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Abstract

The brain is one of the most important organs in our body. It is the one that
allows us to think and feel, the one that controls our heart rate or the digestion of
the food we eat. However, to this day, it is still a little-known organ in its operation.
The existing exploration techniques help us to know this organ, but we still do not
know the fundamentals that govern it. A technology that seeks to contribute to the
understanding of the brain and, in turn, infuence it is the Brain-Computer Interface
(BCI). Its structure is relatively simple: it acquires brain activity, processes it and
translates it into actions. The functionality of BCI has been successfully tested in
laboratories but without much success in real life. Several challenges still need to
be overcome; among them is the non-stationary nature of brain activity, which gen-
erates inter- and intrasubject variability that makes it diffcult to achieve accurate
BCIs over time. This thesis addresses this challenge by investigating feature engin-
eering techniques and artifcial intelligence algorithms that allow adaptable BCIs
to different real-life circumstances.

For this, we study the characteristics of the EEG signal of Event-Related Po-
tentials (ERPs) and Working Memory (WM) in devices with wet and dry electrode
technologies. The EEG signal was studied in both the time and frequency domain.
The results obtained show that through characterization, it is possible to achieve an
improvement in the performance and adaptability of BCIs. One of the applications
of this study is the selection of electrodes that allows improving the performance
metrics of a BCI, for example, accuracy, ITR, BCI-Utility. In addition, implemen-
ted in dry electrodes signifcantly improves performance compared to the selection
of standard electrodes.

The original approach posed by this thesis is to take advantage of the charac-
teristics of a signal to achieve adaptability of the BCIs. Therefore, from this thesis,
we can conclude that proper characterization of the control signal and the use of
low computational cost algorithms for its implementation in real-time achieve the
adaptability of the BCI and improve the performance compared to standard meth-
odologies used by default.

The fndings derived from this thesis will facilitate the creation of low-cost BCIs
and contribute to understanding the properties that facilitate their adaptability. The



exploration and identifcation of characteristics is an alternative to understanding
an adaptive BCI and all the processes involved. Although, currently, several tech-
nologies achieve an adaptation through algorithms that work like a black box (e.g.,
greedy or exhaustive search algorithms), the limitation of understanding the prop-
erties that adaptability involves remains.



Resumen

El cerebro es uno de los ´ as importantes de nuestro cuerpo, es el queorganos m´

nos permite pensar y sentir, el que controla nuestro ritmo cardı́aco o la digestión de

la comida que ingerimos. Sin embargo, a dı́a de hoy sigue siendo un órgano poco

conocido en su funcionamiento. Las t´ on existentes nos ayudanecnicas de exploraci´

a conocer este ´ un desconocemos los fundamentos que lo gobiernan.organo pero a´

Una tecnologı́a que busca contribuir al entendimiento del cerebro y a su vez a in-

cidir en el´ es la Interface Cerebro Computador (BCI, por su siglas en inglés). Su

estructura es relativamente sencilla: adquiere la actividad cerebral, la procesa y la

traduce en acciones. Su funcionalidad ha sido probada exitosamente en los labor-

atorios pero sin mucho ´ un restaexito en la vida real. Varios son los desafı́os que a´

por superar, entre ellos esta la naturaleza no estacionaria de la actividad cerebral,

lo que genera una variabilidad inter e intra sujeto que difculta lograr BCIs precisas

a lo largo del tiempo. Esta tesis aborda este desafı́o investigando técnicas de in-

genierı́a de caracterı́sticas y algoritmos de inteligencia artifcial que permitan BCI

adaptables a las diferentes circunstancias de la vida real. Para ello, estudiamos las

caracterı́sticas de la señal de EEG de Potenciales Relacionados a Eventos (ERPs)

y Working Memory (WM) en dispositivos con tecnologı́as de electrodos secos y

h´ nal de EEG fue estudiada tanto en el dominio del tiempo comoumedos. La se˜

de la frecuencia. Los resultados obtenidos muestran que a través de la caracter-

izaci´ no y la adaptabilidad de las BCIs.on es posible lograr una mejora del desempe˜

Una de las aplicaciones de este estudio es la selección de electrodos que permite

mejorar las m´ no de una BCI, por ejemplo el accuracy, ITR, BCI-etricas de desempe˜

Utility. Además, implementadas en electrodos secos mejora signifcativamente el

desempeño, comparada con la selección de electrodos estándar.

El enfoque original que plantea esta tesis es tomar ventaja de las caracteristicas

de una señal para lograr la adaptabilidad de las BCIs. Por tanto, de esta tesis po-

demos concluir que una adecuada caracterizacion´ de la señal de control y el uso

de algoritmos de bajo costo computacional para su implementación en tiempo real

logran la adaptabilidad de la BCI y mejoran el desempeño, comparado con metod-

ologı́as estándar utilizadas por defecto.



Los hallazgos desprendidos de esta tesis facilitar´ on de BCIs de bajoan la creaci´
costo y contribuye al entendimiento de las propiedades que facilitan su adaptabil-
idad. El enfoque de la exploracion´ e identifcacion´ de caracterı́sticas es una altern-
ativa para entender una BCI adaptativa y todos los procesos que involucra. Si bien,
actualmente, varias tecnologı́as logran una adaptacion´ a traves´ de algoritmos que
trabajan como una caja negra (e.g., algoritmos de busqueda codiciosa o exhaustiva),
queda la limitante de entender las propiedades que involucra la adaptabilidad.



CHAPTER

1
Introduction

In recent years understanding the brain has become a challenge. Knowing its
structural and functional composition is the aim of several projects on a world
scale. Understanding how we think, feel and act day by day has created many ex-
pectations and hope. This understanding will help us discover the nature of our
emotions, our decision-making or even improve the precision of our movements.
Thus, it is necessary to deepen the study of the brain, its nature and functioning
to prevent diseases, assist or cure if it is the case. One of the alternatives pro-
posed for this understanding and assistance is the Brain-machine interface (BMI)
or Brain-computer interface (BCI). A BCI is a technology that converges scientifc
and technological knowledge to capture brain activity and turn it into a control
channel without using the peripheral nerves and muscles[1]; a broader defnition is
given later in section 2.1. BCI is being used for clinical purposes both for evalu-
ation and rehabilitation [2, 3], entertainment, affective computing, real-time mental
state monitoring, among other applications [4, 5].

This type of interface is evaluated according to the precision of decoding the
corresponding brain activity, its effciency in converting intentions into actions, and
its performance stability over time. Therefore, improving accuracy and stability
over time is one of the challenges that BCIs have yet to overcome. Several works
have focused on increasing precision; however, its good performance is changing

5



1. INTRODUCTION

at the subject level and between subjects. The non-stationary nature of the neural

activity is a factor that affects the BCI performance [6, 7, 8, 9]. Factors as emo-

tional stability, exercise, stress [10], sleep deprivation [11], genetic factors [12],

stimulus characteristics (e.g., timing and diffculty) [13, 14]; also affect the sys-

tem performance. This variability has been manifested since the seminal papers

in BCIs [15, 16], but so far, it is not fully managed. These changes over time of

brain activity in the same subject are known as intrasubject variability, and the vari-

ations between subject and subject are known as intersubject variability. It can be

an intrinsic variability at the neuronal level [6] given by its structural and functional

differences, at the level of strategies and units of higher-level cognition [17, 18] or

simply at the moment of acquiring the signal, an electrode shift [19, 20].

Adaptive technology is proposed as an alternative to managing variability. This

adaptation can occur both at the machine and human levels. Several authors state

that since the machine and human are part of the same system, both need to learn

[7, 21, 22, 23]. For its part, human nature allows us to adapt to changes and learn

from the environment, although there is scarce explicit experimental evidence in

the development of BCIs [21]. On the other hand, the machine learns thanks to

the advances made in different areas of knowledge that enrich the understanding

of this learning; one of them is artifcial intelligence. However, it leaves gaps

remaining in understanding. For example, the latest works focus on improving the

performance of BCIs and their adaptability through deep learning [24, 25], but one

of its weaknesses is that it hides the details of the learning that allowed it to improve

prediction accuracy. Knowing and understanding the signal characteristics in which

the learning machine is fxed can improve the system performance, contributing to

understanding the underlying processes of neural activity related to the specifc

activity.

In this context, it is essential to discover the characteristics that allow managing

variability in BCI systems and thus improve their performance. We propose several

methods for the characterization of the control signal and reach the BCIs customiz-

ation. In our approaches, we analyzed the spatio-temporal characteristics in ERPs

and working memory and searched the adaptability to the subjects, improving the

system performance. Our methods allow easy-to-install and comfortable EEG sys-

tems building, reducing the sensors (electrodes) numbers and facilitating the usab-

6



1.1 Problems addressed

ility of BCI systems. This characterization would facilitate the system adaptation
to the different situations involved, such as clinical, health, entertainment. In this
way, it contributes to understanding the principles of the BCIs adaptability, facil-
itating the development of systems that adjust to different environments in which
BCIs are involved in real life.

1.1 Problems addressed
In this thesis, we study the problem of inter- and intrasubject variability as an in-
trinsic feature of brain activity. As we have already commented, the knowledge
and management of these changing characteristics are opportunities to search for
BCI adaptation. Therefore, the variability was approached as an opportunity to
characterize the temporal and spatial structure that allows customizing the BCIs to
improve and maintain the system performance over time with ERPs and working
memory control signals. We study the implementation of metrics in systems with
new technologies that have a low signal-to-noise ratio. Thus, we also approach the
problem from the viewpoint of light equipment, comfortable for implementation in
real-life BCI applications.

1.2 Objectives
The thesis objective is to investigate the techniques for feature engineering (selec-
tion and extraction features) and pattern recognition EEG control signals as P300
and working memory to create an intelligent BCI capable of adapting to different
individuals, speeding up training and implantation time.

To achieve this general objective, we propose three specifc objectives:

i. Analyze the different variables that infuence adaptive BCIs to improve the
performance of the system.

ii. Determine the effcient and optimal factors that infuence the generation and
detection of the control signals to achieve adaptable BCI.

iii. Design and build a BCI using optimal factors that manage inter- and intrasub-
ject variability improving system performance.

7



1. INTRODUCTION

1.3 Outline
This thesis is structured as follows:

X Chapter 2 presents important concepts and related work that facilitate the

reading of the thesis. The chapter starts with the BCI defnition and its dif-

ferent components; it reviews feature engineering and artifcial intelligence

algorithms. Then, we review the concepts of inter- and intrasubject variabil-

ity. Finally, address the concepts inherent to adaptability in BCI.

X Chapter 3 contains three approaches to identifying the relevant characterist-

ics that allow managing variability. The frst approach studies the area under

the curve (AUC) in a specifc time window on the P300 wave. The second

approach analyzes the peak differences in voltage throughout the EEG epoch.

The third approach takes advantage of the positive and negative defections

in the P300 wave to achieve compliance in subjects.

X Chapter 4 shows the experimental details that validated our methodology

proposed in Chapter 3 using data from active and passive dry electrodes ac-

quired in our laboratory. We detail the methodology used, such as experi-

mental setup, participants, characteristics of software/hardware and prepro-

cessing signal.

X Chapter 5 introduces the relation of ERPs and WM, then explores the vari-

ability of the EEG signal from working memory and ends by discussing the

use of this type of signal to be used as a new control signal in BCI. This sig-

nal was characterized temporally and spatially, looking for the regions that

best describe WM activity. The results obtained in the characterization were

correlated with those achieved in their behavioural responses. The analysis

was performed in experimental data with a relatively new stimulus called

retro-cue.

