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Abstract

Electroencephalography (EEG) is a non-invasive technique for detecting changes in the
electrical field generated by the neurons activity. It can be used as a diagnostic tool in
medical contexts or to evaluate the behaviour of the brain in response to certain stimuli or
situations. However, EEG data is difficult to analyse it is composed by high-frequency time
series, multi-channel, and generated by a chaotic system. Therefore, the development of
methods and tools to facilitate the process is essential.

Cognitive training, on the other hand, refers to the possibility of training the mind in a
similar way to training muscles, but using specific tools designed for this purpose. Usually
these tools are interactive applications, e.g. video games. The efficacy of these tools is
rather questioned in the scientific community, at least in terms of inducing improvements in
general cognition or in core areas. Designing such tools and evaluating their effectiveness
is not trivial. This thesis proposes the use of EEG in combination with statistical analysis
techniques and artificial intelligence to study some key points to consider when designing
such tools.

The main body of the thesis is composed of 4 articles published in indexed journals
dealing with the above topics. The first one is a review of the literature to find the EEG
techniques that are most commonly used in combination with video games. Additionally, the
implementation of some of these techniques is studied, as well as their validation through
EEG data analysis. Another relevant element of this publication is the proposed method to
evaluate the correct implementation of the techniques included. The following article deals
with the main tool developed to assist in the analysis of EEG signals, eeglib, as well as its
design and implementation. It is a library for the Python programming language that can be
easily integrated with other popular Python analysis libraries. The third paper studies the
most common techniques used to estimate cognitive load through EEG and evaluates their
effectiveness through an experiment. This article focuses on the importance of making the
techniques generalisable to different contexts and people, for which it proposes an evaluation
process using machine learning techniques. The last article measures the cognitive load of
several people while interacting with a smartphone in order to find the type of activities
that demand the largest amount of mental resources.

Through the development of these articles, it has been possible to create a framework for
the processing and analysis of EEG signals oriented towards interactive applications in a
cognitive training context.
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Resumen

La electroencefalografía (EEG) es una técnica no invasiva que permite detectar los cambios
en el campo eléctrico generado por el funcionamiento de las neuronas. Puede ser usada como
herramienta de diagnóstico en contextos médicos o también para evaluar el comportamiento
del cerebro ante ciertos estímulos o situaciones. Sin embargo, los datos de EEG son difícil de
analizar al tratarse de series temporales de alta frecuencia, multicanal y generadas a partir
de un sistema caótico. Por lo cual, el desarrollo de métodos y herramientas que faciliten el
proceso es fundamental.

Por otro lado el entrenamiento cognitivo se refiere a la posibilidad de entrenar la mente
de una manera similar a los músculos, pero a través de herramientas específicas para dicho
fin. Habitualmente estas herramientas se tratan de aplicaciones interactivas, por ejemplo,
videojuegos. La eficacia de estas herramientas está bastante cuestionada en la comunidad
científica, al menos a la hora de inducir mejoras en la cognición general o en las áreas
principales. Diseñar este tipo de herramientas no es trivial y evaluar su efectividad tampoco.
En esta tesis se propone el uso de EEG en combinación con técnicas de análisis estadístico
e inteligencia artificial para estudiar algunos puntos clave a tener en cuenta a la hora de
diseñar este tipo de herramientas.

El cuerpo principal de la tesis está compuesto por 4 artículos publicados en revistas
indexadas que tratan estos temas. El primero de ellos se trata de una revisión de la literatura
para buscar las técnicas de EEG que más se utilizan en combinación con videojuegos.
Adicionalmente, se estudia la implementación de algunas de estas técnicas, así como la
validación de las mismas a través del análisis de datos EEG. Otro elemento relevante de
esta publicación, es el método propuesto para evaluar la correcta implementación de las
técnicas incluidas. El siguiente artículo trata acerca de la principal herramienta desarrollada
para asistir en el análisis de señales EEG, eeglib, así como del diseño e implementación de
la misma. Se trata de una librería para el lenguaje de programación Python que puede ser
fácilmente integrada con otras famosas librerías de análisis para Python. El tercer artículo
estudia las técnicas más comunes usadas para estimar carga cognitiva a través de EEG y
evalua su efectividad a través de un experimento. Este artículo hace especial foco en la
importancia de que las técnicas sean generalizables a diferentes contextos y personas, para
lo cual propone un proceso de evaluación utilizando técnicas de aprendizaje automático.
El último artículo mide la carga cognitiva de varias personas mientras interactúan con un
teléfono inteligente con el fin de encontrar el tipo de actividades que más recursos mentales
demandan.

A través del desarrollo de estos artículos, se ha conseguido crear un marco de trabajo para
el procesamiento y análisis de señales de EEG orientado hacia aplicaciones interactivas en
un contexto de entrenamiento cognitivo.
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CHAPTER 1

Introduction

The main focus of this thesis is on methods of analysis of electroencephalography (EEG)
signals useful for cognitive training evaluation. The main work is related to the development
of techniques and software tools for EEG signal processing that can be applicable to cognitive
analysis. Cognitive training programs effects are usually difficult to evaluate only through
cognitive assessment tests due to the presence of multiple types of biases, being biological
signals one of the best alternatives. EEG source is the brain itself, which makes it one of the
best biological signal for cognitive analysis. Therefore, the research and development of
processes and methods for using this kind of data for cognitive analysis is important.

This chapter covers the context, the main motivation, the objectives, the work plan and
the resources and tools used to develop this thesis. Regarding the context, information about
the problems and limitations of cognitive training trough video games are addressed, as well
as how EEG works and its application to that ambit. The objectives section discusses the
main objective of the thesis, along with secondary objectives that are understood as minor
steps to reach the main one. The next section deals with the planning of the development of
this work, which has been divided in stages that are mapped to the secondary objectives.
As the last section of this chapter, the hardware and software tools, and the resources used
during the work are described.

1.1. CONTEXT

This section provides to the reader the context necessary to set the basic ground of the
whole thesis. There are two main topics covered in this section: cognitive training and EEG
signal analysis.



2 1.1. Context

1.1.1. Cognitive training

The term cognitive training refers to the improvement or maintenance of mental abilities
through different activities. It is often compared to physical exercises, in which a person
can improve different parts of the body, although cognitive training is more complex.

Cognitive abilities

Regarding physical exercise, there are specific muscles and other concrete aspects that
can be trained, while, in regard to cognitive training, what can be trained is more diffuse.
This type of training is focused on cognitive abilities, but what exactly are those cognitive
abilities varies across intelligence models. This thesis will make allusion mainly to executive
functions as defined in [5] in combination with other sources that will be referenced later in
the text. The paper presents the three main executive functions (working memory, inhibitory
control, cognitive flexibility), along with the relation between them and some emergent
skills that rely on them. It is relevant mentioning some other widely recognised models
which present different cognitive abilities like g-VPR [6] or Cattle-Horn and Carrol model
(CHC) [7] which joins together the Cattle-Horn model [8] with Carroll model [9]. The fact
that there are many models that refer to cognitive abilities makes difficult to identify in
what exactly should cognitive training focus on.

Before continuing, it is worth to talk about some of the most typical cognitive abilities
trained that will be referred later in the text. As stated before, there is no established standard
that defines cognitive abilities, so the skills that are presented below are some of the most
trained ones along with others related to them. Starting with memory, it is usually divided
in three types: sensory memory, short-term memory and long-term memory [10]. These
types are also usually divided into more sub-types, but those are out of the scope of this
work.

Sensory memory lasts around 1 second and it stores information from various
senses like sight, hearing and touch. Its main function is providing temporal sensation
regarding the inputs a person receives. Usually this type of memory is not aimed as
an objective of cognitive training.
Short-term memory, also known as working memory, keeps information during
short time periods for complex cognitive processes. It is also considered one of the
main executive functions. Short-term memory is really important by itself but also as
support for other cognitive skills, such as reasoning or planning. Working memory
also has an important role in language related abilities and visuospatial ones. When
making allusion to the amount of resources being used by the working memory, the
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term cognitive load is used often. This is one of the most trained cognitive skills, and
therefore, there are lots of tools and exercises that claim to be effective in improving
it.
Long-term memory holds information for long periods of time, which can range
from past experience to formal knowledge. Cognitive training of long term memory
is not very common, being focused mainly on information retrieval.

The next group of cognitive abilities are those related to attention, a term that alludes some
cognitive abilities with some similarities but considerably different between them. Most of
the types of attention rely mainly on the inhibitory control executive function, and secondly
on working memory; however there are a few types that are also supported by cognitive
flexibility. The inhibitory control term refers to the capability of a person of being able to
suppress the stimuli and information not relevant for the task they is doing in that moment.
Besides attention, which is the more relevant part for training, inhibitory control is highly
related with self-control regarding behaviours and emotions. On the other hand, cognitive
flexibility refers to the capability of changing the mental context in a given moment. In this
case, context can mean changing the perspective on a 3D mental environment, changing
the activity the person is doing or even putting themselves in the place of another person.
Below, there are the main four types of attention, although some authors include more types.
All of these kinds of attention are often trained in mental training programs, specially for
people with attention deficit hyperactivity disorder (ADHD).

Selective attention is used when trying to focus on an stimulus, while ignoring
others. Some examples of this could be keeping track of a specific conversation in a
crowed space or reading a book when using public transport.
Sustained attention refers to keeping the focus on an activity or stimulus during long
periods of time. This is something very common for almost everyone, for example,
studying for an exam.
Divided attention emerges when someone tries to perform more than one activity
or to keep focus on more than one stimulus simultaneously. This type of attention is
required for multitasking, so developing it can be highly desirable.
Alternating attention is highly related to divided attention because it appears when
dividing the focus between different tasks or stimuli, but not simultaneously. This
happens in situations that require continuous change of context, for example, cooking,
in which in a given moment it is necessary to cut food, later to check the pot and after
that return to cutting food.

There are many more cognitive abilities focused on other mental processes or derived
from the ones discussed above. As said before, the specific abilities are different depending
the author, but below there are shown some of the most relevant for the focus of this work:
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Reasoning is the cognitive process of finding the reasons underlying a certain prob-
lem. It has subtypes, being the most notorious deductive and inductive reasoning.
Reasoning is one of the skills that has received more research regarding training it.
Problem solving is often related with reasoning and many training programs tackle
both at once. This process searches the series of steps needed to solve a problem, but
it also includes previous phases like discovering the problem and analysing it.
Planning skill consists of the articulation, the assessment and selection of the neces-
sary steps for achieving a goal. It can be noted that planning is also highly related
with problem solving in some of its phases.
Speed of processing is a cognitive skill that is higher when the time required to
process information decreases. It is a transversal skill that has influence on almost any
other mental process, therefore, it is also one of the most trained abilities as improving
it can enhance others too.

How to train cognitive abilities

Almost every activity a human does can improve a cognitive skill, however, there are ways
to increase it more efficiently. Following the analogy with physical exercise, quadriceps can
be developed just by climbing stairs, which is something that many people do everyday,
however leg press will be more effective if training quadriceps is an objective. The main
tool for cognitive training usually is computer based exercises, but there are many other
proposed as physical exercise, playing musical instruments or playing chess. It is worth
mentioning one specific type of computer based training which is one of the main focus
of this thesis: video games. Some tools are better to train certain cognitive abilities than
others, for example in [11] is stated that children with musical training improved their
linguistic skills and non verbal reasoning, while they did not improve in other areas like
inhibitory control or visual memory. There are lots of cognitive training procedures oriented
to different aspects of cognition, some aimed to broad abilities like working memory, while
others are focused on more narrow abilities like lexical knowledge.

Independently of the tool used, it is important a continuous practice when carrying out
mental training programs to get enough gains and to keep them. This also happens with
physical exercise: a person needs to go during some time to the gym before starting to see
notable changes, but they start decaying some time after stopping the training. Keeping
constancy in training is often hard, therefore, it is important to design the training tools
and programs having that in mind. The perseverance problem is even higher for some
neurodivergent people, especially when they have attention deficit. In the psychology
context, the concept engagement refers to the degree of involvement with an activity in a
sense that implies an emotional connection, but also a cognitive focus. The term has been
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widely used in education research [12], where it has been proven that a high engagement
leads to better learning [13]. A cognitive training tool that produces a high degree of
engagement most of the times will perform better than one that does not engage enough
with their users. One of the main ways proposed to generate engagement is gamification
[14]. The term gamification means including techniques and design patters typical from
video games on tasks that are not video games with the goal of increasing the motivation to
do that task. This line of thinking leads to one of the main tools used in cognitive training:
video games.

Video games as training tool

Video games have been widely used for cognitive training, being one of the most known
and popular titles the saga of “Dr. Kawashima’s Brain Training”. There are some other
widely used cognitive training oriented video games like “Lumosity” or “Elevate”. All of
these tools claim to be able to improve lots of general abilities and they are in a middle
point between video games and computerised training programs, but closer to the second
one. However there are many other tools closer to video games and that are focused on
improving or maintaining more specific aspects of the cognition or even being a treatment
for some mental conditions. Typical video game mechanics can activate parts of the brain
related with executive functions [15], which opens the possibility of using them for cognitive
training. The literature [16] shows that playing commercial video games can enhance some
cognitive aspects of the mind. In a medical context, cognitive training using video games has
been proven to be effective as treatment for disorders like ADHD [17] or autism spectrum
[18]. Despite there are papers in the literature that support the effectiveness of cognitive
training in video games, rarely they have strong results. Here a question arises: How much
effective are video games for training cognitive skills?

Cognitive training transference and controversy

Following the question asked above, a more general one emerges: How much effective are
cognitive training programs? This question is not free of controversy. On 2014 the Stanford
Center on Longevity published a letter with the signature of 70 researchers on the matter
[19] that was questioning the effect of cognitive training products on improving the general
cognitive performance and on preventing cognitive decline based on scientific evidences.
The main criticism where oriented to the advertisement of those products that claimed that
consumers playing them would be smarter, while there was no real evidence of that. This
letter got a reply [20] with more than 120 researchers’ signatures that agreed in many points
regarding how brain training products were advertised, but showed the real value of many
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studies in which cognitive training worked. Actually, there is not yet a consensus about this
issue and, in fact, the research in this field has been growing a lot in last years as Figure 1.1
shows. Despite the brain training area is considerably big, most of the doubts about their
effectiveness come from the transfer problem.

Figure 1.1: Graphic showing the number of articles related with cognitive training each
year extracted from Scopus database.

The term transfer in the field of cognitive training refers to the capability of applying
learned knowledge and skills in a specific context to a different one. For example, given a
person that learned how to keep in their short-term memory a list of numbers, could they do
the same with alphabetical characters? Usually, researchers talk about two types of transfer:
near and far transfer. Near transfer appears when the learned skill still works after a small
change in the context, like in the example proposed, while far transfer implies a big change
of context or even the improvement of a ability different to the trained one. Following the
previous example, a far transfer situation could be that the person could be able to remember
lots of number phones in their long-term memory. Most of the main criticism towards
cognitive training comes to its inability of producing far transfer improvements, which
implies that it is unable to improve general cognition [21]. In fact, there are authors who
question that far transfer is even possible in humans, like in [22], where a meta-analysis
of people training with chess, music and working memory exercises is conducted and the
paper determines that there is not enough evidence to support the existence of far transfer at
least with using those tools. In [23], through a second-order meta-analysis about the effects
on near and far transfer of different cognitive training methods, concluded that the effect
on far transfer was almost null, while, for near transfer, it was moderated. So, far transfer
appears to be unachievable, but near transfer has shown some real effects, for example, in
[24], a meta-analysis that evidences that many researches found near transfer occurred for
working memory tasks, or in [25], another meta-analysis that also found that near transfer
effects happen frequently. These near transfer effects usually are reduced according to how
much different is a task compared to the training.
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Why far transfer effects of cognitive training does not happen and near transfer ones
are usually moderated? When doing cognitive training tasks, most of the people improve
their performance on them. At first, these improvements come from getting used to the
tasks, however this has its limits, so trainees develop specific strategies to tackle the task.
These strategies usually are different for each person, but they tend to be more specific to
the task as the user gets better on it. For tasks that are similar enough to the used for the
training (near transfer) some of those developed strategies can applied, while for those that
differ significantly none of the trained strategies can be reused. As said before, cognitive
training appears to be unable of improving general cognition, and that happens because
human brain tends to specialise in different abilities and knowledge when learning them
instead of trying to develop transversal capabilities to them.

So, does this mean that cognitive training is useless? Not at all, but it is not the silver
bullet that can solve every cognitive problem as some people claim it is. Cognitive training
has real uses, as the section “Published papers” of “Cognitive Training Data” website 1 shows.
Most of those uses are for helping patients with a specific medical conditions [26, 27] or for
rehabilitation [28, 29]. Many of the systematic review articles referenced above highlight
the methodological errors usually committed in many cognitive training studies. These
errors often come from experiment design problems regarding validation which can lead to
get better results in the experiments than the real ones.

How cognitive training programs are validated

In research of treatments, specifically of cognitive training, it is essential the validation of
proposed methods and techniques before being able to assure their effectiveness. Experi-
ments to evaluate the efficacy of an intervention must include, at least, two groups: active
and control. The active group is the one that receives the treatment, while the control group
does not. Each member of these groups performs a pre-test before the intervention and
a post-test after the intervention. These tests have as objective the measurement of the
aspect that the treatment aims to improve and, in some cases, some other related aspects.
Comparing the change in the measures between groups and obtaining statistically significant
improvements in the active group are often considered enough in many papers as a way to
validate their proposed intervention, however this method is too simplistic and does not
contemplate lots of possible biases.

One of the problems of the scheme above is the inclusion of only a control and an active
groups. This is problematic because the placebo effect usually influences an improvement
[30]. When participants are informed about the objective of the experiment, they often

1
https://www.cognitivetrainingdata.org/studies-cognitive-training-benefits/

 https://www.cognitivetrainingdata.org/studies-cognitive-training-benefits/
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create expectations about their cognitive abilities would become better, which can lead to
increase the result of the post-test due to the placebo effect. The main proposed solution is
the inclusion of a third group, named placebo group, that receives an intervention which
has no effect on what the experiment is trying to measure. This way, effects caused in the
experiment due to the expectations of the participants can be taken into account when
analysing the results. Regarding the groups, it is also relevant the number of participants in
each group. Despite there is not a standard in cognitive training area and the final number
can depend on characteristics of the experiment itself, each group should have a statistically
significant number of participants.

Another relevant bias that appears often in cognitive training studies is not having into
account the duration of the effects induced by the program. Usually just a post-test after the
training is done, however this ignores how much time it takes for the effects to disappear
or if they do. The solution to avoid this is the inclusion of more tests after stopping the
training. To increase even further the thoroughness of the analysis, a comparison between
the effects participants that stop the training and the ones who continue it should be carried
out. When this extra post-tests should be done depends on the duration of the experiment
itself and in the hypothesis about how much the effects last.

The main bias that appears in lots of cognitive training papers is related with the tests.
Tests (both pre and post) musts assess the level of the cognitive/s ability/ies the training
aims to improve. This tests often consist of the same tasks that are done during the training
or modified versions of them. Considering the learning transfer limitation often seen in
these training programs and how the brain tends to find specific techniques to deal with the
tasks, using the same activities than in the training leads to obtain a measurement about
how good is the performance of the participant in the training instead of a measurement of
the cognitive ability itself. A better option is using an assessment for the trained cognitive
ability that differs considerably from the training. Nevertheless, this can still fall inside
the near-transfer field, so, as a complement to check the far-transfer effects of the training,
another test should be done. This, however, is more difficult to measure given that most
laboratory tasks are related with near-transfer. One of the ways to assess the far-transfer
learning is studying the effects of the training on the daily life of the participant, although
this is difficult to do directly and, if it is done through questionnaires filled by the participant,
subjectivity can produce another bias. Another way to measure if far-transfer learning
appears is using biological signals (biosignals). Biosignals are data gathered using different
sensors over the body. They can be extracted from multiple sources, like the hearth through
an electrocardiogram, the eyes through eye tracking, or even the brain itself with EEG.
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1.1.2. Electroencephalography

EEG is a non-invasive technique technique for obtaining readings of the brain activity,
which requires the placement electrodes over the scalp. These electrodes are capable of
measuring the voltage fluctuations that neurons produce during the brain activity. EEG
devices are often caps with fixed positions for the electrodes which reduces the effects that
movement of the user can have during signal acquisition. There is also an invasive version
of EEG that is intracranial, however it is out of the scope of this thesis. The data obtained
through the electrodes is represented as a sequence of numbers that follow a temporal order,
which is called signal. There are multiple techniques in the literature for processing and
analyse signals to extract high-level information.The analysis of EEG signals is widely used
in medicine and psychology, and serves as a support tool in fields like marketing or game
design. It also has a notable role in human-computer interaction and prostheses in a domain
known as Brain-Computer Interface (BCI).

Related techniques

There are three main alternatives to EEG: magnetoencephalography (MEG), functional
Magnetic Resonance Imaging (fMRI) and functional Near-infrared spectroscopy (fNIRS).
Some other techniques exist, but these three are the most widely used. The mentioned
techniques also share one relevant aspect regarding research: they are non-invasive.

