . . . . . . . 46
6.13 Augmented Images . . . . . . . . . . . . . . . . . . . . . . . . . . . 49
6.14 Percentage distribution of transformations . . . . . . . . . . . . 50
6.15 Data Augmentation random choice selection . . . . . . . . . . . 51
6.16 Methodology for data augmentation validation . . . . . . . . . . 52
6.17 VGG16 architecture . . . . . . . . . . . . . . . . . . . . . . . . . . . 55
7.1 Class Distribution per Test . . . . . . . . . . . . . . . . . . . . . . 60
7.2 Classes after data balance . . . . . . . . . . . . . . . . . . . . . . . 61
7.3 t-SNE visualization per test . . . . . . . . . . . . . . . . . . . . . . 62
7.4 Confusion Matrix for model validation . . . . . . . . . . . . . . . 66
7.5 Confusion Matrices per Test . . . . . . . . . . . . . . . . . . . . . . 67
7.6 BoxDots Plot results per Test . . . . . . . . . . . . . . . . . . . . . 68
7.7 Class Distribution per Test . . . . . . . . . . . . . . . . . . . . . . 69

4



1 Introduction

The correct and timely detection of the state of attention is of utmost importance
due to the impact in different areas that it has on the daily life of people with any
condition, since an erroneous diagnosis can generate numerous comorbidities, decreasing
the quality of life of people. Despite this, so far there are very few tools that help in this
detection, being mostly very intrusive. The main purpose of this work is to develop an
artificial intelligence attentional model which will help in the detection of such states
using eye-tracking techniques in cognitive tests, to provide a more accurate result.

1.1 Problem description

It is no easy task to identify attentional states given the subjectivity of the matter
and the absence of direct measures. Since attention is a mental process that can-
not be observed firsthand, we must rely on indirect indicators to deduce its presence.
These indicators take various forms, including observable behaviors like screen-gazing,
self-disclosure of attentional states by individuals, physiological measurements such as
heart rate, as well as imaging techniques such as EEG or functional magnetic resonance
imaging (fMRI) [1].

Nevertheless, each of these indicators brings its own limitations to the table: behav-
ior may come off as misleading, self-reporting may carry an inherent bias, physiological
measurements may point to other emotions, and brain imaging can only partly represent
the bigger picture. Capturing attention accurately in real-life situations is complicated
due to the dynamic and multifaceted nature of the process [2].

Ailing to adequately discern attentional states assumes significance within the lives
of individuals afflicted with Pervasive Developmental Disorder (PDD), particularly
when concomitant with Asperger’s Syndrome (AS) and Attention Deficit Hyperactivity
Disorder (ADHD). This significance arises due to the multifaceted nature of their con-
ditions, encompassing challenges in social development, as well as enduring difficulties
within their occupational and educational settings throughout their lifespan [3].

The major problem to be addressed in this study is to develop an artificial intel-
ligence model that helps to validate the test to detect the attentional states through
saccadic eyes movement due must of the classification are attentive, non-attentive, may
have disadvantages previously described over more complete classifications.

1.2 Justification

The states of attention have been related to cognitive ability by the different states that
have been proposed over time, such as sustained attention, divided attention, selective

1



attention and alternating attention, since many neurological disorders are often related
in the same way to the ability to maintain attention [3].

Neurological disorders such as Pervasive Developmental Disorder (PDD), Asperger’s
Syndrome (AS) and Attention Deficit Hyperactivity Disorder (ADHD), among others,
are a problem that has been present for years, which are disorders that affect life in
all aspects of people, their personal life, their social development, their learning ability
and motor control due to the characteristics of each disease that by their similarities
tend to be confused due to their similarity in symptoms [4].

The correct detection can mean a great help in the life of the person who suffers
from a neurological disorder, because they can take the appropriate psychiatric care
throughout their life, allowing the medical treatment to allow them to lead a life with-
out so much affectation by the disorder, since equally some additional manifestations to
the cognitive ability are physical manifestations, seizures, vomiting, mental retardation,
hyperactivity, etc. [5].

Saccadic movements are the ability of rapid displacement of the eyes changing their
fixation from one point to another in a visual field. This ability is one of the most
repetitive affectations in all disorders due to the poor control over the motor-ocular
movements, when it comes to maintaining active attention [4, 5, 6].

That is why it is proposed in this work to develop an artificial intelligence model
that allows to provide a more accurate means at the time of detecting the states of
attention through eye movements as a prelude to the view of a specialist serving as
a detection backup tool. As explained if people who suffers a neurological disorder,
are the main beneficiaries of this research since it would provide a support tool for the
correct detection.

2



2 Background

Identifying the previously elaborated works in all the areas of interest that the project
covers is of utmost importance because it will help to get an idea of what advances
have been made over time; in addition, it allows the identify areas of opportunity to
improve and expand in the area of artificial intelligence on the topic this investigation
aims; in this case, it will be necessary to identify the works previously done regarding
the attention levels, how it has been related to artificial intelligence.

2.1 Cognitive Attention

Cognitive ability has gained relevance as an object of study, being approached from
different angles, approaches, and through different research methods, it is an area of
multidisciplinary interest encompassing psychology, neuroscience, education, and re-
cently Artificial Intelligence (AI), to understand how humans process, store and use
information [7].

Now focusing on AI, it is evolving significantly from early research to current ap-
plications using more advanced models, the union between AI and cognition has de-
veloped multiple approaches, from simulation, classification, and detection of cognitive
processes to the development of models and systems that seek to replicate human in-
telligence [8, 9]. One of the most important cognitive processes is attention, which
regulates the ability to process and direct mental resources toward relevant stimuli.
Despite being an old subject of study, its measurement is still subjective since there are
no standards to determine how much attention a person has, which is why there are
different ways to classify it, from states of attention to levels of attention [10, 11].

2.1.1 Attentional States

In various aspects of life, states of attention are critical to optimizing cognitive perfor-
mance, information retention, and decision-making. To improve safety, communication,
and interpersonal relationships during critical situations, it is critical to take the nec-
essary steps to maintain attention.

Attention is a topic of interest that has been investigated over time, although there
is no standardization for its classification since it tends to be categorized into attentive,
non-attentive [12, 13]. This classification is somewhat limited due to the existence of
some external factors that interfere in its determination [3].

The classification proposed in the work of Abdelrahman [3] and in the work of
Sohlberg and Mateer [14] both propose a broader grouping with five types of classifica-
tion taking into account more factors, such as the possibility of the existence of some
kind of deficit that would limit the person’s ability to maintain attention. This presents
a better way to describe each of the person’s behaviors, without limiting it to his or
her ability to be attentive or not to the task at hand.
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Most research uses bioelectrical signals to classify attentional states, such as that
developed by Kaushik et al [10]. Who focused their study on a system capable of
distinguishing between attentional and distracted states, but using EEG-type signals.
Another approach is the research developed by Yoo et al. [15] in which, using fMRI,
they attempted to develop a set of whole-brain models to predict different attentional
states as well as memory capacity.

Using eye trajectory data, Bello et al [16]. Addresses a problem in estimating
and classifying attentional states. The research proposes a methodology in which one-
dimensional data are transformed into two-dimensional data to have a clear perspective
of how the person’s attention is, applying deep learning (DL) techniques, high perfor-
mance in classifying attentional states was demonstrated.

2.1.2 Attention Levels

AI has been a supporting tool in which several investigations have been developed to
measure, classify and detect levels of attention. A person’s level of attention refers to
the degree of cognitive activation that a person experiences when processing stimuli
through the senses, as opposed to attentional states, the level of attention indicates
how much of it is available at a given moment.

Several studies have been developed during these last years, one of them is the
one led by Samei et al. [17], in which they tried to predict using a Convolutional
Neural Network (CNN) visual attention and distraction during visual search activities,
this research provides an understanding of the attentional cognitive process with the
integration of artificial systems.

When attempting to simulate a person’s level of visual attention, Hazan et al [18].
Introduced a model based on Recurrent Neural Networks (RNN) combined with re-
inforcement training, which classifies visual stimuli by learning to attend to specific
regions of an image, helping to understand the cognitive process that is followed for
attentional mechanisms.

Through a specific test to determine attention (ADEM), Garcia et al [19]. Developed
a methodology based on CNN in which a person’s attention levels were classified as a
tool for the detection of cognitive disorders, demonstrating the effectiveness of AI in
the classification using specific tests to estimate attention.

These studies show that attention levels have become relevant thanks to the com-
bination with AI, with the intention of contributing to the understanding and opti-
mization of attention in humans. As AI advances, it is expected that this research will
take more advanced degrees of complexity, providing more tools in the field of cognitive
processes.

2.2 Saccadic Movements

The position of the eyes becomes relevant because, as Hoffman [20] demonstrated in his
experiment, a person can’t move the eyes to one focus and be attentive to a different one,
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therefore the investigation infers that saccadic movements are of utmost importance for
visual attention since the intention to pay attention voluntarily generates a saccadic
movement.

2.2.1 Eye-Tracking

Given that the eyes are usually associated with attention, due to the perception that
they have over time, to make an analysis and make the detection, you can determine
the states of attention using an eye tracker, this works by using the position of the
eye following its trajectory building in most cases vectors, which serve to analyze their
behavior [21].

When people suffer from any type of deficit, some indication of the condition can
be detected because one of its symptoms is not being able to have effective control of
saccadic movements, in this way specialists can determine what type of attention the
person has [22, 23, 24].

There are different techniques of use of eye tracking, from the use of glasses which
have an integrated camera in which they are doing the tracking [22], another technique
of use is in which a specialized camera is used to follow the trajectory of the eyes,
without being an invasive method since it is only necessary that the person does the
test that is required [3].

The different eye tracking techniques generate vectors in space (x,y), which allow us
to know the trajectories and fixation points, when attention is maintained on a fixation
point it can be inferred that attention was focused on that particular point, according to
research by Deans[25], fixation points last approximately between 200-300 milliseconds,
consequently after that time it is already considered a fixation point.

Figure 2.1: Eye tracking trajectories obtained [26].

Fixation points can be determined as circumferences that grow, depending on the
time that attention is maintained [26], which is why a relationship is maintained between
fixation points and saccadic movements with attentional states.

2.3 Machine Learning

In the area of artificial intelligence, machine learning (ML) has been widely used to
analyze in different ways the cognitive capabilities that serve to demonstrate how it
can contribute to improving cognitive understanding, offering new perspectives in this
area.
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One of the most recent studies is that of Vázquez et al. [27], who used Large
Language Models (LLM), to demonstrate that this type of model can develop executive
functions similar to those of humans, with the Towers of Hanoi test they evaluated
different aspects of how the model planned and memorized the sequence, demonstrating
that LLM are capable of developing executive functions.

Using eye tracker data, Bedolla et al [11]. Developed an investigation in which it
was proposed to classify the attention levels of a person when performing psychometric
tests using a random forest model optimized with genetic algorithms, providing a tool
that serves to estimate when a person may suffer from a cognitive disorder.

Merchan et al [28]. Proposed an architecture intended to model human conscious-
ness in an artificial system, with the hypothesis that with sufficient information re-
sources, an intelligent system is capable of making coherent and accurate decisions,
suggesting that by adapting Gaussian processes in conjunction with deep learning (DL)
techniques, it is possible to build agents that increasingly simulate more complex pro-
cesses.

2.4 Related Works

Although this research is focused on determining the levels of attention using eye tra-
jectory data, more works are in charge of classifying these levels but using data of a
different nature, although these techniques are mostly bioelectrical signals, some of the
most relevant ones with these types of data are presented.

Electroencephalograms (EEG) can also be used to determine a person’s state of
attention, but it is usually a highly invasive method, which consists of studying the
brain waves depending on the activity they are performing to determine the person’s
potential state of attention. In the research carried out by Chen[29] and Toa [30] it can
be seen that they use artificial intelligence models to process the signals and give an
estimate of the type of attention.

Belle[31] in his work, proposed to determine the states of attention using electro-
cardiograms, which proposed to use a monitor to determine the lack of attention of
the person when executing a task, to be able to relate the signals captured by the
Electrocardiograph and the person’s attention. Using the Stockwell transform, they
decompose the signals to be analyzed using a machine-learning model.

2.4.1 State of art

The state-of-the-art delves into previous research that focuses on the classification of at-
tention levels, Table 2.1 mentions previous work related to the classification of attention
levels, using eye-trajectory data as well as bioelectrical signals.
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Main author Article name Database
characteris-
tics

Classification Model Metrics
(Accu-
racy)

Eye Tracking
Garćıa et al.
2024 [19]

Clasificación de
Niveles de Atención
con Datos de
Desempeño y de
seguimiento Ocular
Durante la Prueba
ADEM

55 unspecified
subjects

Under, Fair,
Good, High

Fully con-
nected
artificial
neural
network

95.82%

Bedolla et al.
2022 [11]

Classification of at-
tention levels using
a Random Forest
algorithm optimized
with Particle Swarm
Optimization

22 females, 33
males

Low, Medium,
High

Random
Forest

92.5%

Barz et al.
2021 [32]

Automatic visual
attention detection
for mobile eye track-
ing using pre-trained
computer vision
models and human
gaze

25 people Detection, Not
detection

ResNet 84%

O. T. Chen et
al. 2017 [21]

Attention Estima-
tion System via
Smart Glasses

10 people Attentive, Non-
attentive-

G(GA)-
SVM

93.10%

Different techniques
Toa et. al.
2021 [30]

Electroencephalogram-
Based Attention
Level Classification
Using Convolution
Attention Memory
Neural Network

18 males, 12 fe-
males

Attentive, Non-
attentive

CAMNN 92%

Chen et. al.
2017 [29]

An automated op-
timal engagement
and attention detec-
tion system using
electrocardiogram

10 People Attentive, Non-
attentive

SVM GA-
LIBSVM

89.52%

Table 2.1: State of the art
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3 Theoretical Foundation

3.1 Cognitive Attention

Is a process that gives our brain the ability to select, concentrate and process relevant
stimuli from the environment while ignoring irrelevant stimuli, it is one of the most
important cognitive processes because it regulates perception, memory, decision making
and has an impact on human behavior.