X Chapter 6 and 7 describe the conclusions in English and Spanish, guided by

the objectives set at the beginning of the thesis.

8



1.3 Outline

X Chapter 8 presents a perspective of future work that emerges from the work
done so far.

X Chapter 9 show the research dissemination carried out during the thesis
through publications and international congresses.

9



CHAPTER

2
Concepts, methods and
related works on BCIs

In this chapter, we will address the basic concepts and methods involved in a
BCI. We will expose the methods, theoretical bases and how it is applied in the
context of electroencephalography (EEG) signals.

2.1 BCI defnition
A brain-computer interface (BCI) or brain-machine interface (BMI) can be defned
as a system for translating brain activity into specifc commands, without the inter-
vention of peripheral muscles or nerves [1].

A BCI system is composed of fve essential components: 1) the control signal is
the brain activity collected for the operation of the BCI, which can be generated by
an external stimulus such as visual or auditory, by a voluntary modulation (think-
ing of moving a hand), or by neuro-modulation (in some cases also called neuro-
stimulation); 2) a signal acquisition system; 3) signal pre-processing; 4) feature
conversion; 5) output commands or neurofeedback training paradigm. A typical
operation of BCI systems starts with the generation of the specifc brain activity in
the subject; an electronic device acquires this brain activity, then a pre-processing
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is performed to eliminate ocular or muscular artifacts and other noise typical of the

acquisition. Once the signal is conditioned, it is analyzed to fnd patterns in brain

activity and convert them into control commands. The analysis is carried out by

techniques of extraction and selection of features as well as artifcial intelligence

algorithms. Once the goal of converting the specifc brain activity into a command

is reached, it is sent to execute an action. Depending on the confguration of the

system, feedback is performed or not. Although the above is a typical operation,

there is a diversity of variations between the different components that make it up.

Current works are based optimising of these components and their proper interac-

tion.

From this basic description of operation, we can distinguish two fundamental

active components that adapt and learn: the human and the machine. By the ma-

chine, we refer to the component destined for acquisition and signal decoding and

the human component in charge of generating the control signal. Although initially

most of the works related to BCI focused on learning and machine intelligence,

currently the works also focus on mutual learning or co-adaptation [21, 22], i.e.,

both the subject and the machine are adapted to improve system performance.

Currently, the research on BCI is extensive. In a brief review of a search engine,

we can see the increase in published works in recent years in which a great variety

of types and approaches is manifested. Below we address each of the types of BCI

and detail each of its different components.

2.2 BCI types
There are different classifcations for a BCI. We can start classifying them by the

type of signal acquisition as invasive and non-invasive [26, 27]. Invasive BCI refers

to the implantation of microelectrodes in the brain to acquire brain activity. While

the non-invasive ones acquire brain activity on the scalp, one of the most wide-

spread techniques is electroencephalography (EEG). Another way to classify BCIs

is through the control signal; among others, we can mention: evoked potential,

event-related potential, sensorimotor rhythms, working memory. We will explain

each of them later in the section 2.4.
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Nicolas-Alonso and Gomez-Gil divide the BCIs in exogenous or endogenous

and synchronous (cue-paced) or asynchronous (self-paced) [28]. The frst two dif-

fer in that the exogenous receive an external stimulus to react to it, and the en-

dogenous take advantage of the user’s will to generate the control signal. The

second considers the data processing modality. Synchronous BCIs analyze brain

activity during predefned time windows and specify the user’s action time, while

asynchronous BCIs continuously analyze brain activity regardless of when the user

acts.

According to Zander and Kothe [29] they categorize BCI into active, reactive,

and passive. The former generates control signals through a direct and consent

domain on the part of the subject, for example, sensory-motor signals, which we

will discuss later in the section 2.4. Reactive BCIs respond to an external stimulus

and their brain activity is indirectly modulated by the subject, for example, BCIs

based on potentials related to P300 events. For their part, passive BCIs derive their

control signal from an arbitrary brain activity without the voluntary control of the

subject, an example of them is the BCIs related to error potentials.

2.3 Signal Acquisition
The implementation of a BCI system involves the detection of brain activity. This

activity can be acquired in different ways: electrical, magnetic or hemodynamic.

To date, there is no perfect technique that allows to accurately collect the mor-

phological and functional characteristics of the brain, each one has advantages and

disadvantages. In the context of BCIs, one of the most popular is the acquisition

of electrical activity through electroencephalography (EEG), both due to its high

temporal resolution (tens or milliseconds) [30] and its relative low cost.

Below, we present several techniques that allow the acquisition of brain activity.

2.3.1 Electroencephalographic (EEG)

EEG is a imaging technique that captures electrical activity along the scalp. This

electrical activity is produced at the cellular level; neurons generate ionic current

[31]. This current is captured as voltage fuctuations by sensors called electrodes.

13
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The sensors capture the potential difference in two ways: bipolar or unipolar. The

frst calculates the potential difference between two electrodes placed in different

areas of the cerebral cortex. The second calculates this potential difference by

comparing it with a reference. This reference can be an average signal from two

or more electrodes or come from an electrode placed at a neutral point, such as

mastoids or earlobe.

The placement of electrodes is done in a standardized way under the interna-

tional 10/20 system [32]. Since Jasper’s proposal in 1958 [33, 34], this system has

been widely used. The 10/20 system is based on taking the inion and nasion (see

Fig. 2.1) as reference points and considering 10%, 20%, and 20% until reaching

50%, which is the central region of the brain. Thus, the electrode placement covers

the frontal, parietal and occipital lobes. In the same way, we placement the elec-

trodes (10%,20%, 20%) to cover the lateral regions and reach the temporal lobes

considering the preauricular point as the reference point.

Traditionally, the placement of the electrodes on the scalp has been done with

a conductive paste or gel, known as a wet electrode system [35, 36]. This conduct-

ive gel reduces the impedance helping to have a signal with less noise. Gel/paste

placement involves some expertise and time, which makes for a laborious helmet

ftting process, as well as the inconvenience of wiping off gel/paste residue after

testing.

In recent years, dry electrode systems have been used as an alternative to wet.

This means removing the conductive gel/paste to obtain a quality signal. Evidence

shows that this relatively new system has similar performance to traditional wet

electrodes [35, 36, 37], so it can be used in laboratory or clinical applications [36,

37].

Any of these electrodes is also affected by external noise such as ambient elec-

trical activity, i.e. stimulus presentation computer monitor, power line interference

at 50 or 60 Hz. A solution to reduce the affectation of ambient electrical activity is

to use an amplifer in the sensor part before the signal passes to the cable. In this

way, it is avoided that the ambient noise is amplifed. This type of system is called

active electrodes. In contrast, passive electrode systems do not have amplifcation

elements in the sensor part.
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Several authors manifest that the performance of active electrodes is superior
to that of passive ones [38, 39], although its performance may decrease depending
on the task evaluated. For example, during rapid voltage fuctuations, desirable in
ERP studies, active electrodes are less accurate than passive ones [38] Similarly,
in mobile tasks, no signifcant differences were found [40] compared with passive
electrodes. Furthermore, the higher energy consumption and the high cost of active
electrodes must be considered [38, 39].
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Figure 2.1: Brain lobes and EEG electrodes placement with international 10/20 sys-
tem

2.3.2 Electrocorticography (ECoG):
ECoG is an invasive technique that records electrical brain activity by placing elec-
trodes under the surface of the scalp and skull directly [4]. This technique improves
the spatial (∼ 1 mm) and temporal (∼ 0.003 s) resolutions compared with EEG and
higher amplitude (i.e., 50–100 µV vs. 10–20 µV) [4]. It also has a faster training
rate compared to EEG [41]. On the other hand, its main disadvantage is that it
requires surgical intervention involving anesthesia and other clinical details, thus,
increasing the risk of infections and tissue reaction.

2.3.3 Magnetoencephalography (MEG):
MEG is a non-invasive technique that detects the magnetic feld generated from
electric currents with the activations of neurons [4, 42]. Consider that the mag-
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netic feld detected by MEG came from many neurons because the activity of one

neuron is impossible to detect. MEG uses a sensitive device called superconducting

quantum interferences devices (SQUID), a sensor of magnetic felds. The advant-

age of this technique is its spatial resolution (∼ 5 mm) front EEG. Although several

laboratories are increasing the research with MEG in BCI, there are a few relevant

works [4].

2.3.4 Functional Magnetic Resonance Image (fMRI):

fMRI measures the hemodynamic and metabolic activity of the brain [4, 42]. The

blood oxygen level-dependent (BOLD) method is used to measure the oxygen

changes in different brain regions. When neurons fre, they generate magnetic felds

caused by increased blood fow. This magnetic feld is distinguishable from regions

where there was no neuronal fring. One of the advantages of this technique is its

high spatial resolution (∼ 1 mm) and less affected by the electrical currents. How-

ever, it has low temporal resolutions (∼ 1 s), resulting in poor information on the

temporal dynamics under study, including the high cost and its non-portability.

2.3.5 Functional Near-Infrared Spectroscopy (fNIRS):

fNIRS is based on infrared light measuring the wavelength variations refected in

the cerebral cortex [4, 43]. Like fMRI, it is based on changes in oxygen levels and

blood fow, considering that oxygenated and deoxygenated blood absorbs light at

different rates. Its advantage is easy to signal acquisition. On the other hand, its

low temporal (∼ 1 s) and spatial(∼ 2 cm) resolution disadvantage. The use of this

technique in BCIs is scarce; according to Chang et al. [4], only 3% of BCI studies

use this technique.

2.3.6 Positron Emission Tomography (PET):

PET is a molecular non-invasive technique rarely used in BCIs, and most are used

in clinical studies [4]. PET uses small amounts of radioactive materials called ra-

diotracers to emit energy, detecting cellular metabolic activity in a specifc region

[4, 43]. The main advantage of this technique is that it provides complementary
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functional and structural information. Similarly, high spatial resolution (∼ 1 cm)
compared with EEG. On the other hand, the drawbacks are the low temporal resol-
utions (∼ 0,2 s), setup and cost.

2.4 Control Signals
As a control signal in BCI, we understand brain activity capable of transforming
it into commands towards an external interface. Therefore, a control signal is the
brain activity detected and transformed into commands for controlling an external
interface. Below we present the most used control signals in BCI.

2.4.1 Electrical potentials
The electrical potentials of brain activity are usually divided into two: evoked po-
tentials (EP) and event-related potentials (ERP). The EPs are considered as a subset
of ERPs [44]. The next subsections show the details of each electrical potential.

2.4.1.1 Event-related potentials

ERPs are small voltages (µV) generated in brain structures in response to a specifc
stimulus. This electrical activity refects a permanent temporal relationship with
a defned event [45], it occurs with a positive or negative voltage defection with
a certain latency (> 70ms) once the presentation of the stimulus has started [46].
The term ERP is used to distinguish them from the cognitive aspects of EPs.

Several ERP types are used frequently in BCI; below, we detail the main char-
acteristics from them.