Both EEG and MEG register information from the same source: ionic currents generated
by neurons activity. However, EEG records the electrical fields, while MEG records the
magnetic fields [31]. MEG devices usually are bigger than those used in EEG and they are
fixed on a place, which makes them unsuitable when movement or comfort are required. In
addition, they are more expensive, which makes them less accessible for research. On the
other hand, MEG have a better spatial resolution and noise sensitivity than EEG because
magnetic fields are less distorted by skull and scalp than electrical fields [32].

Unlike EEG andMEG, fMRI does not use as source the ionic currents that neuron generates,
but the blood flow which is also coupled with neuronal activation [33]. A fMRI scanner is
a cylindrical tube that contains a powerful electromagnet which creates a magnetic field,
which is used in a complex method to detect oxygen in blood. Its cost is very high and has
even more limitations than MEG regarding of mobility of users. It also has lesser temporal
resolution than EEG andMEG, however it has the best spatial resolution among non-invasive
techniques [34].

The last technique, fNIRS uses the same source than fMRI: blood flow. However, fNIRS
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can only take readings from the cortical surface and regions near to it. This method uses
infrared light to detect alterations in the oxygenated and de-oxygenated haemoglobin in
the blood. Similarly to EEG, it can be wear as a cap on the head, which allows the user to
move freely. Compared to EEG, fNIRS have a higher spatial resolution, but a lower temporal
resolution [35]. The main disadvantage of fNIRS over EEG is the low adoption degree both
in research and industry, which makes it less accessible. However, this is changing lately
and, in the future, fNIRS probably will have a prominent position among brain imaging
technologies [36].

Taxonomy of EEG devices

There are many aspects of EEG devices which are specially relevant for the researcher
who aims to use them. From a general perspective, EEG devices can be characterised by
their application domain: clinical or consumer. Clinical EEG products are those used by
physicians in hospitals and other medical centres. These EEG devices generally obtain data
of more quality in terms of reliability than the consumer ones, however they are signifi-
cantly more expensive too. Clinical EEG products are usually bigger and more complete in
terms of accessories and a software with more capabilities and less restrictions. Consumer
EEG devices usually are limited by software and require the user to buy different licenses
depending on the their needs. Although clinical devices are generally better, consumer
devices are also valid for research [37]. Within the set of consumer devices, there is a subset
of products more oriented to research with better characteristics and allowing a greater
access to the data. It is worth mentioning too the existence of do-it-yourself EEG headsets,
which can be good devices and cheaper, but its quality is not assured by a manufacturer.

Other perspective to categorise EEG devices is the types of electrodes they use. There are
mainly two kind of electrodes: wet and dry. The type that has been used for the longest
time are the wet ones. They require to be moistened with an electrolytic substance before
using them. This substance can vary depending on the specific electrode, which subdivides
the wet category into other three: water, saline saline solution and gel-based. The three of
them are similar between them regarding the ease of use and the recording quality. On the
other hand, dry sensors require less preparation which make their use faster in exchange of
being more sensible to movement and losing a bit of signal quality [38].

Main characteristics of EEG devices

Within the common characteristics across every EEG device, the two more relevant are the
sample rate and the number of electrodes. Sample rate refers to the frequency at which the
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headset takes measures. A higher sample rate means more temporal resolution, which is
something desirable. One restriction that must be taken into account is that stated by the
Nyquist–Shannon sampling theorem [39], which says that if there is a need to analyse a
signal at a frequency 𝐹 Hz, it needed to be sampled at a rate of 2𝐹 Hz. Research on EEG
often focuses on frequency bands defined in the literature, being the most notable ones:
delta, theta, alpha, beta and gamma. More information about frequency bands is given a
subsection below. Most research needs, at much, to analyse the gamma band, which ranges
between 30 Hz and 100 Hz, so, following the Nyquist–Shannon theorem, a sample rate over
200 Hz is enough for that purpose.

Having a large number of electrodes implies being able of collecting a big quantity of
data over more different locations. Some headsets have fixed positions for the electrodes,
while others let the user placing them in the desired location. While a higher number
of electrodes in configurable positions is desirable regarding data collection, it has the
counterpart of needing more time for setting them up. The minimum number of electrodes
required and their location depends on the specific application of the EEG. For example, in
[40] the authors found that reducing the number of electrodes from 40 to 9 does not have a
significant effect for online decoding applied to BCI. On the other hand, in [41] they found
that reducing the number of electrodes from 19 to 8 and 4 had significant changes on visual
interpretation by human experts of seizures of neonatal infants. There are even works in
which the researchers have opted for using only one electrode with good results [42].

Electrode placement

There is an international standard for defining the positions of the scalp electrodes called
10-20 system [43]. The name makes allusion to the percentage of distance from back to
front or from left to right at which adjacent electrodes can be placed. The identifier of each
position is composed by one or two letter followed by a number. The letters that represent
general brain regions can be one of the next:

Fp. Pre-frontal.
F. Frontal.
C. Central.
T. Temporal.
P. Parietal.
O. Occipital.

The number provides information about the position of the electrode within each area.
Even numbers represent electrodes that are placed on the right side of the the head, while
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odd numbers represent those on the left side. For the electrodes placed just on the midline,
the low case character z is used. Figure 1.2 shows the placement of all the positions of
electrodes following the 10-20 system. There are some other standard systems with higher
resolutions that are based on the 10-20 system, like the 10-10 system or the 5-10 system.

Figure 1.2: Diagram of the placement of electrodes on the head following the 10-20
system.

Most of EEG systems currently have these positions labelled, simplifying the placement
of the electrodes, but there are others that allow the user to freely put the electrodes in any
place. In this case, the EEG operator should measure manually where the 10-20 landmarks
should be placed if they wants to follow the standard to ensure reproducibility.

Properties of EEG signals

EEG signals are non-stationary [44] due to the ever-changing nature of the brain. Non-
stationary signals are those in which their characteristics change with time, contrary to
stationary signals. In this context, the characteristic term refers to statistical values such
as the mean or the standard deviation, but also to spectral features. Another property
intrinsic to EEG signals and closely related with the previous one is that they are chaotic. A
chaotic system, in mathematical terms, is one highly sensitive to the initial parameters, so a
slight change on them can produce very difficult results. This makes this kind of systems
unpredictable, and, despite the intrinsic dynamic of the brain are not known, the electrical
signal it generates have a behaviour similar to chaotic systems [45]. This chaotic aspect also
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emerges in EEG recording because they are formed by multiple overlapping signals that are
originated in different sources and at different frequencies. These properties often imply
that nonlinear analysis methods and techniques are required to extract proper information
from the signal.

In addition, EEG signals are usually very noisy because a range of factors that can be
classified in three groups. The first one is the number of layers (scalp, skull, etc.) that
attenuate the intensity of the electrical field generated by the brain. The second group
of factors is the processes of the body that interfere with brain signals. This is specially
common for eye activity, such as movements and blinks; but also for facial expressions and
head movement. The third group includes external factors, such as power lines and other
electrical devices that can produce electrical fields. There are multiple tools to deal with
these factors, like the physical design of the EEG device or the analysis techniques that have
the noise into account [46], but it is almost impossible to suppress completely the noise in
this kind of signals.

All these properties make difficult to extract information from EEG signals. There are
many analysis techniques and methods for dealing with EEG data, and they can be classified
in three types: preprocessing, feature extraction and analysis. These three types of analysis
can be associated with different phases in a big procedure. A brief description of these
phases accompanied by some relevant techniques is presented below.

EEG signal preprocessing

Preprocessing is the step where the data is altered to be more suitable for further steps. What
“suitable” means depends on the needs of the next step, but generally it means obtaining a
less noisy and more reliable signal. There are multiple techniques to achieve that and many
of them can be combined. One of the most used techniques are frequency filters, which allow
rejection and selection of specific frequency ranges. Using this technique allows erasing not
wanted sources of the signal that appear at known frequencies. One of the most notable uses
of them is removing lowest frequencies (<1 Hz) which are often affected by direct current
electric fields, but they have many more [47]. The most used frequency filters are low-pass,
which does not let pass waves over a concrete frequency; high-pass, which does not let
pass waves under a concrete frequency; band-pass, that only allows waves between two
frequencies to pass; and band-stop, that reject waves between two frequencies.

Artifact removal is the process of removing undesired signals from an EEG recording.
The most common types of artifacts are ocular movement, blinks, muscular activity and
cardiac activity [48]. There are many ways for removing these artifacts that vary depending
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on which one needs to be removed. As described above, filtering can help in removing some
artifacts that proceed from power lines. There are also methods for removing ocular artifacts
by recording them simultaneously and using that recording to clean the EEG signal, but
this is difficult to do sometimes. One of the most used techniques in EEG are blind source
separation methods, being the most relevant one Independent Component Analysis (ICA)
[49]. This technique can unmix linearly mixed signals, assuming that the source signals
are statistically independent, although it can work successfully even if they are not. When
signals are unmixed, artifacts are isolated and can be easily identified and removed. There
are many other methods for artifact removal as [48] describes.

There can be other needs for the signal in later stages, like reducing EEG data size. The
reduction of data size is often desirable to speed up further calculations, which can be critical
for certain applications like BCI or neurofeedback that require to be processed in real-time.
There are two ways of reducing the size of EEG data: vertically and horizontally. The vertical
reduction consist of removing the less relevant channels for the specific application the
data is going to be used. Horizontal reduction consist on reducing the length of each data
channel for which downsampling techniques are used. Downsampling is only useful when
the information needed from the data is contained in low frequencies, because it destroys
high frequencies.

Transformations and frequency bands

Transforms are a set of techniques that are widely applied to EEG signals. They can be used
in preprocessing phase to clean the data, as well as in feature extraction phase to obtain
information from it. Transforms are mathematical functions that take as input another
function in an specific domain and, as output, they produce a function on other domain.
One of the most famous transform is Fourier Transform [50], that converts a function in
the time domain to the frequency domain. In EEG, Fourier Transform is used widely, but it
cannot be applied directly to a signal because they are finite successions of values and not
functions. Therefore, for finite time series Discrete Fourier Transform (DFT) is used, mostly
through the Fast Fourier Transform (FFT) algorithm [51], which performs considerably
better. Applying DFT to EEG data lets the researcher study the power spectrum of the
signal, which gives information about which types of waves are more present in the data.
Traditionally EEG is studied at specific frequency bands, although the exact limits of each
band vary depending of the authors. Next, each main frequency band is listed and briefly
described based on [52]:

Delta (0.5 - 4 Hz). Its power is higher in deep sleep and stands out in the frontocentral
regions. It can be used to detect encephalopathy, focal cerebral dysfunction and
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epilepsy.
Theta (4 - 7 Hz). This rhythm generally increases on early sleep stages and in
drowsiness. Its relation with alpha waves gives information about the cognitive load
[53], and its ratio to beta rhythm is an marker of cognitive processing capacity [54].
Alpha (8 - 12 Hz). Generally, it is the most present rhythm in awake state. It is closely
related with creativity [55], and to other high level brain processes.
Beta (13 - 30 Hz). Its power tends to be low, but, similarly to alpha rhythm, it is
related to high level brain processes, such as inhibitory control [56] or engagement
[57].
Gamma (30 - 80 Hz). These waves are related mostly to sensory perception processes,
and they are not used often in cognitive analysis.

Some authors also propose some other frequency bands, such as mu and sigma, which
are close to alpha, or high frequency oscillations, which move over 80 Hz. These bands,
however, are less used and studied than the above ones.

Most of the times, these frequency bands are studied through DFT and FFT. However, this
transform presents two notable problems that must be addressed. The first of them is that
FFT assumes periodic signals, so the start and end of the segment should match, which is
rare in EEG data. This is solved mainly by using window functions, which generate series of
points following bell-shaped curves that are multiplied to the signal. Nevertheless, window
functions have to be used carefully because they modify the frequency content of the signal.
The other main problem of FFT is that it does not contain any time domain information,
therefore it do not enables analysing how the spectral power evolves along the time. One of
the main workarounds for this problem is the Short-Time Fourier Transform (STFT), which
consist in dividing the signal in shorter segments (windowing) and then compute FFT in
each of them.

There are more types of transforms to frequency domain that are often applied to EEG
data, which have some advantages and disadvantages over DFT. The most notable ones
are wavelet transforms, which solve the problems stated above regarding FFT. A wavelet
is a zero-mean wave of limited duration whose beginning and ending are also zero. This
method works by applying the convolution operation to the signal using wavelets many
times at different scales. This whole process is known as Continuous Wavelet Transform
(CWT) and produces an spectrogram, which contains simultaneously time and frequency
information. The main drawback of CWT is its high computational cost compared to FFT.
Discrete Wavelet Transform (DWT) is an alternative version that imposes some restrictions
over the types of wavelets it allows and produced an output that contains less information,
which is more difficult to interpret, but that is really fast to compute.
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EEG feature extraction

This phase is used to summarise the signal into a set of features that are obtained through
the application of different algorithms to the data. Despite multiple taxonomies can be
applied to the feature extraction algorithms, the one to be focused here classifies whether
the feature is applied to only one channel or to more than one.

Regarding one channel features, there are lots of them that aims to analyse different
aspects of the signal. Lots of features are obtained from the time domain, while some of
them are built upon transformations. One that is applied often to both is the power of the
signal, but how it is compute vary depending of the domain. It can be understood as the
energy the signal is carrying and it increases with the amplitude of the different waves that
form EEG signals. When applied to frequency domain, it is often used to estimate the energy
that typical EEG bands carry. Some other single channel features are based in statistical
computations, such as Hjorth parameters [58]. The origin of many of feature extraction
techniques is from outside of signal processing area. For example, there is a group of features
that are based on information theory, like Lempel-Ziv Complexity (LZC) [59] or Sample
Entropy (sampEn) [60]. There is even a group of features that are based in fractals theory
[61] which considers signals as fractals and obtains values that summarise their properties,
such as fractal dimension or self-similarity.

Most of multichannel features are specifically applied to two channels. Usually, it is
relevant to study how two channels are related, and, if more than two channels must be
studied, they tend to be paired between them. Sometimes this kind of features are obtained
by combining single channel features computed at different electrodes through methods that
evidences differences like division or subtraction. There are also more complex methods
for comparing two signals, for example Pearson cross-correlation coefficient [62], which is
an indicator of synchrony between two signals. Pearson coefficient is a fast method, but it
can struggle in finding how much two EEG signals are coupled due to their complexity. A
method that produce a better estimation of synchrony is Synchronization Likelihood (SL)
[63], which was developed originally to deal EEG data; however it is a very computationally
intensive algorithm. As a way to compare two sequences, one technique used frequently are
distances measures, but standard ones, such as Euclidean or Manhattan distances, do not
suit well for signals because they can vary their relative speed. On the other hand, elastic
distances, such as Dynamic Time Warping (DTW) [64], are more appropriated because they
do not map data points one to one, which makes them more flexible.



1.Introduction 17

EEG analysis techniques

This phase objective is the extraction of useful knowledge from the data. There are three
main approaches for it: visual analysis, statistical analysis and machine learning analysis.
These three approaches can be applied either to the extracted features, to the preprocessed
data or to the raw data, but usually is desirable to apply them over the extracted features.

In their origins EEG analysis was performed by visual inspection of raw recordings.
Currently, visual analysis is still carried out, but it is less used due to a range of factors.
The first of them is that it requires experts with specific formation and experience in EEG.
This type of analysis also includes the subjectivity and bias of the expert, which limits their
scientific validity. However, it is still really useful in clinical applications and it can even
been combined with other analysis methods. For example, in [65], they use experts to label
some segments of sleep stages from a long recording and they complete the labelling using
machine learning methods.

Statistical methods are widely used in EEG signal analysis since long time. There are two
main types of statistical methods that can be used: descriptive and inferential. Descriptive
statistics goal is to summarise data using marker such as mean, median or standard deviation.
As seen in the subsection above, descriptive statistic can be used for feature extraction, but
they also can be used to sum up results from various recordings. Inferential statistics enable
to draw conclusions through tests that serve for accepting or rejecting hypothesis about
how data is distributed. There are multiple types of tests and which one should be used
depends on the nature of the problem [66].

The boom in recent years of machine learning techniques has also influenced the way
EEG signals are analysed. Regarding data analysis, there are two relevant groups of this
type of methods: non supervised and supervised. Non supervised techniques helps the
researcher in discovering how data are distributed mainly through clustering techniques,
suck as K-Means [67] or DBSCAN [68] algorithms. Supervised learning uses labelled datasets
to train models able to predict or classify those labels for new data. Supervised learning is
useful for finding patterns in the brain associated with determined behaviours or activities.
Most of methods are only successfully applicable to features extracted from the signal,
but some neural network architectures, such as recurrent or convolutional ones, are able
to work directly with raw data and preprocessed data. Another set of machine learning
technique that are really useful in EEG are feature selection methods, which can find the
best combination of features for profiling an specific aspect of the brain.
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EEG in cognitive sciences

Cognitive sciences often need to measure the performance and difficulties of people doing
some kind of mental activity. Sometimes they even require to know about people’s emotional
state when performing the task. Traditionally, the way to assess these mental states is
through questionnaires, which is biased due to subjectivity. There are other methods that
allow estimation of the performance of many cognitive abilities, but they are unique to each
one. For example, for attention, the score of the test can be used directly as a measure. As
told before, EEG is also a powerful tool for estimating when different cognitive abilities are
being used and in which degree. However, how this estimation is computed is non-trivial
and must be studied properly.

A range of cognitive abilities and other brain aspects can be measured through EEG
analysis. According to [69], one of the most studied mental processes is cognitive load or
and other ones related to it. Cognitive load is highly related to learning [70], and, therefore,
to cognitive training. Other cognitive state that can be relevant to study about is engagement,
given that a high engagement means a high adherence to the training program. Despite
research does not focus in it as much as to cognitive load, there are very relevant papers
about it [71, 72]. Other mental states which are widely studied and can be useful in cognitive
training, although they are not cognitive abilities, are emotions. The literature includes
lots of approaches shown above for emotion recognition [73]. There are, however, some
abilities very difficult to measure using EEG, such as long-termmemory capacity or retention,
although this does not apply to some processes related to it like retrieving.

As seen, many indices and techniques to estimate different mental states exist. These
indices, although they can be good approximations, present some problems that must be
addressed when using them. Many of these problems arise from individual brain differences
and how that affects to the already chaotic EEG signals. It is usual that features that work
properly on a person, also work properly on another one, but the patterns associated
to a mental state can be different in lots of ways. For example, a determined value can
indicate a high presence of the mental state in person A, but low presence of the same
mental state in person B. Also, maybe person A most relevant electrode is different to
person B one. This example also assumes that both people are using the same headset with
the same configuration, because using different devices can aggravate even more these
differences. These individual differences also make difficult comparison between people of
EEG estimations, therefore every comparison of mental states should be made only for the
same person at different points in time. Another relevant problem is that the indices are
estimations which are often affected by other processes of the brain, so it is not strange to
obtain false positives when assessing the presence of a mental state. This problem can be
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surpassed by recording a large quantity EEG data at different times.

1.2. MOTIVATION

As seen above, transference of learning in cognitive training appears to be impossible for
far transfer and has moderated effects in near transfer. However, many research works and
cognitive training programs talk about great results, contrary to most of evidence. Although
this tendency is changing, there are still many methodological problems in cognitive training
research, specially for validation of programs. Using EEG tools combined with other correct
methods for evaluating cognitive training research can help in the validation of those kind
of tools.

Besides the limitation of the effects, cognitive training programs require adherence to
obtain relevant results. To promote that adherence, cognitive programs should be designed
thinking in the user engagement. Also, the mental effort required for the program should
also be assessed because if the program requires too much effort it will discourage the user,
while if it requires too few it will bore they. Mental effort is closely related with cognitive
load, which is a really important factor in general learning. EEG can be used to analyse and
estimate both engagement and cognitive load directly from brain signals.

Cognitive training are usually presented as video games or other interactive applica-
tions to the users, making them more appealing to potential them and helping to promote
engagement. Video games are difficult to design because it requires a long process and
specific formation. In this process, many EEG analysis tool can help, specially when they
are aimed towards cognitive improvement. However, EEG analysis is non-trivial and also
requires specialised formation, making it less accessible. A framework for EEG analysis
oriented towards the evaluation of cognitive training methods can be really useful for many
researchers and even to game developers.

The problems in the evaluation of cognitive load programs, as well as the difficulties when
analysing EEG signal, are what motivates this doctoral thesis.

1.3. OBJECTIVES

A thesis, as well as many research works, should propose a set of objectives that it aims to
achieve and/or an hypothesis that should be accepted or rejected. This section describes
the objective of this work, which are divided into a main objective and a list of specific
objectives that acts as milestones to achieve the main one.
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1.3.1. Main objective

Based on the motivation previously stated, the main objective of this doctoral thesis is to
“Define and develop a framework for EEG signals analysis that can be used for the evaluation
of cognitive training methods”.