Attention is not a unitary process, but a set of processes working together to perform
the activity, in addition, it is a limited resource since it is adjusted according to the
cognitive demand and ability to perform a task, the main characteristics are, selectivity
to focus on a specific stimulus disregarding external stimuli; voluntary control to direct
the focus of attention to stimuli; persistent, since it can be sustained over time, although
it can be affected by fatigue or distractions; alternation, since it allows changing the
focus of attention between different tasks or stimuli according to the will.

It is an essential part of people’s daily lives, since it allows them to adapt to the
environment and be reactive in an efficient way to stimuli; in short, cognitive attention
is a complex process that regulates the way in which individuals process information.

A derivative of cognitive attention can be the states of attention, and the levels of
attention, since as mentioned it is the ability to process stimuli provided by our senses,
in this case when we want to detect the states of attention visual stimuli are prioritized,
since a person with an identified cognitive impairment, can affect the sensory capacity
of the sense of sight, impacting directly because the same deterioration of the ability
to process stimuli would influence their state of attention [33].

Types of Attention Criterion
Selective, Divided, Sustained Participating Mechanisms [3, 34]
Visual, Auditory According to Sensory Stimulus [35]
Global, Selective Amplitude and Intensity of Attention [36]
Voluntary, Involuntary Degree of Voluntary Control [37]

Table 3.1: Classification of Attention Types Based on Different Criteria

According to psychology and neuroscience, there are different types of attention,
table 3.1 represents these types of attention and the criteria by which they are classified,
this is useful to understand how attention works in the brain, each type fulfills a specific
function in the processing of information.

3.1.1 Attentional States

Attention is a multifaceted cognitive process encompassing various dimensions. Among
these, sustained, alternating, selective, and divided attention represent distinct ways
individuals engage with and process information [38, 39].
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a. Sustained Attention: Often referred to as vigilance or focused attention, sus-
tained attention pertains to the ability to maintain an unwavering focus on a
single task or stimulus for an extended duration. It is critical in endeavors re-
quiring prolonged concentration, such as reading a book, viewing a movie, or
monitoring a control panel [38, 3].

b. Alternating Attention: Alternating attention embodies the skill of adeptly
shifting focus between multiple tasks or stimuli. It entails the art of seamlessly
transitioning between diverse activities and data sources. This skill is especially
invaluable in tasks demanding flexibility and adaptability, such as multitasking
or swiftly changing work scenarios [3].

c. Selective Attention: Selective attention channels concentration onto a spe-
cific stimulus while concurrently disregarding or sieving out other distractors or
irrelevant data. It proves pivotal in activities like listening to a speaker amid
background noise, reading in a bustling setting, or watching a film in a lively
environment [38].

d. Divided Attention: Divided attention, commonly recognized as multitasking,
revolves around the ability to allocate one’s focus to numerous tasks or stimuli
concurrently. It entails the capability to engage in two or more activities simulta-
neously without experiencing a marked decline in performance. This proficiency
finds applicability in scenarios where managing various responsibilities is requisite,
such as driving while conversing or typing while absorbing a lecture [38].

These distinct facets of attention feature prominently in myriad aspects of daily
life, with the potential for enhancement through practice and training. The proficiency
levels in each type of attention can fluctuate from person to person and can be influenced
by factors like age, cognitive aptitude, and intentional training efforts [40].

3.1.2 Attention Levels

It can be defined as the visual selection and inspection of regions of interest, it is a
mechanism that allows the discrimination of relevant information and the inhibition of
other stimuli [41], in other words, it refers to the hierarchy of visual processing in the
brain.

The levels of attention can be classified into three general categories according to
the research of Ballesteros [42] and Posner et al.[43]:

• Low level: Also known as automatic or pre-attentional attention, it is the un-
conscious level of attentional processing, one of its main characteristics is that
it occurs in milliseconds the change of focus and does not depend on the will of
the individual, it is activated quickly and automatically when a stimulus different
from the one being focused is presented.
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• Medium level: It is the level of focused or selective attention, the brain can
process the information focusing on the relevant ones ignoring most of the time
the irrelevant ones, it requires more effort and cognitive processing, although the
attention is consciously controlled, it usually has certain deviations of attention.

• High level: The most complex and controlled level of attention, it can also be
called Executive Attention, in which more cognitive processes such as memory,
planning and decision making are involved, it is required for tasks that involve
thinking, learning and control of the focus of attention voluntarily.

Characteristic States of Attention Levels of Visual Atten-
tion

Definition Different ways in which at-
tention shows.

Hierarchical processes of vi-
sual analysis in the brain.

Focus Distribution and control of
attention over time.

How visual information is
processed from basic to
complex levels.

Flexibility Changes depending on the
task and context.

More structured, based on
the organization of the vi-
sual system.

Table 3.2: Summary of the Differences Between States of Attention and Levels of Visual
Attention

Table 3.2 represents the differences between states of attention and levels of atten-
tion, explaining the main characteristics of each, thus it can be concluded that the states
of attention can be present in the levels of attention, since it is the way in which the
cognitive process is being performed while the other process is the amount of attention
that is being paid to a task.

3.2 Saccadic Movements

Commonly known as saccades are the rapid and automatic eye movements that are a
fundamental part of our visual perception or, in other words, of our visual attention.
These eye movements are essential when interpreting the stimuli in our environment.
Saccades facilitate the rapid transition from one focal point to another, speeding up
the process of visual exploration, usually more evident in activities such as reading,
since these saccadic movements transport attention quickly from one word to the next,
allowing us to process textual information [20, 44].

A characteristic of saccades is the use of the entire visual field, taking advantage
of peripheral vision, through these rapid and practically imperceptible movements a
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navigation through the entire visual field is produced, allowing to obtain information
from different points of view. When the eyes stop on specific objects or points of interest,
saccadic movements acquire another name, fixations, which offer an opportunity to
deepen the visual details of a specific point of our environment [45].

3.3 Artificial Intelligence

Is the emulation of human-like intelligence and cognitive processes in machines [46], AI
encompasses a wide range of techniques that enable intelligent systems to perform tasks
typically associated with human intelligence, including learning, reasoning, decision
making and natural language processing. AI uses mathematical models and algorithms
to process data and make decisions based on different techniques:

• Machine Learning (ML): These are algorithms that learn patterns of data.

• Artificial Neural Networks: Models inspired by the human brain.

• Natural Language Processing (NLP): A type of technique where machines
are trained to understand human language.

• Computer Vision: It is the analysis of images or videos for different specific
tasks.

AI has been evolving over the years, becoming applicable in more and more ar-
eas, including medical, robotics, economics, education, etc. Focusing AI on attention,
relating it to cognitive capacity, it has a highly wide applicability due to the detec-
tion of small patterns when processing large amounts of information, providing greater
accuracy and efficiency in the processing of information compared to human capacity
[47, 48].

3.3.1 Machine Learning

It is an essential coding technique that is focused on learning from data through the
application of algorithms and statistical models. Unlike traditional programming, its
objective is to develop systems that improve performance by means of learning from
data; it consists of training models to identify patterns and, based on that, make
independent decisions. The general idea of this technique is to be able to generate
models capable of generalization, that are efficient in the face of data with which they
were not trained and can continue to improve[48].

In practical applications, ML incorporates a multitude of techniques and models
ranging from neural networks, decision trees, support vector machines, logistic regres-
sion, etc. To more complex models such as Ridge Classifier, Extra Trees Classifier,
Gradient Boosting Classifier, which are more complex models based on the simple
models [49].
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These versatile models are used in different tasks such as image recognition, au-
tonomous vehicle recommendation systems, medical diagnosis, and others. Through
the use of data, ML provides the different algorithms with the ability to capture spe-
cific patterns, allowing them to evolve as more information is generated and improve
the functionality of the model [49].

Model Characteristics Advantages Disadvantages

Linear Regression
[50]

Predicts the behavior of a vari-
able based on another by fitting
a straight-line relationship.

Easy to interpret and train.
Useful for linearly related
data. Practical for binary
classes.

Does not adapt to non-
linear data. Sensitive to
outliers. Overgeneralizes.

Logistic Regression
[51]

Statistical model used for classifi-
cation.

Fast, efficient, and sim-
ple for binary classification
tasks. Easy to interpret re-
sults.

Assumes independence
among predictors.

Decision Trees [52] Hierarchical rule-based model
that splits data into branches,
mimicking a tree structure.

Easy to interpret. Han-
dles categorical and numer-
ical variables.

Prone to overfitting if not
well-configured.

Support Vector
Machines (SVM)
[53]

Finds the optimal hyperplane to
separate classes in classification
tasks.

Works well with high-
dimensional data. Suitable
for small datasets.

Difficult to interpret.

Gradient Boosting
(XGBoost, Light-
GBM) [54]

Models that iteratively improve
decision tree ensembles.

High performance in clas-
sification and regression.
Less prone to overfitting.

Computationally expensive.

Extra Trees Classi-
fier [55]

Constructs multiple decision
trees and averages the results
while randomly selecting pruning
points.

Reduces variance by adding
extra randomness to the
model. Computationally ef-
ficient.

Difficult to interpret.

Ridge Classifier [56] Modified linear regression that
incorporates optimization tech-
niques and can be used for clas-
sification.

Simple and efficient. Suit-
able for high-dimensional
datasets.

Requires variables to be on
the same scale to avoid bias
toward certain features.

Table 3.3: Comparison of Machine Learning Models

Table 3.3 presents the most common ML models, addressing the characteristics of
each one, as well as the advantages and disadvantages of working with each model,
giving an idea of the type of scenarios in which they can be selected, in addition to
the optimized models of the basic models, which, despite having a high computational
cost, aim to improve the results.

Logistic Regression It is a statistical model designed for classification, and although
the name indicates regression is not used for that, it is based on the probability of
belonging to a class of a category [51]. When more than two classes are classified, special
techniques called One-vs-Rest (OvR) or Softmax (Multinomial Logistic Regression) are
used [57], the latter being the one used in the project.

To estimate the probability of each observation belonging to a specific category, the
model estimates the probability of each class and assigns the label to the class with the
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highest probability of being. Mathematically it can be explained as follows, if there is
a dataset with X characteristics and a target Y with three classes:

Y ∈ {A,B,C} (1)

When the OvR technique is used, the model assigns the probabilities using the
sigmoid function, while if the classification technique is Softmax [58], they are assigned
as follows:

P (Y = Ck|X) =
eβkX∑3
j=1 e

βjX
(2)

Where:

• P (Y = Ck|X) is the probability that the observation belongs to class Ck.

• βk are the logistic regression coefficients for class k.

• e is the base of the natural logarithm.

Method Functionality Advantage Disadvantage

One-vs-
Rest (OvR)

Converts the clas-
sification problem
into three separate
binary classifica-
tion problems and
assigns the label
with the highest
probability.

Easy to implement,
adapts well for
problems with
well-defined classes
that do not resem-
ble each other.

May cause in-
consistencies in
probability estima-
tion among models,
does not capture
relationships be-
tween classes.

Multinomial
Logistic Re-
gression
(Softmax)

Generalizes logistic
regression using
the softmax func-
tion, assigning a
probability to each
class and selecting
the one with the
highest value.

Produces well-
calibrated prob-
abilities, adapts
well when the data
classes are similar.

Requires higher
mathematical and
computational
cost, susceptible to
bias.

Table 3.4: Comparison of Multiclass Classification Methods

Table shows 3.4 the differences between the two multiclass classification methods,
demonstrating what each consists of, their advantages as well as their disadvantages,
these two methods allow to adapt a model designed for binary classification to more
classes.
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Hyperparameters Are variables that control the training of ML models, these are
external configurations to the model that have to be determined before training the
model, each model has its own hyperparameters because the architectures of each one
are different [46].

Multinomial Logistic Regression with the Softmax method has adjustable hyper-
parameters [59] that affect the training and generalization capacity of the model, the
most important of which are presented below:

a. Optimization parameters

• Solver: An algorithm is assigned to optimize the optimal coefficients of the
model, among the most common solvers are lbfgs, which is recommended for
small and medium datasets; Saga, which is an adaptation of the Stochastic
Avarage Gradient Descent method, with the difference that it supports both
types of regularization (L1 and L2); newton-cg, which uses Newton’s method
for optimization, and is ideal for convex problems.

• Regularization Strength (C): It is in charge of controlling the penalty
applied to the coefficients of the model with the intention of avoiding overfit-
ting, a high value of C reduces the regularization, while a low value increases
it, the value of C is the inverse of the regularization.

b. Regularization parameters

• Penalty: Specifies the type of regularization used during training, having
as methods ridge regression (l2), which is the one used by most solvers;
lasso regression (l1) forces coefficients to be zero; elasticnet, which is the
combination of both l1 and l2.

c. Convergence and accuracy parameters

• Maximum Iterations (max iter): Defines the maximum number of iter-
ations before the model converges.

• Tolerance (tol): Specifies the stopping criterion basing the previous re-
sult with the current one during several iterations with a defined threshold,
having a small value may increase the training time.

d. Additional parameters

• Multi-class (multi class): Specifies the classification method for problems
with more than two classes, having multinomial using the softmax function
and ovr generating a binary classifier for each class.

The above list presents the most important hyperparameters when working with
multiple classes, but not all variables are configurable. Table 3.5 presents all possi-
ble hyperparameters when working with the Logistic Regression model according with
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Scikit-Learn documentation [59], presenting their description, their possible values and
the default value in the model.