• P300: Describing by Sutton [47], it is perhaps one of the most studied ERPs
information processing, due to its great amplitude, compared to other ERPs.
The P300 ERP is related to information processing, basically linked with
memory and attention mechanics. This ERP is a positive voltage defection
that manifests between 250 and 500 ms after the stimulus onset [48], al-
though it can be extended to 900 ms [49]. Two subcomponents are usually
distinguished, P3a present in the frontal region, originate from the processing
of tasks. On the other hand, P3b is present in the temporal-posterior region,
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and it is related to the mechanisms of attention and subsequent memory pro-

cessing. The oddball paradigm is used to evoke P300 ERP, which consists

of presenting two stimuli, one frequent and the other infrequent: typically

between 5–10% of all stimuli. This last infrequent stimulus generates the

P300 wave. Farwell and Donchin [16] were the frst to use P300 in BCIs

implementing the odaball paradigm. It is currently one of the ERPs most

used in BCI, and it is used both in the clinical feld and in entertainment [50].

Later on, we extensively address the issue of variability in this ERP 2.9. In

addition, we show evidence of their variability (see section 3.4.2) and their

handling in both wet (see Chapter 3) and dry electrodes (see Chapter 4).

• N200: It is a negative defection which appears between 180 to 325 ms fol-

lowing the presentation of a visual or auditory stimulus. Like P300, the

oddball paradigm elicitation N200 if deviant stimuli are occasionally presen-

ted within the repetitive train. There are several subcomponents of N200

which Luck [51] call the N2 Family: N2a, N2b, N2c. The N2a or mismatch

negativity (MMN) appears between 100 and 200 ms, mainly it is related to

the auditory phenomenon, although it is also detected in visual stimuli [51].

MMN refect the disparity between the deviating stimulus and a sensory-

memory representation of the standard stimulus. For its part, Nb corresponds

to voluntary processing and related to response inhibition. It is elicited with

the go/no-go paradigm and appears on the centrality of the frontal and super-

ior temporal cortex. N2c or also know as N2 posterior, because of the region

where it appears. This component is larger when rare targets are present than

for infrequent ones. N2c is related to the stimulus categorization process,

although its functional signifcance is not clear [51]. In the same N2c in-

terval, N2pc appears (N2-posterior-contralateral), and it differs because N2c

is very sensitive to the probability of the appearance of the target stimulus.

N2pc is observed at posterior scalp sites contralateral to an attended target

and refects aspects of the attention focus.
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2.4.1.2 Evoked potentials

On the other hand, evoked potentials appear after stimulating a peripheral nerve

and can be recorded from the cerebral cortex, peripheral nerve, or spinal cord [46].

There are several EP types, such as Somatosensory evoked potentials (SSEPs),

Brainstem auditory evoked potentials (BAEPs), Visual evoked potentials (VEPs).

The latter are cortical responses present after visual stimulation and widely used in

BCI. VEPs can be classifed according to the stimulus morphology, the frequency

of the stimulus and the stimulation feld [28].

In turn, the classifcation by frequency can be divided into two, if the stimulus

frequency is low 5 Hz or 6 Hz, it is called transient VEP (TVEP), while with a

higher frequency, it is called steady-state VEPs (SSVEPs ). SSVEPs are periodic

evoked responses caused by visual stimuli at a certain frequency; they range from

5 Hz to 80 Hz [28, 52]. Its activity mainly occurs in the occipital region.

2.4.2 Sensorimotor rhythms

Sensorimotor rhythms (SMR) are oscillations in the brain activity, in which its

amplitude vary according to a motor task. Unlike ERPs, these control signals are

not phase-locked to the event. The rhythms can be located in band mu (7 - 13 Hz)

and beta band (13 - 20 Hz). These signals can appear with the movement of a

part of the body or by imagining the movement [known as motor imagery (MI)].

SMRs support two types of amplitude modulation in brain rhythms: ERD, which is

related to motor preparation, execution, while the other is ERS, which is related to

the deactivated cortical area or inhibited cortical network [53]. SMR brain activity

manifests in the central lobe, according to the 10/20 standard electrode positions,

C3 for the left hand MI, C4 for the right hand, and Cz for the foot MI. The left and

right foot movements are complicated to distinguish because the corresponding

cortical regions are extremely close.

2.4.3 Working memory

WM is a cognitive system that help to storage and recovery information while per-

forming complex tasks such as reasoning, comprehension and learning [54]. Al-
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though there are several models that describe the WM, the Baddeley multicompon-

ent model [55] is the most widespread with four components: phonological loop

(or the verbal working memory), visuospatial sketchpad (the visual-spatial work-

ing memory), and the central executive (involves the attentional control system),

the episodic buffer (modulates and integrates different sensory information).

WM activity is detected through feature spectral along the cerebral cortex. Al-

though the exact spatiotemporal dynamics of WM activity is not known, several

authors mention that the alpha spectral band (8-12 Hz) is closely related to WM

activity [48, 56, 57], in the same way, gamma band (30-10Hz). In the BCI con-

text, WM can be used as a control signal or performance predictor in conjunction

with other control signals. For example, Mora et al. [58] present a WM-based BCI

in which spectral bands are used as WM performance biomarkers. They show a

variation in the detection of the spectral band depending on the brain region: al-

pha power in the occipital and parietal region, lower beta power in the prefrontal

region. For their part, Ko et al. [59] combine WM and SSVEP and study focus and

lost-in-thought states. They show that the delta, theta, and beta bands increased

in mental focus at the frontal lobe, and the delta, alpha, and beta bands increased

more in mental focus at the occipital lobe than in the lost-in-thought state. Gaume

et al. [60] call it the cognitive brain-computer interface when monitoring variations

in sustained visual attention. They do so through a sustained visual attention con-

tinuous performance task with three diffcult task levels. Andreessen et al. [61]

research a passive BCI to distinguish low and high mental workloads for improv-

ing digital reading. These authors use the alpha and the theta frequency band to

study de mental workload. For their part, Corsi et al. [62] study the intervention

of working memory in learning and propose that brain networks properties can be

considered biomarkers of BCI learning. As can see, the use of WM in BCI is re-

cent, and there are wide opportunities to explore. In Chapter 5, we discussed the

control signal extensively, both its advantages and disadvantages in BCI.

2.5 Feature Engineering
An effcient data representation is necessary to improve the BCI performance. Fea-

ture extraction is a good way to reach this objective, which plays a critical role in

20



2.5 Feature Engineering

the detection of a specifc brain activity [5, 63]. Its objective is to highlight spe-

cifc characteristics in a particular domain. This is done through selecting or con-

structing features, in some cases, depending on the technique selected, effectively

reducing the amount of data to be processed. Guyon et al. [64] divided features

extraction into two main approaches: feature construction and feature selection.

Guyon et al. defne feature construction as a step to convert raw data into a set

of valuable features. Differents methods may help with data transformation; we

mention some of them related to EEG-based BCI below.

X Standardization: used when data has different scales, although it refers to

comparable objects. The famous centring and scaling of data are usually

used:

X Normalization: the data is scaled to specifc ranges. There are different

ways to normalize, e.g., Decimal scaling, min-max normalization. The dis-

tance computation between points in n-dimensional space-based methods

may need normalization. Signal enhancement: These technique types aim

to improve the signal-to-noise ratio. Transform the temporal to frequency

domine is a technique frequently used in EEG. The popular methods used

are Fourier or wavelet transform.

X Extraction of local features: The features encode specifc properties of the

problem, which can be spatial, sequential or any structured data. Techniques

like convolutional or hand-crafted kernels are used. We implement it through

electrode selection in EEG, as can see in the following chapters.

X Linear and non-linear space embedding methods: These techniques search

project or embed the high dimensionality data in reduced representative fea-

tures. The Principal Component Analysis (PCA)is the most popular tech-

nique.

The other important approach to feature extraction is feature selection. The key

to this approach is choosing the most informative and relevant features. The ways

to achieve this is:
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X Filter methods: also called ranking methods, the features are selected based

on their score. Filter methods do not modify the predictor confguration to

achieve the selection. Correlation coeffcient or classical statistical tests are

used to rank the features. The most used techniques are Pearson’s Correla-

tion, ANOVA, chi-square, T-test, F-test, LDA.

X Wrapper methods: these reduce the feature selection to a search problem.

Scoring subsets of features according to the predictive power of the model. A

disadvantage of the wrapper methods is their high computational cost. For-

ward selection and Backward elimination methods are two popular options

that select a feature in each iteration. Forward start with one (or few) features,

adding more until the model’s performance no longer improves. Backward

elimination begins with all features and discards those in each iteration.

X Embedded Methods: combine the qualities of flter and wrapper methods.

The feature selection function is an integral part of the model. The Least

Absolute Shrinkage and Selection Operator (LASSO) and RIDGE regression

are the most popular methods.

2.5.1 Features in Frequency Domain

From the frst EEG works, Hans Berger manifests the presence of oscillations

which he calls frst and second-order waves, referring to the alpha and beta bands,

respectively [65, 66]. Although these oscillations can be observed in the time do-

main (amplitude vs time), their characteristics in the frequency domain can be bet-

ter highlighted. Currently, the division of frequency bands and their names are

accepted, see Table 2.1.

The electrical signal of brain activity is continuous, but computational EEG

devices sense the signal and transform it to discrete values. The Discrete Fourier

Transform (DFT) allows treating this type of signal by considering it fnite and

discrete in time x[n], n = 1, 2, . . . , N . The DFT assumes that the signal under

study is the result of the sum of sinusoidal functions; taking advantage of this

characteristic, it transforms into a discrete frequency spectrum X[t]. Its defnition

is given by 2.1.
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Table 2.1: Frequency Bands in EEG

Band Name Hz
Delta 1 - 3
Teta 4 - 7

Alpha 8 - 12
Betha 15 - 30

Gamma 30 - 100

N−1X 
−j2πkn/N X[k] = x[n]e , k = 0, ..., N − 1. (2.1)

n=0 

where k represents the index of the frequency to obtain.

In a simple interpretation, the DFT can be considered as a measure of the cor-
−j2πkn/N relation between the signal y x[n] and the sinusoidal function e .

2.5.2 Principal component analysis (PCA)

PCA is a non-parametric statistical method proposed by Pearson [67] that can be

used as feature extraction or selection. It is widely used in the areas of pattern

recognition and computer vision.

Its objective is to transform a set of highly correlated variables into factors that

explain a large part of the total variance. For this, it converts the original variables

into Principal Components through linear combinations. In this way, the frst com-

ponent contains the maximum variance, the second the next greater variance, and

so on; where few factors explain much of the total variability. In the end, we obtain

a transformed data set, and its dimensionality reduced.

The main idea behind PCA is to reduce redundancy and maximize the variabil-

ity of the variables involved. To express it mathematically, let us start by represent-

ing a dataset as a matrix X with m rows and n columns. From X we can establish

the degree of the linear relationship between the variables, where we defne the

covariance matrix:

CX =
1 
XXT . (2.2)

n 

23



2. CONCEPTS, METHODS AND RELATED WORKS ON BCIS

CX is a m × m symmetric matrix where diagonal terms show the variance of

each row X and off-diagonal terms are the covariance between rows X .

From this matrix CX , the eigenvalues and eigenvectors are obtained, the latter

being the principal components of X . To obtain the principal components with

the greatest variance, the eigenvalues are ordered from highest to lowest and those

with the highest value are selected. In this way, few variables explain most of the

variability of X .

2.6 Classifcation Algorithms
The classifer is an essential component of a BCI system in charge of identifying

patterns from the control signal. This component benefts from the rapid advance-

ment of artifcial intelligence algorithms, which has improved system performance.