Besides the main objective, five specific objectives have been defined based on it with the
goal to divide it in other more easily achievable. This split also helps in thesis planning, as
they stand as milestones for measuring its degree of completeness. The following subsection
states and explains these specific objectives.

1.3.2. Specific objectives

Below, each of the proposed specific objectives are listed, and how they contribute to achieve
the main objective is explained. They are identified as OX, where X is an unique number for
each one. Objectives identified with high numbers, are dependant, in some way, to one or
more of lower value.

[O1] Study EEG analysismethods and techniques applicable to the use of interactive
applications and video games

The large number of techniques and methods that are usually applied in EEG analysis
requires to study which are the most useful and suitable for the purpose of this work. This
can be achieved by means of a systematic literature review oriented to video games and
other interactive applications.

The next tasks are the required steps to achieve this objective:

To find and list the most used EEG analysis techniques along with activities involving
video games and interactive applications.
To test and evaluate the techniques found for assessing which of them are more
suitable for the thesis objectives.

[O2] Develop and validate tools for the processing, analysis and characterisation
of EEG signals for cognitive assessment

Usually, analysis processes can be slow and tedious due to the difficulties of changing
parameters and how that continuous changes contribute to make it messy. Therefore,
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the development of a good framework for EEG signal analysis requires a software tool to
facilitate the process.

To achieve this objective, the following tasks have been set up:

To study the different types of software tools that are appropriated for signal analysis
to decide how the developed ones are going to be.
To develop the software tools for EEG data analysis and processing.
To test and validate the tools by means of synthetic and real data.

[O3] Study methods for measuring cognitive load and their applicability in com-
paring different contexts and users

Despite EEG for cognitive load measurement is widely used, there are a large number of
methods for estimating it and there is not consensus of what of them is better. Also, doubts
about its applicability for comparing different types of activities between different users
exist. Therefore, finding a suitable method along with its advantages and limitations is
needed.

A set of tasks to be conducted in order to achieve the proposed objective are listed below:

To study and list the range of existing methods for estimating cognitive load through
EEG.
To design and carry out an experiment with the goal of induce different degrees of
cognitive load in people through more than one activity.
To validate the efficacy of those methods by testing them with real data as a mean to
find the most suitable one.
To evaluate the generalisability of the selected method across different users and
contexts.

[O4] Measure the cognitive load associated with typical activities in the use of
interactive applications through the analysis of EEG signals

As told before, cognitive load is a really important factor in learning. Therefore, it is
important to acquire practical knowledge of how to use it in a concrete use case. For that, a
measurement of the cognitive load associated with typical tasks through an experiment will
be performed. The knowledge of what type of tasks induces more cognitive load can help in
balancing cognitive training programs.
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To design and carry out an experiment in which typical activities with interactive
applications are performed.
To evaluate the experiment data and to characterise each type of activity by their
cognitive load level.

1.4. WORK PLAN

The development of this thesis started on November 2018 with an initial estimation of three
years that was modified to four later mainly due to the COVID-19 pandemic. This situation
made impossible data gathering because of social distancing, so not new experiments could
be carried out. This section details the modified work plan, making the focus on the resources
required, the planning based on stages, and the final scheduling followed.

1.4.1. Tools and resources

Multiple tools and resources have been required during the development of this doctoral
thesis. These tools have been divided into two categories: hardware and software.

Hardware tools

The main focus of this thesis is software and data analysis, however, there are important
hardware tools that have been used for it. Despite each article included in the compendium
includes hardware tools that have been used for them, it is relevant to mention here the
EEG devices that were used, as they are a key piece of the work.

The headset used initially for gathering EEG data was the Emotiv EPOC+ 14. It has a
sampling rate of 128 Hz and 14 electrodes on fixed positions. Besides that, it is a wireless
device, which helps conducting experiments. This characteristics are enough for early
experiments, but limited for more advanced ones. That motivated the acquisition of a second
device with better features: Bitbrain Versatile 16. The sample rate of this one is 256 Hz,
doubling the previous one, and it has 16 channels that can be placed in different positions.
It also is more reliable and robust to noise from the power lines.

For running the analysis processes, develop software tools, writing reports, searching in
databases and many other similar tasks, a MSI CX61 laptop has been used.
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Software tools

A wide range of software tools have been used in this work, and they have been categorised
in three types: software development, document elaboration and research support. The
tools used in software development are listed below:

Python. It is one of the most used programming languages in data science, supported
by a big environment of libraries and similar tools. This fact motivated using Python
as the main programming language for the developed software tools, as well as to
write scripts to analyse data from experiments. This project also relies on the next
Python libraries:

• NumPy [74]. It provides fast data structures and algorithms that perform con-
siderably more efficiently that pure Python, which was something required for
many algorithms implementations.

• SciPy [75]. This library contains a large number of algorithms for many scientific
purposes, including for signal processing.

• Numba [76]. This library can speed up significantly Python code using just-in-
time compilation techniques, which is necessary to achieve enough performance
in some algorithms.

• pyEDFlib [77]. It allows reading EDF file format and others which are widely
used for storing biosignals data.

• fastdtw. It is a implementation of an algorithm for the computation of the DTW
elastic distance.

• scikit-learn [78]. It is one of the main Python library for machine learning, in-
cluding tools for preprocessing, classification, regression, and clustering, among
others.

• pandas [79]. This library provides data structures that simplifies lots of data
analysis processes, such as data loading or data cleaning.

• Matplotlib [80]. It is a data visualisation library, which provides tools for plotting
a wide variety of graphs with a high customisation degree.

Godot. This software is a 2D and 3D open source video game engine. Its role in the
thesis is a tool for developing video games and other interactive applications. Besides
of being open-source and free to use, it was chosen over other engines because it is
easy to learn and powerful enough for the needs of the project.
Git. It is a widely used code version control software, which helps in managing changes
in the source code of a project. It is probably the most used version control system
currently and it is supported by many platforms.

• GitHub. This is the most used git platform and the one that host the project
source code. GitHub is also a big repository of open-source code and can act as
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a showcase for the projects hosted there, which helps making the project more
accessible.

For document elaboration, the main used tools in this thesis are the next:

LaTeX. It is a system for document elaboration in which the user writes in plain
text using a markup language. LaTeX is designed to separate the content from the
presentation, which can speed up the writing process when a template is provided. It
is used for the writing of this dissertation, as well as for some of the published papers.

• Overleaf. This is a online platform that helps writing documents using LaTeX.
Microsoft Office Suite. This is a suite containing multiple programs for many different
purposes within office automation. For the elaboration of this doctoral thesis, two of
the programs it provides have been used: its text processor, Microsoft Word, and its
presentation maker, Microsoft PowerPoint. Word is used for redacting some of the
published papers, reports and other internal documents related to the thesis, whereas
PowerPoint is used for creating slide-based presentations and some diagrams.

The following are the software tools that have been used to support research:

Scientific databases. There are multiple databases that store information of scientific
publications and allow searching for them and filtering the results by different param-
eters, such as the number of cites or the tags it includes. Literature reviews strongly
depend on this type of tools and, therefore, they are necessary in this thesis. Google
Scholar and Scopus are the databases used for this work.
Zotero. This is an open-source program for managing references. It allows to auto-
matically retrieve references from databases and websites, storing them and creating
bibliographies in documents.

1.4.2. Stages

The plan for the development of this thesis has been divided into 5 stages. Each of this stages
has been though as a way to reach one or more objectives. It should be noted that these
stages are often overlapped and that they are not ordered following a strong chronological
dependency.

Learning, planning and organisation

The first phase is to acquire the required knowledge for completing the next ones, as well as
for planning and organising the future work based on that knowledge. To achieve that, the
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most important task is to carry out a literature systematic review about EEG techniques
applied when involving interactive applications. This helps in the identification of the main
challenges that will need to be addressed. From the information and the identified challenges,
the planning and the organisation of the work can be carried out.

This stage is strongly aligned with [O1], but it also is an enabler phase for all the other
objectives.

Tools development

This stage consists of the development of software tools for helping in the EEG analysis
process, as well as interactive applications suitable for the experiments that will be conducted.
This phase involves the research of adequate technology for the purposes of each tool, the
designing of the framework and architecture of the software, the implementation, the testing,
the validation, and the maintenance. This process is iterative, therefore, it will be repeated
more than one time for each tool, until the obtained results are the desired ones.

The objective that correlates more with this phase is [O2].

Data gathering

This is a transversal stage for more than one of the objectives. It involves both searching for
open EEG databases and preparing experiments. Database searching is useful for acquiring
real EEG data to help in the validation of tools, which is aligned with [O2], while experi-
ments are required for obtaining specific data to help in the prosecution of [O3] and [O4].
Experiment preparation is composed by different three sub-phases: design, recruitment
and execution. Design sub-phase will determine what activities must be done during the
experiment, the tools that will be used for it, the recordings that will be made, and the
appropriated population characteristics. The recruitment sub-phase consists of reaching
to a number of willing persons large enough for the needs of the experiment that meets
the criteria established during the design. In the execution sub-phase, the experiment itself
takes place and it must be ensured that the requirements proposed in design sub-phase are
fulfilled.

Data analysis

This stage has a strong dependency with the previous one as it requires a dataset to explore. It
encompasses four sub-phases: data cleaning, preprocessing, feature extraction and analysis.
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Data cleaning consist in exploring the dataset to find errors on it and solving them to ensure
consistency. The other three sub-phases follow the process described in subsection 1.1.2.

Objectives [O3] and [O4] are those more related to this stage.

Publication of results

This stage is transversal to all the objectives, as a publication is intended to be obtained for
each of them. It consists of presenting the results of different steps of the thesis to scientific
journals in which they will be peer-reviewed to ensure their scientific validity. It involves
both the writing and revision steps.

Thesis elaboration

The last stage is the writing of the current document for which most of the previous phases
must be completed before.

Complementary research lines

During the development of this thesis, additional and complementary research lines to the
thesis theme can appear. This stage is used to group each of these research lines. They
include, unfinished work related to the thesis, complementary papers to the ones contained
in this document and additional projects carried out in collaboration with other research
partners.

1.4.3. Time planning

Figure 1.3 shows the time planning for this dissertation and all the work required following
the stage organisation presented above. It can be noted from the chart that stages present a
lot of overlapping, as told above. In most cases, this happens because of the iterative nature
of many of the tasks. However there are tasks that do not have that iterative nature and,
therefore, present a short and bounded duration, such as the data gathering ones. EEG tools
development was extended during three years due to maintenance and improvements over
them. Data analysis duration vary depending on the complexity of the process used in each
case. Regarding publications, the one related with [O2] took a year to be published because
COVID-19, reviewing speed and a rejection.
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Figure 1.3: Gantt diagram showing the final time planning.
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Abstract
Cognitive training can improve mental abilities, and a novel method to apply it is trough video games. There is controversy 
about the effectiveness of commercial video games for brain training, therefore it is necessary to assess the utility of these 
kinds of games. One quantitative method to assess it is electroencephalography (EEG), a non-invasive technique to study 
brain activity. This paper explores the use of EEG and video games together to find what are the most used techniques 
when analyzing the signals by means of a systematic review. From the results of that review two partial contributions were 
obtained: a taxonomy of techniques to analyze EEG signals, and a ranking of these techniques based on their popularity. The 
partial contributions were the departure point for working in the main contribution of this paper: eeglib, a Python library 
for analyzing EEG. The library was tested technically and functionally. The technical test was oriented to assess the correct 
output of certain algorithms, while the functional one consisted in analyzing data from two different experiments to check 
the effectiveness of the library.

Keywords EEG · Video games · Cognitive performance · Computation techniques · Serious games · Taxonomy

1 Introduction

Cognitive training is a set of mental activities that can 
improve or maintain the cognitive abilities of a person, and 
it is closely related with the neuropsychological theories of 
brain plasticity and life span (Willis and Schaie 2009). Many 
cognitive abilities can be trained, like memory, reasoning 
or speed of processing, and there are different ways to train 
each of them. For example, in Ball et al. (2002), they train 

memory by remembering word lists or paragraphs, find-
ing patterns in letters and numbers series. In that paper, the 
authors proved the effectiveness of the cognitive training to 
improve cognitive abilities of older adults that may improve 
their everyday life.

A novel method of cognitive training is through video 
games, that can be considered a type of serious games for 
health (Mondéjar et al. 2019). The main reason for using 
video games for brain training is that they can generate situ-
ations in which many brain areas can be stimulated. Also, 
using video games it is possible to induce engagement in the 
user and that makes him be actively interested in the cogni-
tive training (Hervás et al. 2017) and, even, the emotional 
involvement with the video game (Johnson et al. 2018). 
There are many commercial video games that are sold as 
cognitive training games, however, there is controversy 
about the effectiveness of these kinds of games (MPI4HD 
and SCL, 2019) (CTD 2019) so it is crucial to validate them 
scientifically.

One way to validate the cognitive training is trough elec-
troencephalography (EEG), which is a non-invasive tech-
nique that detects the changes of the electric potential at the 
scalp by using electrodes. EEG signals can be analyzed by 
looking at the graphs of raw or preprocessed data, or through 
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computational methods. However, these methods can get a 
lot of information that cannot be detected just by looking 
exclusively at the graphs of the raw data. Apart from the 
scientific convenience of using EEG analysis to study the 
cognitive abilities (Klimesch 1999), there is an increasing 
availability of inexpensive wireless EEG devices that enable 
new pervasive perspectives (out-of-labs and out-of-clinic 
uses). For example, there are proposals that combine IoT 
principles with EEG devices (Chatterjee et al. 2014; Kon-
stantinidis et al. 2015) everywhere, psychological diagnosis 
with video games (Mondéjar et al. 2016) or EEG-based emo-
tional recognition (Menezes et al. 2017). These emerging 
fields have led researchers to explore novel paradigms in the 
fields of Ambient Intelligence and Neurosciences.

The number of techniques of EEG analysis is quite big, so 
one of the goals of this paper is to focus on some of the most 
important methods used when working with video games 
by conducting a systematic review, which was described in 
(Cabañero-Gómez et al. 2018), the previous contribution 
that is extended in this paper. This study provides the most 
promising techniques to quantitatively analyze the cogni-
tive activity during the use of video games through EEG 
signals. A general-purpose software tool, named eeglib, has 
been developed which includes those techniques. eeglib has 
been tested, both technical and functionally, with data from 
experiments that involved video games. This work is the 
first step towards creation and validation of cognitive train-
ing games.

In the next section, we describe the systematic review 
that provided us the candidate EEG analysis techniques; we 
will show the process followed and also the results of this 
review that includes the selected articles and a list with the 
techniques. Later, in Sect. 3, we will talk about the devel-
oped software that includes the techniques obtained in the 
previous section. In Sects. 4 and 5, we will show how we 
tested the software in a technical and a functional approach 
respectively. Lastly, in Sect. 6, we discuss the results of the 
paper and talk about the future work derived from the con-
tributions obtained in this paper.

2  Systematic review

Being aware of the increasing popularity of using video 
games along with EEG, it may be interesting to explore and 
try to discover different ways to analyze these signals in this 
specific context. In this case, we want to focus in computa-
tional techniques that can be used to work with EEG data. 
From this premise, we have developed our research question:

RQ1. What are the main tools, methods and techniques 
that are being used to analyze EEG data when using video 
games?

Thus, we have conducted a systematic review to answer 
the formulated RQ1. The protocol to perform the systematic 
review was the following: (a) To determine what electronic 
database(s) should be used to explore the state of art related 
to the objective of this study; (b) To clearly identify the 
target keywords and define the search string; (c) To define 
inclusion/exclusion criteria; (d) To screen those documents 
that previously accomplished the eligibility factors by means 
of the title and abstract; (e) Based on the content of the 
papers, to select those documents that provide information 
about EEG analysis techniques; (f) To determine the metrics, 
to characterize them and provide the results of this system-
atic review.

2.1  Systematic review process

The systematic review process related to the protocol in the 
previous paragraph is illustrated in the diagram in Fig. 1. The 
first node of that diagram corresponds to the initial search 
string with some restrictions about the date and language.

TITLE-ABS-KEY (eeg AND (video*gam* OR game) 
AND (techniqu* OR meth* OR (machine AND learn-
ing) OR analy*) AND NOT (ecg OR fmri)) AND 
PUBYEAR > 1997 AND PUBYEAR < 2018 AND 
(LIMIT-TO (LANGUAGE, “English”))

The string was searched in Scopus and ACM. After apply-
ing the eligibility criteria that includes a minimum number 
of 4 cites per year, the number of papers is reduced to 57. 

Fig. 1  Diagram summarizing 
the systematic review process
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Later, a manual screening in which the title and abstract are 
read is applied to the collection of documents to ensure the 
papers fit the proposed objective, which reduces the num-
ber of documents to 36. Finally, another manual screening 
is performed in order to select the most interesting papers, 
which produces the final list of selected documents that 
includes 14 of them. This whole process is better described 
in (Cabañero-Gómez et al. 2018).

2.2  Systematic review results

From the 14 finally selected documents we have identified 
up to 31 different algorithms and techniques to analyze or 
preprocess EEG data. Table 1 shows the selected articles, 
alongside a summary and the techniques and algorithms 
identified in each paper. Exploring these documents, we have 
observed that they show different approaches joining EEG 
and video games, with Brain Computer Interfaces (BCI) 
being the most recurrent, although there are many articles 
talking about cognitive analysis too.

In these papers, there are lots of techniques that we have 
identified and, also, we have studied to discover what they 
can be used for. Table 2 shows a taxonomy of the main 
techniques identified by their usage, and includes a brief 
description of each of them. Notice that some techniques 
can be classified for more than one use, for example LDA 
can be used for classification or for dimensionality reduc-
tion. The information of this table can be used to select what 
techniques to use depending of the analysis needs. This is 
one of the partial contributions of this paper, to provide to 
the scientific community a simple and aseptic taxonomy of 
techniques used to analyze EEG signals during the use of 
video games in the literature.

Additionally, the techniques have been ranked by its 
popularity, being the criteria the number of papers where a 
technique appears (in the title, the abstract or the keywords). 
Also, it is interesting to compare whether there were signifi-
cant differences between the popularity of the techniques 
when the use is oriented towards video games or, in the other 
hand, the techniques have a general EEG analysis use. For 
that, we normalized the number of documents that include 
a technique with the total number of documents. In Fig. 2 
we show the 10 most popular techniques when working with 
video games (blue bars) and when they are used for general 
EEG analysis (red bars). There are some interesting conclu-
sions that can be extracted from it: some techniques have a 
similar popularity like ERP, SVM, ICA and Bandpass Filter, 
however there are some techniques that are preferred in one 
of the purposes. For example, FFT, one of the most used 
technique in general analysis, is used in less than the half of 
the articles when working with video games. On the other 
hand, Sample Entropy, Genetic Algorithms and Neural Net-
works are much more used when working with video games. 

It is important to notice that the most popular technique is 
only used 7% of the time, and that means there are many 
approaches when working with EEG and none is especially 
common. This ranking can help researchers in cognitive 
analysis with video games to select the most applied tech-
niques for EEG analysis, but it is important to notice that 
it is a popularity ranking and it does not imply that those 
techniques can be applied every time. Their usefulness and 
effectivity depend on the situation, so it may be necessary a 
previous research before using them and experimentation to 
select the best one in each case.

3  Software developed

From the results of the systematic review, we have selected 
the techniques to be implemented in a Python library. Python 
was selected because of its ease to use and its popularity for 
data analysis. The library is focused on preprocessing and 
feature extraction techniques, because there are many tools 
that provide classification and statistical analysis algorithms 
and visualization techniques which are out of the scope of 
the library. We have included some other techniques into the 
library that have not appeared in the systematic review. The 
main reason to do that is that those techniques are highly 
related to others that are in the results of systematic review 
and they are widely used for EEG analysis in other contexts. 
For example, one of these techniques is Detrended Fluctua-
tion Analysis (Peng et al. 1994), which estimates the degree 
of self-affinity (a concept related to fractal dimension) of a 
sequence and it is applicable over non-stationary signals.

The final list of techniques included is the following: 
Band-pass filter, Independent Analysis Component, Fast 
Fourier Transform, Hamming Window, averaging, Hjorth 
parameters, Higuchi Fractal Dimension, Petrosian Fractal 
Dimension, Detrended Fluctuation Analysis, Lempel–Ziv 
Complexity, Sample Entropy, Pearson Cross-Correlation 
Coefficient and Synchronization Likelihood. Some of 
these techniques have implementations in popular Python 
libraries, so those techniques have been integrated with 
our library, while others have been implemented integrally. 
It can be noticed that the most popular technique in the 
ranking, ERP, has not been included in the library. That is 
because ERP cannot be applied over a single window to 
extract information directly from it., but in fact, it is pos-
sible to perform ERP using this library, because it allows 
manual segmentation of the signal, so those segments can 
be extracted and later averaged.