Hyperparameter Description Possible Values Default Value

solver Optimization algorithm
to find the optimal coef-
ficients.

‘”lbfgs”‘, ‘”sag”‘,
‘”saga”‘, ‘”newton-
cg”‘

‘”lbfgs”‘

C Controls model regular-
ization (inverse of λ).
A higher value reduces
penalty.

Positive values (C =
[0.01, 0.1, 1, 10, 100])

‘1.0‘

penalty Type of regularization
applied to the model.

‘”l2”‘, ‘”l1”‘ (only
with ‘”saga”‘), ‘”elas-
ticnet”‘, ‘”none”‘

‘”l2”‘

max iter Maximum number of it-
erations for the model to
converge.

Positive integers
(‘100‘, ‘500‘, ‘1000‘)

‘100‘

tol Tolerance for conver-
gence criterion.

Small values (‘1e-4‘,
‘1e-3‘, ‘1e-5‘)

‘1e-4‘

multi class Defines how multiclass
classification is handled.

‘”multinomial”‘,
‘”ovr”‘ (One-vs-Rest)

‘”auto”‘

fit intercept Determines whether to
include an intercept term
in the equation.

‘True‘, ‘False‘ ‘True‘

class weight Adjusts class weights in
case of imbalance.

‘None‘, ‘”balanced”‘ ‘None‘

intercept scaling Scaling factor for the in-
tercept term (only for ‘li-
blinear‘).

Positive values ‘1.0‘

verbose Level of detail in training
output.

‘0‘ (silent), ‘1‘ (mini-
mal details), ‘2‘ (ex-
tended details)

‘0‘

n jobs Number of processors to
use for training.

‘None‘, ‘-1‘ (uses all
available cores)

‘None‘

Table 3.5: Hyperparameters of Multinomial Logistic Regression
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3.3.2 Metrics

Evaluation metrics are tools to measure the performance of the models, depending on
the type of task being performed, for classification problems the model is evaluated with
the ability to assign the labels correctly to each class, it means, that the predictions
are according to the actual labels, these metrics are based on the confusion matrix,
which is a table that shows the times that a model correctly or incorrectly classified
the instances.

Confusion matrix is a table that shows the classification performance by comparing
the predictions with real labels, it is mainly used in binary and multiclass classifications,
through the confusion matrix it is possible to estimate more metrics including Precision,
Recall, F1-score, Accuracy, and more advanced metrics such as Kappa and MCC [60].

It also provides visual information of the model predictions, giving results such as
True Positives (TP), which are the correct predictions of a specific class; False Positives
(FP), which incorrectly predict a class when it does not correspond; True Negatives
(TN), which in this case are the correct predictions of classes other than the one of
interest; False Negatives (FN), which predict another class when it should have been
the correct one. Figure 3.1 gives a visual representation of what a Confusion Matrix
looks like for three classes.

Figure 3.1: Confusion Matrix. Adapted from [61]

Accuracy It is a metric that measures the percentage of correct predictions, it is
useful when the classes are balanced [60], to calculate the accuracy it is done as follows:

Accuracy =
TP + TN

TP + TN + FP + FN
(3)

Precision It measures how many of the positive predictions were really well predicted,
this metric takes a lot of importance when medical diagnosis is being performed since
it considers giving much weight to false positives [60], it is estimated:
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Precision =
TP

TP + FP
(4)

Recall Indicates how many positive cases were correctly detected, being a metric that
considers false negatives is ideal when working with disease detection, frauds, etc. [60].
It is calculated as follows:

Recall =
TP

TP + FN
(5)

F1-Score It is the harmonic average between precision and recall [60], since it is
calculated considering these two metrics:

F1 = 2× Precision×Recall

Precision+Recall
(6)

The previous metrics are useful when the classes are balanced or there is not much
difference between them, but when you have datasets with unbalanced classes you have
more advanced metrics that serve to evaluate the performance of the models.

Kappa Cohen (κ) It measures the degree of agreement between the model and the
prediction, it is calculated as shown in the equation, depending on the value obtained
is the level of agreement, if it is close or less than zero, it would be considered a poor
agreement, and the closer it is to one of as value an almost perfect agreement [62].

κ =
Po − Pe

1− Pe

(7)

where:

Po =
TP + TN

TP + TN + FP + FN
(8)

Pe =
(TP + FP )(TP + FN) + (TN + FN)(TN + FP )

(TP + TN + FP + FN)2
(9)

Matthews Correlation Coefficient (MCC) The MCC measures the quality of a
classification considering all the values of the confusion matrix, this metric is especially
useful when you have unbalanced classes, since it evaluates the classification considering
both true and false values [63], it can be calculated as follows:

MCC =
(TP × TN)− (FP × FN)√

(TP + FP )(TP + FN)(TN + FP )(TN + FN)
(10)
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3.3.3 Neural Networks

Also called artificial neural networks (ANN), they are a class of models belonging to
machine learning with an architecture inspired by the structural and functional dynam-
ics of the human brain. These networks are the fundamental basis of deep learning, and
one of their main characteristics is the ability to learn autonomously and the capacity
to generalize data [64, 65]. Within a neural network, there are structures of node names
or artificial neurons that are usually interconnected and organized by means of capable,
usually divided into three main categories:

a. Input Layer: This initial layer acts as the receiver of the data from the data set,
each input value is represented by a neuron or particular attributes of the data.

b. Hidden Layers: The intermediate layer is the one that exists between the input
layer and the output layer, these perform the union between the layers, neural
networks can be made up of multiple intermediate layers or also called hidden,
and this stratification is what is designated “deep layers”, which contributes to
the designation in deep learning.

c. Output Layer: The output layer furnishes the final results or predictions after
processing the data in the hidden layers. The number of neurons in this layer
varies according to the specific task, such as binary classification, multi-class
classification, or regression.

Figure 3.2: Architecture of a neural network. Adapted from [64].
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Neural networks are trained through a mechanism called supervised learning, where
the weights and biases of the connections between neurons are adapted to minimize the
mismatch between the network prediction and the objective values of the training data
set. This training procedure usually employs the backpropagation technique. ANNs
are flexible and can be applied in tasks such as image recognition, class classification,
value prediction. Their prowess lies in their ability to understand patterns and complex
representations from data, which makes them an indispensable component of artificial
intelligence and machine learning [66].

Convolutional Neural Networks One area of ANNs is Convolutional Neural Net-
works (CNNs), which are a type of network specially designed to handle visual data,
especially images. They are known for their ability to autonomously and adaptively
perceive spatial hierarchies of features within images used as input data. The architec-
ture of these layers is made up of different components: convolutional layers, grouping
layers and fully connected layers [67, 68].

Convolutional layers are a fundamental part of CNNs and are responsible for detect-
ing patterns and local features in the input images, they employ convolution operations,
which is a process in which small filters and kernels traverse the image to discern fea-
tures such as edges, textures and shapes. The next stage is the clustering layers, which
serve to reduce the size of the data and improve computational efficiency, the most
common pooling techniques are max-pooling and average-pooling. Once the image is
minimized after having passed through all the layers that the CNN has, the fully con-
nected layers are employed which is normally the culmination of the network, at this
stage the features previously detected and extracted by the preceding layers are gath-
ered and amalgamated, preparing the data for the tasks of classification, regression,
detection or segmentation [69].

3.4 Data Augmentation

It is a technique within ML and DL used to generate synthetic data from the original
data, its objective is to improve the generalization of the models since it increases the
quantity and diversity of the training data, thus seeking to reduce problems such as
overfitting or underfitting [70].

Data augmentation is based on transforming the original data to create new in-
stances without altering the main characteristics of these, depending on the type of
data to be worked on are the techniques that can be applied.

There are different techniques for each type of data, from images, text, audio, to
numerical data in general, each one has different techniques with its degree of complex-
ity to ensure a successful data augmentation. Image transformations can be divided
into two subgroups, Geometric Transformations and Color Transformations, which in
turn each have different techniques to transform the data, including rotation, scaling,
translation, flip, in the case of Geometric, and brightness adjustment, conversion to
color scale, Gaussian noise for when it comes to color transformations [71].
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When augmenting data, it is not enough just to apply arbitrary transformations,
but it is crucial to validate the augmented images to ensure that they are useful and
that noise or irrelevant images are not being introduced. Visualization techniques and
metrics that give us numerical values must be used to measure the quality of the
augmented images before training a model.

3.4.1 Diversity

It refers to the measure of variation between the original data and the synthetic data,
it is a fundamental metric in the validation of the augmented data, since it allows to
evaluate the different points within the feature space.

To estimate and then evaluate the diversity in the generated data, the Euclidean
distance between the augmented images and the original images must be calculated; this
demonstrates whether the synthetic data set is within an acceptable range of variation.
The Euclidean distance is calculated as follows:

Diversity =
1(
N
2

) N−1∑
i=1

N∑
j=i+1

∥xi − xj∥ (11)

Where
(
N
2

)
= N(N−1)

2
is the total number of possible combinations of two distinct

elements of the data set, thus ensuring that each pair (i, j) is counted only once [58].
This version of the metric is frequently used in analysis to assess the dispersion

of points within a group. Using unordered combinations avoids counting duplicates,
which provides an accurate and consistent representation of the internal variability of
the data [72]. In the context of machine learning, measuring the diversity of a data set
is critical to assess whether the points generated using data augmentation techniques
are sufficiently varied, which can improve the generalization of the model [50].

3.4.2 Affinity

The affinity is a metric used in the validation of data augmentation, it is used to
evaluate how similar the augmented data are to the original data, the intention of this
is to ensure that after having generated synthetic data the classes have not suffered
an excessive alteration in the distribution of the data, but on the contrary, that they
maintain consistency in the important characteristics to ensure data quality to the
model. It can be calculated by means of different auxiliary metrics that compare the
original data with the augmented data, these metrics are:

• Calculate the Average of Characteristics per Class: For each class c, it
calculates the average of the features of all images belonging to that class:

x̄c =
1

Nc

Nc∑
i=1

xi (12)
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where xi is the feature vector of the image i in the class c, and Nc is the number
of images in the class c.

• Calculate the Average Distance per Class: The affinity is calculated as the
average of the Euclidean distances between all pairs of images in the same class:

Affinityc =
1

Nc(Nc − 1)

Nc∑
i=1

∑
j ̸=i

∥xi − xj∥ (13)

where ∥ · ∥ represents the Euclidean norm.

• Average Affinity: The overall affinity is obtained by averaging the affinity of
all classes:

Affinityavg =
1

C

C∑
c=1

Affinityc (14)

Where C is the total number of classes.

When calculating the affinity, the value obtained must be evaluated, where a value
close to zero indicates the similarity of the images within the same class, this value close
to zero denotes that the images are consistent and homogeneous, which guarantees a
good training. The affinity is low when the value obtained is close to 1, indicating that
the images within that class do not conserve the essential characteristics of the class to
which it belongs [73].

3.4.3 t-SNE

It is a nonlinear dimensionality reduction method that is mainly used to visualize data
in lower dimensional spaces such as 2D and 3D. The goal is to preserve the structure
of the data by reducing the dimensionality [74], the algorithm works as follows:

a. Calculates the probabilities of high dimensionality data.

b. Calculates the probabilities in low dimensionality

c. Minimizes differences between distributions.

t-SNE converts the high-dimensional Euclidean distances into conditional proba-
bilities that represent the similarity between two points, what the technique tries to
do is to minimize the divergence between the two probabilities calculated and already
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mentioned, one measures the similarities in the high-dimensional space and the other
measures them in the low-dimensional space. The objective function is defined as:

C =
∑
i

∑
j ̸=i

Pij log
Pij

Qij

(15)

Where:

• Pij represents the similarity between high-dimensional points xi and xj.

• Qij represents the similarity between low-dimensional points yi and yj.

The similarity Pij is calculated using a Gaussian distribution centered at point xi:

Pj|i =
exp(−∥xi − xj∥2/2σ2

i )∑
k ̸=i exp(−∥xi − xk∥2/2σ2

i )
(16)

where σi represents the variance of the Gaussian centered on xi.

The low-dimensional similarity Qij is defined using a Student t-distribution with
one degree of freedom:

Qij =
(1 + ∥yi − yj∥2)−1∑
k ̸=l(1 + ∥yk − yl∥2)−1

(17)

It is a useful technique to be able to identify patterns, clusters, in the approach of
data augmentation validation, it serves to have a visual perspective of the distribution
of the synthetic data over the original ones, allowing to observe the quality of these
new data.

3.5 Optimization

Optimization is an essential process when developing models, it consists of finding the
best set of values in the hyperparameters for a specific model, in order to maximize its
performance and improve its metrics in the task it is performing. The function of an
optimization is to reduce overfitting and underfitting, to adapt the model to specific
characteristics of the data set, to guarantee computational efficiency, since it has the
values in which the models take full advantage of all the resources to deliver the best
results.

Table 3.6 presents the different optimization techniques, where each one has its
advantages and disadvantages, in addition to other selection criteria, such as model
complexity, computational capacity, if you want to find the optimal values, however, a
correct optimization generates more robust models and in turn produces more reliable
results.
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Method Description Advantages Disadvantages

Grid Search [75] Tests all combi-
nations in a de-
fined grid.

Exhaustive, easy
to implement,
and easy to
understand.

High compu-
tational cost
as the number
of variables
increases.

Random Search [76] Randomly
selects combina-
tions within a
defined range.

Efficient in large
spaces with
many variables.

Does not guar-
antee finding the
best combina-
tion.

Bayesian Optimization [77] Selects combi-
nations through
probabilistic
models that
could be opti-
mal.