To date, there are a large number of classifers that have been tested in BCIs sys-

tems [5]. Specifcally, in P300, various linear discriminants, Bayesian models,

neural networks, or deep learning algorithms have been proposed to improve the

BCI performance [68]. Here are some of the most commonly used classifers at the

P300-based BCI.

2.6.1 Linear Discriminant Analysis

LDA is a technique that can be used for dimensionality reduction problems as well

as pattern recognition applications. LDA aim to project the high-dimensional data

onto a low-dimensional space to maximize class separability. To achieve optimal

projection, the within-class distance is minimized and the between-class distance

is maximized, simultaneously [69, 70].

LDA and Fisher Discriminant Analysis (FDA) are often used as interchange-

able terms because they are equivalent [69, 70, 71]. This algorithm can be sum-

marized in three steps: frst is to calculate the separability between different classes

(between-class variance). It is defned in Equation 2.3, representing the means µ1 

and µ2 of each classes:

Sb = (µ1 − µ2)(µ1 − µ2)
T . (2.3)
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The second step is to calculate the distance between the mean and the samples

of each class (within-class variance):

CXX 
Sw = (xi − µk)(xi − µk)

T , (2.4)
k=1 i∈Ck 

where C is the number of classes.

The third step is to build a smaller space that maximizes between-class variance

and minimizes within-class variance.

wT Sbw 
J(w) = . (2.5)

wT Sww 

The objective is maximize 2.5 and is achieved through the generalized Rayleigh

quotient of Sb and Sw [69]:

min − w T Sbw 
w (2.6)
s.t. w T Sww = 1. 

The expression 2.6 is considered as a optimization problem, and using Lagrange

multipliers (λ), we can express as:

Sbw = λSbw. (2.7)

Considering that the direction of Sbw is always µ1 − µ2 and replacing in 2.7 we

can defne:

w = Sw 
−1(µ1 − µ2). (2.8)

It is worth mentioning that LDA can be explained under a Bayesian approach,

in which it assumes that the data have a Gaussian distribution with the same prior

and covariance [69, 70].

2.6.2 Regularized Linear Discriminant Analysis

Despite the advantages provided by LDA, it presents problems when dealing with

data whose feature space dimensionality is larger than the number of samples. This
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problem is known as the small sample size (SSS), in which the scatter matrix be-
comes singular, and its inverse is not defned. In some cases, it may even be invert-
ible but numerically ill-conditioned [71, 72]. There are different ways to overcome
this drawback, one of them is regularized LDA (RLDA), which adds a small per-
turbation to scatter matrix Sw to make it non-singular, as mentioned in [73]:

(Sw + δI)−1Sbwi = λiwi, (2.9)

where δ > 0 is the regularization parameter, wi (for i = 1. . . h) are the column
vectors of W that correspond to the largest eigenvalues (λi).

The optimal regularization parameter δ can be obtained analytically [72], avoid-
ing the computationally expensive requirements of bootstrap or cross-validation.
This analytical solution penalizes large sample-to-sample variance of scatter mat-
rix, leading to stronger shrinkage [74].

2.6.3 Bayesian Linear Discriminant Analysis
Determining the presence or absence of ERPs is usually considered as a binary
classifcation problem. Bayesian Linear Discriminant Analysis (BLDA) is a variant
of Fisher’s LDA [75] and has been widely used in these types of problems with
good results [75, 76, 77]. BLDA performs regression in a Bayesian framework
which assumes that regression targets t and feature vectors X are linearly related to
additive white Gaussian noise n:

t = w T X + n (2.10)

where w represents the weight vector, with these weights used in regression we
can write the likelihood function:� �N/2

β β 
p(D|β, w) = exp(− ||XT w − t||2) (2.11)

2π 2 

where t represents a vector containing the regression targets, X represents the mat-
rix that is obtained from the horizontal stacking of the training feature vectors, D

represents the pair { X, t }, β represents the inverse variance of the noise, and N

represents the number of examples in the training set. In the Bayesian context we
have to specify a priori distribution for hidden or latent variables ( in this case w):
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� �D/2 � ∈ �1/2α 1 
p(w|α) = exp(− wT I 0(α)w) (2.12)

2π 2π 2 

where D represents the number of features and I 0(α) is a diagonal matrix (2.13) of

size D+1: ⎡ ⎤ 
α 0 · · · 0 ⎢ ⎥0 α · · · 0⎢ ⎥

I 0(α) = ⎢ . . . . ⎥ (2.13). . . .⎣ . . . . ⎦ 
0 0 · · · ∈ 

Multiplying likelihood function (2.11) and prior distribution (2.12), the pos-

terior distribution can be computed by Bayes’ theorem:

p(D|β, w)p(w|α) 
p(w|β, α, D) = R (2.14)

p(D|β, w)p(w|α)dx 

To obtain the predictive distribution (2.15), the likelihood function (2.11) for a

new input vector xb and the posterior distribution (2.14) must be multiplied followed

by an integration over w: Z 
p(bt|β, α, x,b D) = p(bt|β, x,b w)p(w|β, α, D)dw (2.15)

This distribution (2.15) was used to obtain the class probabilities by calculating

the probability of the target values used during training:

p(bt = N1/N |xb) 
p(yb = 1|xb) = (2.16)

p(bt = N1/N |xb) + p(bt = −N2/N |xb) 
The predictive and posterior distributions depend on the hyperparameters α and

β. These are calculated through the maximum likelihood estimation, writing these

hyperparameters under the likelihood function and maximizing the likelihood with

respect to them, through a iterative algorithm described in [78] and [79].

Classifer output is a scalar value, which represents the mean of the predictive

distribution of each stimulus. The stimulus with the highest value was considered

as the target.
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2.6.4 Support Vector Machine (SVM)
SVM is a supervised classifcation method capable of performing linear or non-
linear classifcation, regression, and even outlier detection. The SVM goal is to de-
termine a boundary (hyperplane) to separate the observations into distinct groups
while maximizing the margin of separation. The margin is defned as the dis-
tance between the separating hyperplane and the samples closest to it. These close
samples are known as the support vectors. The solution to the hyperplane is ex-
pressed as follows:

w T xi + b = 0, (2.17)

where w is the hyperplane solution and b is the intercept coeffcient.
From this hyperplane solution in a linear and binary classifer, the positive

samples will be those that, applying the formulation wT xi + b > 0, we obtain
a value greater than zero, while for the negative samples a value less than zero
wT xi + b < 0. In this way, the classifcation function can be expressed:

f(x) = sgn(w T x + b). (2.18)

The hyperplanes (parallel to the hyperplane solution) that contain the support
vectors are given by the equation wT xi + b = +1 for the samples labeled with
y = +1 and wT xi + b < −1 for the samples labeled with y = −1. Therefore the
classifcation condition can be summarized as: yi(w

T xi + b) >= 1. For its part,
the margin can be represented as:

1 
margin = 2 . (2.19)

||w|| 

Thus, the problem of maximizing the margin is equivalent to minimizing the
following expression:

1 
minimize φ(w) = ||w||2 . (2.20)

2 
The auxiliary function known as Lagrangian helps to solve this type of problem.

In this way, the following classifcation equation is obtained:
nX 

f(x) = sgn( yiαix T xi + b). (2.21)
i=1 
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To introduce the tolerance for classifcation errors, a soft margin is implemen-
ted, this means that there will be samples that violate the margin. Therefore, the
objective is to fnd a balance between keeping the margin as large as possible and
limiting the margin violations. To do this, a slack variable and the parameter C are
included, which is a regularization parameter.

Certain data sets are not linearly separable, so the solution seen above is not
suffcient. The alternative is to beneft from the kernel trick or mapping function φ.
These kernel functions perform a non-linear transformation using the X 7→ φ(x) 
function on the original features to project them in a higher-dimensional space with
the objective that the classes become separable.

We can defne a kernel function that represents the scalar product in the space
mapped by φ. In this way, it is relatively easy to include it in the SVM classifcation
function, replacing the scalar products in the original formulation.

k(x, z) = φ(x)T φ(z) (2.22)

Different kernel functions adapt to distinct data sets, so we do not have to look
for a kernel function for each classifcation problem. Among the best-known ker-
nels are the polynomial, radial basis functions, sigmoid, etc.

Classifcation problems in BCI are solved by implementing different kernel
types, either linear, RBF or polynomial. The usual way to implement it is by con-
verting the EEG features matrix from 3D (electrodes number x samples number x 
trials number ) to 2D (trials number x electrodes number ∗ samples number). This
2D matrix has its respective vector of labels and, which will match the number of
trials.

2.7 Transfer Learning
An alternative way to manage variability in BCIs could be through the use of Trans-
fer Learning (TL) methodologies. The main idea of TL is transferring features from
one domain to another domain, e.g., BCI subjects sessions to other sessions from
the new subject [5, 80, 81]. This idea is opposed to the traditional machine learning
algorithms, which assume that test and train data belong to the same feature space
and follow the same probability distribution [4].
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Formally, the domain (D) is defned by a feature space χ and its associated

marginal probability distribution P (X): D = {χ, P (X)}, where X ∈ χ. Given a

specifc domain D, a task has two components: a label space Y and an objective

predictive function f(·), denoted by T = {Y, f(·)}. Thus, given a source domain

DS and source learning task TS , a target domain DT and target learning task TT , the

aim of TL is to improve the learning of the target predictive function fT (·) in target

domain DT using the knowledge in source domain DS and source learning task

TS . When feature space of source χ s and feature space of target χT are different

implies the source domain DS and target domain DT too. In the same way, different

marginal probability distributions PS = (X) =6 PT (X).

One way to categorize the TL is by considering whether the two domains or

two tasks are identical or not [80, 81] :

• Unsupervised Transfer Learning: TT and TS are different but related, in the

same way DS and DT .

• Inductive transfer Learning: TT and TS are different but related, while DS 

and DT are the same.

• Transductive (Domain Adaptation): TT and TS are the same, while DS and

DT are different but related.

In the EEG-based BCI context, according to the variations of target and source

domain, there are several scenarios [81]:

• Cross-Subject TL: the new subject calibration (DT ) is reached with data from

other subjects (DS ).

• Cross-sessions TL: A new session (DT ) is calibrated with data from previous

sessions (DS )

• Cross-device TL: data from one device (DS ) is used to calibrate the data from

another device (DT ).

• Cross-Task TL: the calibration of the new task (DT ) is reached with the la-

belled data from another similar task (DS )
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In recent years, several works have been proposed to manage the inter- and intra

subjected variability using TL, i.e., Waytowich et al. [82] implement spectral trans-

fer using information geometry (STIG) for subject-independent ERP-based BCIs.

Wu [83] uses weighted adaptation regularization (wAR) for cross-subject transfers

in ERP-based BCIs. Rodrigues et al. [84] propose a method called Riemannian

Procrustes Analysis (RPA) based on Procrustes analysis for matching the statist-

ical distributions of two datasets using geometrical transformations over the data

points. Undoubtedly, a wide list of proposed methods can be studied and integrated

with other techniques. TL is in force and is maintained as an alternative to manage

inter- and intra-subject variability.

2.8 Information gain metrics in BCIs
There are other ways to measure the BCI performance further accuracy; informa-

tion gain is a complementary metric to incorporate other elements to evaluate the

system.