The library performs a window-based processing, which 
consists in selecting slices with a fixed size over the signal 
vector and applying the algorithms over those slices. The 
size and offset of the windows can be modified by the user, 
so they can overlap between them, being adjacent or leave 
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uncovered slices. This approach allows to study the evolu-
tion of the features along the duration of the signal. The 
library also includes tools to load data from typical files 

used to store EEG data, like CSV or EDF, and a tool to eas-
ily generate datasets of features over the windows for the 
whole signal or a part of it. It has been designed with focus 

Table 2  A classification of the identified techniques based on their posible uses

Preprocessing Dimensionality Reduction Independent Component Analysis (ICA) (Comon 1994). Transforms multivariate random signal 
into one with mutually independent components

Principal Component Analysis (PCA) (Pearson, 1901). Dimensionality reduction by creating 
new uncorrelated features

Canonical Analysis. Captures a relationship between a set of predictor variables and a set of 
criterion variables

Distinction Sensitive Learning Vector Quantization (DSLVQ) (Pregenzer et al. 1994). Modifica-
tion of LVQ, but rating each feature depending on how informative it is for the classification

Linear Discriminant Analysis (LDA) (Fisher, 1936; Rao 1948). Method to find linear separator 
assuming data is normally distributed

Quadratic Discriminant Analysis (QDA). Modification of LDA that works with non-linear 
separators

Genetic Algorithms. Optimization algorithms inspired by evolution theory
Filtering Hamming window (Blackman and Tukey 1958). Window function used to avoid discontinuity at 

the beginning and at the end of a signal when working with FFT.
Bandpass Filter. Removes the parts over a low-pass frequency and bellow a high-pass frequency 

of a signal
Laplacian Filter. Improves spatial resolution of signals using Laplace operator
*ICA

Transformations Fast Fourier Transform (FFT) (Cooley and Tukey 1965). Time-domain to frequency-domain 
transformation

Discrete Wavelet Transform (DWT). Family of techniques to decompose signals in time and 
frequency domains. Morlet Wavelet Transform (Grossmann and Morlet 1984) is a DWT that 
uses a Gaussian envelop

Feature extraction One channel Fractal Dimension (Mandelbrot 1982). Indicator of the complexity of a signal. Two algorithms 
to calculate it are Higuchi Fractal Dimension (HFD) (Higuchi 1988) and Box-Counting 
(Raghavendra and Dutt 2010)

Sample Entropy (Richman and Moorman, 2000) and Lempel–Ziv Complexity (LZC) (Lempel 
and Ziv 1976). Two different approaches to measure the complexity of a signal

Averaging. New features can be created averaging other features, signals data or transformed 
signals between two limits.

Event Related Potential (ERP) (Luck 2005). Consists in averaging many signals that are result 
of a certain event

Two channel Pearson Cross-Correlation Coefficient (Pearson 1901). Determines the degree in which two 
signals or numerical series are correlated

Dynamic Time Warping (DTW) (Müller 2007). Measures similarity between two temporal 
sequences

Phase Locking Value (PLV) (Aydore et al. 2013). Measures the synchronization of two signals
*ERP

Classification *LDA and QDA
Support Vector Machine (SVM) (Cortes and Vapnik 1995). Finds linear separators between 

classes, but it can perform non-linear classification by using the kernel trick
Naïve-Bayes Classifier (Zhang 2004). It classifies by giving to an element (defined by its fea-

tures) a probability to belong to each of the classes
Artificial Neural Networks (ANN). Powerful machine learning technique inspired by biological 

neural networks
Visualization sLoreta (Pascual-Marqui 2002). Method that computes images of neuronal activity from EEG
Statistical analysis ANOVA. Collection of statistical models and their associated procedures used to analyze the dif-

ferences among more than two groups
Least Significant Difference (LSD). Creates a value that indicates if two groups are different 

between them when the difference between their means is smaller than it



 L. Cabañero et al.

1 3

in usability, allowing data scientists to generate processed 
datasets with few lines of code as it can be seen in Listing 
1, which shows an example of data generation using this 
library. This library is called “eeglib” and it can be found at 
github.com/Xiul109/eeglib, along some examples explain-
ing how to use it.

Fig. 2  The 10 most popular 
techniques when using EEG and 
video games

Fig. 3  Module dependencies of eeglib

from eeglib import wrapper, helpers 

helper = helpers.CSVHelper("fake_EEG_signal.csv", windowSize=128) 

wrap = wrapper.Wrapper(helper) 

wrap.addFeature("HFD") 
wrap.addFeature("getFourierTransform") 

features=wrap.getAllFeatures() 

Listing 1. Code snippet showing the generation of HFD and FFT features along a 
signal using a window size of 128. 

The general structure of the library is shown in Fig. 3, 
which illustrates the dependencies between the modules. 
The module’s features and preprocessing contain the imple-
mentations of the analysis techniques. These modules are 
used from the eeg module, which contains the main data 
structures that will store the signals’ data. The helper mod-
ule includes classes to help the user to load the EEG sig-
nals files. The module wrapper includes some utilities that 
facilitates the data generation from the EEG signals. Lastly, 
auxFunctions includes some auxiliary functions that may 

be needed by other modules of the library. Generally, helper 
and wrapper are the main modules that data scientist are 
going to use, given that they are related with data loading 
from different sources and the generation of new data after 
extracting features from a signal.
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4  Technical test

The technical test aims to check whether the output of the 
techniques is as it should be or not by applying unit testing. 
We have only tested techniques we have implemented inte-
grally because the algorithms included in external libraries 
have their own testing. Also, only techniques with complex 
implementations have been tested properly, these techniques 
being DFA, Sample Entropy, LZC and HFD. There are many 
approaches to do this, like storing a synthetic signal which 
has known outputs for each algorithm applied. In our case 
we generate synthetic noise signals of different types (white, 
Brownian and pink) randomly and use them to test the algo-
rithms. Each of this type of signals has a different frequency-
power ratio. If we define the function P(f) which correlates 
power (P) with frequency(f), we have the next definitions for 
each type of colored noise:

• White noise: P(f ) = 1

• Pink noise: P(f ) = 1∕f
• Brownian noise: P(f ) = 1∕f 2

In Fig. 4 the three examples of each type of noise can 
be seen in its time and frequency domains. As it can be 
seen, the relations described above appear in the frequency 
domain, but the values are not exact, because randomness 

is involved in the generation of those signals. The use of 
this approach has been seen previously for DFA (Her-
rmann 2019a), Sample Entropy (Herrmann 2019b) and 
Fractal Dimension (Higuchi 1988). No previous works using 
this approach have been found for LZC, but we applied it 
and checked that constant and consistent outputs appeared. 
Using that knowledge, we have determined which values 
should be returned by each technique when using the differ-
ent noise signals inputs and displayed in Table 3. This table 
can be helpful for developers that may need to implement 
by themselves these algorithms. 

We obtain the outputs of applying an algorithm over the 
synthetic noise signals and we do that many times to get 
the average result and compare it to the expected result to 
avoid bias derived from randomness. Sometimes, when an 
implementation is modified, the output can change slightly 
but that does not mean that it is incorrect. This situation can 
occur for example by changing the default parametrization 
or by reducing the precision of the algorithm intentionally to 

Fig. 4  Colored noise signals at time and frequency domains

Table 3  Expected output for each type of noise and each algorithm

Noise type DFA Sample entropy HFD LZC

White noise 0.5 2.19 2 1.05
Pink noise 1 1.76 1.85 0.75
Brownian noise 1.5 0.29 1.5 0.15
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decrease the time it takes to be executed. With the proposed 
method we are not aiming to ensure a fixed output compara-
tion but an approximate one and the main advantage of this 
is that we can modify the algorithm (for example to opti-
mize it or include new parameters) without having to worry 
about what the new fixed result should be. This method is 
especially useful for complexity algorithms, because each 
colored noise signal has its own complexity. All the imple-
mentations accomplished this testing, some of them in the 
first try and some of them had to be modified. In this case, 
to consider that the test has been passed it’s necessary for 
the result to be in an error range of ± 0.05.

5  Functional test

The aim of the functional test is to check the effectiveness 
of the developed software with real data. An experiment 
involving users playing video games and collecting EEG 
data during this activity was designed and executed. Data 
from only one experiment could be insufficient, so we 
decided to search for open EEG data from another experi-
ment. In both cases, we aimed to check the capability of the 
features to discern between small windows of signals associ-
ated to different cognitive states. The size for the windows 
is determined experimentally but constraining it around 

0.5–2 s because if it is too small, the information of the sig-
nal is lost, and if the window is too big, temporal accuracy 
is lost. Also, both experiments have been executed using 
twelve subjects what may be a small sample for generalizing 
the results, but provide initial (and significant) findings that 
will guide the future experiments.

The materials, intervention and participants differ in the 
two experiments, as we can see in Fig. 5. However, the data 
analysis process was similar for both experiments. It consists 
of six phases: (1) firstly, we divide the data in two partitions 
and label each of them, (2) then we divide the signal using 
windows that can be or not overlapped, (3) after that, we 
extract some features from each window of the signals, (4) 
later we train a classifier (Random forest) with the features 
and the labels, (5) at this point we select the most useful fea-
tures and return to phase 2 if the classification was good and 
we are using too many features to reduce the complexity of 
the random forest, (6) lastly, we analyze data extracted from 
the classifier to obtain valuable knowledge from it.

There are two main reasons behind using random forest 
as a classifier. The first one is that it is robust against noise, 
which is something necessary for the type of data we are 
working with. The second reason is because it’s possible 
to extract the importance that has each feature for the clas-
sification and that is really useful for interpreting the results.

Fig. 5  Experiments summary
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5.1  Experiment 1: virtual reality games

We started from the premise that there are cognitive differ-
ences when playing Virtual Reality (VR) games and tradi-
tional games, and we designed an experiment to check if 
that premise was true. Twelve (12) volunteers participated 
in the experiments. They were informed about what the 
experiment consisted of and they signed a consent docu-
ment. Each volunteer of the experiment played two video 
games, each one of them has a traditional version and a VR 
version. Those video games were “Temple Run”, an end-
less runner that requires timely actions in which the player 
controls a man who is running from enemies and collecting 
prizes; and “Play With Me”, a short first person horror game 
in which the player controls a child that needs to collect four 
candles while avoiding a clown. Each version of each game 
was played between 3 and 4 min and the play order was not 
the same for all the participants to prevent a possible bias. 
The VR device used is Oculus Go. The data was recorded 
using the EEG headset Emotiv Epoc + , which has 14 chan-
nels and a sample rate of 128 Hz. The data from the players 
was anonymized by using a numerical identifier.

The two partitions of the data in this case where VR 
games with label 1 and non-VR games with label 0. The win-
dow size used to this analysis was one second (128 samples). 
After three iterations of the steps 3, 4 and 5, the selected 
features where DFA and PFD. The metric used to profile the 
classification was accuracy due to having a balanced number 

of elements for each label. After performing a cross-valida-
tion process we got an accuracy score 98.88%, which is a 
high result. Additionally, to obtain some extra information 
about the classification, we extracted the feature’s impor-
tance to classify and it is illustrated in Fig. 6. It is remarkable 
that the two most important features are calculated over the 
channel 4. This channel corresponds to an electrode placed 
in the temporal lobe, which has a role in visual perceptions 
processing.

5.2  Experiment 2: affective pacman

For the second experiment, we selected an open EEG data-
set recorded while playing a videogame called “Affective 
Pacman” experiment. This data was obtained originally for 
Reuderink et al. (2009), where the authors studied the effects 
of the frustration while detecting events in a BCI system. In 
the experiment the players had to play “Affective Pacman”, 
which is a Pacman version designed to produce frustration 
by making the control unresponsive or freezing the screen in 
some levels of the game. The EEG signals were recorded at 
512 Hz by a device that has 32 channels. The data is properly 
labelled, including sections (e.g., frustrating, non-frustrat-
ing) and specific events (e.g., key pressed, start game).

With that data it is possible to discern between frustrat-
ing and non-frustrating periods by using the same analysis 
process than in the previous experiment. In this case, the 
window size used had a size of 256 samples (half second). 

Fig. 6  Importance of each of 
the 10 features more important 
in the classification of signals 
associated to VR and non-VR 
games
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The features selected after following the steps 3, 4 and 5 was 
the average power spectra for each typical EEG frequency 
band: delta (1–4 Hz), theta (4–8 Hz), alpha (8–12 Hz) and 
beta (12–30 Hz). The obtained accuracy was 98.98% after 
a cross-validation. Extracting the features importance, we 
got the twelve most important for the classification which 
values are displayed at Fig. 7. In this case, the importance 
is shared between the features, with the most important one 
not reaching the 5%, but we can see that they all belong to 
the delta frequency band.

6  Conclusions and future work

The departure point of this article was cognitive training 
through video games and the importance of EEG to assess 
the effectiveness of the training. From that premise, we have 
focused this article as a first step in achieving a bigger objec-
tive: developing a method to design video games for cogni-
tive training and a method to assess the effectiveness of a 
game as a tool for cognitive training. This first step has con-
sisted in developing and testing the tools needed to evaluate 
cognitive performance during the use of videogames.

In this article, we have shown a process to search, select 
and implement techniques for EEG signal analysis along 
video games. From the systematic review, there are two 
partial contributions: a table summarizing the most used 
techniques and their utilities, and a popularity ranking of 

those techniques. These contributions can help researchers 
to identify the most promising techniques to analyze EEG 
signals where using interactive applications. The main 
contribution is the library that includes those techniques, 
which got put through technical and functional testing. In the 
technical testing, we have ensured the correct output of the 
algorithms. The functional testing has proved the capability 
of the library to discern between different cognitive states, 
even having a very short experiment population. This func-
tionality will be useful in future studies of cognitive training 
effects between a trained group and a control group. Apart 
from that, the experiments provided the next additional find-
ings: the first experiment shows the higher significance of 
temporal lobe when we are using virtual reality, and the 
second experiment established the prominent presence of 
frustration in delta frequency bands.

Having the main goal in mind, we will use the developed 
library in the future to determine specific cognitive abilities 
being used while playing video games. For that, it would be 
useful to be able to quantify the level of usage of that ability 
to compare the initial state (before the training) and final 
state (after the training) of the player. We will develop one 
or more video games for cognitive training, and then asses 
them to check if they are effective.

Funding This research was funded by Ministry of Science, Innovation 
and Universities Grant No [RTI2018-098,780-B-I00].

Fig. 7  Importance of each of 
the 12 features more important 
in the classification of signals 
associated to frustrating and 
non-frustrating periods for the 
“Affective Pacman” dataset
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a b s t r a c t

Electroencephalography (EEG) signals analysis is non-trivial, thus tools for helping in this task are
crucial. One typical step in many studies is feature extraction, however, there are not many tools
focused on that aspect. In this paper, eeglib: a Python library for EEG feature extraction is presented.
It includes the most popular algorithms when working with EEG and can be easily combined with
popular Python libraries. This paper also presents a simple workflow for creating features dataset
which allows a high degree of customization and that is suitable for both experts and newcomers.
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1. Motivation and significance

Electroencephalography (EEG) is a technique which allows to
obtain inputs of the electric potential produced by the brain
activity. This is usually achieved by placing electrodes over the
scalp, so it is not an invasive technique, although there are some
versions that require surgery. EEG analysis can be used in many
fields like education, neuromarketing, and medicine, where it
is used for many applications such as epilepsy diagnosis [1] or
as a supplementary tool for lots of brain disorders [2]. Signal
analysis is often complex and nontrivial; however, this problem
is even larger with EEG signals. This happens not only because
this type of signals usually contains more than one channel but
also because they are non-linear, non-stationary and chaotic [3].
For these reasons there is a specific approach when analysing
this kind of signals which have led to the creation of software
specifically oriented to deal with them. Probably the most used
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general tool for EEG signal analysis is EEGLab [4], an open source
toolbox for MatLab, while the most used Python tool would
be MNE-Python [5], which is also open source. Both of these
tools are exhaustive and really powerful, nevertheless they are
general tools, so they are not so suitable for specific purposes. For
example, EEGsynth is a powerful tool to create brain–computer
interfaces that connect open-hardware physiological recorders
with output devices like lights or synthesizers and it is often used
for artistic purposes. None of these tools is feature-extraction-
oriented, which makes them non suitable for certain types of
analysis, for example machine learning based ones. There is also a
barrier for the user that approaches to these libraries that is the
requirement of a high degree of knowledge about neuroscience
and EEG.

In response to these problems, we present eeglib, an open
source Python library which is a powerful feature extraction tool
oriented towards EEG signals and based on sliding windows. The
design of eeglib is oriented towards compatibility with the most
used machine learning and data analysis libraries for Python,
so its output can be an input for them, which simplifies the
workflow. Despite being a useful tool for EEG experts, it also can
be manageable for newcomers to the field. There are not many

https://doi.org/10.1016/j.softx.2021.100745
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other EEG feature extraction libraries, being PyEEG [6] one, but
most of them just offer a set of useful functions while eeglib offers
tools that help the user to easily create a whole dataset and auto-
parametrizes the algorithms, which simplifies the analysis if the
user is not an expert.

2. Software description

2.1. Software architecture

The eeglib module is composed of 6 different submodules
whose structure is depicted in Fig. 1. The features submodule
includes a set of functions to compute each of the features in-
cluded in the library. The eeg submodule defines a data structure
designed to store fragments of EEG signals data and apply dif-
ferent types of processing included in features to it. The helpers
submodule contains Helper classes that allow data loading and
iteration over the data using sliding windows, which are instances
of the data structures defined in eeg submodule. The wrapper
submodule wraps around a Helper to extract a set of features
defined by the user for each window defined in it. For last, the
preprocessing submodule includes functions to pre-process the
signal and auxFunctions includes some auxiliary functions not
aimed to the final user.

2.2. Software functionalities

Below the main functionalities of eeglib are described. This
library is not just a collection of functions for computing an
extensive set of features from EEG signals, it also contains many
tools to make the process easier for the user.

2.2.1. Data loading and preprocessing
Data can be loaded from three different sources: Comma

Separated Values (CSV) files, European Data Format (EDF) and
NumPy [7] arrays. CSV files are a usual format for many kinds
of dataset, including EEG signal data, however it does not carry
information about the sample rate of the data, so it is up to the
user configure it. EDF are a standard for biosignals which includes
data about the signal like the sample rate and the physical units.
There are lots of formats besides these two, but they are the most
used, however if the user needs to load any other format, it can
be done by loading it with another tool, converting it into NumPy
arrays and feeding it to the module.

As stated before, eeglib is a sliding-window based tool, which
means it applies the feature extraction over segments of the data
across the whole signal. These segments can or not overlap one
with another if required for the analysis. At data loading, the
user can define how windows will be disposed by specifying two
parameters: the window size and the window displacement.

Despite the main capability of the library is not preprocessing
EEG signals, which is a very large field, it includes some basic
and yet useful tools. These tools are bandpass filter, Independent
Component Analysis (ICA) [8] and z-scores normalization [9].
In eeglib, preprocessing is applied at data loading step because
it is applied to the whole signal, contrary to features, that are
extracted from windows.

2.2.2. Feature extraction
Every feature currently implemented in eeglib is displayed in

Table 1 grouped in two main categories and four subcategories.
The first categorization level corresponds to the number of chan-
nels over which a feature is applied: one single channel or two
channels. Most of the features are applied over a single channel
and they are divided into four more categories:

• Transformations. They change the domain of the input sig-
nal, usually from time domain to frequency domain.

• Frequency domain. The features in this category give infor-
mation obtained from the frequency domain.

• Time domain. The features in this category give information
obtained from the time domain.

• Complexity. There are lots of algorithms that evaluate the
complexity of a signal, which is a wide concept that groups
the randomness of a signal, the fractal dimension and the
self-affinity.

Besides the features specified in the table, it is also possible to
include custom algorithms when performing a feature extraction
process.

2.2.3. Dataset generation
One of the main objectives of eeglib is the generation of

dataset compatible with most of the data analysis libraries for
Python. That capability belongs to the wrapper submodule, which
provides a tool to generate a pandas [23] DataFrame containing
the features desired by the user. This type of output is useful by
itself, however for many use cases it can be improved with one of
the utilities eeglib provides: dataset labelling. There are two kinds
of labels: general labels and segments related labels. The general
label refers to a label which is the same to the whole generated
dataset. On the other hand, the segment labels are set in specific
temporal fragments and they can be different between them.
General labels are useful to classify full trials, while segment
labels can be used to classify specific events or states inside a
trial, and both can be combined if needed.

2.3. Testing

The library has been properly tested and validated to ensure
it does not contain critical errors. This testing is done in two
ambits: the general usage and the algorithms output. The general
usage testing consists of covering almost every line of code by
setting different combinations of parameters than the user can
pass to functions and methods. With this type of testing, we want
to check that the library behaves as intended and according to
the documentation. This kind of testing is not enough to ensure
that the implementation of the algorithms is correct, so it is
necessary to perform other type of testing. The algorithms output
testing consists of comparing implementation output using as
input signals whose results are known beforehand. For most of
the algorithms, these signals are random generated as a coloured
noise: white noise, pink noise, or Brownian noise, but some of
them use pre-generated signals stored in a file.