Less com-
putationally
expensive.

Requires ad-
vanced proba-
bilistic models.

Genetic Algorithm Search [75] Seeks to find
the best values
through meta-
heuristic models
or bio-inspired
systems.

Explores solu-
tions effectively.

High compu-
tational cost
and time, re-
quires tuning
evolutionary
parameters.

Table 3.6: Comparison of Hyperparameter Optimization Methods

3.5.1 Grid Search

It is an optimization method that, as mentioned in the table, explores all possible
combinations of a set of defined variables, selecting the best configuration of hyperpa-
rameters according to the performance of the model [78]. To perform an optimization
using Grid Search, the following must be done:

a. Generation of the grid: The matrix with all the possible combinations is generated.

b. Model evaluation: The model is trained and validated with each combination of
grid values.

c. Model optimization: Once the entire grid has been run based on a defined metric
(Accuracy, F1-Score, etc.) the best combination of hyperparameters is deter-
mined.
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Figure 3.3: Grid Search representation

Figure 3.3 is a visual representation of what a Grid Search optimization looks like,
where it can be seen that it is an exhaustive search, easy to implement and with
reproducible results.

Where three specific hyperparameters are required to be optimized, the C value,
gamma and kernel, where the values with the most possibilities (C and gamma) become
the axes and at each intersection the three kernels are tested, guaranteeing to test all
possible combinations of the set of values.
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4 Hypothesis

An artificial intelligence model trained and optimized on eye-tracking data proposes
an alternative method to improve attention level detection based on analyzing eye
movement patterns, including fixations and saccadic trajectories.
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5 Objectives

5.1 General Objective

Identify, validate, and select a suitable artificial intelligence model for detecting atten-
tion levels in a specific dataset, evaluating its accuracy using appropriate metrics.

5.2 Specific Objectives

• Collect and select different available and applicable databases for model training
and validation.

• Identify the different artificial intelligence models applicable for detecting atten-
tion states.

• Clean, preprocess, and normalize data to ensure data quality and consistency.

• Train and validate the selected artificial intelligence models with the preprocessed
data.

• Select and optimize the appropriate artificial intelligence model for attention level
detection.
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6 Methodology

Figure 6.1 is the visual representation of the workflow to accomplish the project.

Figure 6.1: Methodology flowchart
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6.1 Materials

A Legion computer[79] with an Intel(R) Core(TM) i7-8750H processor and 8GB of RAM
was used. The project was developed using Python, and two different platforms were
used for programming: Jupyter Notebooks[80] for the preprocessing stage and Google
Colab[81] for the model development stage due to the accessibility of development
environments in the cloud.

In addition, Google Colab used its premium subscription, working with an NVIDIA
A100 with 80GB HBM2e GPU memory. Due to its high computational capacity and
execution speed, it was used to train, validate, and optimize the models.

The libraries used in the project were Numpy, Matplotlib, Pandas, Pycaret, Ran-
dom, Seaborn, Sclearn, and Tensorflow [82, 83, 84, 85, 86, 59, 87, 88], which served as
support for the development of all the work, from data visualization and image genera-
tion to the training and optimization of the models. The libraries played a fundamental
role in the development of this project due to their ease of implementation and the time
saved by using them.

6.2 Database Selection

Selecting an adequate database is of the utmost importance since it is the data that
will be used to train the model. The aim is to evaluate public databases published
in congresses, journals, competitions, or websites to determine which best aligns with
the project’s purposes. Table 6.1 shows the datasets evaluated for the execution of
this project, selecting the one made by Cabrera [89], since it is the database in which
the quality of data acquisition as well as the integrity of the data can be guaranteed,
described in the same table.

As can be seen in table 6.1, the database consists of 55 subjects in an age range
from 9 years to 50 years, which 33 are men, and 22 are women; within all subjects, five
people have been diagnosed with ADHD or a similar disorder.

The selected database[89] was developed by performing three psychometric tests
on a screen in the NEURO-INNOVA KIDS® [97] software in a controlled environ-
ment obtaining the trajectories using an eye tracker, Figure 6.2 shows the raw data
obtained through the software and the eye tracker, which will be the data that will be
preprocessed to get the images with trajectories showing the saccadic movements and
fixations.

The software delivers two files, a TSV file and a Txt file containing the relevant
information, which is the TSV file. Table 6.2 shows an extract with the values used to
determine the trajectories.
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Database
authors

Article name Database characteristics Access
(URL)

Cabrera [89] A dataset on eye
movement tracking
during the resolution
of neuropsychologi-
cal tests on a screen

Total: 55 volunteers, 33 men, 22
women in an age range of 9 to 50.

Data in
Brief [90]

Cheng [91] Dissociable rhyth-
mic mechanisms
enhance memory for
conscious and non-
conscious perceptual
contents

Total: 72 healthy young participants,
29 men, mean age: 20.56 years ± 0.41,
7 men, mean age: 22.17 years ± 1.32,
8 men, mean age: 19.17 years ± 0.26,
7 men, mean age: 19.89years ± 0.50, 7
men, mean age: 20.39 years ± 0.41.

Open
Science
Frame-
work [92]

Selivanova
[93]

Eye tracking to ex-
plore attendance in
health-state descrip-
tions

Total: 10 participants, no more infor-
mation available.

Figshare
[94]

Vortmann [95] Multimodal eeg and
eye tracking feature
fusion approaches for
attention classifica-
tion in hybrid basis

Total: 51 students. Fifteen par-
ticipants were excluded from further
analyses because of excessive missing
data(n=14) or technical problems (n =
1) during data acquisition. The final
sample thus consisted of 36 subjects (24
female & 12 males), with an average
age of 24 years ± 2.72.

Open
Science
Frame-
work [96]

Table 6.1: Databases characteristics

Figure 6.2: Visualization of data obtained through the eye-tracker
29

https://www.sciencedirect.com/science/article/pii/S2352340924005687
https://www.sciencedirect.com/science/article/pii/S2352340924005687
https://osf.io/fqxk9/
https://osf.io/fqxk9/
https://osf.io/fqxk9/
https://osf.io/fqxk9/
https://figshare.com/articles/dataset/Eye_tracking_in_health-state_descriptions/5624974
https://osf.io/5u6r9/
https://osf.io/5u6r9/
https://osf.io/5u6r9/
https://osf.io/5u6r9/


Table 6.2 shows the most relevant values that were used to determine the trajec-
tories, where Timestamp indicates the time in which it was recapitulated; AvgX and
AvgY, is the average of both eyes in the Cartesian plane (X, Y), which serves to estimate
where the subject was looking at.

Variable Description

timestamp Timestamp of the recording

Avgx Average value of both eyes on the X-axis

Avgy Average value of both eyes on the Y-axis

Table 6.2: Most Relevant TSV Values

The eye tracker used for testing and data acquisition was an EyeTribe, which, by
scanning the eyes and face, can calculate the coordinates (x, y) position of the eyesight
during the test, Table 6.3 shows the technical specifications of the eye tracker. Fur-
thermore, the volunteer participants followed a protocol for the correct data collection,
which consisted of sitting at a certain distance from the screen(60cm), following the
indication; meanwhile, the EyeTribe was calibrated through the Software by detecting
the eyes.

Specification Value

Sample Rate 60 Hz

Sample Time 16.6667 ms

Fixation Threshold 1.5 degrees

Speed Threshold 35 degrees/second

Acceleration Threshold 9500 degrees/second2

Table 6.3: Technical Specifications of the EyeTribe Eye Tracker

6.2.1 Psychometric Tests

Selecting an appropriate measurement instrument to determine individuals’ attention
levels is crucial. Validated and reliable assessment methods are required to ensure the
activation of specific attentional states during testing. This thoroughness is critical to
ensuring the integrity and applicability of the study’s results.

These psychometric tests have been used to determine a person’s level of atten-
tion due to their characteristics since there is a dependence on cognitive ability, more
specifically on attention, for the ideal performance of these tests [98]. Although these
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validations are of an indirect type due to subjectivity, they help to provide a preamble
of what level of attention the person has.

In line with this requirement, the psychometric tests used in the selected database
comprise a variety of tests adapted from different test models. These were chosen with
particular attention since they are crucial to achieving the main objective of the study:
to capture the visual trajectories and determine the level of attention of the volunteers.
The meticulous selection of these tests reflects a dedication to ensuring that each study
component effectively validates the chosen measurement method. Those tests are:

• Domino test: Is a test adapted from the D 48 test [99], developed by the psy-
chologist Edgar Anstey in 1944, is a test of non-verbal intelligence, which means
that it does not depend on language or cultural context; consists of a series of se-
quences of dominoes that have to complete the logical sequence of dominoes that
are presented in different patterns, is a test that serves to evaluate the ability of
reasoning and logic, its functionality in this project is that nonverbal tests are
often used to measure the cognitive ability of people [100].

• Unfold Cubes test: It is a test that serves to measure the ability of people to
form mental images [101]; it consists of an unfolded cube which must be mentally
reconstructed and select the entire cube, it is a test of spatial visualization and
abstract reasoning, without the need for language skills, meaning that it is a non-
verbal test, which in this context as mentioned serves to determine the cognitive
ability of people, focused on attention [100].

• Figure Series test: It is a test of inductive reasoning, used as its name suggests
to measure the ability of inductive reasoning, which is to complete the series of
figures to determine which figure would be the next to continue the sequence, it
seeks to measure the ability to find patterns thereby facilitating to measure the
cognitive ability of test subjects [102].

Figure 6.3 illustrates tasks from each test. The Domino test 6.3a shows a sequence of
dominos with a missing piece that the subject needs to identify based on the pattern. In
the Unfold Cubes test 6.3c, the figure depicts several views of an unfolded cube alongside
a correctly folded cube to highlight the task of spatial reconstruction. Finally, for the
Figure Series test 6.3b, the figure includes a sequence of shapes with one missing, asking
the viewer to determine the following logical figure in the series, demonstrating how it
assesses pattern recognition and inductive reasoning skills.

6.3 Preprocessing

Preprocessing is a critical step when training an artificial intelligence model because
it is the previous stage in which the data will be passed as inputs depending on the
model’s characteristics. The goal is to optimize all the input data resources to obtain
the desired accuracy. In the particular case of the project, two artificial intelligence
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(a) Domino test
(b) Figure Series test

(c) Unfold Cubes test

Figure 6.3: Example of the psychometric tests used in the database to measure attention
levels [89].

models had to be combined, and a specific preprocessing stage had to be carried out
for each one. A Deep Learning model was used to extract features from the generated
images, and these extracted features were used as input data for the selected machine
learning models. Diagram 6.4 explains the steps to follow to preprocess the data.

6.3.1 Data cleaning and imputation

The first stage of preprocessing is data cleaning; this consists of determining what to
do with missing values, outliers, and repeated values irrelevant to the project; this step
is crucial to ensure the quality and efficiency of the data to be used since failure to
remove the data can cause distortions of learning and therefore of the result [46].

When describing the database, the data that will be worked with are the AvgX and
AvgY values, which have missing data and outliers; for the treatment of outliers, what
was done was to establish limits on the two axes (X, Y), for the lower X limit that the
data did not decrease from 0 since the screen does not have negative coordinates, The
upper limit was set at 1920, since this is the number of pixels contained in the screen,
a similar methodology was used for the Y limits, the lower limit is also zero since there
can be no negative values. The upper limit value was set at 1080 since these are the
physical characteristics of the screen.

Any value outside these ranges would be erased because it would produce a de-
compensation in the data when determining the trajectories or when making the data
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Figure 6.4: Preprocessing Diagram Flow

imputation. Table 6.4 shows an example of a test with out-of-range values, then a filter
must be applied to remove those values.

Column Allowed range Out-of-range values

avgx (0, 1950) 70

avgy (0, 1080) 41

Table 6.4: Number of values outside the specified range per column.

The data shown in the table shows how it would be after applying the filter, ensuring
that it works with values within the ranges established by the software and the screen.

Column Allowed range Out-of-range values

avgx (0, 1950) 0

avgy (0, 1080) 0

Table 6.5: Number of values after applying the filter.
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On the other hand, missing data imputation is a stage of data preprocessing that
involves replacing missing or null data using mathematical or statistical techniques,
which allows statistical analysis to be more efficient in Machine Learning models [46].

It is of utmost importance that the data with which is going to be worked are
primarily complete because otherwise, it could not guarantee the effectiveness with
which the model learns; when reviewing the database, it was noticed that there are
subjects to which, due to errors of the eye tracker, the subject saw off screen or failure
in the software, the eye trajectories were not captured, consequently in the dataset
are shown as null data, The subject saw out of the screen, or software failure did not
capture the eye trajectories, therefore, in the dataset, they are shown as null data, and
as in the case of this it is worked with trajectories it is of utmost importance that
no value is missing because that will help us to determine both fixations and saccadic
movements. That is why different techniques and methods of data imputation were
explored to determine which one can best fit the nature of the data.

Data imputation techniques can range from simple methods, such as median or
mode, to more advanced techniques that include data prediction techniques or statis-
tical modeling techniques to estimate missing values using the remaining values in the
dataset, thus ensuring that the imputed values make sense with the data already in the
dataset [46, 103].

The technique used in the project is known as Cubic Splines, which is a mathemat-
ical method for data interpolation [104]; it consists of creating a smooth and constant
function that passes through the given data, creating a segmented third-degree poly-
nomial, which means that both the first and second derivatives are guaranteed to be
continuous throughout the entire range. This technique was chosen because since the
data are both temporal and follow a trajectory, an abrupt change in the data when
using another technique could cause problems generating the trajectories.

In addition to those described above, cubic splines’ main objective is to provide
a smooth curve between the two points of the given segmentation, avoiding abrupt
changes, which, as mentioned above, is what is trying to be avoided. This feature
makes them ideal for the dataset since it is required that the missing data have an
accurate and smooth representation of the existing data.