2.8.1 Information Transfer Rate

Information Transfer Rate (ITR) is a metric to evaluate the performance of a BCI,

which is the amount of information transferred per unit of time. It is derived from

Shannon’s channel theory.

Next, the quantifcation of ITR is described, and we used the bitrate defnition

proposed in [85], in which the equations (2.23) and (2.24) are used

R = log2N + P log2P + (1 − P ) log2 [(1 − P )/(N − 1)], (2.23)

ITR(bits/minute) = R 60/τ, (2.24)

where N is the number of classes (or stimuli), P is the accuracy and τ is the time in

seconds for one trial (a set of stimuli).
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2.8.2 BCI-Utility
Proposed by Dal Seno et al. [86], BCI-Utility (U ) is a metric to measure the per-
formance of BCI from a user-centred perspective [86, 87]. This metric not only
considers the performance of the classifer but also includes the control interface
design. BCI-Utility is represented by U , which includes the different components
and confguration parameters of a BCI:⎧ ⎨(2P − 1)(log2N − 1) 

, p ∈ (0.5, 1]
U = c (2.25)⎩0, p ∈ [0, 0.5] 

where N is the number of classes (or stimuli), P is the accuracy and c represents
trial duration.

2.9 Variability in brain activity
Variability can be defned as the change of characteristics or patterns over time.
Although it is studied in various areas of knowledge such as weather forecasting,
network analysis, seismic signals, prognosis [88, 89], we focus specifcally on the
variability of brain activity and its monitoring. When we refer to brain activity
variability, we can refer to intrinsic variability at the neuronal level [6], or at the
level of strategies and units of higher-level cognition [17, 18]. When we mention
the monitoring level, we refer to the variations at the time of signal acquisition. An
example is to think about the signal acquisition in an EEG study: if we remove
the helmet and put it back on, the positions of the sensors (electrodes) may have
shifted, or even the change of helmet brands [19, 20].

The nature of brain activity is non-stationary and can be observed in either
EEG, MEG, fMRI or PET [6, 90, 91, 92]. Although it is known that there is a syn-
chronization of neuronal activity, it is also known that it changes over time, show-
ing a natural characteristic of variability [6]. This variability is given by different
factors such as brain morphology, which determine the strength and distribution of
the electric feld in humans [93], or blood oxygen level-dependent (BOLD) signal
variability [94]. Age is another factor that infuences in the variability [95, 96, 97],
as well as its pathological condition [96, 98], or environmental factors such as car-
diovascular health, nutrition, exercise, and education [18, 99]. Let us differentiate
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between two types of variability: the frst occurs between different subjects and is

called inter-subject variability and the second occurs in the same subject at differ-

ent instants of time, which is called intrasubject variability [96, 98, 100]. The latter

refers to the fuctuations that exist trial-by-trial or day-to-day variations in front of

a specifc task.

Another infuencing factor is the type of task performed by the individual [94].

Thus, a distinction is usually made between a background variability of neuronal

activity and another related to the activity under study. For instance, in the case of

P300, it is known that individual variation in background EEG signal is associated

with P300 amplitude and latency variability [101]. As well as changes in brain

oscillatory state can predict variability in working memory [56].

Although traditionally, the variability at the neuronal level has been seen as

damaging noise when studying a specifc task. Currently, with the development of

more effcient algorithms, it is possible to retrieve information on brain dynamics

that helps to understand individual brain activity [90, 102]. Identifying individual

differences and characterizing them allows proposing personalized approaches in

neuropsychiatric diagnosis, measures of behaviour, psychological scores [92, 103].

2.9.1 Intrasubject Variability

Intrasubject variability refects a transient change in brain activity within-person

during a specifc task evaluated. The variability can be in two ways, both at the

performance level considering multiple tasks in an instant of time or fuctuations

in trial-by-trial performance, between sessions or between longer time intervals

[96]. This variability can be considered feature-rich in information, although, as

variability increases, it may be being affected by artefacts and become a systematic

error.

The variability in P300 ERP is the change in peak latency, amplitude or fre-

quency characteristics over time [48, 104, 105]. These characteristics change on

the scalp, i.e., the latency is shorter over frontal areas and longer over parietal areas,

while the greater amplitude of P300 is distributed from the frontal region towards

the parietal region. [48, 106]. There are several factors for this type of variab-

ility such as age [107, 108, 109, 110, 111], psychological factors and motivation
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[112, 113] various brain diseases and disorders, genetic factors [12], stress [10],

sleep deprivation [11], stimulus characteristics (e.g., timing and diffculty) [13, 14]

even the head size [107].

Age infuences P300 characteristics. There is abundant evidence about the vari-

ability with the age; several authors show that peak latency has a signifcant positive

correlation, while the amplitude shows a signifcant negative correlation[108, 109].

On the other hand, a study in children shows that peak latency decreases and amp-

litude increases concerning age [107]. The P300 ERP is sensitive to variables

involved in the stimuli. It is known that if the target-to-target interval (TTI) in-

creases, the amplitude also increases [13, 114, 115], whereas latency tends to de-

crease [13, 116]. Similarly, if the stimulus presentation rate is slow, the P300 amp-

litude increases and the peak latency decrease [13, 14, 116, 117]. The complexity

of the stimuli also affects the amplitude of P300, which decreases when the sub-

ject invests more effort in the task [51, 118, 119]. However, more variables infu-

ence the amplitude, Johnson [51, 106, 120, 121] proposed the following equation

P 3amplitude = U × (P + R) where U represents uncertainty, P probability and

R resource allocation.

2.9.2 Intersubject Variability

Intersubject variability refers to changes in brain activity between individuals. This

variability type occurs with temporal (latency, amplitude) or spectral (frequency

bands) characteristics [48, 51, 104, 122]. Although it is known that the lower

spectral bands such as Delta, Beta and especially Alpha are related to amplitude

and peak latency of P300, the nature of their association is not yet clearly known

[9, 104]. This change of P300 characteristics can describe the individual differ-

ences in learning and memory of each person [123].

Genetic factors infuence the amplitude and peak latency of P300, Wright et al.

manifest the individual variation in the amplitude and latency in a large study of

twin pairs [12]. Psychology factors as motivation or mood affect the amplitude of

P300 in each person [112, 124].

The age factor also infuences changes in brain dynamics. It is known that

with increasing age: the amplitude decreases, and the latency increases [104, 125].
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Thus, P3b amplitude is currently being considered as a biomarker to measure cog-

nitive decline [125].

Diseases are other factors that alter the morphology of P300; these conjugated

with drugs to treat them infuence its variability [104, 125]. Suffering from diseases

such as autism, depression, obsessive-compulsive disorder, or parkinson’s affect the

amplitude and latency of P300 [49, 104, 126].

2.10 Taking advantage of variability: Evolution of ad-
aptable and intelligent BCIs
As we have seen, variability is a natural characteristic of neuronal activity, and it

cannot be seen as a problem but rather as an opportunity to understand and take

advantage of brain activity [90, 92, 102, 103]. In the context of BCIs, variabil-

ity affects the system performance, so one of the ways to take advantage of this

variability is to identify it and seek that the system adapts to these changes over

time. Thus, treating variability as an opportunity to improve the performance of

BCI becomes a fundamental and original point of this thesis.

A BCI system, for simplicity, can be divided into two components: human and

computer (or machine) so that there can be variability in these two components.

Therefore, we can apply adaptability in either of the two components particularly

or look for a co-adaptability [21, 22, 127, 128, 129]. Next, we review the types of

adaptability that have occurred in the context of BCIs.

On the part of the machine component, adaptability occurs in several ways, the

extraction or selection of features, at the classifer level or at the stimulus level

depending on the type of BCI. The adaptability at the feature extraction level has

been given by different methods [130]. A widely used technique due to its good

performance has been CSP. Sun and Zhang propose adaptive common spatial pat-

terns (ACSP) [131] in which the covariance matrix is updated to achieve adaptation

to the subject. Zhang et al. propose incremental common spatial pattern (ICSP) al-

gorithm [132]. Another method used for adaptability is PCA, Turnip et al. [133]

proposes an adaptive nonlinear principal component analysis (ANPCA) and a mul-

tilayer neural network.
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Another way of adaptation can be at the classifer level. Basically, they are
algorithms that re-estimate their parameters over time as new data of the subject
appear. Su [134] categorizes adaptive classifers into adaptive linear discrimin-
ant analysis, adaptive support vector machine, adaptive Bayesian classifers and
adaptive Riemannian geometry-based classifers. For their part, Lotte et al. [5]
raised categories according to the type of learning: supervised, unsupervised or
semi-supervised. Of which it stands out that unsupervised adaptation has superi-
ority over static algorithms. In this way, the emphasis is on reinforcing studies on
unsupervised adaptive algorithms.

As we can see, most of the approaches used have prioritized the machine com-
ponent in its different stages, ignoring the learning and adaptation capacity of
the subject component (human or any other animal) or the co-adaptation subject-
machine [21, 22, 127, 128, 129]. Hence the need to study technologies that facil-
itate the study of adaptability in real-time and in daily life activities. Thus, current
technologies such as dry electrodes and light technology with low computational
cost algorithms are alternatives to studying and managing variability in BCI sys-
tems to reach the above effective co-adaptation.

In this thesis, we propose an original vision of studying the spatio-temporal
characteristics of the control signals of the BCIs to achieve adaptability. Our ap-
proaches are based on extracting characteristic patterns of control signals from the
ERP and working memory. Below we present a set of approaches in both wet and
dry electrodes, the latter facilitating an analysis of the BCI in activities of daily
living.
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CHAPTER

3
Identifying characteristic

parameters in a P300-based
BCI to improve its

performance.

The problem of handling the inter- and intrasubject varibility, as well as the

improvement of precision in BCIs are in force. Various efforts have been proposed

[9, 105, 125], as we showed in the previous chapter, however to date these chal-

lenges have not yet been overcome.

In this chapter, we seek to take advantage of the variability to reach adaptability,

as was mentioned in section 2.10. For this, we analyze and discuss three different

approaches to characterizing the target signal in the context of P300-based BCIs.

In the frst approach, we study the area under the curve (AUC) in a specifc tem-

poral window of the EEG signal, near 300 ms, where P300 occurs. In the second

approach, we analyze the amplitude peaks of the EEG signal in a complete-time

epoch. In a third approach, the AUC was calculated in a complete EEG epoch,

considering other defections can help characterize the target signal.
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BCI TO IMPROVE ITS PERFORMANCE.

3.1 Motivation for ERPs characterization in the con-
text of BCIs
A Brain-Computer Interface (BCI) is a technology that allows people to communic-

ate with the external environment without relying on the usual peripheral pathways,

as we mentioned in section 2.1. In recent years, this technology has been widely

studied and modern research has provided different ways to implement it, partic-

ularly through event-related potentials (ERPs). However, due to their low speed,

long calibration times and low reliability, BCIs are not yet used in daily life tasks

[135].

The lack of control of inter- and intrasubject variability is one factor that makes

it challenging to overcome the problems of BCI technology. At the same time, such

variable brain responses refect intrinsic neurophysiological characteristics of the

brain and are closely associated with cognitive function varying across individuals,

ages, pathological conditions or genetic factors [8, 48, 51, 105]. Therefore, vari-

ability is an intrinsic property of brain functionality which we must understand and

manage, as we argued in section 2.10.