3. Illustrative examples

The intended manner to use the library consists of four main
steps which are depicted in Fig. 2. The first (1) step is data loading,
and it is performed through a Helper object. Currently there are
3 types of these objects, one for loading CSV files, one for EDF
files and one that accepts arrays instead of a file name, which
gives flexibility for other file formats. This step also includes the
configuration of some settings to the data like the preprocessing
to be applied, the sliding window configuration or specific names
for each channel. For this case a CSV file is loaded with a sample
rate of 256, without applying any other configuration. The next
step (2) is the instantiation of a Wrapper object around the pre-
viously created Helper. In this step the user can define the format
of the output data, as well as adding labels to the output data
which are useful for machine learning applications. The third step
(3) consist of asking the Wrapper for the features that are going
to be extracted, parametrizing the functions as needed. For this
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Fig. 1. Dependency diagram of the different eeglib submodules. The darker blue cells represent the main processing pipeline. The preprocessing submodule is in
light blue because its utility is secondary to the user and the auxFunctions module is in grey because it is not relevant to the final user. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)

Table 1
Summary of the features that can be extracted through eeglib by default.

Single-channel

Transformations Fast Fourier Transform [10]
Discrete Wavelet Transform [11]
Power Spectral Density [12]

Frequency domain Band Power [13]

Time domain Hjorth Parameters [14]

Complexity Detrended Fluctuation Analysis [15]
Sample Entropy [16]
Lempel–Ziv Complexity [17]
Petrosian Fractal Dimension [18]
Higuchi Fractal Dimension [19]

Dual-channel Pearson Cross-Correlation Coefficient [20]
Dynamic Time Warping [21]
Synchronization Likelihood [22]

example, the included features use the default parametrization,
but two of them are applied only to specific channels. For last (4),
the features are extracted creating a dataset suitable to further
analysis. This example shows a basic procedure to follow, but
there are more tools in the library that allows the user a higher
degree of customization.

In Fig. 3 there is an example based in a real-world case. The
data comes from an EDF file containing an EEG signal with 14
channels recorded at 128 Hz with a duration of 11 s. It is known
that the recorded person was performing an action the first 5 s
and then changed to another in the rest of the recording and
the goal is to create a classifier capable to distinguish the two
actions. This time, in the data loading step (1) some preprocessing
is performed, which consist of a z-scores normalization to centre
the data with a highpass filter at 1 Hz and a lowpass filter at 50 Hz
to erase a big part of the noise from the original signal. As the
EDF files include sample rate data, it is not necessary to specify
it. Also, only four specific channels are selected because the rest
are not relevant in this example.

By default, the window size is equal to the sample rate, which
correspond to one second of the recording, but in this case, it has
been changed (2) to two times the sample rate or two seconds.
It can also be specified at data loading step, however in this case
it has been done after it to show how to retrieve the sample rate
from the helper.

After it (3), a minor setting has been changed to change the
way the output of the algorithms is returned. By default, it is
returned as an array with a value for each channel, but if it is
changed to ‘‘dict’’ mode, the output will be a dictionary whose
keys correspond to the names of the channels and its values to
the output of the features that will be specified. This is useful to
make the data output more readable to humans.

The Wrapper instantiation (4) is done in a similar way than
before, but there are two differences here. The first of them is

that the helper object takes an index, which is a way to de-
fine the limits of the sliding window processing. It is used as
helper[start:stop:step], where start is where the first window will
begin, stop is where the last window will end and step if the
offset between windows. If the value is written within quotation
marks it is interpreted as time, but if it is a numeric value it
is interpreted as the number of samples. In the example, the
sliding window is settled to start at the beginning of the signal
and stop at its end, which are the default values, but the step is
modified to slide half second each time. The other difference with
the previous example regarding the Wrapper is the inclusion of a
segmentation according to the data description in which the first
five seconds receive the label 0 and the last six receive the label
1.

For last (5), band power is specified to be extracted and
the features in each window are computed. Band power is the
estimation of the energy associated to various frequency bands
and by default is applied to theta (1–4 Hz), delta (4–7 Hz), alpha
(8–12 Hz) and beta (12–30 Hz) bands, but other can be specified
by the user. The parameter set to true when adding the feature
to the wrapper is used to hide the parameters used in the output,
which is only advisable to do when the same feature is added just
one time.

In Fig. 4, there is an example about how to use the data ob-
tained after the whole process to train a support vector machine
classifier from the library scikit-learn [24]. As displayed in the
picture, the segmentation is in ‘‘segment_label’’ column of the
DataFrame, which can be easily extracted and used to feed the
classifier.

4. Impact

Through published papers, eeglib has proved its efficacy and
utility. The first appearance of eeglib in a peer-reviewed pub-
lication was in [25], in which it is explained how most of the
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Fig. 2. Code snippet showing the general procedure when using eeglib.

Fig. 3. Code snippet showing an applied example of eeglib.

Fig. 4. Combining eeglib output with other libraries.

features that it is able to extract were chosen. Also, that article
shows the efficacy of eeglib using EEG data from real experiments
and how some of the implemented algorithms are tested by using
synthetic signals created as coloured noises.

The library has also been used in two highly related papers [26,
27] in which the cognitive load of different usual tasks performed
when interacting with mobile phones are analysed. Despite both
papers having the same purpose, each of them used a data from
different experiments. Thanks to eeglib it was possible to obtain
an estimation of the cognitive load from the EEG data.

The current importance and relevance of machine learning
in EEG and the capabilities of eeglib to generate datasets with
few lines makes this tool suitable for future research. It can be
applicable to Brain–Computer Interfaces research or to cognitive
states research. It can even be used for deep learning, because,
even if deep learning can deal with the raw data without the
need of extract features, eeglib can provide the data segmented
in windows of a consistent length with few lines, which is the
format usually utilized by deep learning algorithms. The module
can also be integrated in other projects, even commercial ones.

5. Conclusions

In the current version, eeglib is a totally functional and useful
library for EEG analysis and feature extraction, which has been
proved to be useful in several scientific publications and that
has been tested in deep. It is capable to extract some of the
most relevant features from EEG signals and, if a feature is not
included, it can be easily integrated by the user. It presents an
easy workflow which simplifies the coding phase when analysing
data and that is simple to modify. It is affordable for newcomers
to EEG and neurosciences fields, but also useful to experts.

Despite being a powerful tool, it can be further improved. One
of the main improvements that can be done is the addition of
more features to the library. Even if CSV and EDF files are some of
the more popular ones used for EEG, they are not the only ones
and eeglib could improve by including to it compatibility with
other file formats. Another limitation related with the input signal
is real-time access to devices, which is something allowed by the
architecture of eeglib, but it has not been implemented yet. Also,
even if the library is designed to be able to process the data with
few lines of code, this aspect can be improved in lots of ways,
for example, making it able to process at once more than one file
with only one statement.
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A B S T R A C T   

Background and Objective: Cognitive load is defined as the information the working memory is holding at specific 
moment. It has been studied not only in education but also in medicine, particularly regarding the diagnosis of 
disorders such as mild cognitive impairment. In our study, we examined the generalisability of cognitive load 
metrics obtained with electroencephalography (EEG) across various participants and contexts in four combi-
nations: (a) inter-subject and intra-context, (b) inter-subject and inter-context, (c) intra-subject and intra-context, 
and (d) intra-subject and inter-context. 
Methods: EEG signals were recorded from 19 participants as they completed two cognitive assessment tests with 
differentiable levels of cognitive load: the n-back test and Stroop test. The data obtained were processed to 
extract numerous features that were later reduced following a forward feature selection and used to train 
different models for the various combinations of generalisability. 
Results: Analysing the performance of trained models revealed that classification in (a) showed results close to 
random classification, in (b) showed significative differences between Stroop levels, in (c) revealed a classifier 
able to find patterns associated with the various levels of cognitive load for both tests, and in (d) indicated that 
Stroop levels were differentiable. 
Conclusions: Although the methods analysed can be used to determine patterns for each participant in a particular 
context and applied to different contexts, they cannot establish generalisable models among participants in a 
single context. Our analysis of the feature selection captured a group of powerful algorithms and parameters 
potentially usable for extracting features in cognitive load analysis.   

1. Introduction 

The term cognitive load refers to the amount of information hold by 
the working memory. Because the brain can process information at once 
in limited ways, studying cognitive load can clarify how the brain works 
and learns most effectively [1]. Typically, cognitive load tends to in-
crease when an individual performs a difficult task or multiple tasks 
simultaneously. Heavy cognitive load may also increase an individual’s 
errors while performing an activity [2]. Although cognitive load has 
been studied widely in learning [3] and education [4], it has also been 
used in diagnosing conditions such as Alzheimer’s disease and mild 
cognitive impairment [5,6]. 

Measuring cognitive load constitutes an important challenge, espe-
cially when data acquisition requires extreme precision. In Klepsch et al. 
[7], the authors identified three general types of approaches for 
measuring cognitive load. The first is based on self-report about the 

difficulty of the task performed or the mental effort required. The chief 
drawback of that approach is the inherent subjectivity of self-report. The 
second requires performing two cognitive tasks at once; when the 
cognitive load in completing one of the tasks increases, the other task 
will suffer from impairments in its performance. The major disadvantage 
of that approach is the mutual influence of tasks, which complicates 
identifying the exact load associated with each one. Last, the third 
approach consists of monitoring physiological measures with various 
techniques such as eye tracking [8], electrocardiogram [9], and elec-
troencephalography (EEG) [10]. The downside of physiological mea-
surement is the need for and thus cost of specialised devices to measure 
physiological parameters such as blinking, heart activity, and/or the 
brain’s electrical activity. That setback makes the method less affordable 
than the other two. 

This paper focuses on a physiological measurement, particularly 
EEG. In general, EEG involves placing electrodes on the scalp to detect 
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changes in electrical potential caused by brain activity. According to the 
literature, two major approaches are available for estimating cognitive 
load with EEG. The first is based on Klimesch’s research [10] on the 
oscillations of theta and alpha bands. Klimesch found that an increase in 
theta band power through the Fz electrode and a decrease in alpha band 
power through the Pz electrode occur simultaneously when cognitive 
load increases. That approach is usually applied with the theta-alpha 
ratio index [11,12] or event-related de-synchronisation [13]. By 
contrast, the second approach for estimating cognitive load with EEG 
consists of training machine-learning models using a set of relevant 
features [14]. Although that approach can be quite powerful, its prin-
cipal disadvantage is the difficulty of applying those models to contexts 
other than the one involved in model training. Moreover, because a 
trained model cannot handle different frequencies, numbers of channels, 
and electrode positions, the approach depends upon the particular de-
vice being used and, in turn, cannot be easily replicated in other studies. 

Because determining which metrics should be considered when 
estimating cognitive load via EEG can prove to be challenging, research 
evaluating the effectiveness and generalisability of different metrics 
derived from EEG data across persons and contexts is pivotal. In 
response to that need, our study involved testing some of the most 
promising EEG data processing techniques to assess their general-
isability in two contexts: the n-back and Stroop tests. In particular, we 
investigated the generalisability of cognitive load in two dimensions: 
subjects and contexts. Concerning subjects, we analysed whether gen-
eralisable patterns could be obtained within the same subject (i.e., intra- 
subject) or among different subjects (i.e., inter-subject). Concerning 
context generalisation, by contrast, we analysed the applicability of 
pattern recognition within the same cognitive activity or test (i.e., intra- 
context) and whether recognised patterns in one context could be 
extrapolated to other ones (i.e., inter-context). 

The question guiding our work was: Is it possible to find patterns 
associated with cognitive load that are generalisable between in-
dividuals and contexts by using promising EEG signal analysis tech-
niques? We conducted an experiment to gather empirical evidence (i.e., 
EEG data) for quantitative analysis to answer that question. For that 
experiment, we proposed a hypothesis to be tested: that identifiable 
patterns are associated with different levels of mental activities that can 
be generalised in terms of cognitive load. 

The process of testing that hypothesis involved three steps. First, data 
were collected while participants performed well-known tests for 
cognitive load (Section 2.1), and their EEG signals were collected 
(Section 2.2) during the experiment conducted (Section 2.3). Second, 
data were analysed after pre-processing (Section 3.1) and feature 
extraction and selection (Sections 3.2 and 3.3) using machine learning, 
and patterns were searched for with classification algorithms to train 
models for each context–subject combination of generalisability (Sec-
tion 3.4). Third and last, the effectiveness of such classifiers was tested 
(Section 4). In closing, we discuss the scope and limitations of our study 
(Section 5). 

2. Materials and methods 

2.1. Cognitive assessment tests 

Because we sought to evaluate different metrics for estimating 
cognitive load using EEG, we needed to select well-known tests that 
differentiate levels of cognitive load. In [15], some of the most 
commonly used tests and variations are listed, including the widely 
employed n-back test. Along with that test, because we aimed to eval-
uate whether metrics can be applied to identify patterns in different 
contexts, we chose another test showing differentiable levels of cogni-
tive load: the Stroop test. 

2.1.1. n-back test 
Introduced by Kirchner [16], the n-back test consists of presenting a 

series of elements sequentially. The person completing the test has to 
identify when any element was presented n positions before. For 
example, in a 2-back test, the sequence 1 2 3 1 3 1 4 5 5 5 5 6 7 8 9 8 
shows the elements that have to be identified in boldface and with 
underlining. 

The n-back test has been widely used in research on cognitive load 
and has many variations related to the stimulus presented, the most 
common being the visual n-back and the auditory n-back [8]. The 
version used in our experiment was a visual n-back showing single-digit 
numbers. In theory, an n-back test can provide n levels of cognitive load; 
however, because levels exceeding 3 are usually too difficult to 
accomplish for untrained people, we used three levels. 

2.1.2. The Stroop test 
Examining recognition latency, Stroop published work on the effect 

of encountering a colour word (e.g., “red” and “blue”) in a different 
colour [17]. The effect consists of a longer response time to recognise the 
colour used to present the word, depending upon whether the word, 
referring to another colour, differs from the one presented (i.e., colour 
incongruence). The test has been widely used in psychology, especially 
to assess resistance to interference [18], although other works on the test 
have focused on cognitive load. Usually, the Stroop test is employed as a 
secondary task that produces interference in relation to the primary task 
[19]; however, studies have additionally examined its capacity to 
stimulate cognitive load [20] and how the test’s colour-congruent and 
-incongruent versions affect working memory in different ways [21]. We 
chose the Stroop test instead of alternatives (e.g., span tasks) because it 
differs significantly from the n-back test and can reflect only two levels 
of cognitive load: when the colours are congruent (i.e., low cognitive 
load) and when the colours are incongruent (i.e., high cognitive load). 

2.2. EEG data collection 

The EEG device used was a Versatile EEG 16 from Bitbrain with 16 
channels, a 256-Hz sample rate, and 24-bit resolution1. The headset is 
built over a flexible cap with predefined positions following the 10–20 
system where the electrodes can be placed depending upon the situa-
tion’s requirements. For our experiment, we used the channels shown in 
Fig. 1. 

Fig. 1. Position of electroencephalography electrodes during the experiment.  

1 https://www.bitbrain. 
com/neurotechnology-products/semi-dry-eeg/versatile-eeg 
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The manufacturer-provided Python SDK used to capture EEG data 
afforded us access to the device programmatically. We used it to start the 
EEG recording when the n-back and Stroop tests were commenced, such 
that the events captured were synchronised with the data recorded. 

2.3. Experimental set-up 

For the experiment, we recruited 19 volunteers—5 women and 14 
men—who completed both tests while their EEG data were recorded. 
Following the protocol for the experiment, the headset was first 
configured by placing the electrodes in their corresponding positions. 
Second, the participants were informed about the test and signed a 
document confirming their informed consent to participate in the 
experiment. Third, the headset was carefully placed on each partici-
pant’s head to ensure the best contact possible, as shown in Fig. 2.. 
Fourth, the n-back test was initiated, after a brief explanation of how the 
test works and a trial attempt to confirm the participant’s understanding 
of the test. The n-back test was present at three levels of difficulty—1- 
back, 2-back, and 3-back—in increasing order for all participants. Fifth, 
after a 2-min break, the Stroop test commenced following a process 
similar to the n-back test; we ensured that participants understood how 
the test worked and had them try out the test both in the colour- 
congruent and colour-incongruent conditions. Sixth and last, we care-
fully removed the headset from the participant and thanked them for 
cooperating. 

3. Data analysis 

Python was used for data analysis given the large number of tools 
and libraries available for that purpose. The libraries we have used are 
pandas [22] for data management, NumPy [23] for array implementa-
tion and operations, scikit-learn [24] for most of the machine-learning 
tools, MLxtend [25] for feature selection, matplotlib [26] for visual-
isation, PyWavelets [27] for wavelet transforms, and eeglib [28], a 
simple but powerful library for EEG signal analysis that can manage 
steps from data loading to data processing and the application of all 
necessary signal transformations. 

3.1. Pre-processing 

Although different pre-processing techniques were considered, 
including independent component analysis or Z-score normalisation, we 
ultimately applied only a 0.1-Hz high-pass filter and a 100-Hz low-pass 
filter in order to remove noise from the signal. The other techniques 
were discarded because they did not improve the results. 

Next, data were windowed and labelled with the associated n-back 

level, in a segmentation determined by two parameters: window size 
and the size of step that the window is shifted each time. The original 
dimensions of the data were samples × channels; however, after seg-
mentation, the dimensions were (samples – size) / step × channels × size. 
The window size selected was 2.5 s—that is, the time elapsed between n- 
back events—and the step selected was half the size of the window 
necessary to obtain 50% overlap. 

3.2. Feature extraction 

Multiple algorithms were applied to each windowed piece of data 
from each considered channel to obtain a new dataset containing the 
results of these algorithms instead of raw signal data. Descriptions for 
each of the features extracted from the raw signal are presented below. 
They have been computed by using eeglib. Some computations for fea-
tures returned more than one value; for example, the band power feature 
returned one value for each frequency band analysed (i.e., delta, theta, 
alpha, beta, and gamma). The format of feature names used in data 
analysis was name–electrode[–extras], wherein name was the name of 
the feature, electrode was the identifier representing the electrode or 
channel, and extras was an optional parameter that appeared only for 
features that produced multiple values in their outcomes and whose 
meaning depended upon each feature itself. 

3.2.1. Frequency analysis 
Fast Fourier Transform (FFT) algorithm has been used to transform 

the input signal into the frequency domain. In EEG, it is common to 
study signals over specific frequency bands: delta (0.5 Hz–4 Hz), theta 
(4 Hz–7 Hz), alpha (8 Hz–14 Hz), beta (14 Hz–30 Hz), and gamma (30 
Hz–60 Hz). Band power has been extracted as a feature obtained by 
integrating the frequency spectrum between the limits of each band. 

3.2.2. Time-Frequency analysis 
Discrete Wavelet Transform (DWT) [29] is a fast algorithm that 

transforms a signal to obtain time–frequency representation properly 
and can be achieved by applying a low-pass filter for approximation 
coefficients and a high-pass filter for detailed coefficients, both based in 
a mother wavelet. The process can be applied multiple times over the 
approximation coefficients to create multi-level decompositions, 
including d1, d2, …, dj, aj, in which d represents detailed coefficients, a 
are approximation coefficients, and j the level of decomposition. 

Two features have been extracted from DWT coefficients: the energy 
and the entropy. The parameter j was set to a value of 5 decomposition 
levels, and the mother wavelet was Daubechies-4. Formula 1 was used 
for energy computation: 

Energy(c) =
∑N− 1

i=0
c[i]2 (1)  

where c is the vector containing the coefficients and N the length of c. 
For entropy estimation, Shannon entropy algorithm [30] was used. It 
can be computed as shows Formula 2 and 3: 

p(c[i] ) =
|c[i]|

∑N− 1
k=0 |c[k]|

(2)  

Entropy(c) = −
∑N− 1

i=0
p(c[i])log2p(c[i]) (3)  

3.2.3. Hjorth parameters 
Hjorth parameters indicate statistical properties of a signal from the 

time domain [27]. The first Hjorth parameter, called Activity, represents 
its energy, computed as the signal variance. 

The second Hjorth parameter is Mobility, which estimates average 
signal frequency. It is computed using the Formula 4 

Fig. 2. Experimental set-up with a) a Versatile EEG 16 headset worn by the 
participant and b) a computer used to complete the tests and record the signals 
issued by the headset. 
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Mobility(x) =
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
var(x’)/var(x)

√
(4)  

where × is the input signal and x’ is the first derivative of the signal. 
For last, Hjorth Complexity estimates the signal bandwidth, and it is 

computed as: 

Complexity(x) = Mobility(x’)/Mobility(x) (5)  

3.2.4. Fractal dimension 
Fractal dimension (FD) compares how the detail of a pattern changes 

with the scale. The “pattern” term can be referred to different types of 
geometric entities, including one-dimensional ones, like time series. It 
has been applied widely over EEG signals in the literature [31,32], and it 
is an indicator of complexity. Two algorithms for extracting fractal 
dimension features have been applied to the data: Petrosian FD (PFD) 
and Higuchi FD (HFD). 