Linear Spline: To understand in depth the mathematical operation of the cubic
model, it must be first understood the Linear Splines, which are extra similar but use
straight line segments to connect both points of the given range; it is the simplest
method within the family of splines, where each segment is a polynomial of the first
degree [105, 106], despite that, this method guarantees that the polynomial passes
through all the given points. However, this method’s simplicity is an easy alternative,
without too much computational expense, when the imputed points are not required
to have smoothness between them.

A linear spline is formed by connecting a set of points (xi, yi) with i = 1, 2, . . . , n.
Each segment between two consecutive points (xi, yi) and (xi+1, yi+1) is defined by the
equation of the straight line joining them:
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y = mi(x− xi) + yi (18)

where the slope mi is calculated as:

mi =
yi+1 − yi
xi+1 − xi

(19)

These segments ensure that the interpolated function is continuous over the en-
tire interval but not necessarily smooth since the first derivatives at points xi are not
constant. The linear spline is suitable for data that vary linearly between successive
observations.

Quadratic Spline: Quadratic Splines are second-degree polynomial functions used
for data interpolation [107, 108]. The quadratic spline function in each interval (xi, yi)
and (xi+1, yi+1) is defined as:

Pi(x) = ai(x− xi)
2 + bi(x− xi) + ci (20)

Where ai, bi, and ci are coefficients that are determined to ensure that the function
is continuous and that its first derivative is also constant at the junction points. This is
accomplished by solving a system of equations that establishes equalities for the values
and first derivatives of the polynomials at the points where they meet:

Pi(xi) = yi, (21)

Pi(xi+1) = yi+1, (22)

P ′
i (xi+1) = P ′

i+1(xi+1). (23)

These conditions guarantee the smoothness and proper shape of the interpolated
curve, avoiding discontinuities and abrupt slope changes at the junction points.

The difference between the cubic spline and the quadratic spline is using a lower-
degree polynomial, which generates a smooth curve but tends to oscillate at the ex-
tremes of the functions. This could be a problem, as this is a case where such extreme
changes should be avoided.

Cubic Spline: Cubic splines are advanced tools for data interpolation that use
third-degree polynomials to ensure a smooth transition between data points[109, 104].
The equation defines each segment of the cubic spline:

Pi(x) = ai(x− xi)
3 + bi(x− xi)

2 + ci(x− xi) + di (24)

Where a, b, c, and d are coefficients determined that the spline is continuous and
differentiable up to the second derivative at the junction points.

Conditions of Continuity For the spline to be smooth, the following conditions
are imposed:
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• Continuity of the function at the spline points: Pi(xi+1) = Pi+1(xi+1).

• Continuity of the first derivative: P ′
i (xi+1) = P ′

i+1(xi+1).

• Continuity of the second derivative: P ′′
i (xi+1) = P ′′

i+1(xi+1).

Advantages of Cubic Splines Cubic splines are especially useful when data have
variations in curvature. Compared to lower-degree splines, they allow for greater flexi-
bility and accuracy in interpolation and better adapt to the natural shape of the data.
As mentioned, the data are the trajectories, hence, it is a perfect way to blame the data
that the quality of the data is maintained.

The table 6.6 shows the missing data values in the columns to be used after a data
scan and deletion of the outliers, and the figure shows how the representation looks
before and after the data imputation.

Column Missing values (NaN) / 0

timestamp 0

avgx 77

avgy 77

Table 6.6: Number of missing values (NaN) and 0 values per column.

After data imputation, the values in the columns were updated as detailed in the
table 6.7. The imputation method ensured that the original data’s integrity and distri-
bution were maintained as much as possible to minimize any bias introduced by missing
values.

Column Missing values (NaN) / 0

timestamp 0

avgx 0

avgy 0

Table 6.7: Number of missing values (NaN) and 0 values per column after data impu-
tation.

Figure 6.5a shows how the missing data causes the trajectories to go to the ori-
gin, causing the model to have disturbances when learning from these features as they
would be null values. In contrast, in figure 6.5b, it can be seen that the missing values
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were imputed, ensuring that the nature of the trajectories is preserved without causing
abrupt changes that prevent to continue maintaining the trend of the original data.

(a) Raw data
(b) Test after Cubic Splines imputation

Figure 6.5: Example of how the trajectories look like before and after having imputed
the data using Cubic Splines

6.3.2 Data Calibration

Before determining the fixations and saccadic movements, a calibration adjustment
has to be made because, during the data acquisition, it can be observed that, due to
different factors, since the person has changed the position of the head, some aspects
of the acquisition have changed, such as the distance between the head and the eyes.
Therefore, some participants found an offset when reviewing the values in avgx and
avgy.

To perform this data calibration, an adaptation had to be made for each person who
had an offset; a limit of 200px[11] was set for each value; to determine this calibration,
the tests and subjects that exceeded this offset threshold had to be discarded since with
such a large offset, it is not possible to guarantee the quality of the acquired test.

After discarding the subjects and tests that were not within the defined threshold
without affecting the test, it was concluded that of the 55 participants, only 47 had
a successful acquisition in most of the tests; it should be noted that of these 47, not
all the information obtained can be used in all the tests since specific tests have a lag
greater than the established limit.

Eleven tests were performed, but only four were selected because most of the subjects
with a successful acquisition were obtained in those four; the table shows the subjects
considered for each selected test, and the figure shows a visual representation from
before and after the calibration of the data.
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Test Total participants

Domino 1 43

Domino 2 40

Unfold Cubes 42

Figure Series 47

Table 6.8: Total participants considered for each test.

(a) Raw data (b) Test after data calibration

Figure 6.6: Example of how tests change after data calibration

6.3.3 Obtaining fixations and saccadic movements

Once the raw data was worked to eliminate outliers or data out of the screen range, it
is necessary to attribute the missing data to work with complete trajectories; the next
step is to determine the fixations and saccadic movements; different approaches can be
used to choose them, ranging from calculating the distance between point a and point
b to determine the distance between each one and thus measure the area, as can be
calculating the dispersion of the points and finally using a velocity threshold. The three
approaches can be beneficial when working with trajectories; their main characteristics
can be:

• Area approach: This approach, as mentioned, determines the distance between
points a and b. Depending on the proximity generated between each point, cal-
culating an area between these will generate an area that would be the fixation;
if the distance between point and point is excessively far, it would be considered
a saccadic motion.

• Dispersion approach: Its name indicates it, extra similar to the work in the
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area, it uses the dispersion of the points to determine the fixations of the saccadic
movements.

• Velocity approach: This approach considers that saccadic movements are fast
movements compared to a fixation based on a static action; the movement velocity
from point a to point b is determined to label a fixation or a saccadic movement.

The algorithm is known as Velocity-Threshold Identification (I-VT Algorithm) [110],
which uses the velocity of the eye path to determine the fixation and is developed
to analyze eye-tracking data efficiently. Its simplicity of development, efficiency, and
ability to accurately segment eye-tracking data and why it was selected, and because a
person’s focus of attention represents the point at which attention is being paid, IV-T
analysis helps us determine those fixations.

As mentioned, a fixation tends to be a slower and even static movement compared
to a saccadic movement; the average velocity of a saccadic movement is in the range
of 100◦/s to 300◦/s [111], this in angular velocity. The eye tracker used has an angular
velocity parameter, which is easy to determine by using the minimum angular velocity
to determine what a fixation is. The algorithm 1 developed and adapted is shown in
the pseudocode, which describes how the function processes determine the fixations by
returning a list of fixations.

The speed threshold used is 100◦/s because a movement below that speed is no
longer considered saccadic movement. The data entered into the algorithm are already
preprocessed data; the process goes after having done all the data cleaning, data im-
putation, and calibration, and it has more efficient results.

Algorithm 1 Pseudocode of the I-VT Algorithm

1: Inputs: Eye-tracking data, velocity threshold vthresh
2: Outputs: Fixations and saccades
3: procedure IVT(data, vthresh)
4: Initialize list of fixations and saccades
5: for each sample i in data do
6: Calculate velocity vi between sample i and i+ 1
7: if vi < vthresh then
8: Classify sample i as a fixation
9: else
10: Classify sample i as a saccade
11: end if
12: end for
13: return list of fixations and saccades
14: end procedure

To determine the angular velocity using pixels, as already mentioned, the eye tracker
has a parameter that indicates the minimum velocity to determine a fixation that could
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be used as a reference. Another approach that can be used is the coordinates provided,
although these are in pixels. Hence, pixels need to be converted to degrees to determine
the velocity. Visual fovea needs to be calculated, which is the angle equivalent to the
area of the retina where the luminous rays are focused, which, according to previous
research, corresponds to 2° [112].

With the available information on the average distance between the participant and
the monitor (60 cm) [89], it is possible to use a trigonometric ratio to calculate the size
of the visual elements on the screen about the viewing angles. Considering that the
visual angle forms a right triangle where the base b is the distance we want to calculate,
and the height a corresponds to the distance from the observer to the monitor, we can
apply the following formula based on the tangent of the visual angle:

b = tan(θ) · a (25)

In this equation, θ represents the visual angle in degrees, and a is the distance to
the monitor in centimeters. Since the entire visual angle covers a particular area of
the monitor, this formula calculates the length of the triangle’s base in centimeters,
corresponding to the amount of screen displayed. Furthermore, considering that the
monitor has a physical width of 48.5 cm and a resolution of 1920 pixels, the equivalence
between centimeters and pixels can be obtained:

1 cm ≈ 40 px (26)

Therefore, each degree of visual angle equals approximately 1 cm, translating to
40 pixels on the screen. This ratio allows one to calculate the size of the inspection
area in pixels and the speed of the fixations in pixels per second, which is crucial for
eye movement analysis. Knowing that 40 pixels equals 1 cm, and using the formula to
determine the fixations as:

Fixation ≈ vthresh × 40
pixels

seconds
(27)

Substituting the defined threshold of 100px/s is equivalent; it gives us a value of
4000px/s. With this value, the fixations and saccadic movements can be determined.

Figure 6.7 shows an example of how the trajectories are visualized after having
determined the fixations and saccadic movements, where the blue dots represent the
saccadic movements, the red circles represent the fixations, and as can be seen, the
longer the fixation time the more significant the area that is generated, this facilitates
the understanding of the level of attention because it is expected to have more red dots
than blue dots in the regions of interest.
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Figure 6.7: Fixation and Saccadic Movements obtained

6.3.4 Region of Interest (ROI) Generation

The region of interest (ROI) is a concept of utmost importance in the project and
especially in matters related to eye-tracking tasks, as it refers to specific areas within
an image, in this case within the test that people are performing, that one wishes to
evaluate to understand how they are interacting with the visual content [113]. The
ROI can be defined on critical elements that the researcher wishes to monitor precisely,
such as images, texts, or, in the case of the project, within relevant regions where the
subject is expected to pay attention when performing the test [114].

Establishing an ROI allows us to analyze better the patterns of fixations, which is
the most relevant aspect since it differentiates one level of attention from another. These
analyses help perform different studies and analyze people’s behavior and environmental
interaction. In behavioral studies, analyzing ROIs makes it possible to detect attention
patterns and identify areas that generate greater interest and those that users ignore
[115]. This information helps optimize the design of user interfaces, advertising, or even
the layout of products in a physical store [116].

The ROIs help to understand the complexity of the activities because the more
significant the complexity of the test, the greater the tendency to be fixated on it
because it is not easy to perform. In addition, the inattentions in the ROI indicate that
it does not sufficiently capture the person’s attention for various reasons.

A relevant aspect is that they are customizable, which means that they can be
defined according to the need and characteristics of the analysis; in this case 2, ROIs
were defined, which focus on the section of the questions, which is where the subject is
expected to have the highest number of fixations, and the second section which is the
answers, in which the subject should have a lower number of fixations but still have in
comparison with what is not within these two areas.

Figure 6.8 shows each test with a defined ROIs. The specific dimensions of each
area must be established, a starting coordinate (X, Y) as well as a height and width,
which must completely cover the question area and the answer area, to validate that it
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(a) Domino 1 Test with ROI (b) Cube Test with ROI

(c) Domino 2 Test with ROI (d) Figures Test with ROI

Figure 6.8: Example of how the tests look like after the generation of AOIs

was correctly determined, a visual inspection of each test must be done.
The algorithm 2 exemplifies how the AOIs were defined by test, which draws a rect-

angle that encompasses each specific section; this will serve later to extract particular
features and prevent our model from suffering any disturbance since most of the image
is a white background, which would introduce considerable noise to our model.

6.3.5 Database Labeling

Once the fixations are obtained and the AOI is generated, the database is labeled; in
the case of the selected database, the labeling was shared; this labeling is divided into
three categories that are the ones that will be used in the classification project, which
are:

• Low attention: In low attention, the person has trouble concentrating and tends
to be easily distracted, and at a cognitive level, this leads to the person having
more incredible difficulty in structuring visual attention tasks.

• Medium attention: A person with average attention can maintain considerable
attention and concentration but still be susceptible to distractions and inatten-
tions, yet still have structured patterns in visual tasks.

• High attention: High attention is characterized by intense and sustained con-
centration and ignoring external stimuli that may cause distractions. People’s
focus is usually within the areas of interest, and visual tasks do not represent a
great difficulty when structuring patterns.
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Algorithm 2 Process to generate AOIs

1: Input: AOIs’ coordinates
2: Set left AOI as (x1, y1, w1, h1)
3: Set right AOI as (x2, y2, w2, h2)
4: for each image i from 1 to N do
5: Load image i
6: if image not found then
7: Print error message
8: end if
9: Draw left AOI at (x1, y1) with width w1 and height h1

10: Draw right AOI at (x2, y2) with width w2 and height h2

11: end for
12: Return Images with AOIs

According to the author [11, 89], these levels of attention were classified by the number
of fixations and the average time they lasted. Still, only those within the area of interest
were considered since they have a higher weight than other parameters measured and
used in the test [117]; another factor is the total number of saccadic movements within
the area of interest to have a complete picture of the trajectories.