Currently, ERPs are used to characterize neural variability and their informa-

tion can be used to index individual differences in brain functionality, providing

an indicator of variability at the neurophysiological level [105]. For example,

changes in ERPs are used as measures for the diagnosis of neurologic and psychi-

atric diseases. ERPs are also employed in the study of emotions, attention, cog-

nitive processes and personality traits [136]. However, retrieving information from

ERPs remains a challenge, due to the little differences between an ERP and neural

background activity[104]. Several methods have been created to improve the per-

formance of ERP-based BCIs. For example, a common approach is a system design

that maximizes signal recognition by employing distinct stimulation paradigms to

evoke several ERPs [137, 138, 139, 140]. Another approach is signal processing

improvements by optimizing classifcation algorithms [141, 142, 143], employing

effective methods of selection and extraction of features [144, 145, 146], or consid-

ering electrode selection [147, 148, 149, 150]. Nowadays, many of these options

involve a high computational cost and their performance is variable across subjects
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3.2 Approach 1: Maximum relative areas as a feature for P300 detection

or sessions [5, 141, 151, 152]. There is a need for low computational cost method-

ologies that allow online execution and adaptability between machines and users

[4, 5, 30, 135, 153].

3.2 Approach 1: Maximum relative areas as a feature
for P300 detection
One of the biggest challenges for the P300-based BCI is to improve ERP detec-

tion in real-time [153]. Variability of the signal is an obstacle that does not allow

achieving this goal. The variability of amplitude and latency impair the detection

of the P300 component, these are affected by the attention of the subject or the

diffculty of the task [48]. The high inter-trial variability impairs the early detec-

tion of this ERP. In order to overcome those problems, the stimulus is repeated

several times, although repetitions can cause fatigue [154] and a decrease in task

performance [155, 156]. This is why most investigations seek directly or indir-

ectly to improve the accuracy of the system with the least number of trials and thus

improve the Information Transfer Rate ITR [153]. Therefore, achieving high ac-

curacy with a single trial is a challenge. Another intrinsic disadvantage of this BCI

modality is the low SNR, and thus the diffculty to differentiate between the P300

signal and neural background activity [157].

It is well known that P300 components are more prominent in the central, pari-

etal and occipital lobes [48], although it is not clear yet what characteristics of

the signal of each lobe can be measured to help the detection of this ERP [158].

For example, ERP signal has been parameterized with the amplitude peak or with

the area under the curve (AUC) in a P300 window, as described by Farwell and

Donchin [16] without conclusive results when these parameters were used as unique

characteristic for the detection of P300. However, we suggest that by measuring

the maximum AUC in the P300 region of each stimulus can be used to locate the

electrodes that improve the SNR in a P300-based BCI [159, 160].

Our method is based on the fact that if we know a priori the instant that the

target stimulus is presented in a P300-based BCI we will be able to look for where

there is an amplitude increase and therefore an increase of AUC in the EEG signal.
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In other words, we believe that, while the target stimuli the AUC increases in the
P300 region, the non-target stimulus does not increase as much. Thus, electrodes
having the highest AUC in the P300 region are potentially likely to have better
characteristics for detecting P300 effectively. Here we propose a new method to
detect the maximum relative AUC in a P300 region. We analyze how the detection
of this AUC at each stimulation contributes to improve SNR in P300-based BCI.
We want to know how maximum relative AUC parameter helps the detection of
P300 component with a minimum number of trials. We believe that by fnding
electrodes with the maximum relative AUC at each stimulation, we will improve
the prediction of a classifer.

3.2.1 Material and methods
This section describes the dataset used for the analysis and its preprocessing. After,
we detail our proposed method and the procedure for classifcation.

3.2.1.1 DataSet

In this approach, we use the Second Competition BCI dataset IIb [161]. P300
speller paradigm described by Donchin et al. [162] was used to collect data from
a single subject. These data are divided into three sessions: two sessions to train a
classifer (42 characters) and one remaining session (31 characters) to predict the
target characters.

3.2.1.2 P300 speller paradigm

In this paradigm, subjects are asked to concentrate on a letter inside a matrix with
36 alphanumerical characters, six rows and six columns. Each row and column
fashes randomly one at a time so that each character will have 12 stimuli. The user
must mentally count the times the row or column with the target character fashed.
This presentation of 12 stimuli per character is based on an oddball paradigm [163],
in which when two stimuli are presented: one frequent and one infrequent, the
latter elicit a P300 component [163]. In this case, the row and column with the
target character are the infrequent stimuli, so they will contain a P300 component,
the remaining ten (frequent stimuli) will be non-P300 stimuli.
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Figure 3.1: Screenshot of the BCI2000 system. Stimulus used in the experiment. A
matrix with 36 alphanumerical characters, 6 columns (1-6) and 6 rows (7-12) [164,
165].

3.2.1.3 Data Collection

To spell one character, each row and column (of the 12) were fashed for 100 ms,

randomly, one at a time. After each fash all rows and columns are blank for 75

ms, as explained in the competition description. In the end, there are 180 stimuli or

fashing per character (12 row/column x 15 times). The set of 12 stimuli is called

trial and are repeated 15 times per character.

The data of the subject were collected at a sampling frequency of 240 Hz in

three hierarchies: two sessions, runs and characters. Each session contains runs,

each runs contain a set of characters that form a word. In each run, the subject

focuses on one character at a time. Table 3.1 shows the words used in this dataset.

3.2.1.4 Preprocessing

For our offine analysis we take 600 ms (144 samples) from the onset of the stim-

ulus. Each of these segment is called epoch. Each trial was bandpass fltered 0.5
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Table 3.1: Word target by session and run

Session Run Target word
10 1 CAT
10 2 DOG
10 3 FISH
10 4 WATER
10 5 BOWL
11 1 HAT
11 2 HAT
11 3 GLOVE
11 4 SHOES
11 5 FISH
11 6 RAT

– 30 Hz and normalized to an interval of [-1 1]. Although this method is used for
offine processing, in the future our goal is to use it for online processing.

3.2.1.5 Area calculation method

The main objective of our method is to fnd the electrodes with maximum relative
AUC in the zone where a P300 component can appear. The relative term is used
since the maximum P300 AUC of the stimulus of one trial may be less compared
to the maximum AUC of another stimulus of a different trial.

In general terms, the method calculates the voltage signal AUC generated by
each stimulus (target and non-target) in the place where P300 is presumed to exist,
near the 300 ms, which was called P300 window and denoted by W . To capture
the temporal evolution of the P300, we created n sliding windows (SW) within W ,
and inside each SW k subwindows were created, see Fig. 3.2. In each subwindow,
the AUC was calculated. This procedure aims to accumulate the calculated AUC
at each step so that our method captures the maximum AUCs, which is the main
characteristic of P300:

nX 
Aij = AUC(Wijk), (3.1)

k=1 
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where AUC(Wijk) is the AUC of the temporal segment Wijk from the ith sliding

window of the jth epoch and the kth subwindow. Then, from Aij , we obtain si,

which is the stimulus code with the highest accumulated AUC for positive defec-

tions:

si = argmax(Aij ). (3.2)

The stimulus that contains the largest AUC is assumed to be the one that con-

tains a P300 component. Subsequently, we evaluate the number of hits per elec-

trode, which contains the maximum number of hits will be the maximum score, and

the rest of hits per electrode is normalized depending on this one. The electrodes

with the highest score (or hits) will be considered for the classifer. We present

this method of the maximum relative AUC with the P300 speller paradigm used

by Donchin in [162], the method is general enough to be used in any other ERP

paradigm.

Figure 3.2: Diagram of method with P300 window. First, we determine the limits
of the P300 window, the difference between the upper and lower limit of P300 window
will determine the number of sliding windows (SW). Then, the size of the SW (n) is
established and within it, we calculate the evolution of the AUC k times. k depends on
SW.

In this paradigm, it is considered that only two out of twelve stimuli (6 rows and

6 columns) should have an amplitude increase and therefore of area approximately

to 300 ms after having initiated the stimulus, while the remaining ten stimuli would
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maintain their area or at least they would not change as much as the previous ones.

However, it is known that the variability between stimulus and stimulus makes it

diffcult to differentiate them [153], which makes it a problem to overcome.

Bellow, we illustrate how the method is applied in the P300 speller paradigm

used in this analysis. First, we established a P300 window where it is known that

this component is generated, usually between 250 and 500 ms from the onset of

the stimulus [48]. Once established the P300 window, our method is in charge of

calculating the AUC evolution. To do this, we established a sliding window of

size n. Then, we confgured n sub-windows within it, and the AUC is calculated

in each one of them, see Fig.3.2. This sliding window advances in steps of one

sample until it reaches the limit of the P300 window. In this way, we capture the

temporal structure of the target signal.

In an ideal case, the calculated AUC of the target stimulus would evolve much

faster than the non-target stimulus. That is, that in one trial of 12 stimuli two

stimuli (one row and one column) will have larger AUC values than the remaining

ten, as shown in the top panel of Fig.3.3. With this in each trial, the maximum

area of the rows and columns was chosen to result in a single character of the

stimulation matrix. Therefore, the detection of the target character was considered

a success, otherwise, a failure. In each character, we will calculate the relative error

by dividing the number of hits for the number of trials. In the end, each electrode

will have a relative error depending on the number of hits, zero when it fails all

trials and one when it hits all. This measure can be considered as a score by each

electrode. For us, the electrodes with value one will be the most informative ones.

The maximum relative areas in the target stimuli (an intrinsic characteristic of

ERPs) are not constant in the same electrode over time. Hence the need to explore

the electrodes with the best characteristics to adapt to the subject. Figure 3.3 shows

the evolution of the areas by the trial in one electrode with two characters: T and

H, with good and poor results, respectively. The top panel shows the performance

of one character of session ten that was successful in all the trials. The maximum

areas correspond to the target stimuli. On the other hand, in the bottom panel,

one target character of session 11 was not selected correctly in any trial since the

maximum relative AUC does not correspond to the target stimuli.
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Figure 3.3: Evolution of the AUC by trial. The maximum areas are not always
present on the same electrode, they vary over time. Top Panel: Target stimuli have the
largest area of rows and columns in all trials. Bottom panel: In the same electrode of
the previous example, there are non-target stimuli with a greater area than the target.
Our method captures variability through electrode scoring. In this case, with char T,
the most information was detected at electrode 10 (Top Panel).

3.2.1.6 Electrode selection

To evaluate the performance of our methodology, we choose three different elec-
trode selection methods:
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Figure 3.4: Electrodes and relative maximum area score. It can be observed that the
electrodes with greater relative area in the P300 window are in the central and frontal
lobes. Histogram of area-by-electrodes scores: the scores were obtained according
to the number of hits that were achieved in each trial.

1. Krusienski et al. method [166] is electrodes set adopted as the default for

the BCI community. The electrode set is divided into occipital lobe elec-

trodes: Pz, Oz, P3, P4, PO7, PO8; central lobe electrodes Cz, and frontal

lobe electrode Fz.

2. Maximum AUC method is our proposed method in this approach. The elec-

trodes were selected according to the high score reached with our method:

C1, FC2, Fz, F1; and combined with the occipital electrodes proposed by

Krusienski et al. Pz, Oz, P3, P4, PO7, PO8.

3. BCI competition IIb method is the electrodes set used by the winners of the

competition [161]. The ten electrodes are Fz, Cz, Pz, Oz, C3, C4, P3, P4,
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PO7, PO8.