PFD [33] is a fast FD computation but has a low accuracy. It is 
defined as Formula 6 describes: 

PFD =
log10N

log10N + log10

(
N

N+0.4Nδ

) (6)  

where N is the length of the signal and Nδ the number of sign changes in 
the signal’s first derivative. 

On the other hand, HFD [34] constitutes an accurate FD estimation 
of the input signal, despite slower computation compared to PFD. The 
first step is to create new time series as follows: 

Sk
m =

{

x[m], x[m + k], x[m + 2k],…, x
[

m +
N − m

k
k
]}

, (7)  

m = 0, 1,⋯, k − 1, k = 1, 2,⋯, kmax  

where × is the original signal, N the length of the signal, and kmax is a 
parameter of the algorithm that increases the accuracy and the 
computation time as it grows. For each of the new time series, its average 
length is computed as: 

Lk
m =

∑(N− m)/k
i=1

⃒
⃒Sk

m[i] − Sk
m[i − 1

⃒
⃒

(N − m)/kk
(8) 

For each k value, the average value of Lmk, across m, is computed 
with the Formula 9: 

Lk =
1
k
∑k− 1

m=0
Lk

m (9) 

Lk is proportional to k-D, where D is the HFD, so it can be calculated 
as the slope of log(1/k) plotted against log(Lk). 

3.2.5. Detrended fluctuation analysis 
Detrended Fluctuation Analysis (DFA) provides an indicator of self- 

affinity that is suitable for non-stationary signals [35]. For its compu-
tation, first, it is needed to detrend the signal: 

D[i] =
∑i− 1

j=0
(x[j] − x ), i = 0, 1, 2,⋯,N − 1 (10)  

where D is the detrended signal, x is the input signal, x the mean of x, 
and N the length of the signal. The signal is split in windows of n ele-
ments, and for each window a straight line is fitted (Dn). For each n, its 
fluctuation is calculated using Formula 11. 

F(n) =
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
N
∑N− 1

i=0
(D[i] − Dn[i])2

√

(11) 

Being α the self-affinity and given that F(N)∝nα, it can be calculated 
as the slope of log(F(n)) plotted against log(n). 

3.2.6. Lempel-Ziv complexity 
Lempel-Ziv Complexity (LZC) has traditionally been used in lossless 

compression algorithms as a measure of a sequence’s complexity [36]. 
In addition, it has also been widely used for biomedical signals, often to 
estimate bandwidth [37]. Before computing the LZC on a signal, the first 
step is to binarize it as Formula 12 shows: 

s[i] =
{

0, ifx[i] ≤ threshold
1, ifx[i] > threshold (12)  

where threshold is the median of x. The complexity is defined as the 
number of different patterns found in s. It can be normalized dividing it 
by b, which is calculated using Formula 13: 

b = N/log2N (13)  

3.3. Model and feature selection 

Three different algorithms were examined: Support Vector Machine 
(SVM), K Nearest Neighbours (KNN), and Random Forest (RF). These 
algorithms are considered some of the best machine learning algorithms 
for EEG [38,39]. Each of them was evaluated using all the N-back data 
with a k-fold cross-validation and using a grid search to find the best 
hyperparameters. The algorithm with higher accuracy was Random 
Forest, and the selected hyperparameters for it were: 600 estimators, 2 
minimum samples required to split, 1 minimum number samples 
required to be at a leaf node, 20% of the total features as the number of 
features considered when looking the best split, a maximum depth for 
the trees of 30 and no bootstrapping. 

As the number of features extracted is considerably high (384), it 
can increase the risk of overfitting and reduce the interpretability of the 
results. Therefore, a feature selection process must be applied. We have 
chosen a forward feature selection method because it is robust and can 
find good features for a specific model. The method iteratively evaluates 
the model with each of the eligible features combined with those already 
selected and appends the best scoring one to the set of eligible features. 
The result of the process is reflected in Fig. 3, showing that the most 
relevant features are those related to DWT energy. The best average 
accuracy (0.805 ± 0.011) is achieved by using 39 features (represented 
with a red line); however, using just 22 (represented with a green line) is 
possible to achieve a result close to the best one but with less standard 
deviation (0.797 ± 0.004); therefore, the best 22 features will be used in 
further steps. 

3.4. Generalisability analysis 

As stated in Section 1, the combination of two dimensions (i.e., 
subjects and contexts) was analysed to gauge the generality of patterns 
of cognitive load. Following feature selection from EEG data performed 
in the first phase of analysis (Section 3.3), a set of important features was 
determined and later used as a feature vector to train a supervised 
learning model that attempts to classify differentiable patterns associ-
ated with cognitive load. Four separate analytical scenarios were 
investigated after considering different levels of generality relative to 
the search pattern, as presented below. The analyses were differentiated 
by the composition of the dataset used for the classifier training set and 
the methods or metrics used for classifier validation. The specific 
methods and datasets used depend on the inclusion or non-inclusion of 
the inter- or intra-subject and the inter- or intra-context samples. 

3.4.1. Inter-subject and intra-context analysis 
The inter-subject and intra-context analysis sought to determine the 

effectiveness of classification into the three n-back test levels and the 
two Stroop test levels, each studied independently (i.e., intra-context). 
As in feature selection (Section 3.3), a random forest algorithm was 
used for classification; it was selected experimentally after checking the 
performance of different machine-learning algorithms. A leave-one- 
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group-out cross-validation was applied to the classifier and data to 
validate the effectiveness of the classifications. In that type of validation, 
the dataset is manually split into several groups of data. Then, each of 
those groups is used as test data for a model trained with all the other 
groups data. This process is repeated for every group, taking measures of 
the quality of the classification, like accuracy. For last, the measures are 
summarized using descriptive statistics like mean and standard devia-
tion. Each group of data included samples from only one participant, 
largely as a means of cross-validation to ascertain whether a single 
classifier generalisable to all participants (i.e., inter-subject) could be 
created. 

3.4.2. Inter-subject and inter-context analysis 
The model was trained with the n-back test data of all participants (i. 

e., inter-subject) and tested with their Stroop test data to test its trans-
ferability between contexts (i.e., inter-context). The classification algo-
rithm used was the same as in the inter-subject and intra-context 
analysis. Although the model trained with a random forest algorithm 
organised samples into three classes, the test dataset contained only two 
classes; therefore, typical metrics (e.g., accuracy and F1 score) could not 
be applied, and the result had to be interpreted in a different manner. 
The mean value associated with the predicted level in the n-back test 
was used as a metric for each level of the Stroop test. The Mann–Whitney 
U test was applied to confirm whether one of the levels contained a 
higher cognitive load than the other at a significance level of p < 0.01. 

3.4.3. Intra-subject and intra-context analysis 
Intra-subject and intra-context analysis focused on each participant 

individually (i.e., intra-subject) in an attempt to find differentiable 
patterns in the EEG response at each level within each context (i.e. intra- 
context). Because leave-one-group-out cross-validation could not be 
used for that purpose, the model was validated with a random split of the 
data: 60% used for training and 40% for testing. 

3.4.4. Intra-subject and inter-context analysis 
The final analysis consisted of checking the model’s transferability 

between contexts (i.e., inter-context) for each participant (i.e., intra- 
subject). The approach was the same described for inter-subject and 
inter-context analysis, although training and testing the model was 

performed for each participant individually. 

4. Results 

In what follows, the results of EEG data analysis are organised ac-
cording to the four scenarios introduced in Section 3.4 that consider 
both dimensions (i.e., subjects and contexts). 

4.1. Inter-subject and intra-context results 

Cross-validation results for the n-back and Stroop test datasets 
appear in Table 1. The accuracy was close to a random classification for 
both datasets, meaning that no generalisable pattern surfaced between 
different participants. 

4.2. Inter-subject and inter-context results 

The results of inter-subject and inter-context analysis appear in the 
confusion matrix in Table 2. Among them, the levels predicted with n- 
back test data were associated with the real Stroop class to which they 
belonged. As shown, more segments are predicted as 1-back for 
matching colour (MC) than for not matching colour (NMC), whereas this 
is inverted for 3-back. The average cognitive load level predicted for MC 
Stroop class was 2.015, while the average cognitive load level for NMC 
Stroop class was 2.173. 

A one-sided Mann–Whitney U test was performed with the null hy-
pothesis (H0) MNMC ≤ MMC and the alternative hypothesis (H1) 
MNMC > MMC to determine whether the mean of the NMC class was 
greater than the mean of the MC class. The p value obtained (1.295e-5) 
was significant enough (p < 0.01) to deny H0; therefore H1 was accepted. 

Fig. 3. Sequential forward feature selection showing the fifty most relevant features. Vertical axis shows the average accuracy of the model, while the horizontal axis 
shows the feature added each time. The blue area around the marks represents the accuracy standard deviation. 

Table 1 
Mean and standard deviation of accuracy scores of a leave-one-out cross- 
validation was performed with the machine-learning models trained with 
all participants’ data from the n-back and Stroop tests.   

M SD 

n-back  0.385  0.124 
Stroop  0.608  0.135  
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4.3. Intra-subject and intra-context results 

Shown in Table 3, the results of the train–test split validation for both 
datasets, averaged for each participant, suggest differentiable patterns 
associated with each cognitive load level for both the n-back and Stroop 
tests for each participant. 

4.4. Intra-subject and inter-context results 

In the intra-subject and inter-context analysis, the average cognitive 
load for the MC class was 1.997, whereas that for the NMC class was 
2.195. After a Mann–Whitney U test was administered using the same 
hypothesis as in Subsection 4.2, a p value of 6.823e-9 was obtained, 
which in far exceeding the significance cut-off (p < 0.01) meant the 
rejection of H0 and the acceptance of H1. 

5. Discussion and conclusion 

Based on the results, the generalisability of the EEG-based methods 
to characterise cognitive load was confirmed only under certain con-
straints. The results were affected by a common problem in EEG-based 
studies: that EEG signals are complex, non-stationary, and chaotic 
[40], which makes finding general models and patterns difficult. 

Analysing the same context revealed the failure of the inter-subject 
model (Section 4.1) and the sound performance of the intra-subject 
model (Section 4.3). It was possible for each participant to have had a 
different inner cognitive level for each level of the test; therefore, it 
would not be generalisable for different users applying the approach. 
Moreover, the EEG signal captures not only patterns related to cognitive 
load, but also other brain processes activated during the test that can 
differ from person to person, because individuals may use different 
strategies. Beyond that, the generalisation between contexts inter- 
subject (Section 4.2) and intra-subject (Section 4.4) revealed good re-
sults, even when comparing the n-back and Stroop tests, which require 
starkly different cognitive abilities. 

Altogether, this paper contributes to literature on the topic in two 
major ways. First, it presents a set of methods and features (Section 3.2) 
that can serve as a reference for studying cognitive load determined with 
EEG. In particular, a feature selection process that serves as an analysis 
of the importance of the different features is presented, one concluding 
that DWT energy is a powerful approach for discriminating cognitive 
load patterns in EEG data (Section 3.3). Second, the potential of the 
selected features and methods proposed for analysing the general-
isability of cognitive load measured from EEG segments has been 
examined (Section 4). Different analytical scenarios were considered 
with to pinpoint applicable patterns based on two dimensions: subjects 
and contexts. The results indicate that the analysed methods cannot be 
applied to establish generalisable models between participants to mea-
sure different levels of cognitive load (i.e., inter-subject), however, it can 
serve to determine patterns for each level or category of each test and 
participant, as well as allows the transferability of the patterns between 
contexts. In the future, this line of investigation can be developed further 
by including data from different experiments, like [41]. Other possible 
improve could be adding more types of physiological signals in addition 
to EEG, like electrocardiography or electrodermal activity [42]. 
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a b s t r a c t

Interaction with mobile devices serves as a link to the cyber world and allows us to characterise user
behaviours. The deep analysis of the interactions with the smartphone, aligned with the principles of
the Internet of People, allow us to distinguish between normal and abnormal use. One of the multiple
applications of this type of analysis will contribute to the early diagnosis of mild cognitive impairment,
based on anomalies in the interaction. This work aims to take the first steps towards that ambitious
goal: to determine the cognitive load required for different typical tasks with smartphones. By properly
identifying which tasks require a higher cognitive load, we will be able to start studying metrics and
indicators that contribute to the early diagnosis of cognitive pathologies. The analysis of cognitive
load was carried out after an experiment with 26 users who performed 12 typical tasks with a mobile
device while their brain activity was monitored through electroencephalography. The results identify
that there are clearly tasks with a higher cognitive demand, with audio production and consumption
being the most notable, which has been validated experimentally and statistically.

© 2020 Elsevier B.V. All rights reserved.

1. Introduction

Nowadays, many people have smartphones and other mobile
devices. This widespread use makes it possible to provide appli-
cations and services to address various problems, such as those
in healthcare. The large number of sensors in the smartphone
provide data on location, movement, voice, battery, application
use and more, which is a source of a great deal of information,
especially in assessing the behavioural aspects of users’ daily
lives [1]. With regard to health, for example, the analysis of
smartphone use allows us to track the locations and paths of the
GPS followed by users, which can be used to measure things like
anxiety levels to anticipate possible mental health problems [2].
Not only are sensor data relevant, but data from the interactions
between users and their own mobile devices (e.g. the mistakes
made while writing, the active/passive time in applications, the
dual task of using the smartphone while walking) also provide
valuable information related to human behaviour. Indeed, the
smartphone can be a diagnostic ally [3], but it should play a

∗ Corresponding author.
E-mail addresses: luis.cabanero@uclm.es (L. Cabañero),

ramon.hlucas@uclm.es (R. Hervás), ivan.gdiaz@uclm.es (I. González),
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jose.bravo@uclm.es (J. Bravo).

complementary role in the doctor–patient relationship. In partic-
ular, in the case of dementia, Blanka Klimova [4] evidenced the
potential of mobile apps for facilitating diagnostic support, min-
imising examiner bias, increasing patient independence, reducing
hospitalisation costs and improving the overall quality of life for
the elderly. All of this places analyses of interactions (explicit or
implicit) with smartphones in an important position, as they can
be very valuable both in the fields of human–computer interac-
tions (HCI) and healthcare, whether for diagnostic purposes or
even treatment.

This article is part of the project ‘‘Mobile computing-based
Multitasking for Mild cognitive impairment Monitoring and early
Screening (M4S)’’, which aims to contribute to the early diagnosis
of mild cognitive impairment (MCI) by monitoring dual day-
to-day tasks in terms of interactions with smartphones. MCI is
highly related with dementia and Alzheimer’s disease and its
early diagnosis can contribute for the detection and interven-
tion of them [5]. In fact, the World Health Organisation (WHO)
determines the early diagnosis in order to promote early and
optimal management as one of the main five goals for dementia
care [6]. In the initial stage of this project, the aim is to determine
the cognitive load required to carry out various typical tasks
performed on a mobile device, which is the main objective of
this work. The characterisation of smartphone typical tasks by
their cognitive load will help in selecting which tasks should

https://doi.org/10.1016/j.future.2020.07.013
0167-739X/© 2020 Elsevier B.V. All rights reserved.
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have their performance affected by MCI. Thus, this is a critical
pre-requirement to face the next steps of the M4S project that
aims to assess cognitive decline analysing the smartphone daily
use. Anyhow, the conclusions and results of this document not
only contribute to the above-mentioned project but also to the
community of researchers in the field, leading to a better un-
derstanding of the cognitive processes associated with the use of
mobile devices.

This paper is an extension of [7], and its main contribution
is the improvement of the experiments in several aspects: (a)
the number of participants, which was 26 compared to 6 in the
previous paper; (b) the quality of the instrumentation, as the elec-
troencephalography (EEG) headset is a scientific device with more
accuracy, higher sample frequency and more channels; (c) the
specification of the protocol, which was improved according to
the application of the previous experiences; (d) a deeper analysis
of the data obtained. In addition, we added extra information to
the fundamentals and background, as well as a discussion section.

To study the cognitive load (i.e. the number of working mem-
ory resources or ‘‘mental effort’’ associated with a specific task,
concepts explored in depth in Section 2.1), we analysed the
EEG activity of users performing a set of typical tasks with a
smartphone. The fundamentals of the EEG-based cognitive load
analysis are also described in Section 2.1. To determine the set of
tasks to study, this paper proposes a taxonomy of smartphone-
based actions. We considered the related proposals in the litera-
ture (Section 2.2) and identified the significant characteristics of
the tasks to classify them. As a result, this paper also proposes
the HuSBIT-10 taxonomy: Human–Smartphone Basic Interactions
Taxonomy for 10-s tasks (Section 3). An experiment with real
users was conducted with the dual objective of (i) studying the
cognitive load of different typical tasks with the smartphone and
(ii) validating the classification made in the taxonomy in terms of
the mental effort associated with the identified task categories.
The protocol, material, and methods of the experiment, as well
as the analysis and results of the data from the experiment,
are developed in Section 4. Section 5 discusses the results, their
meaning and the possible bias of the experiment. Finally, Sec-
tion 6 concludes the paper, talking about the goals accomplished
and future work.

2. Fundamentals and background

This section will talk about the background of this study,
focusing on cognitive load fundamentals and smartphone–user
interaction.

2.1. Cognitive load

Cognitive load is one of the main topics of this paper, hence
it is necessary to go deeper into what it is and how it can be
measured.

2.1.1. Cognitive load fundamentals
Brain processes follow a pattern common to most people, even

though each person usually responds in a specific way to external
stimuli. A common link is cognitive load, a concept that refers to
the number of working memory resources used to accomplish a
task. Thus, the level of cognitive load depends on the characteris-
tics of the task to be performed and the subject who performs it.
Each task has a different load, that is, it may be more complex or
simpler (depending on the steps or the level of precision required
to perform the action), and each subject processes it differently
according to his/her abilities and aptitudes [8]. It is common to
refer to the cognitive resources that are used to perform a task as
mental effort, which means that the terms ‘‘cognitive load’’ and

‘‘mental effort’’ are often used interchangeably, although they are
not exactly the same.

With these basic concepts in mind, we can mention Sweller’s
[9] theory of cognitive load, which focuses on working memory
and, specifically, on Mayer’s [10] theory of multimedia learn-
ing. These theories are part of the cognitive sciences that seek
to improve multimedia environments [11] within the informa-
tion processing paradigm, taking it as a ‘‘natural information
processing system’’ [12].

For this work, we assume that tasks with smartphones have
different mental loads and are related to some external stimulus
that may come from one or more channels, thus translating the
tasks into cognitive information. Mostly auditory and visual chan-
nels activate working memory. Information processing in work-
ing memory is related to the activity that is consciously carried
out [13]. Furthermore, recent research has shown that working
memory is separated into three processors or channels [11].
When information passes through this memory, it is distributed
between two partially independent processors, i.e. auditory and
visual processors, which manipulate verbal and graphic informa-
tion, respectively. In addition, there is a third processor known
as the central-executive processor, which is responsible for co-
ordinating the processing of information entering and leaving
working memory.

Therefore, consideration should be given to how to present the
information to avoid overloading these channels. Additionally, it
is essential to consider whether the information is new, so that it
can be acquired only if the subject’s mental activity can relate it to
mental schemes previously stored in long-term memory [10,14].
When a person has done a task repeatedly, his/her processing is
different because he/she has response patterns associated with
that task, and the execution is faster or easier to do. This is
achieved with practice time and depends on the intuitiveness of
the tasks, which was considered in the development of our work.

All the previous fundamentals are considered in this paper to
define the taxonomy tasks with the smartphone and to define the
experiment protocol, as we describe in the following sections.

2.1.2. Cognitive load measures
There are lots of ways to estimate the cognitive load asso-

ciated with a task, but, according to [15], there are three main
approaches: (1) self-reports, (2) dual-tasks and (3) physiological
measurements. The self-report method consists of asking the par-
ticipants of a task about how difficult they perceived the task to
be or about the mental effort required for it to be done. Estimating
the cognitive load using this method has an important disadvan-
tage, namely the high subjectivity involved in the responses of
the participants. Through the second method, the dual-tasks, this
subjectivity can be avoided. Dual-tasks consist of performing two
tasks at the same time in such a way that, as the difficulty of
the main task increases, the performance of the secondary task
decreases, which can be objectively measured. An example of
this could be trying to keep a constant beat with a foot as the
secondary task while performing a typical cognitive load task, like
the N-Back test [16]. The main problem with this technique is
that the secondary task has its own load, so it complicates the
estimation of the cognitive load associated only with the main
task. Physiological measures avoid the problems of the other two
methods, but they also have some disadvantages, notably, for
many, the cost of the devices to acquire the physiological data and
the difficulty to process said data. There are many physiological
parameters that can be used to estimate cognitive load, like pupil
dilation, heartbeat or neural activity. Eye tracking-based methods
are really popular, and they have been proven to work as an index
of mental workload, either through eye movement [17] or pupil
dilation [18]. There are also other methods like electrocardiogram
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(ECG) [19] or galvanic response [20] that are also used but are
not as popular. EEG [21], a signal that is directly influenced by
the cognitive load, is another very popular and frequently used
method that can be used to measure neural activity.