Figure 6.9 shows an example of a test in which we can see the data necessary to
obtain the level of attention; these are SubjectId, which helps us to determine which
participant performed the test; Fix AOI prom duration, which is the average time
in seconds that each fixation lasted in the area of interest, Fix AOI, which is the total
number of fixations that were held within the area of interest, Fix AOI questions,
which is the total number of fixations that were held only within the question section
(left side of the tests) and Fix AOI resp, which is the complement of the above since
it indicates the total number of fixations in the answer section (right side of the tests).

Other auxiliary parameters are optional but help to determine the level of at-
tention more efficiently, Transitions AOI, which are the number of transitions be-
tween one zone to another, that is, between the answers to the pre-questions. Dura-
cion trayectoria gives the total time in seconds of the duration of the test; Fix out,
this parameter is only a binary value that indicates if the person had any fixation out-
side the screen. This parameter also helps to determine if there was any inattention in
the data acquisition process. Dur fix ou indicates the average time in seconds when
the person looked outside the screen.

To consider a person with a high or medium level of attention, a visual inspection
of both the test image and the calculated parameters is necessary since there must be
a distribution between both areas of interest, and as mentioned, the higher the density
of fixations, the more likely it is to have a high level of attention, another factor to take
into account is that there must be at least one transition between both areas of interest
since a participant with a medium/high level of attention must be able to inspect both
sections in a controlled manner.
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Figure 6.9: Parameters used for labeling the unfolded Cubes test, in which the level
given to each subject can be observed, 0 = low attention level, 1 = medium attention
level, and 2 = high attention level.

Finally, in a research study [118], it was shown that a person with a high level of
attention tends to have similar search patterns; this means that they have an order at
the time of inspection, resulting in similar at all tests, unlike someone with a low level
of attention whose search pattern tends to be vastly dispersed on the screen in general,
not only in the areas of interest.

Figure 6.10 shows how a person with a high level of attention tends to keep his
fixations within the areas of interest, in which several fixations are distributed between
both areas of interest without going out of it.

(a) High Attention Subject in Domino 1 test. (b) High Attention Subject in Cubes test.

(c) High Attention Subject in Domino 2 test. (d) High Attention Subject in Figures test.

Figure 6.10: High attention level tests
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A person with a medium level of attention tends to have similarities with a person
with a high level of attention; they have fixations in the areas of interest, and they
have transitions distributed by both regions; the difference is that these people usually
have distractions or inattentions that cause their attention to be different, although
these inattentions are usually quite rare and last only a few seconds, figure 6.11 shows
how people with a medium level of attention tend to have fixations outside the areas
of interest.

(a) Medium Attention Subject in Domino 1
test.

(b) Medium Attention Subject in Cubes test.

(c) Medium Attention Subject in Domino 2
test.

(d) Medium Attention Subject in Figures test.

Figure 6.11: Medium attention level tests

Compared to a person with a high level of attention, a person with low attention
tends to inattention, which translates into fixations that do not focus on the relevant
areas of interest or even drift away from the screen. This behavior reflects a significant
difficulty in processing visual information effectively. At the cognitive level, the absence
of a coherent search pattern suggests an inability to structure the visual task, affecting
decision-making efficiency; these individuals have difficulty maintaining attention on a
stimulus and may also have trouble reorienting themselves when distracted, affecting
overall performance on complex tasks that rely on continuous visual attention.

Figure 6.12 shows that these patterns of inattention are extremely noticeable outside
the areas of interest, thus it is easy to detect when a person has a low level of attention.
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Table 6.9 shows the different tests with the total count of labels per test; as mentioned
in previous sections, not all tests have the exact dimensions because specific tests had
to be discarded. After all, they did not guarantee the quality of the test. Another
notorious aspect that can be observed is class imbalance, an issue that will be worked
on later to balance them.

(a) Low Attention Subject in Domino 1 test. (b) Low Attention Subject in Cubes test.

(c) Low Attention Subject in Domino 2 test. (d) Low Attention Subject in Figures test.

Figure 6.12: Low attention level tests

Test Low Level Medium Level High Level Total

Domino 1 21 4 18 43

Domino 2 12 9 19 40

Unfolded Cubes 4 17 21 42

Figure Series 27 8 12 47

Table 6.9: Test Results by Attention Level Categories
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6.3.6 Image resizing and Data normalization

Image resizing is an essential step in data preprocessing; it is a process in which
the dimensions of an image are adjusted to a specific size, in this case, 224x224 pixels,
to adapt to the inputs required by neural network models. This step is essential to
ensure that all images have a uniform size, which facilitates training and inference in
convolutional neural networks (CNN); for the case of the project, although a network
will not be used as a classifier, it will be used to extract the features of the image as a
previous step to a machine learning model. Among the main features used for resizing
are:

• Input consistency: Convolutional neural networks, such as VGG16 or ResNet,
require fixed-size inputs. If images are not resized, the model cannot process
them uniformly. Resizing ensures that all images have the same dimensions,
allowing them to be processed in batches and ensuring consistency during training.
Common dimensions are 224x224 or 299x299 pixels, depending on the model [70].

• Computational efficiency: Image size can directly impact model performance.
Larger images mean more pixels and more time during feature extraction. Stan-
dard size makes it possible to take advantage of parallel processing and optimize
memory usage [119].

• Adaptability to different data sets: Resizing facilitates using pre-trained
architectures (such as VGG16 or ResNet) with proprietary data. These architec-
tures are designed to receive inputs with specific dimensions, adapting a set of
images of different sizes to the required dimensions allows one to take advantage
of transfer learning and obtain more efficient results on specific tasks [120]. Stan-
dard sizes also allow for maximizing parallel processing capacity and optimizing
memory during training. This is essential in large models, which typically process
hundreds or thousands of images per batch [121].

A VGG16 will be used for preprocessing in the project’s specific case. Later, the
reason for this particular network’s use will be explained. A resizing of 224x244px was
made with three color channels (RGB). The cv2 library [122], which has a function that
suits the needs of the resizing, was used.

Data Normalization is a technique of scaling values in a specific range, usually
[0,1]; for the particular case of the project to be working with images and use a CNN to
extract features, it is necessary to perform normalization to ensure that the model can
capture the features correctly, and work more efficiently [123], significant differences
between pixels can negatively affect model training, especially in the first layers of the
network [124]. The images in the project are 8-bit images, thus their range of values is
usually in [0,255], and the following formula can present the normalization process:

x′ =
x

255
(28)
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Where x′ is the normalized value and x is the original pixel value. This process has
to be performed on each image pixel to have a complete normalization.

This algorithm 3 is used for image preprocessing, specifically to prepare input data
before feeding it into deep learning models for feature extraction.

Algorithm 3 Image Preprocessing Algorithm

1: Input: Image, image height, image width
2: Output: Preprocessed image
3: procedure Preprocessing(image, img height, img width)
4: Resize the image to dimensions (img width, img height)
5: Normalize the pixel values by dividing by 255.0
6: return normalized image
7: end procedure

6.4 Data Augmentation

A fundamental step in the development of this project was the need to increase the data
because, as seen in previous sections, the classes are unbalanced, and there is too little
data to train a model and guarantee its accuracy. There is scarce data to train a model
and guarantee its performance. Model and guarantee its performance. Therefore,
a methodology was proposed to generate a data augmentation that would produce
a unique and unrepeatable image, ensuring that the quality of the data generated
synthetically was sufficiently diverse.

This proposed methodology shown in the algorithm 4 defines an objective function
in which the number of images per class is established. Once this objective is defined,
iterate through the original images of each class and randomly go through four previ-
ously defined image modification processes until the total number of images per class
is reached, thus guaranteeing that only the original images are used as the basis for the
generation of synthetic data.

The four defined processes consist of the translation of the image, which means the
image is displaced horizontally or vertically on its center; this displacement is done
randomly in a range ranging from [-10, 10] px, this assigned value, as well as the type
of displacement is also random ensuring that the images do not follow a sequence but
are unique; Zoom in the image, which as its name suggests makes a zoom in or out of
the image, with a zoom factor ranging from [1. 0, 1.5] that is applied to both cases of
the process. Image rotation: the image is rotated on its axis in a range of [-30°, 30°]
that is randomly assigned to each image that uses this process; finally, the brightness
of the image is modified by increasing or decreasing it, which is done randomly in the
same way as the other processes.

Image 6.13 shows how synthetic images are generated. With these four processes
explained, it is possible to create unique and unrepeatable images; in the same way, the
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Algorithm 4 Image Augmentation and Class Balancing Algorithm

1: Input: Image dataset X, Labels Y , target size for balancing
2: Output: Augmented and balanced dataset
3: procedure Augment Image(image)
4: Apply a random translation to the image
5: Apply a random zoom to the image
6: Apply a random rotation to the image
7: Apply a random color change to the image
8: return Augmented image
9: end procedure

10: procedure Balance Classes(X, Y, target size)
11: for each class in Y do
12: Get all images for the current class
13: Calculate the number of augmentations needed to reach target size
14: for each augmentation required do
15: Choose a random image from the class and apply a transformation to the

image
16: Add augmented image to the dataset
17: end for
18: end for
19: return Augmented and balanced dataset
20: end procedure

Figure 6.13: Augmented Images

number of unique images that can be generated from each original image is calculated.

This way, it is guaranteed that there are no repeated images. To determine the
number of unique images, all the transformations and their parameters must be analyzed
since, although it is randomly in specific ranges, the theoretical number of images is
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limited per process. This is calculated as follows:

• Translation: Allows to move the image in the already explained range of [-10,
10] px; there is a displacement step of one pixel therefore that possible movements
on the vertical axis are 21 and on the horizontal axis are 21, giving us a result of
441 unique images in this process.

• Zoom: It is scaled in a range of [1.0, 1.5]; considering that it is a continuous
range of values, it could be determined that the number of values is infinite. Still,
as it is required to have control of the possible images to generate, it is discretized
to a step of 0.01, giving. As a result of only 51 unique images in the process, this
range can be modified if the step is altered.

• Rotation: The range as mentioned is [-30°, 30°]; in the same way, if it is con-
sidered that it is a range of continuous values, the number of images is infinite,
consequently a discretization was performed at steps of 1°, giving a result of 61
unique images.

• Brightness: It has a range of [0.8, 1.2] with a step of 0.01, which gives. As a
result, 41 unique images.

As a result, the total number of images gives:

Total Images = 441 + 51 + 61 + 41 = 594 (29)

Figure 6.14: Percentage distribution of transformations
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Figure 6.14 shows the total distribution of the percentage of how many images can
be generated by each transformation, showing that translation is the process that would
be applied in most of the images.

Figure 6.15: Data Augmentation random choice selection

Figure 6.15 explains the process for applying a transformation to each image. First,
the number of images per class is counted. This number is compared with the previously
defined target images to calculate the number of images per class needed to reach the
target. That value iterates over each class until it is achieved.

6.4.1 Validation

Once all the images are generated, validating the image set is crucial. Various method-
ologies were explored for this task.

These methodologies were tested, but unfortunately, since the images were vastly
similar from class to class and even within the same classes, a methodology was proposed
that through dimensionality reduction techniques, such as the t-SNE technique, and
diversity and affinity metrics, the variability of the images generated was checked,
guaranteeing that they were unique and that two identical images of the same process
were not generated.
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Figure 6.16: Methodology for data augmentation validation

Figure 6.16 shows the flow followed through the validation of the augmented images
to ensure that the images are unique.
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t-SNE The dimensionality reduction technique used, called t-SNE, is a technique
generally used for the visualization of data in low dimensionality spaces (2 or 3 di-
mensions); it was beneficial because our vector of extracted features, being of too high
dimensionality, would be challenging to analyze upon inspection, hence by reducing it
to 2 dimensions it is easier to find patterns or trends when generating the images to be
avoided.

If the visualized data shows an overlap, it indicates that the distribution of the
data is inferior, furthermore more variability should be added to the images; on the
other hand, if it shows a too abrupt separation of the data could be interpreted in two
ways, which would be that the images are immensely different from each other which
would be desired but in the case of the project to have similar images even from the
original data is not desired because it would indicate that the generated images are
not retaining most of the desired characteristics. Therefore, a balanced distribution is
preferred, indicating that the generated images retain the primary characteristics of the
original images but with enough variability for the model to learn from new features.

It should be noted that there are different dimensionality reduction techniques, but
t-SNE was chosen because the data obtained do not follow a linear function. Hence,
working not directly with the distances of the data but with the probabilities fits the
project’s needs.

Diversity Another important aspect of this validation is to determine that the data
were generated successfully with the use of the diversity metric, which indicates the
variability that exists between the original data and the synthetic data; this diversity
gives us a relative numerical value, that is, the diversity of the original data has to be
compared with the diversity of the generated data. This relative value depends on the
set analyzed for the comparison to be relevant. In the case of the project, since the
data are similar, the original and synthetic values should not vary much. Still, they
shouldn’t be remarkably identical since this would indicate that there is not enough
variability.