3.2.1.7 Classifcation

The target detection was studied as a binary classifcation problem. LDA is a light-

weight classifer that projects the high-dimensional data onto a low-dimensional

space to maximize class separability; section 2.6.1 includes a comprehensive ex-

planation of LDA.

To implement the classifer in this approach, we epoching the data as follow:

800 ms (192 samples) were taken after each intensifcation which we call epoch.

Each epoch was fltered with a moving average and then decimated with a factor of

12, leaving a total of 16 samples (192/12) per electrode. Eight electrodes: Fz, Cz,

Pz, P3, P4, PO7, PO8, Oz, were selected and concatenated. In the end, each epoch

has 128 samples (16*8). Two training sessions with 42 characters were used to

train the LDA model. The prediction of the class was made trial to trial. Zero was

assigned for the non-P300 class and 1 for P300 class. To infer the target character

from the test set was used: " X 
# 

predictedrow = argmaxrows w · xirow , (3.3)
irow " X 

# 

predictedcol = argmaxcols w · xicol , (3.4)
icol 

where x is the feature vector, and w is a vector of classifcation weights [166, 167].

3.2.2 Results

Our method allowed us to identify the electrodes with maximum relative AUC

in the P300 window that helped improve the classifer’s success using the fewest

trials. In the central and frontal lobes are the electrodes with higher relative AUC

(see Fig.3.4), and they help to decrease the percentage of error, as shown in Fig.3.5.

The accuracy reached with our electrode selection method is compared with

those obtained by applying the Krusienski method [166] and Kaper method in the

BCI competition 2003 winners [168]. The accuracy achieved by our method is
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better, reaching 100% from the fourth trial, see Fig. 3.5. This advantage is achieved

by using an LDA classifer, which is much lighter than a Gaussian kernel SVM used

by competition winners [168].

To facilitate the description of the results, we present two approaches for our

analysis. In the frst, we show the maximum percentage of hits with the lowest

number of trials. In the second approach, we demonstrate that with the selection

of the appropriate electrodes, we can improve the number of hits and decrease the

computational cost for detecting P300.

3.2.2.1 Reduction of error and number of trials.

Figure 3.5 presents the accuracy by each trial of the three compared methods. Each

electrodes confguration has a different color and marker that determines which

electrodes were used: red asterisks for the area method, blue square for the Krusi-

enski method and green circles for the 2003 BCI competition method. A 10-20

system brain mapping was used to illustrate the results in each confguration.

The accuracy average reached with our method is 97.41% in 15 trials, which

was achieved with ten electrodes, six electrodes of the occipital and parietal lobe of

the Krusienski method: Pz, Oz, P3, P4, PO7, PO8; plus four electrodes with higher

AUC: C1, FC2, Fz, F1. With this combination of electrodes, 100% of hits from the

fourth trial overcame the Krusienski method reaching 100% from the ninth trial and

total hits of 92.25%. Our results also surpassed the BCI 2003 competition winners

[168] that achieved 100% success from the ffth trial with an accuracy of 84.5%.

They use ten electrodes: Fz, Cz, Pz, Oz, C3, C4, P3, P4, PO7, PO8.

From the frst trial, the classifer results improved with the electrodes of max-

imum relative AUC. In this trial, the hits are increased from 17 characters with the

Krusienski method to 23 hits with the areas method. In the third trial, our method

of the AUC only fails in one character; then, from the fourth trial, all the characters

are classifed correctly.

3.2.2.2 The importance of selecting the appropriate electrode

A single central or frontal lobe electrode with maximum relative AUC plus six

of the occipital and parietal lobes was suffcient to reduce the number of trials
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Figure 3.5: Comparison of hits by trials. Method of the relative maximum AUC (As-
terisk) with 10 electrodes: 6 occipital/parietal lobes and 4 central/frontal lobes reach
100% accuracy from the fourth trial. Krusienski method (squares) with 8 electrodes
reach 100% error from the ninth trials and BCI Competition 2003 Dataset IIb (circle)
from the ffth trial with 10 electrodes.

necessary to achieve 100% success from the ffth trial.

Our method reduces to seven the number of electrodes necessary to achieve

100% of success from the ffth trial surpassing the BCI competition 2003 winners

who used four electrodes of the central and frontal lobes and the results of the

Krusienski method using two electrodes (see Fig.3.6).

We wanted to know how much the central and frontal lobes electrodes con-

tribute to the hits rate. For this, we evaluate the classifer results, taking into ac-

count only the electrodes of the occipital and parietal lobes used in the Krusienski

method. The electrodes with the best score of our method (area method) in the

central and frontal lobes replaced the standard electrodes used by the Krusienski

method (Fz and Cz ). We observe that the classifer starts with a low percentage of
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success and only in the ninth trial reaches a total success. While adding a single

electrode of the central or frontal lobe (C3, F1), the classifer to hit 100% from

the ffth trial Fig.3.6. The performance is also improved by including the F1 and

C3 electrodes from parietal and occipital lobes, see bottom panel of Fig.3.6., see

bottom panel of Fig.3.6.

3.2.3 Discussion and conclusions

The approach proposes a new methodology to extract more information from EEG

electrodes in a P300-based BCI. We present the relative maximum AUC as a char-

acteristic that contributes to the detection of the P300 component. This approach

will help the detection of the electrodes with higher SNR that contribute to the re-

duction of the number of trials necessary for the detection of P300 and improve

the classifer prediction error. Our method has a low computational cost and better

performance with lightweight classifers such as LDA than a more complex SVM

classifer with a Gaussian kernel.

We observed that the classifer results could be improved using a single elec-

trode of the central or frontal lobe, with maximum relative AUC, plus six of the

parietal and occipital lobes. Figure 3.6 shows that the electrode F 1 contribute

more to the classifer than Cz and Fz used in the Krusienski method [166]. Our

results also surpass the winners of the BCI competition IIb [168], who use 4 elec-

trodes from these brain regions: Fz, Cz, C3, C4. Electrode selection methods

allow using fewer electrodes and reducing setup time and cost for an EEG-based

P300 spellers [149].

We can maximize the percentage of total hits to 97.41% and hit with a smaller

number of trials. Similarly, the results of the Fig.3.5 show that using four electrodes

with higher relative AUC and six electrodes of the parietal and occipital lobes. We

understand that other electrodes of these lobes (central/frontal) provide information

but to a lesser degree than even some of them may even impair the detection of

P300.

It is important to emphasize that what we are detecting is not necessarily the

maximum AUC in an electrode, but rather, we are detecting how different AUC’s

are in this brain region. We show that the AUC differences between the target and
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Figure 3.6: Infuence of the central or frontal lobe electrodes in the classifer. Top
Panel: The trials required for a 100% success decrease from 9 to 5 when one electrode
of the central (C3) or frontal (F1) lobe with maximum relative AUC is added to the
electrodes of the occipital and parietal lobes of Krusienski method. Bottom panel:
C3 and F1 electrodes plus occipital and parietal lobes electrodes of Krusienski method
reach 100% success from the fourth trial. 51
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non-target stimuli of the central and frontal regions are greater than in other brain

regions in this subject. With this work, we are looking for AUC to maximize the

differences between a target and a non-target stimulus. It is still unclear which

features are specifcally involved in the detection of P300. However, it would seem

that the AUC in the P300 window is a feature that could help detect this ERP with

few trials. It is necessary to consider that other characteristics contribute to the

detection of P300 like N200, N100, among others.

One of the weaknesses in this method derives from the external noise compon-

ent that only damages an epoch, which are fuctuations that alter the calculation of

the areas and, therefore, the maximum relative AUC. We consider that the search

for other characteristics, such as those mentioned in the previous paragraph, can

help overcome it.

This method aims to help the adaptability of BCI in each subject, detecting a

specifc feature in each stimulus of each electrode. We believe that these methods,

which look for specifc characteristics, can help overcome the inter- and intrasub-

ject variability that affect BCI. In the following approach, we refne this method,

considering a wider window since other defections can better detect brain activity

related to a target stimulus.

3.3 Approach 2: Cumulative peak difference as a meas-
ure for electrode selection
As we have already mentioned, P300 is one of the most used control signals in

ERP-based BCI. Although many works analyze this component alone, in a specifc

time window, it is known that other components such as P1, P2, N2, and N4, also

contribute to the detection of the target stimulus [48, 76]. For this reason, several

BCIs currently rely on detecting and combining information from other ERPs to

improve the accuracy of command decoding [138, 140]. Several studies focus on

improving the performance of this technology by increasing the electrode number,

in most cases using a set of standard electrodes and a common decoding protocol

for all subjects, thus ignoring inter- and intrasubject variability; a problem still

pending in BCIs [105]. On the other hand, several works have addressed electrode

52



3.3 Approach 2: Cumulative peak difference as a measure for electrode
selection

selections based on exhaustive search, greedy algorithms [147, 149]. These meth-

ods face the problem of the lack of knowledge regarding what characteristics of

the signal are more relevant and best contribute to the accuracy of the BCI, not to

mention their relatively high computational cost. In this approach, we propose an

intuitive and adaptive method that selects the best electrodes to improve the ERP-

based BCIs performance in a lightweight manner compared to greedy methods.

The method is based on the peak-picking method [16, 105], widely used and

well-received in the ERP research community. The maximum peak was calculated

as the sum of several peak differences within a sliding window, based on [159, 169],

thus, counteracting the selection of large peaks resulting from signal noise [51].

The sliding window crosses an entire epoch; in this way, we evaluate the existence

of other ERP features that contribute to the detection of target stimuli.

3.3.1 Material and Methods

In order to study inter and within-subject variability, we selected the dataset pro-

posed by Hoffmann et al. [75], which has data from the same subject in different

sessions on the same day and on different days. The dataset contains the P300 data

corresponding to eight subjects: four disabled (1 to 4 subjects) and four healthy

subjects (6 to 9 subjects). Below, we will fnd a description of the dataset and how

to process it to predict brain activity.

3.3.1.1 Dataset

Each subject completed four sessions: two sessions were performed one day and

remaining two another day [75]. Each session has six runs and each run contains

data from 32 EEG electrodes placed at the standard positions of the 10-20 interna-

tional system. Following the oddball paradigm, six images were presented one by

one in random order and the user was asked to silently count the times that a spe-

cifc image was repeated. Of the six images, one is target and fve are non-target;

this was called a trial. Each trial was repeated 20 - 25 times per run. Each present-

ation of an image lasted 100 ms and during the following 300 ms no image was

presented. For our study of inter-subject variability, we generated three groups of
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analysis per subject: the frst group formed session one and two, the second group

sessions three and four and the third group was the union of the four sessions.

3.3.1.2 Preprocessing

For our offine analysis, we averaged the signal of two mastoid electrodes that

were used as references. Then we applied a 1 Hz and 12 Hz Butterworth band-

pass flter, knowing that it worked properly in previous tests [75]. This signal was

downsampled from 2048 Hz to 32 Hz and standardized to mean zero and standard

deviation one. For our analysis, we took an epoch of 1000 ms from the onset of the

stimulus.