Integrated cognitive load assessment in daily activities is still
an unexplored field. As can be seen from the measurement mech-
anisms above, they all focus on testing in controlled environ-
ments. One of the few works that link cognitive load to mobile
phone tasks is [22], which identified some examples of tasks
that characteristically require working memory, namely typing
information, deciding on a path and searching from display. To
our knowledge, there are no works that attempt to quantitatively
characterise cognitive load and its possible decline during the
daily use of smartphones. Therefore, there is still no evidence
about which specific tasks performed on the phone are suitable
for this purpose, being this one of the challenges of this work.

2.1.3. EEG-based cognitive load analysis
In relation to the electrical activity of the brain and its analysis

through EEG, four main locations of the brain have been discussed
in the literature to study neurological activity: parietal, occipital,
temporal and frontal regions [4,23]. It has been observed that
this neurological activity produces a range of electrical waves at
different frequencies with a greater or lesser level of coverage
depending on the task being performed.

A clear example of the differences that occur in the electrical
response of the brain associated with neurological activity can
be seen in the electrical oscillations emitted during sleep com-
pared to those made when awake. The brain produces very low
frequency (<1 Hz) electrical waves that are reflected in the EEG
signals of sleep stages, between the 0.55–0.95 Hz range and with
peaks at 0.7–0.8 Hz in the frequency band known as delta [24].
In contrast, higher frequencies and faster waves predominate in
waking conditions, where the bands range from 0.5–40 Hz. The
intervals corresponding to each band are as follows: 0.5–4 Hz
(delta band), 4–8 Hz (theta band), 8–13 Hz (alpha band), 13–
30 Hz (beta band) and, finally, 30–40 Hz (gamma band), although
there is no consensus on the exact limits of each band, and it is
common to find different ranges for each one in the literature.
As mentioned above, the composition of the electrical response
largely depends on the cognitive task.

EEG allows the capture the electrical response of the brain by
means of electrodes placed on the scalp. These electrical signals
are generated by ionic movements in and around neurons during
the activation and deactivation of neurons involved in a cognitive
task. EEG measures the fluctuating voltages in these electrical
signals. While there is no straightforward way to estimate cog-
nitive load from EEG electrical signals, some approaches can be
found in the literature. The three most commonly used analysis
techniques are: (i) Event-Related Desynchronisation (ERD), (ii)
Theta–Alpha Ratio (TAR) and (iii) techniques based on machine
learning. In relation to detecting changes in cognitive load using
the ERD technique, Klismech found that the spectral power in the
theta band increases, while the spectral power in the alpha band
decreases [21]. Further relevant contributions have studied the
use of ERD from alpha and theta bands to measure cognitive load.
For example, Antonenko et al. have applied the ERD technique to
two different case studies related to the learning context [25].

In addition, some recent studies have explored the use of
the TAR technique as a measure of cognitive load [26–28]. In
particular, Trammell et al. [24] have found associations between
age and estimated cognitive load by using this technique. TAR is
obtained by dividing the spectral power of the theta band of an
electrode placed in the middle frontal area, which is known as Fz,
by the spectral power of the alpha band of an electrode placed in
the central parietal area, which is known as Pz.

Other novel and powerful approaches to estimate cognitive
load are based on machine learning. Many research studies have
used these techniques for this particular purpose, for exam-
ple, [29], which uses Naïve-Bayes, and [30], which uses deep
convolutional neural networks. Through machine learning mod-
els, robust and useful metrics can be extracted from EEG signals,
although some problems have been reported in regard to the
sample size and data gathered from the acquisition trials. Specif-
ically, (i) it takes a large number of participants to adequately
train a classifier or fit a regression model to work properly on
EEG data from anyone; (ii) the studies found are mostly based on
supervised learning; therefore, a big labelled dataset is required
to train the model; (iii) the trained models are usually not
available, so they cannot be reutilised in other experiments. Such
considerations forced us to discard machine learning techniques
as a method for this work.

2.2. Mobile-device interaction background

There is a large area of literature on HCI focusing on mobile
devices. Nowadays, many projects and research studies utilise
user-centred design and development, emphasising the role of
usability and user experience in terms of interactions with mo-
bile devices. According to Hoober [31], users interact with their
mobile devices in three different ways: (1) using only one hand,
(2) using both hands, and (3) passively. This same paper also
indicated other types of considerations when studying human–
device interactions: whether use is active or passive; whether the
device is being used for speaking; and how users express their
body posture when interacting with their smartphones, namely
walking, standing or sitting.

Karam and Shraefel carried out an extensive study in 2005 that
led to the creation of a general taxonomy of gestures in HCI [32].
In this work, the authors also presented a review of possible
interactions with any device, not only mobile ones. Focusing on
smartphones, the most common inputs were the camera, the
touch surface and the sensors-on-body (e.g. accelerometer, GPS).
The last input is considered as a pervasive or implicit way of
interacting with the mobile device. In the case of interaction with
touch screens, Wroblewski [33] proposed a popular reference as
a standardised guide about gestures in these kind of displays.

Moreover, numerous works have focused on the analysis of
user–smartphone interactions in different domains, using a va-
riety of measurement mechanisms and pursuing multiple ob-
jectives. Today, works such as the one presented by Hinckley
et al. [34] show new ways to detect interaction with smart-
phone screens before it occurs, which is referred to as ‘‘pre-touch
sensing’’. Cameras and vision-based systems are also useful to
analyse interactions with mobile applications. Authors such as
Souza [35] and Chang [36] have highlighted the importance of
eye-tracking data for usability studies, comparing them with
traditional techniques.

It is possible to study behaviour by analysing the interactions
between users and their smartphones. In this regard, new pat-
terns of use and behaviour can be found [37], as well as different
types of smartphone users [38]. Smartphone use is an important
observational tool in psychological science. Taking into account
all the data provided by these mobile devices, as determined by
Harari et al. [1], it is also possible to measure and analyse patterns
of smartphone addiction by interacting with them [39,40].

Interactions with smartphones occur at different levels. These
interactions can be studied through information provided by
the operating system, built-in sensors and buttons on physical
devices, as well as with installed applications. Considering the
objectives of this article, and taking into account the related work,
in which no research on the classification of smartphone tasks at
the cognitive level has been found, this paper proposes a specific
taxonomy of the basic tasks related to the most common types of
interactions with smartphones in the following section.
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3. Proposed taxonomy: HuSBIT-10

According to the objectives of our study, we needed to define a
set of usual tasks focused on user–smartphone interaction. These
tasks are quick, simple and require less than 10 s. The name of the
taxonomy is HuSBIT-10: Human–Smartphone Basic Interactions
Taxonomy for 10-second tasks.

First, four types of interactions that a user could carry out with
their smartphone were identified: (τ ) touch, (ι) look, (ς ) talk, and
(η) listen. All of them are closely related to the human senses,
which are critical for analysing cognitive load and information
processing [8]. Additionally, considering some of the approaches
in the literature mentioned in Section 2.2, the types of interac-
tions can be classified into two categories: (α) active and (ρ)
passive, depending on whether the user explicitly interacts with
the device. This enables us to determine whether a specific type
of interaction of the first four types mentioned above is active or
passive.

Furthermore, any smartphone interaction task could employ
one or more of the above types of interaction. Therefore, we have
defined the AMPEC-10 as a term to group the five types of tasks
that a user can perform with the smartphone in a maximum time
of 10 s (limit obtained experimentally), making use of the four
types of interaction. The acronym AMPEC-10 corresponds to the
following grouping of tasks according to their type:

• (A) Automated. This represents tasks without a significant
cognitive effort that is typically performed automatically or
unconsciously.

• (M) Psychomotor. This kind of task requires a quick or direct
interaction with the smartphone, where the main difficulty
is to perform a touching interaction carefully or with proper
accuracy.

• (P) Production. This includes tasks that require basic content
creation, requiring creative skills to produce new content.

• (E) Exploration. This kind of tasks requires the analysis of a
set of data to obtain specific information.

• (C) Consumption. This defines tasks that involve content
consumption.

It is important to consider the prevalence of the types of interac-
tions (touch, look, speak and hear) in these types of tasks. A first
exploration reveals that touch and look interaction types are the
most common interactions between the user and the smartphone.
Also, as discussed in Section 2.2, talking and hearing occur less
frequently. This confirms what other studies in the literature have
found [41,42].

Based on these assumptions, the HuSBIT-10 taxonomy has
been modelled to classify any task with a duration of less than
10 s that users perform with their smartphones. In Table 1, there
is an overview of the identified tasks (classified by task type) and
some examples. The aim of the HusBIT-10 approach is to provide
support for classifying AMPEC-10 tasks in terms of planning and
cognitive load from a two-dimensional perspective, as well as to
promote replicability in other trials and experiments.

4. Experiment: Cognitive load in smartphone interactions

This section will explain how the experiment was performed,
including the protocol followed, information about participants
and materials used. The analysis process followed will also be
described, as well as the results of the analysis.

4.1. Experiment protocol and method

The experiment gathered evidence in terms of EEG data in
an empirical manner, with the data quantitatively analysed. The
question that guides this experiment is: ‘‘Do the different tasks
that are typical with mobile devices have characteristic and dif-
ferent levels of cognitive load?’’ This question made us propose
two hypotheses to be tested through this experiment:

Hypothesis 1. There are tasks with the smartphone that present a
characteristically higher or lower cognitive demand than the rest.

Hypothesis 2. The tasks or interactions with mobile devices iden-
tified in the HuSBIT-10 taxonomy have similar cognitive burdens
within each category.

The experiment was conducted in the MAmI research lab at
the University of Castilla–La Mancha, a group focused on health
informatics and HCI (http://mami.uclm.es). The participants were
informed about the scope and goals of this research and the
collected data. The work was conducted with 26 participants,
from 19 to 36 years old (31% females and 69% males) who
received and signed the information sheet and consent form,
which provided detailed information about the study’s objective,
procedures, and types of data to be collected. All participants
had the opportunity to consider their participation before making
a final decision. Thereby, the preservation of the dignity and
autonomy of the participants was ensured by their voluntary
participation and the fact that they could leave the study at any
time without any consequences. The age range selected serves
to ensure that participants are adults who are in a life stage
prior to the onset of cognitive impairment, or at least to reduce
the risk of suffering from any type of cognitive impairment that
could bias the data. We based this decision on the studies that
determine that deterioration begins to occur naturally after the
age of 45 [43].

This study followed the empirical method for gathering ev-
idence regarding EEG data while participants interact with a
smartphone. The protocol employed within the experiment can
be summarised as follows: (1) all participants were wearing the
EEG headset (Fig. 1a) and sat at a desk with the smartphone
(Fig. 1c); (2) participants were required to perform the EEG cal-
ibration with the software provided by the manufacturers of
the headset (Fig. 1b); (3) all participants were told about the
general procedure that consisted of performing 12 tasks with a
duration of around 10 s, which were randomly sorted for each
participant to avoid any bias related to the order of activities; (4)
all participants received instructions for the actions to perform
with the smartphone to ensure they fully understood them before
each task; (5) the participants, without receiving any additional
instruction, performed all the tasks planned. This entire process
for each participant took approximately 30 min.

4.2. Material

The cognitive load was studied using a device for capturing
EEG signals for scientific purposes, the Bitbrain Versatile EEG
16. This device has 16 EEG channels and two references for
positioning and accurate spatial resolution. The EEG headset in-
cludes a flexible cap that allows the customisation of the position
of the water-based electrodes. The configuration used for the
experiments, according to the International 10–20 System [44], is
shown in Fig. 2 and consists of five frontal electrodes (F3 and F7
on the left hemisphere, F4 and F8 on the right hemisphere, and
Fz in the midline), four temporal electrodes (T3 and T5 on the
left hemisphere and T4 and T6 on the right hemisphere), three
central electrodes (C3 on the left hemisphere, C4 on the right
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Table 1
AMPEC-10 tasks classification according to HuSBIT-10 approach.
Task category Id Task type Characteristics Examples

Automated
A1 Query an item (α) (τ , ι) Check time/Check if there are

notifications/Check if I have Wi-Fi

A2 Action on any physical button (α) (τ ) Turn on–off device/Turn up–down volume

Psychomotor

M1 Pattern (α) (τ , ι) Device unlock (with unlock pattern)

M2 Move (α) (τ , ι) Add and move a shortcut

M3 Dismiss (α) (τ , ι) Close opened apps, Close notification preview

M4 Copy & Paste (α) (τ , ι) Share information among applications

M5 Select (α) (τ , ι) Select a part of a text

Production

P1 Text Production (α) (τ , ι) Add a new contact/Set an alarm/Write a
message/reminder

P2 Voice Production (α) (τ , ς ) Make a call/Make a voice command/Create
voice message

P3 Visual Production (α) (τ , ι) Take a photo

Exploration

E1 Search on a textual set (α) (τ , ι) Search for a contact/Search for a song/Search
for date in the calendar/Last call made to
someone

E2 Search on a visual set (α) (τ , ι) Search for a specific application/Browse
images/Change direct-access settings (e.g.
airplane mode)

E3 Analysis of textual contents (α) (τ , ι) Change setting details (e.g. data roaming)/Do a
search in an Internet browser

E4 Analysis of visual contents (α) (τ , ι) Search for a route/site on a map

Consumption

C1 Text Consumption (ρ) (ι) View/Read notifications, Read a text message

C2 Audio Consumption (ρ) (η) Listen to an audio message/Listen to a podcast

C3 Media Consumption (ρ) (ι, η) Watch a video

Fig. 1. Experiment setup with the following materials: (a) Bitbrain Versatile EEG
16 EEG headset; (b) Laptop with the required software to collect raw data and
eeglib to process and analyse; (c) Smartphone Samsung J6 with Android 9.0 Pie;.

hemisphere and Cz in the midline), three parietal electrodes (P3
on the left hemisphere, P4 on the right hemisphere and Pz in
the midline) and one occipital electrode (Oz). The headset uses a
sequential sampling method at a rate of 256 samples per second
with a resolution of 24 bits. To collect the EEG raw data, we used
the Bitbrain viewer software, which was provided by the headset
manufacturer.

For the EEG data processing, we used specialised software
developed to process EEG data called eeglib [45,46], which is
a Python-based library for EEG processing that provides data
structures for that purpose. This library can load CSV and EDF files
that are typical formats in which EEG is stored and also allows the
user to import the data from Python and NumPy data structures.
It can apply three different pre-processing techniques to the

Fig. 2. Positions of the electrodes used during the EEG recording for the
experiments.

signals: bandpass filtering, z-scores normalisation and Indepen-
dent Component Analysis. It also includes a set of processing
techniques to extract features from data: FFT, Higuchi Fractal
Dimension, Petrosian Fractal Dimension, Hjorth parameters, De-
trended Fluctuation Analysis, Lempel–Ziv Complexity, Multiscale
Sample Entropy, Synchronisation Likelihood and Pearson Cross
Correlation Coefficient. The library includes a tool to generate
datasets (in pandas DataFrame format) that can be easily used
to apply to machine learning techniques or to perform statistical
analysis.

The smartphone used in the experiment was a Samsung J6
with the operating system Android 9.0. The list of specific tasks
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to perform is shown in Table 2. The selection of the specific
tasks to be performed in the experiment is arbitrary, since there
is no literature background on how to make such a decision
based on scientific evidence. The selection followed a series of
basic criteria: (a) the tasks are consistent with the HuSBiT-10
taxonomy, (b) they are consistent with the neuropsychological
theories set out in Section 2, (c) they avoid tasks that are heavily
dependent on previous knowledge or experience and (d) they
require at least 10 s to be completed to have enough data for
analysis. In relation to the second requirement, we included tasks
associated with working memory in accordance with the findings
of [22]; the set was completed with tasks that clearly require
controlled and conscious processing. For example, task E2 was
chosen as a visual exploration that requires selective attention
in a context with distractors. Regarding the latter requirement,
some tasks are made up of several sub-tasks, such as M2 or M5,
because all the tasks were required to take 10 s, and some had to
be lengthened that way.

As we show in Table 2, there are three tasks per category to
keep the same number of tasks in each category, so they can be
analysed more consistently. Therefore, the following tasks from
the taxonomy were excluded: M1, M4 and E1. M1 was discarded
because it implies knowing a pattern beforehand, which compli-
cates carrying it out within the experiment. To perform the M4
task, it is usually necessary to also do M5, so M5 was selected
instead of M4 to facilitate execution. Within the Exploration
tasks, all were suitable for the experiment, so E1 was arbitrarily
discarded. Thus, the total number of evaluated tasks was 12.
The design of the list of tasks follows the considerations and
fundamentals about cognitive load in Section 2.1, trying not to
overload any channels or include too much new information for
participants.

The category Automated was omitted due to the extremely
low cognitive load associated with unconscious or mechanical
tasks. The information processing can be either controlled or
automatic [47,48], considering whether it occurs when the in-
formation at hand is consciously being addressed. Moreover, a
characteristic alteration of controlled processes has been demon-
strated in people with dementia [49]. This is the reason why
Automated tasks were not considered.

4.3. EEG data processing

Participants performed all the tasks described in Table 2,
specifically, three defined tasks per category considered in the
HuSBIT-10 proposed taxonomy. EEG activity was recorded during
each task for a 10-s interval (EEG segment). The recorded EEG
data can be found in the link in the Supplementary Material
section.

The data processing is graphically described in Fig. 3. The left
side of the figure shows the structure of folders. It is composed
of three levels, the first one being made up by a folder for each
participant. Each of those folders contains another folder for each
task. The task folders contain the files created during the EEG
recording, which include not only the raw EEG data but also other
data like the Inertial Measurement Unit (IMU) data or the EEG
impedances. There are 26 (participants) × 12 (tasks) = 312 EEG
files in total.

Each of those files was loaded and pre-processed by applying
a 2–15 Hz bandpass filter to reject artefacts and noise included
in the frequencies that are not necessary for this analysis. Once
filtered, the signal was segmented into 6-second windows, with
an overlap of half a second. For each of these windows, the
TAR was computed as indicated below and then averaged for all
windows.

TAR =
ThetaFz
AlphaPz

Theta Fz is the spectral power of the theta band (4–8 Hz) in the
electrode Fz (frontal midline), and Alpha Pz is the spectral power
of the alpha band (8–13 Hz) in the electrode Pz (parietal midline).
The TAR used for estimating the cognitive load of each task was
an average of all the windows. In the previous paper, the TAR
index was computed using four electrodes instead of only two
due to the limitations of the previous headset, which does not
have the electrodes Fz or Pz.

The next step was to build a table including the TAR for each
participant and task. One of the problems of comparing the TAR
between each participant is the high variability depending of the
particularities of each person. To solve this, the cognitive load
estimator was normalised for every participant using a min–max
scale, which is described below:

Normalized (Xi) =
Xi − min (X)

max (X) − min (X)

where X is a numerical signal, Xi is the element from X in the
position i, min(X) is the smallest element in X and max(X) is the
biggest element in X. This type of normalisation has the main
advantage of easy interpretability because all the numbers are be-
tween 0 and 1. It should be noted that this type of normalisation
significantly changes the distribution of the data, going from a
Gaussian to a bimodal one, since there are a lot of extreme values
(0 and 1).

The last step averaged the whole table with the normalised
values from each task to obtain a cognitive load index associated
with each task.

4.4. Results

The experiment results show differences among the cognitive
load associated with some of the tasks. Table 3 summarises the
average cognitive load value for each task, considering all the
participants, while Fig. 4 shows the boxplot representing the
same information. It can be observed that the task with the
highest cognitive load is P2, which consists of audio production,
followed by C2, in which the participants were listening to an
audio recording. From this, we can observe that both tasks are
related to audio. The tasks with the lowest cognitive load are E2,
which consisted of counting elements in a picture, followed by C1,
in which the participant reads a text. Analysing each task group,
relevant facts from each group can be observed. One general idea
that can be extracted is that all the groups contain one element
that notably differs from the other two. The Production group
(P) has the highest cognitive load, and P2 has a considerably
higher value than P1 and P3. The Consumption group (C) ap-
pears to have the least cognitive load as it contains the second
and third elements with the lowest cognitive loads, but C2 has
a significantly high value. In the Psychomotor group (M), M3
and M5 have close values, while M2 is marginally higher. M2
involves dragging an icon from the apps menu to the smartphone
main screen, which presented some problems for the participants
because this is done in different ways depending of the version
of the phone’s software; some of the participants were used to
other ways of executing this task, which could have increased
the cognitive load. Lastly, the Exploration group also contains two
types of tasks with a similar cognitive load (E3 and E4) and one
that was notably different (E2).

To check if H1 can be accepted, a one-way ANOVA was carried
out, the results of which are shown in Table 4. They show a rather
low p-value, thus rejecting that the average of all groups is the
same at a significance level of 0.05, which confirms H1.

To explore this more in depth, we decided to perform a pair-
wise Student t-test between every task. Student t-test was chosen
because the size of the sample is small (n = 26). Table 5 shows
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Table 2
List of tasks performed in the experiment according to HuSBIT-10 taxonomy.
Task category Task type Specific task in the experiment

Psychomotor

M2 Add and move an app shortcut (2 times).