Affinity Finally, it was necessary to validate that not only one class was taking all
the diversity within the calculated value, consequently it was required to determine how
much affinity there is per class, where the similarity of the images within the same cat-
egory is determined, this could perhaps be considered as something counterproductive
since it is intended to include as much diversity of images as possible, but the important
thing is that these synthetically generated images do not lose the main characteristics
of the class to which they belong. As with the validation of diversity, these are rela-
tive values that, unlike diversity, these values have to give as an average the result of
diversity, indicating that the values are related.
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6.5 Feature Extraction

As an essential step of the process, feature extraction is done just before being able to
train the Artificial Intelligence models, which is crucial for training Machine Learning
models in conjunction with computer vision. Where after having treated all the data
in the previous steps and having obtained a final set of images ready for extraction,
they are transformed into a set of manageable and representative features [123], in the
context of our set of photos is focused on identifying patterns, such as edges, textures,
shapes, and colors.

In feature extraction, one of the main goals is dimensionality reduction. Raw image
data can be high-dimensional, increasing computational costs and potential overfitting.
Feature extraction simplifies the data by identifying only the most relevant character-
istics, ensuring the model processes essential information more efficiently [58]. There
are two types of feature extraction:

• Manual form: It consists of an edge detection (Canny or Sobel operators) or a
texture analysis (Gabor filters) that helps to identify critical visual patterns [125].
These methods are domain-specific and rely on prior knowledge of the task.

• Automatic form: CNNs automatically learn and extract features hierarchically
through the convolutional layers. In the early layers, they capture simple struc-
tures such as edges, and in the deeper layers, they can detect more complex
objects and patterns.

Once the features are extracted, they are represented as feature vectors, a numerical
representation of the most essential characteristics of an image. These vectors are then
passed to fully connected layers or other classifiers to complete the prediction task [70].

The project uses an automatic extraction based on a pre-trained CNN, named
VGG16, which Simonyan and Zisserman developed [126], mainly used for recognition
tasks; it is for this same attention to detail that it was chosen to use it as a feature ex-
tractor, and it adapts by freezing the deep layers remaining only with the convolutional
layers that as explained automatically extract the essential features of the image.

VGG16 consists of 13 convolutional layers followed by five max-pooling layers. The
3x3 convolutional filters allow the network to capture fine-grained objects. At the same
time, the pooling layers reduce the discretization of the feature maps, preserving the
most critical information and reducing computational complexity. This hierarchical
feature extraction process produces robust feature maps that can be used for various
downstream tasks, such as object detection and image segmentation [127].

Figure 6.17 allows us to see the differences in the network structures. Figure 6.17a
can observe that the fully connected network, which is the traditional architecture, has
its flattening layer, which makes VGG16 become a complete network depending on the
assigned task. Figure 6.17b shows how the network is used for feature extraction, which
only uses the final layers.

At the end of the feature extraction through the CNN, vectors of size (N, 25089) were
obtained, where N represents the number of images to work with and 25089 represents
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(a) VGG16 fully conected
(b) VGG16 adapted for feature extraction

Figure 6.17: VGG16 architecture, adapted from [126].

the number of features per image, not working with masks on the image or different
algorithms, the network focuses exclusively on the trajectories over the areas of interest.
The image - shows a heat map in which the feature areas extracted from the images
can be seen.

More networks were tested (EfficientNetB0, Resnet50), but extracted features, their
execution time, in addition to computational overhead were considered as discard cri-
teria. Among all the networks tested, VGG16 gave the best results in terms of the
selection criteria.

6.6 Models Selection

This stage is essential in the research since it is the main activity proposed within
the hypothesis, in which the model to be developed can obtain good results and good
metrics. That is why the data preprocessing work was vital to ensure that the data
passed to the model were correct since incorrect data generates inefficient algorithms.

It was decided to use ML models because the data being worked with and the
detection of small patterns within the image are more suited to this type of model than
to more robust models that require a much larger data bank than what is available. In
addition, ML models are easy to develop and optimize.

In the selection process, it was considered to test as many Machine Learning models
as possible, therefore, a tool called Pycaret[84] was used. This tool is a library devel-
oped for Python that focuses on testing the most popular models for the specific task
selected. In the case of the project, it was classification. Within these models are the
most popular ones, such as logistic regression, decision trees, random forests, XGBoost,
Support Vector Machine (SVM), etc.

6.6.1 Models Development

Pycaret tool was used to set up the machine learning models, facilitating the devel-
opment of the models in which only the correct dataset division had to be made. An
essential feature of Pycaret is that the models are trained using K-Folds, where one
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only selects the number of divisions with which it is required to work. This results
in different metrics (Accuracy, Precision, F1 Score, Kappa, AUC, Recall), which help
determine which model to use. All models were trained with their hyperparameters
configured by default since the main idea of this stage is to determine which model has
the best behavior toward the data.

6.6.2 Models training and testing

An important aspect is that there were two different stages of training and evaluation.
In the first stage, all the tool’s models were first tested without synthetic data to
determine which models were best suited to the few data available. The second stage
used synthetic data to compare again which models were best suited to the synthetic
data, thus allowing the best model to be selected.

In the first training and evaluation with the original data, the data were divided
into five folds since not having a lot of data is a quantity that allows the model to
learn enough to recognize patterns of each class. Once the training and evaluation are
finished, the data obtained are compiled and can be seen in the table (add a table in
results), where it is shown which model was the best adapted for this stage; having
unbalanced classes, it was necessary to include two more metrics that are specifically
used for this type of situations, which are the Kappa and MCC metrics.

For the second stage of training and evaluation of the models, already including the
synthetic data, the first thing that had to be done was an 80/20 division, in which the
primary set of 2100 images in total was divided 80% (560 images per class) for training
and 20% (140 per class) for validation. In turn, this 80% was divided again into five
folds, then when validating the best-selected models, this 20% would serve as the best
validation parameter. The models were trained with these five folds in which they were
rotated through the same library that the model had as much data as possible; the
table (table in results) shows the values obtained in the training and evaluation of the
models through the K-Folds with the synthetic data.

6.6.3 Models validation

Unlike the training and evaluation, only a single validation stage was used since there
was little original data, hence making an 80/20 division from the beginning was impos-
sible. It was done with the synthetic data stage, which, as mentioned in the previous
section, only 140 images per class, giving a total of 420 images; this stage of independent
validation of the training and evaluation serves for the best models that are selected to
serve as a kind of filter in which the best model is chosen since the models not having
learned or seen the images previously are completely new data for these, it would be
the best way to determine which is the one that best fits the data.

Table 7.4 shows the values of the four best-selected models, where the described
metrics were considered a point of evaluation and selection.
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6.6.4 Model Selection

After analyzing table 7.4, it is possible to determine the two models that better adapt to
the validated data after one iteration: Logistic Regression and Light Gradient Boosting
Machine. To ensure the correct model selection, it is necessary to train them indi-
vidually using 10 K-Folds. This guarantees stability and, more critically, sustainable
efficiency throughout the 10 individual trainings to support the selected model since it
indicates that it behaves better.

Table 7.5 shows the results for the model selected. Once the model has been selected,
the next step is optimizing it, finely adjusting the hyperparameters until it obtains the
highest possible accuracy throughout the different validations.

6.7 Optimization

The Logistic Regression model was selected due to its adequate performance for the
task to be developed in the project, with a quite acceptable accuracy; the next thing
to do is to optimize these hyperparameters, which are the values that have to find the
best combination to obtain the best result of the model. The table shows the values of
the hyperparameters in the Logistic Regression model, where:

• Penalty: Is the penalty that will be applied to the model to prevent it from
overfitting or not fitting the data correctly. In the case of the optimization, this
value will not be moved and will remain at l2 because the l1 penalty tends to
cause the model not to fit properly; hence, it is the reason only to use the l2
penalty.

• Tol: This is the tolerance of the stopping criteria; the default value is also used
because a variation of this value can lead to the model not fitting correctly, re-
sulting in even worse values.

• C: It is the inverse of the penalty value, thus this hyperparameter indicates how
much value is given to the regularization; it means how much magnitude is given
to the l2 values in this case, this being a especially important hyperparameter is
considered to optimize it since it is a value that controls much in the model.

• Random State: It shuffles the data being worked with, but having similar
classes changing by few characteristics, it will always find the global optimum of
the solutions, this default value is sufficient.

• Solver: is the optimization algorithm used at the moment of minimizing the
errors for an adequate adjustment in the training of the model; this parameter,
having different algorithms to solve this optimization, the ones that are applicable
for the case of the data and the task to be performed must be tested.
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• Max iter: It is the maximum number of iterations the solver algorithms have to
converge the optimal values. Since this directly affects the solvers, it is another
parameter that must be tested to determine its ideal value.

6.7.1 Grid search

It is a crucial technique because it maximizes the performance of the selected model’s
hyperparameters by focusing on an exhaustive search for the best values. A search
space must be defined where all possible combinations between these chosen values will
be tested, allowing the model to find the best values for each hyperparameter.

Therefore, taking again the hyperparameters selected in the previous section (C,
solver, max iter), the search space table is as follows:

Hyperparameter Values

solver lbfgs, newton-cg, saga

max iter 500, 1000, 2000

C 0.0001, 10000

Table 6.10: Hyperparameters and their values

Table 6.10 shows the values to be tested during the optimization, explaining the
reason for the values selected for these tests; in the case of multi class, it simply
serves to specify whether the model uses a binary or multi-class classification, in the
case of the project it is the latter, but it must be specified in the model.

For the solvers, we selected those that are adapted to multi-class data and that are
suitable for when there are a large number of characteristics and parameters to work
with, unlike the other solvers that only work with binary problems; that is why it is
essential to specify whether it is multi-class or binary.

The number of iterations (max iter) was defined in a more defined range because
when using large amounts of data, the default values of 100 are scarce. A more extensive
range allows the model to find the optimization with all the algorithms.

Finally, perhaps the hyperparameter that most affects all the others is the C value,
which, as previously explained, determines the importance of regularization in the
model; this means how much the model will adapt to the penalties in each iteration.
Small values that punish the model more are tested as large values that allow the model
to reach convergence faster but are not always ideal.

6.8 Attention Model Classification

The final model is a hybrid of Machine Learning and Deep Learning. In this model,
they are combined to extract the characteristics of the images using DL through a
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VGG16. This vector of characteristics is the input of our ML model, which is a Logistic
Regression. In this way, the model ensures that we can work with the images, assigning
each subject its level of attention with a high degree of accuracy.

Table 7.5 shows the results obtained from the final hyperparameters after the opti-
mization, which are the values with which the model will be trained for all the tests.

In addition, figure 7.5 shows the results of the confusion matrices, hence the next
step is to train the model with different data orderings to ensure its efficiency.

For training and final validation, cross-validation with 10 folds was decided by re-
peating the experiment 25 times with the same hyperparameters. That is why, with
all the 2100 images, a division of 10 folds was made. That is to say, 10 results are ob-
tained per training, which can be observed in image 7.6, showing the model’s behavior
throughout the training.
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7 Results and Discussions

This section will present all the results obtained from this project, from class balancing
and data augmentation, including the different results throughout the development of
the models, to the selection of the final model with which the classification of the levels
of care will be carried out.

7.1 Class Balance

The table shows the values of the classes in each test. Also, figure 7.1 shows that they
are entirely unbalanced without showing trends between them, therefore for correct
training, it was necessary to perform class balancing.

As explained in the methodology and in the algorithm 4, it was necessary to increase
the data to perform this balancing, where the objective function was defined at 700
values per class. Through tests and experimentation, it was determined that after that
figure, the gain in accuracy was completely null compared to the computational expense
that had to be made to process them.

(a) Domino 1 Class Distribution (b) Cubes Class Distribution

(c) Domino 2 Class Distribution (d) Figure Series Class Distribution

Figure 7.1: Class Distribution per Test
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Figure 7.2: Classes after data balance

That is why figure 7.2 shows the uniform distribution of the classes after the bal-
ancing through the proposed data augmentation methodology, in which each class has
the same number of images, allowing the model to have the correct training.

7.1.1 Data Augmentation Validation

To ensure that our class balancing by data augmentation is adequate, a methodology
was developed to ensure that the synthetic data differs from the original data. Each
test was validated independently since it is not possible to rely on the results of a single
validation. This ensures robustness and certainty that the proposed methodology is
functional in different types of tests and data.

t-SNE When analyzing the distribution results by dimensionality reduction and com-
paring the original data with the synthetic data, it can be observed that the generation
of this data was sufficiently enriching since there is quite adequate distribution in the
plane.

Figure 7.3 shows the distribution of all the data generated, allowing a validation by
visual inspection, this being the first step to ensure that the data augmentation was
adequate. In which figures 7.3a and 7.3b show the comparative distribution between
the original and the synthetic data of the domain values, figures 7.3c and 7.3d show
that of the values of the displayed cubes and figures 7.3e and 7.3f show their respective
values.
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(a) Domino 1 original data t-SNE visualization
(b) Domino 01 augmented data t-SNE visual-
ization

(c) Cubes original data t-SNE visualization (d) Cubes augmented data t-SNE visualization

(e) Figure Series original data t-SNE visualiza-
tion

(f) Figure Series augmented data t-SNE visu-
alization

Figure 7.3: t-SNE visualization per test
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Diversity Diversity metrics, which give the values of the variability of the images
generated per test, are the next step in validating the data augmentation.

Table 7.1 shows the values obtained through the diversity calculation, observing a
significant increase compared to the original values. This confirms the results obtained
in figure 7.3, showing sufficient diversity in all data. It gives a numerical value as a
parameter to estimate its efficiency when generating new data.

The average increase between the three tests was 9%, which indicates that the
synthetic data are sufficient to balance the classes adequately and that the data are not
equal.

Class Original Data Data Augmentation

Domino 16.9536 24.0319

Cubes 15.8990 26.4942

Figures 17.6986 27.1704

Table 7.1: Diversity of Classes

Affinity The last metric validates that the new images continue to preserve their class
characteristics. This means they are not generating images utterly indistinguishable
from the others in their category.