M3 Close all apps in the background.

M5 Select one word, then two, then two and a half words
in a Wikipedia article.

Production

P1 Write down an excuse or justification for not attending
a meeting with someone.

P2 Create a voice message answering a friend who has just
written about cancelling a meeting.

P3 Take an artistic photo of nearby objects considered to
be the most expensive.

Exploration

E2 Count the number of beach umbrellas in a picture from
‘‘Where’s Wally’’?

E3 Switch off data roaming in the device settings.

E4 Search how to reach a given place (about 500 m away)
with a map of the current location.

Consumption

C1 Read a synopsis of the book Portico on Wikipedia.

C2 Listen to a voice recording.

C3 Watch a video about soap cutting.

Fig. 3. Graphical representation of the processing applied to the data.

Table 3
Results of cognitive load in each task performed in the experiment according to
HuSBIT-10 taxonomy. The colour of each cell is a gradient going from dark red,
which represents the minimum in the row, to bright green, which represents the
maximum in the row.

the matrix with the p-values of the application of the t-test to
each pair of tasks; the cases in which p => 0.05 are shown in
green, and the cases in which p < 0.05 are shown in red. To avoid
type I errors for the whole experiment, we also applied the Holm–
Bonferroni correction, which is indicated using asterisks. Extreme

cases, like P2 or E2, have different means than most of the other

tasks, while the means of central cases are too similar between

them. As the distribution of the data cannot be ensured to be

normal, both t-tests could be affected by that, although they are
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Table 4
Results of a one-way ANOVA analysis performed with the data.

Df Sum of
squares

Mean sum
of squares

F p-value

Task 11 4.255313 0.386847 4.951202 4.52E−07
Residual 300 23.43956 0.078132

Fig. 4. Boxplot representing the cognitive load for the 12 evaluated tasks.

robust to non-normal distribution whenever the sample statistic
follows a normal distribution.

We also grouped the tasks by the type of interactions ((τ )
touch, (ι) look, (ς ) speak and (η) hear) involved and averaged
them. The results are shown in Table 6. It is important to note
that some tasks belong to more than one group, and that the
groups speak and hear consist of only one task. With regard to
the passive (ρ) and active (α) components of each type of task,
they were averaged, as well, showing a mean value of 0.39 for
passive tasks and 0.46 for active tasks.

5. Discussion

This section discusses the scope of the obtained results. It
is necessary to note that the EEG signal has certain limitations
due to its nature. EEG signals can be very sensitive to noise and
pick up unwanted artefacts [50] caused by many factors, such as
facial movements like blinking or mouth movements [51]. For this
reason, EEG data are not directly analysed as a whole; they must
be filtered, processed, validated with metrics or characteristics
(as is the case with TAR) and, finally, analysed in detail. For
these reasons, the diversity in the data obtained, such as non-
uniformity between subjects and intra-subjects, as well as the
standard deviation in the results obtained for cognitive loads, is
reasonable.

Considering this, the results obtained show that the main
categories identified in the taxonomy do not carry a clearly higher
or lower cognitive load in a categorical way. It is observed that
Production activities usually carry a higher cognitive load possibly
because of their creative component, requiring the user to plan
and devise content. In general, Consumption and Psychomotor
activities require less cognitive load, with Exploration activities
being in the middle. There are some tasks that are significantly
outside the norm. On the one hand, task E2, which consists of
counting umbrellas in an image, has a low cognitive load possibly
because it only requires visual acuity and concentration, with-
out the need for higher level cognitive tasks such as executive
function. On the other hand, the C2 task about consumption of

an audio content, in addition to having a higher cognitive load
than the rest of the Consumption tasks, has the highest standard
deviation. C2 together with P2, both with the highest cognitive
loads, have in common, unlike the rest, the use of the auditory
channel, which also requires language processing. Passive tasks
show, in general, a smaller cognitive load than active tasks, which
could imply that active tasks are more demanding. This finding
is consistent with Mayer’s [10] cognitive theories of multimedia
learning and has its roots in Paivio’s [52] theory of dual coding. It
focuses on how we acquire new information through dual chan-
nels and then process it with short-term memory and integrate it
into long-term memory. Dual channels have limited capacity and
require active processing (organising information and integrating
it into mental models). For this reason, information from dual
channels generally carries a greater cognitive load.

It can be noted that there are important differences in the
results from the previous paper to this one, in which the Ex-
ploration tasks had the highest cognitive load. In the present
paper, the Production tasks showed the highest cognitive load,
and the high cognitive load of listening to an audio record-
ing was observed. There are many possible reasons for these
changes. Possibly this is because of the usage of a different head-
set where we considered the exact electrodes for TAR calculation
(in previous experiments we used a less precise headset with an
approximation in the TAR metric). Other reasons are the different
computation of the TAR index and the incorporation of more peo-
ple into the experiment. We assume that both aspects, headset
and experiment set-up, is much more reliable in the current work.
Anyhow, there are consistencies between both experiments: The
Consumption and Psychomotor tasks had the lowest cognitive
load, and Exploration tasks showed a higher cognitive load than
these two groups.

How movement during activity affects the results should be
considered, as it could affect the EEG signal. The participants in
the experiment were asked to try to move as little as possible,
and they complied quite well. However, the P3 task involves more
movement by the participants, as they have to turn their bodies
to look for items to photograph, so the value of the TAR for that
task cannot be ruled out.

Finally, it should be noted that, although attempts have been
made to identify characteristic tasks of each type, there is a high
degree of dependence on the task itself. Likewise, the previous
knowledge, experience and skills of the users condition the cog-
nitive load required by each task. To mitigate this limitation, a
population uniform in age and with high knowledge and experi-
ence in the use of new technologies was chosen. In any case, and
in future work, it would be interesting to define multiple tasks of
the same type and categorise the previous experience of users to
measure the correlation (if any) among these aspects.

6. Conclusions

With this work, we are aiming to take the first step towards
a new research line that aims to contribute to the early diag-
nosis of MCI through the analysis of everyday interactions with
smartphones. One contribution of this paper is HuSBIT-10, the
taxonomy of typical tasks with smartphones. The taxonomy is
based on similar classifications focused on other devices found in
the literature, as well as on the cognitive components related to
each of the tasks. Researchers in HCI can use this taxonomy as a
model that classifies the types of interactions with smartphones.
However, the main contribution is the characterisation of the
cognitive load associated with each of these tasks. From these
results, we can confirm Hypothesis 1, which states that there are
tasks that present a characteristically higher or lower cognitive
demand than the rest, by looking, for example, to tasks E2 and
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Table 5
Matrix with the p-values of the application of Student t-test for each pair of tasks.
The cells in a red colour contain p-values under the significance value and the
ones in green colour contain p-values over the significance level. The cells with an
asterisk correspond to the comparisons that are considered different after applying
the Holm–Bonferroni correction.

Table 6
Cognitive load of tasks grouped by the type of interaction involved
and averaged.
Touch Look Speak Hear

0.446 0.403 0.715 0.533

P2. However, we cannot fully support Hypothesis 2 because every
category of the taxonomy has one task with notoriously different
cognitive burdens than the others. These results guide the next
steps of our research on early diagnosis of MCI. We will focus on
analysing the performance of the tasks with higher cognitive load
where mental decline should be clearly reflected. This is precisely
the hypothesis to be validated in the immediate future work.

This paper has shown an important advance from previous
research, mainly due to the effort to improve the quality of the
experiment. The previous work stated the importance of using
a better EEG device in future work, as well as increasing the
sample size to obtain a higher statistical significance, which has
been the course of action followed in this work. Future work will
also focus on studying the cognitive load during dual-tasking,
including other types of sensors like pressurised insoles. More-
over, future work will involve analysing cognitive load when
interacting with specific mobile applications for people with spe-
cial needs. Examples of this are augmented reality for guiding
people with dementia [53,54], mobile-based biomedical signal
measurement [55] and avatar-based apps for emotion manage-
ment [56]. Research will also continue to apply smartphones to
the early detection of cognitive impairment, relying on HuSBIT-
10 taxonomy. The future work in these terms would be to meet a
consensus about the taxonomy with relevant communities in HCI
and publish it into open-source repositories.
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CHAPTER 3

Discussion and Conclusion

As the final chapter, this one reviews the work done for the thesis and compares it with the
planned and expected results. It also shows some of the work done during the thesis, but
that could not be published.

3.1. DISCUSSION

This section discusses the results of this thesis, making a division between the results of
each individual publications presented in Chapter 2 and the result of the whole work.

3.1.1. Individual publications

Below, each of the published papers is discussed in terms of the obtained results and how
they are aligned with the thesis.

[P1] eeglib: computational analysis of cognitive performance during the use of
video games

The main highlights of this article are the systematic review, the initial approach for the
design of eeglib, a proposed technique for testing non-linear features computation, and a
validation of the tool by means of analysing data from real experiments. The systematic
review served as a base for the rest of the doctoral thesis, which helped in setting its
direction. The initial design structure of eeglib was also really important to support the
further improvements both in algorithm implementations and in general features for the
library. The unit testing approach for non-linear features was also an important advancement
given the few scientific publications on this topic. For last, the validation of the library
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through data from real experiments, helped a lot to define the general workflow that would
be followed in the future. Initially, as said in Subsection 1.4.2, there was not a plan to gather
data through an experiment, but it helped to obtain a more suitable dataset for the needs of
the article.

It is also worth mentioning that the scope was narrowed to video games instead of general
interactive applications to align it more to the main approach that most of cognitive training
program use. Despite the techniques found through systematic review are the most used
along video games, they are not tied only to the video games field or even to interactive
applications, and they can be applied in many other scenarios.

[P2] eeglib: A Python module for EEG feature extraction

This paper is an Original Software Publication presenting eeglib and its utility and advan-
tages. It shows the capabilities of the library, as well as the use cases in which it can be
applied. The article also compares the eeglib to other similar libraries making focus on its
strengths and weakness compared to them and how it is pretended to be used. The feature
extraction workflow presented and how it can be easily connected to other statistic and
machine learning libraries for analysis are the main contributions of the library, but also
the implementation of some algorithms that did not have Python implementations, like
synchronisation likelihood.

[P3] Studying the generalisability of cognitive load measured with EEG

This paper objective was to answer the question: : Is it possible to find patterns associated
with cognitive load that are generalisable between individuals and contexts by using promis-
ing EEG signal analysis techniques? The answer is no, but many relevant insights have
been obtained from the process to find it. First, it is needed to qualify that “no” answer,
since it talks about the difficulties of finding patterns applicable inter-subject, but not for
inter-context, which obtained really good results. The generalisability problem between
subjects is, in fact, something still unresolved in EEG analysis because the big differences
between people’s brains. This finding promotes the use of EEG for comparing a user with
themself and avoids comparisons between different users, at least in cognitive analysis.
Even if no patters for generalisability across users could be found, a selection of features
suitable for measuring cognitive load that can be useful for other research in the future was
obtained.

The proposed experiment setting and the analysis process are other relevant contributions
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of this paper, given that they allow avoiding bias regarding different users and contexts.
The structure consisting of recording at least two different but related tasks in combination
with the analysis that considers four scenarios (intra/inter subject/context) can be applied
for finding markers to measure other cognitive states. The process can be improved by
including a baseline recording in which EEG is obtained from a relaxed state from every
user. This allows building a ratio between elicited mental states to the relaxed one and then
use that ratio to compare different users.

[P4] Characterisation of mobile-device tasks by their associated cognitive load
through EEG data processing

The main contribution of this paper and the most aligned with this thesis is the cognitive load
measures taken from users interacting with smartphones through EEG. The interactive tasks
used follow the HuSBIT-10 taxonomy proposed in the same publication. It was found that
the tasks that increased more the cognitive load were those related to sound, both producing
and consuming. Also, in general, production activities presented a higher cognitive load than
the rest. Another relevant contribution of this article for the thesis is the review of cognitive
load measurement methods that focused on EEG based ones, but also other approaches.

3.1.2. Global work

The work done in this thesis has lead to four publications of high quality that expand the
knowledge in the area. Each of them makes a valuable contribution by itself, but analysing
all together some extra insight can be obtained. How the knowledge obtained can be applied
to cognitive training design and research is discussed in this subsection.

On the basis on how cognitive load works, interactive applications with learning purposes
should control to not elicit a high mental workload. A task that produces high cognitive load
prevents a correct learning, because most available mental resources are allocated for that
task and, therefore, there are not or only few resources dedicated for the learning. It should
be noted that when a cognitive load is too high depends on the person who performs the
task, so the activities should be adapted to the user. If the task is too easy, it does not produce
a high cognitive load, but generates boredom to the user, which reduces the attention and,
therefore, weakens the learning process. This cognitive state equilibrium is also strongly
related with engagement, given that it is a requirement for it. A high engagement also
improves the learning process due to two factors: it increases the adherence to the activity
and the proactiveness towards it. EEG analysis can be applied to estimate the engagement
and the cognitive load of different people performing the activities designed for a cognitive
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training program as a way for assessment. Then, those activities can be modified according
to the results and repeat this process iteratively until the obtained measured values are good
enough.

Cognitive training programs cannot be assessed only from the perspective described
above, their results on the user must be measured too. This assessment must be done by
testing the transference of skills between contexts. Despite it is not necessary, EEG can be
applied too in this phase as a reinforcement. It can be used to study the mental state of
the user to detect which parts of the brain are more activated and compare that with the
findings on the literature and the expected results of the training.

From the published articles, as stated above, methodological improvements have been
generated after performing the experiments and the analysis. There are lots of points in
which different biases can appear in EEG research, so it is important to consider as many
as possible to avoid them. One of them is the inter-subject analysis and how overfitting is
capable of finding patterns across many people which do not reflect what is intended to
find. Also, many of the markers proposed in the literature for estimating different aspects
of brain have not been studied enough and their real efficacy should be questioned when
working with them.

3.2. COMPLEMENTARY RESEARCH

As explained in Subsection 1.4.2, additional work has been carried out during the develop-
ment of the thesis that could not be included in the results because many reasons. One of
these reasons is because it is an unfinished work, which is the case of the research line about
how much engagement is produced by different types of motivation in gamified applications.
Other of the reasons is that some of these works have been developed as a collaboration
with others partners and they are not directly aligned with the thesis, although, for those
collaborations, many techniques learnt from EEG research are applied.

3.2.1. Engagement research

In the literature, two types of motivation are usually recognised: intrinsic and extrinsic
[81]. Intrinsic motivation appears because of how engaged is the user to the task itself,
while extrinsic motivators come from additional rewards not related with the task itself. For
example, in an application for learning languages, the intrinsic motivation can come from the
challenges presented to the user, which, depending on how they are designed can generate a
greater or lesser engagement. Following the previous example, the extrinsic motivation can
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come from a scoring system that can make the user to try to surpass their previous score or
from achievements that establish concrete objectives for the user. Most of modern games
and many application usually include elements to generate both types of motivation, but
many of them make a special focus on extrinsic mechanics because they are usually more
easy to design and can be targeted to a bigger group of population. There are not many
research works about which types of motivation factors produce a greater engagement, so
therefore this line was decided to be the next step inside this thesis. However, given the size
of this project, it could not be finished and therefore it is not included in Chapter 2.

To be able to measure how much engagement each of the motivation types produces, an
experiment will be carried out for gathering EEG data. For this experiment, the participants
will play a video game during two weeks with a pre-test to measure their initial engagement
with the game and a post-test for measuring how it has changed after two weeks. There
will be at least three groups: one that plays a version of the game with many intrinsic
motivation mechanics, but no extrinsic ones, another that plays a version with lots of
extrinsic motivation mechanics, but only minimal intrinsic ones, and the last one which will
include both types of motivation mechanics. The main requirement for carrying out this
experiment is the game with the specific versions mentioned, which must be developed as
there is not any existing one suitable for this purpose. The development of this game started
and was almost finished, but it could not be ready because of other urgent activities within
the thesis.

3.2.2. Secondment

From March 1𝑠𝑡 to June 1𝑠𝑡 of 2022 a secondment was carried out at Ulster University with
the objective of establishing synergies with Smart Environments Research Group (SERG)
working together in a common project. This project was focused on developing a framework
for simulating inhabited smart homes within the digital twins paradigm. A simulator was
built using game development skills that were previously learned for the above project. The
main results of this projects were i) a meta-model for the simulation of behaviour of a human
inside a smart home; and ii) a simulator that implemented that meta-model designed to easily
allow other researchers to build their own environments. The motivation for developing this
project is the many limitations for acquiring data from real environments, such as the cost,
the duration of the experiments or the difficulties to find willing participants. An article
about this project has been written and accepted in UCAmI 2022 international conference.
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3.2.3. Other works

Besides the above one, many other research works have been carried out during the duration
of the thesis. One of the most relevant to the thesis is highly related with [P4], given
that is highly focused on how users interact with their smartphones. This work has not
been published yet and do not include EEG analysis, therefore it was not suitable to be
incorporated as a main contribution of the thesis. The work consisted on gathering data
about how people usually interact with their smartphones to later analyse it searching
for patterns associated to the user profile, which consists of the age and the ability. This
work, like [P4], is part of the M4S project and shares with it the focus on Mild Cognitive
Impairment (MCI). It tried to find patterns associated with age, as a first approximation
to MCI early detection, by only using data from the interaction with the smartphone and
physical activity.

There aremany other scientific papers inwhich effort has been put during the development
of the thesis, such as those presented to the UCAmI conference. Two of them [82, 83], sent
to previous editions of the conference, are closely related to the topic of the thesis, however
they were lately improved and published in JCR journals, which are the papers included in
Chapter 2. Also for UCAmI 2022 conference, another article besides the one mentioned in
Subsection 3.2.2 have been accepted. In this paper, a machine learning model for generating
synthetic gait data is proposed.

For last, there are some other relevant collaborations, two of them with authors belonging
to the MAmI research group and another in cooperation with members of the Oreto research
group. One of the papers in collaboration with members of MAmI is [84], in which a sen-
sorised toy to support mood disorders in children is presented. For this one, the knowledge
of Python programming language acquired through the development of the analysis tools of
the thesis. The other collaboration with MAmI group is [85], that shows an easy-to-deploy
and low-cost Internet of Things infrastructure for gait characterisation for assisted living
environments. For last, the article in collaboration with Oreto research group is [86], in
which an agent based architecture to train and deploy deep-neural networks is proposed.

3.3. FUTUREWORK

The work presented in this dissertation is complete and valid by itself, but also part of a
much bigger research line. This research line will be further developed in the future by
many paths. One of them is the analysis of motivation types, related with engagement study
which is relevant not only to cognitive training programs, but to video games in general
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and serious games in particular. An evaluation of the type of mechanics more suitable for
increasing engagement should be carried out by applying quantitative techniques such as
EEG. More aspects should be analysed in the future to improve the design of cognitive
training programs, specially regarding the evaluation of the real benefits of cognitive training
programs for the people who undertake them.

During the development of this doctoral thesis many of the limitations of EEG have been
revealed to the author. That has lead to study how to overcome them, which can be done in
two manners. The first is the improvement of the hardware, the acquisition and the analysis
of the data to avoid bias and noise when working with EEG signals. The second is discarding
the use of EEG devices and test other types of recordings such as fNIRS, EOG or even video.

3.4. CONCLUSION

The initially proposed objectives have been achieved, being each of them related with an
article. For convenience of the reader, below the objectives are listed again and linked to the
paper which prove its achievement.

[O1] Study EEG analysis methods and techniques applicable to the use of

interactive applications and video games. It is linked to [P1], in which a systematic
review analysing is presented.
[O2] Develop and validate tools for the processing, analysis and characteri-

sation of EEG signals for cognitive assessment. The paper more related to this
objective is [P2], in which eeglib is presented along their features and capabilities.
However, [P1] also has relation with this objectives, given that the first steps in the
development of the library appear here.
[O3] Study methods for measuring cognitive load and their applicability

in comparing different contexts and users. Publication [P3] was carried out
specifically to accomplish this objective, which was done sucessfully.
[O4] Measure the cognitive load associated with typical activities in the use

of interactive applications through the analysis of EEG signals. This objective
is achieve through [P4]. Despite the scope of the objective initially was wider, it was
decided to be more specific when the publication was written.

The accomplishment of all the specific objectives has lead also to the achievement of
the main objective, which is stated again for the sake of the reader: “Define and develop a
framework for EEG signals analysis that can be used for the evaluation of cognitive training
methods”. The framework the objective talks about refers to many of the parts showed in
this dissertation. The main of them is the eeglib library, but also the procedures proposed in
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many of the papers for acquisition and analysis of EEG signals. Most of the papers content
is not referred specifically to cognitive training because the authors tried to tackle more
general problems. However, all of them are motivated by the needs of cognitive training
evaluation and assessment as described in Section 3.1.

As a final conclusion, the work done during this doctoral thesis is considered valuable and
an advancement to expand the knowledge in the EEG field in combination with interactive
applications. It is also a first step towards developing a promising research line in the future.
Overall, the author is satisfied with the outcome of this dissertation.
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