Like diversity, affinity represents a numerical value that allows us to estimate how
acceptable our generation of synthetic data is, but with the difference that this is calcu-
lated by class since we want to evaluate the preservation of the primary characteristics
of each class.

Table 7.2 shows the results obtained for each class. It can be observed that, de-
spite the considerable variability of the images, these continue preserving their main
characteristics since the increase in affinity was scarce.

This shows that the main characteristics of each image, despite being synthetically
generated, are still preserved, thus allowing us to train the model with new images that
still make sense of the category to which they are assigned.

Class Class 1 Class 2 Class 3 Class 1 Class 2 Class 3

Domino 18.4720 15.7035 17.36037 24.1867 26.0103 26.7926

Cubes 16.2699 17.9823 19.8720 22.4138 26.5377 26.2795

Figures 16.1854 14.5449 18.3725 24.6234 26.0252 27.5354

Table 7.2: Affinity by Class

With this methodology of visual and numerical validations, ensuring that the images
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with which the model will be trained have the necessary quality to guarantee adequate
development is possible.

7.2 Experimental results

This section will report the results of the model development, including work done with
the original data, with the augmented data, the optimization of the selected model, and
finally, the validation of the model with the final hyperparameters.

7.2.1 Raw data training and testing

As a first step, different Machine Learning models had to be compared. In addition to
the most common metrics (accuracy, precision, F1, Recall, etc.), the Kappa and MCC
values had to be considered since, being unbalanced classes, metrics that evaluate the
quality of the predictions without considering the volume of these had to be included.

As can be seen in table 7.3, the values of the standard evaluation metrics show
that the four models could be sufficiently helpful when trying to classify the levels of
attention; however, the Kappa and MCC metrics show that the LR and LightGBM
models are the most sensitive when detecting trends in the patterns of each class.

It should be noted that 15 machine-learning models were compared with the original
data. However, only the best models with an accuracy greater than 0.8 are reported
since the other models could not adequately fit the data.

Models Accuracy AUC Recall Precision F1 Kappa MCC

LR 0.8683 0.963 0.86 0.8676 0.8666 0.8016 0.8027

LightGBM 0.8683 0.929 0.86 0.8967 0.8677 0.8017 0.8029

GBC 0.8587 0.903 0.8587 0.8589 0.8576 0.7873 0.7884

RC 0.8571 0.959 0.8571 0.8572 0.8561 0.7851 0.7860

Table 7.3: Models Evaluation Metrics

Analyzing the preliminary results, if an increase in data could not be performed, the
final model would be the logistic regression model, therefore, it will be necessary to check
through synthetic data how much this model can be adapted to new characteristics.

7.2.2 Synthetic data training and testing

Once the class balancing was done, all the models were tested again to compare which
best fit the data now that the classes were uniform. Then, a decision was made about
which model was adapting better to find patterns and tendencies alongside having good
metrics.
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In addition to having the classes balanced by increasing the data, the Kappa and
MCC metrics are no longer necessary to calculate because they are only significant
when the classes are unbalanced.

As can be seen in table 7.4, even though with the synthetic data, new models
performed better than those previously reported, it can be determined that the logistic
regression model continues to have the best results compared to the other models.

Models Accuracy AUC Recall Precision F1

Logistic Regression 94.29 98.248 94.2875 94.3733 94.2665

Ridge Classifier 93.42 98.53 93.42 93.47 93.40

Gradient Boosting Classifier 92.52 90.3 92.6 93.56 92.48

Extra Trees Classifier 93.56 98.45 93.58 93.56 93.53

Table 7.4: Models Evaluation Metrics

7.2.3 Model Validation

After experimenting and developing the appropriate models for the project, the next
step is to select the model. After analyzing the different training stages, the logistic
regression model was chosen.

It is necessary to mention that all the models were developed through Pycaret[84],
thus the individual validation of the model was developed without the use of this tool,
which will give us a comparison of the values obtained, allowing us to analyze whether
the results are appropriate or not, using the same experimental parameters, five-folds,
with the predetermined hyperparameters.

The confusion matrix is a good way to visually review the results and inspect the
predictions made by each class.

Figure 7.4 shows the confusion matrix of the randomly chosen test to determine the
model’s functionality before optimizing it, in which it can be seen that the model has
a good sensitivity to detect the primary characteristics of each class.

7.2.4 Optimization

Optimization is essential in developing artificial intelligence models because it involves
finding the best possible combination of hyperparameters.

The technique shown in the methodology section was a Grid Search, in which dif-
ferent combinations of hyperparameter values were tested; table 6.10 shows the range
of proposed values.

The Grid Search was performed by K-folds using K=10 to test all possible combi-
nations, resulting in a total of 900 possible combinations, taking 12 hours of execution
time using ColabPro’s A100 graphics card. Resulting in the following values:
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Figure 7.4: Confusion Matrix for model validation

• C: 2.782559402207126

• max iter: 500

• solver: newton-cg

Then, as a next step, the model should be tested with the optimized hyperparam-
eters using the same test performed in the previous step to compare the new values
against the old ones.

Comparing the results shown in table 7.4 with those of table 7.5, it can be determined
that optimizing hyperparameters was successful since the model’s evaluation metrics
increased.

Model Accuracy AUC Recall Precision F1 Score

Logistic Regression 95.85 99.2483 95.7285 95.761 95.6589

Table 7.5: Model Evaluation Metrics

Figure 7.5 shows the results obtained when testing the model with the four different
tests, observing that good results are inferring that the optimization was adequate then
that the model could adequately detect the patterns and characteristics of each test.

Compared with the confusion matrix in the previous section, the confusion matrix
is more sensitive to the correct classification, decreasing the number of false predictions
in each class, where there are tests that even have zero errors in the prediction of the
class, being this an outstanding result taking into account the similarity of the classes.

66



(a) Domino 1 Confusion Matrix (b) Cubes Confusion Matrix

(c) Domino 2 Confusion Matrix (d) Figure Series Confusion Matrix

Figure 7.5: Confusion Matrices per Test

7.3 Optimized Model

As a final stage, once the optimization has been completed, it is vital to train the
model to estimate that the evaluation metrics for each test are acceptable and are not
just a matter of singular values; in other words, they have only been presented at that
moment and will not return as a result.

For the final development of the model, it was decided to work with the 2100 data,
hence an initial division of the data set was not made. A K-Folds cross-validation was
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performed, using 10 folds for each training, with a total of 25 trainings, consequently,
that the behavioral trend of our model can be adequately estimated.

The results of each test are presented in a box plot, which is a combination of the
traditional box plot, which estimates the course of the model’s behavior in each test,
and a dot plot, which observes the results of each training. Thus, it can be visually
inspected that each training was different from the previous one.

(a) Domino 1 Metrics Results (b) Cubes Metrics Results

(c) Domino 2 Metrics Results (d) Figure Series Metrics Results

Figure 7.6: BoxDots Plot results per Test

From figure 7.6a, it can be determined that the average results for test 1 are between
95-96%, these being excellent results. Now, analyzing figure 7.6b, it can be seen that it
has a performance below 95%, which, although it is not a bad result, shows that test
3 has lower results than test 1; on the other hand, the results of test 2 in figure 7.6c
indicate that this is the test in which the model had better metrics within all the others
being all highly close to 96%. In comparison, test 4, shown in figure 7.6d, is the one
that had worse results than all the others, with an average trend of 92% in its metrics.
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Table 7.6 shows the average values for each test after completing all the training
sessions.

Test Accuracy Recall Precision F1 Score

Domino 01 95.28571428571 95.28571428571 95.31706625995 95.2706986537

Domino 02 95.49285714285 95.49285714285 95.51383369003 95.4739114020

Cubes 94.50476190476 94.50476190476 94.51063858946 94.478482082

Figures 92.04285714285 92.04285714285 92.06525334253 92.0055405090

Table 7.6: Evaluation Metrics for Different Tests

(a) Domino 1 Class Distribution (b) Cubes Class Distribution

(c) Domino 2 Class Distribution (d) Figure Series Class Distribution

Figure 7.7: Class Distribution per Test

Another way to visualize the results is employing a violin plot, in which the box
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plot and a histogram are combined, allowing to observe in a better way the distribution
of the data, where the shape of the “violin” is how the results are being distributed,
the wider the section, the greater the concentration of data in that area, also in the
central part it can be seen the box with the representation of the quartiles in a similar
way to the box plot, and the bars denote the range of values from the minimum to the
maximum.

Figure 7.7 shows the different results of the four tests, showing the trends, ranges,
and distribution of results, giving an idea of how the model behaves. It is possible to
see in figure 7.7c that it is the one with the better distribution, and the conclusion is
the test that the model adapts the most.
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8 Conclusions

In this project, different types of methodologies were proposed to achieve the main
objective, which is to develop a model capable of classifying levels of attention; within
the proposed methodologies is the data augmentation that guarantees to reach a min-
imum set of data per target class, making more practical how the balancing of classes
is performed without the concern of generating repeated or equal images as long as the
limit of possible unique images to be generated for each original image is not exceeded.
This helps this research and could be replicated in other areas, allowing us to overcome
the disadvantage of having limited databases.

The second methodology proposed was the validation of data augmentation when
images or classes are extremely similar, using dimensionality reduction techniques and
diversity and affinity metrics.

The development of an artificial intelligence model combining the use of both branches,
such as Machine Learning and Deep Learning, has potential in attention level classifi-
cation, achieving an average accuracy above 95%, exceeding 90% in all tests.

The methodology followed in the project presents several advantages in comparison
with past research, which only focused on working with the original data. In the
research developed, synthetic data were generated, in addition to the combination of
two models extracting the characteristics of the images by means of DL and classifying
using ML models.

The model represents the reliability that was proposed in the hypothesis because
traditional methods, besides being invasive, presented a reliable alternative when de-
veloping this project due to their high accuracy and good precision, in addition to their
sensitivity to adequately distinguish the classes.

The comparison of models was a turning point because this resulted in the final
selection of the model to be developed, which was the project’s main objective. If an
inadequate model was chosen, it would present failures and generate a deficient model.

Another essential aspect that stands out in this research is the improvement of all
the past research because they all report the accuracy metrics; comparing the metrics
obtained in this project with other projects, it can be highlighted that all the research
has been improved, being able to observe this comparative in the table. In addition,
comparing the research with the previous direct work that was developed using the same
database, it is demonstrated that using a hybrid model optimizing the hyperparameters
of this one, a more robust model is generated than the one previously done.

Returning to the established objectives, the selected database was of the utmost
importance because research can stagnate without an adequate database. When the
database was chosen, different characteristics had to be evaluated, as well as the quality
of the data, and one of the main aspects to consider was that it had to be public.

The final model demonstrated not only accuracy but also sensitivity and precision,
as well as a great capacity for adaptation when presented with new and synthetic data,
given it is possible to ensure that this work demonstrates that by using eye trajectories
and artificial intelligence, it is possible to have a correct classification of the levels
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of attention, making it an important tool for the help of health experts, joining AI
with medicine allowing to generate better, more accurate diagnoses, not only focusing
on attention disorders, but cognitive disorders in general due to the similarity of the
conditions.

8.1 Future Work

One of the first possible future works is the acquisition of more data for model training,
the integration of more tests to be able to have more comparisons between investi-
gations, by acquiring more data it is possible to implement more robust models that
cannot be developed with a limited data bank.

Generate links with public and/or private hospitals, in addition to having medical
validation with specialists in the area; it is possible to have access to people with a
diagnosed condition in order to have a point of comparison. Develop a system that
not only uses eye trajectory data, but also generates an agent that accepts documents,
audios, videos, etc., that provides a real-time classification.

Another aspect is to implement the model within the NEURO-INNOVA KIDS®

Software, in which results could be given with greater precision, in addition to allowing
learning with new data and generating a more robust model. In addition to all this, it
is possible to have the validation of a person from the medical area to guarantee the
sensitivity and accuracy of the results obtained by the model.
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dissertation, Universidad Católica de la Sant́ısima Concepción, 2016.

[129] C. D. Wickens, J. S. McCarley, and R. S. Gutzwiller, Applied attention theory.
CRC press, 2022.

83



Annexes

84


	Portada
	Licencia
	a30fc8097156640bedcd81d77e76f41f7a1fc612b1911d33899a6aacbd9ed2b0.pdf

	a492c40c5447f53c71dd0133b78756823029c7f33b023ca94cb4f1c9964dc9a5.pdf
	List of Tables
	List of Figures
	Introduction
	Problem description
	Justification

	Background
	Cognitive Attention
	Attentional States
	Attention Levels

	Saccadic Movements
	Eye-Tracking

	Machine Learning
	Related Works
	State of art


	Theoretical Foundation
	Cognitive Attention
	Attentional States
	Attention Levels

	Saccadic Movements
	Artificial Intelligence
	Machine Learning
	Metrics
	Neural Networks

	Data Augmentation
	Diversity
	Affinity
	t-SNE

	Optimization
	Grid Search


	Hypothesis
	Objectives
	General Objective
	Specific Objectives

	Methodology
	Materials
	Database Selection
	Psychometric Tests

	Preprocessing
	Data cleaning and imputation
	Data Calibration
	Obtaining fixations and saccadic movements
	Region of Interest (ROI) Generation
	Database Labeling
	Image resizing and Data normalization

	Data Augmentation
	Validation

	Feature Extraction
	Models Selection
	Models Development
	Models training and testing
	Models validation
	Model Selection

	Optimization
	Grid search

	Attention Model Classification

	Results and Discussions
	Class Balance
	Data Augmentation Validation

	Experimental results
	Raw data training and testing
	Synthetic data training and testing
	Model Validation
	Optimization

	Optimized Model

	Conclusions
	Future Work

	Bibliographic references