3.3.1.3 Proposed cumulative peak picking method

As we know, ERPs are positive or negative defections that occur with every spe-

cifc stimulus. We also said that when we try to evoke a specifc ERP component

(the P300, for example), other components also appear as P1, P2, N2, N4, etc. Fur-

thermore, it is known that a negative defection N2 precedes the positive defection

of the P300 [75, 167]. Thus, this approach is given by calculating the maximum

and minimum voltage differences in each epoch of the EEG signal related to each

stimulus. The general idea is to fnd the EEG signal of one trial with the maximum

difference. We assume that the differences between positive and negative defec-

tions are greater in the targets than in the non-targets and would be better differenti-

ated by measuring this difference in each trial. Remember that we have six stimuli,

fve non-target and one target, as explained in section 3.3.1.1; in each epoch, a slid-

ing window was set up, and within this window, several sub-windows were defned

based on the method described in the previous approach, and [159, 169]. In each

sub-window, the difference between the highest positive point and the lowest neg-

ative point was calculated. The resulting differences in these sub-windows were

summed, and this was considered a stimulus score. Then, we selected the stimulus

with the largest score and checked whether it corresponded to a target stimulus. If

this was true, it was considered a hit and has the one value otherwise zero. After

that, the sum of hits is divided by the number of trials, and we obtain one score. We

proceeded this way throughout the epoch (1000 ms) and obtained a feature vector
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with the total of hits and failures for each electrode. Finally, we calculated the area
under the curve from this feature vector and obtained an electrode score (scalar
value).

3.3.1.4 Electrode selection

We compared two electrode confgurations to demonstrate the advantage of select-
ing electrodes for managing inter- and intrasubject variability. The frst confgur-
ation selected electrodes according to the score obtained with our method. In the
second confguration, we considered standard confgurations of electrodes widely
used by the BCI community (see Table 3.2) based on highly cited scientifc art-
icles [16, 75, 167, 168] that analyzed this problem. These two confgurations were
evaluated through a classifer (see section 3.3.1.5) according to the number of elec-
trodes. Seven confgurations were evaluated: 1, 2, 3, 4, 8, 10 and 16 electrodes.
For the selection of electrodes in our method, we proceed as follows:

a. Confguration with one electrode: the electrode with the best score obtained
(32 electrodes).

b. For the rest of the confgurations, the 32 electrodes were divided into two sub-
sets: the frst corresponds to electrodes of the frontal/central (F/C) lobes and
the second to parietal/ occipital (P/O) lobes. The electrodes with the best score
of each subset were combined according to Table 3.2. The electrodes were se-
lected with the a priori knowledge that there are differences between the com-
ponents that are generated in the different brain lobes [48, 157] and considering
the evidence from several studies that demonstrate improvements in classifer
accuracy using electrodes of the posterior brain sites [75, 157, 167], section
3.4.3.5 shows in detail the works that highlight the importance of the posterior
region since the seminal works.

3.3.1.5 Classifcation

Bayesian Linear Discriminant Analysis (BLDA) was used to predict target image;
its effectiveness has been tested in several works [75, 77, 141], this method is fully
described in section 2.6.3.
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Table 3.2: Electrode confguration. Two different electrode confgurations, standard
electrode based on published articles highest cited [16, 75, 167, 168] and our proposed
method. We included the posterior region, given its signifcant infuence on the per-
formance of this type of BCIs, as shown in section 3.4.3.5

Electrodes Standard Electrodes Selected with the Proposed Method
number electrodes

confguration
Best score F/C

lobes
Best score P/O

lobes
1 Pz 1 electrode with the best score (from the 32)
2 Pz, Cz 1 1
3 Pz, Cz, Fz 1 2
4 Pz, Cz, Fz, Oz 1 3

8
Pz, Cz, Fz, Oz,
P3, P4, P7, P8

1 7

10
Pz, Cz, Fz, Oz,
P3, P4, P7, P8,

C3, C4
1 9

16

Pz, Cz, Fz, Oz,
P3, P4, P7, P8,
C3, C4, CP1,

CP2, FC1, FC2,
O1, O2

3 13

The classifer’s precision was evaluated in each electrode set in each subject

through n-fold cross-validation, n represents the session number of the analysed

group. For the analysis of the inter- and intrasubject variability we consider two

procedures in the classifer:

a. The dataset was divided into groups of two sessions by day: sessions 1-2 (frst

day) and 3-4 (second day). The frst group (sessions 1-2) used one session for

training and one for testing through a typical 2-fold cross-validation process

resulting in eight accuracies. The same process was used for sessions 3-4,

obtaining eight accuracies. A total of 16 accuracies was obtained from two

sessions groups.

b. The second classifcation procedure involves joining the four sessions for each

user: using three sessions for training and one for testing through a typical
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4-fold cross-validation process, resulting in eight accuracies (one by subject).

3.3.2 Results

The results that we show below correspond to the analysis of the 24 set of sessions,

three for each user, as explained in section 3.3.1.5.

3.3.2.1 Managing inter- and intrasubject variability:

Our method adapts to the subject, manages variability and increase the accuracy

of the classifer. Figure 3.7 shows a comparison between the accuracy achieved

by the selected electrodes with our method and with the standard (according to the

Table 3.2). We can see that our proposed method (yellow bars) selects different

electrodes with better score in each subject and thus achieves better accuracy. The

upper panel of Fig. 3.7 shows the accuracy of an electrode selected with our method

and compared with the standard Pz electrode, one of the most used in the P300-

based BCI, as mentioned in section 3.3.1.4. The bottom panel shows the accuracy

of two electrodes selected with our method compared to the standard Pz and Cz

electrodes; in this case, our method also maintains the advantage on all subjects.

The advantage is maintained with groups that have more electrodes. Later, we

explain and show (Figure 3.9) the advantage obtained with assemblies containing

more electrodes.

Note that the electrodes selected with our method are not found in a single brain

region but change according to the subject. Through brain mapping in Fig. 3.8, we

present the brain regions in which our method detected the electrodes that improved

the accuracy of the classifer. Warm colors are in the regions with the highest score

obtained with our method, cold colors regions with less score.

Below we present two examples of the performance of our method. For subject

one, the highest score was found in the frontal lobe. In sessions 1-2, the electrode

Fp2 was selected with the best score, while in sessions 3-4, the electrode Fp1. On

the other hand, for subject six, the parietal and occipital lobes were the ones that

contained the highest scores. In sessions 1-2, the electrode PO3 was selected with

the best score, while in sessions 3-4, the electrode Oz was selected. In the boxes,
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Figure 3.7: Our method adapts to the subject. The fgure shows the electrode selection
in the cases of 1 and 2 electrodes of sessions 1-2.

besides the brain mapping in the Fig. 3.8, we see that the accuracy of the classi-

fer improved implemented the electrodes selected with our method (red color) as

compared to the standard electrodes that are usually used (black color). This fgure

shows two electrodes with the greatest advantage (most pronounced differences),

but this advantage is still maintained with more electrodes, as shown in Fig. 3.9

below.

3.3.2.2 Classifer Accuracy Improvement

The accuracy of each session was calculated with the two cross-validation proced-

ures as explained in section 3.3.1.5. The electrodes selected with our method im-

proved the accuracy of the classifer from the frst trial. Figure 3.9 shows that with

a single electrode, the precision goes from 57.86% (black color) with the standard

electrodes to 76.88% (red color) with the electrodes selected with the greatest peak
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Figure 3.8: Inter (columns of the fgure) and intra (row of the fgure) subject variabil-
ity. Our method detects the variability between sessions (different days, 2-folds CV, as
one can see section 3.3.1.5) in different subjects (subjects 1: disable, and subjects 6:
healthy) to improve the accuracy of the classifer (red line). In brain mapping, warm
colors indicate the regions with the highest score detected with our method.

difference. Note that the accuracy of 16 electrodes selected with our method is

better than 16 and 32 standard electrodes.

We also evaluate how many times one method outperforms the other and when

they tie. For this, we calculate the number of accuracies in which one method ex-

ceeds the other and divide for the total of accuracies. The result is presented in

percentages in Fig. 3.9. We can see that our peak difference method (red color) ex-

ceeds the standard method in all electrodes sets, except for the set of eight (45.83%

vs. 50%).

3.3.2.3 Bitrate improvement

We also measured the information transfer rate (ITR) with the system proposed

by Wolpaw [85, 127]. ITR is a metric to evaluate the performance of the BCI

system, which is derived from Shannon’s channel theory; the details about this

metric can be reviewed in section 2.8.1. Figure 3.10 shows the ITR reached by two

methods analyzed; like the last fgure, red represents our method results, black is

the standard method, and percentages represent the times one method outperforms

the other and when they tie. The abscissa axis represent the time period elapsed

by each trial; the dataset used in this approach has six images, 400 ms by each
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Figure 3.9: Evolution of the classifcation accuracy by the number of electrodes. The
red line (with asterisks) represents the accuracy achieved by our proposed method,
while the black line (with stars) represents the one achieved by the standard method.
The percentage next to each marker represents how many times the accuracy of one
method outperforms the other: in red color the percentage when our method exceeds
the standard, in black color when standard win and in grey when they tie. For example,
83% of the time for two electrodes, our adaptive selection gives a better result than the
standard one, and 0% tie.

one, giving in total 2.4 s. The results of our method showed an increase in bit rate

in all datasets groups. We can see at Fig. 3.10 that the bit rate reached with one

electrode selected with our method was comparable to three electrodes selected

with the standard method.

3.3.3 Discussion and Conclusions

This approach analyzes the impact of peak difference detection in electrode selec-

tion and how it could be used to manage inter- and intrasubject variability in the
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Figure 3.10: Comparison of bit rate between standard confguration and our selection
of electrodes averaged over 24 sessions. The percentages (in each set of electrodes)
show the times each set exceeded the other or matched (in gray). The greatest advant-
age is obtained with the smallest number of electrodes. Our method achieves 8 bit-
s/minute with one electrode (red color) while with the standard selection, it achieves 2
bits/minute and only with three electrodes it achieves 8 bits/minute (black color).

context of ERP detection. We note an improvement in accuracy when selecting

different electrodes per user, which means adaptability to the subject. Applying

our method, we could identify the electrode (and the brain regions) in which there

was a better detection of ERPs, which helped to address the inter- and intrasubject

variability. The improvement of the classifer precision was seen from the frst trial

with a single electrode. Bit rate was also improved in all electrode sets; a single

selected electrode tripled the bit rate reached by a standard electrode. The associ-

ated result of our method was equivalent to the results obtained with the set of three

standard electrodes. However, with a higher number of electrodes, the advantage

decreases, e.g. in the set of eight electrodes the difference is minimal.
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In this approach, we present an approximation to searching for specifc char-

acteristics of the ERPs during the entire post-stimulus epoch. Currently features

such as peak, area of amplitude, latency; are analyzed in a static window [16, 105],

ignoring other ERPs (N1, N2, N4, P1) present in the signal, which can contribute to

increase the accuracy of the classifer as mentioned by [48, 141, 157]. It remains to

investigate the degree of infuence of the remaining characteristics, which are well

known and implemented but not yet applied with this approach. The simple method

proposed demonstrates that choosing the appropriate electrodes can be as important

as selecting a complex feature extraction, training the subject, or selecting a specifc

classifer. Note that the proposed method can consider any circumstance causing

inter- and intrasubject variability in healthy or disabled subjects. The factors that af-

fect the variability can be intrinsic as a pathology, motivation, genetic, or extrinsic,

such as electrode conductance, noise, and external interferences, producing variab-

ility among sessions. In section 2.9, these factors that affect inter-subject variability

are detailed. Likewise, this methodology facilitates identifying the ERPs produced

during the presentation of a target stimulus and characterises its spatio-temporal

dynamics. Our work contributes to the design of accurate, adaptable, and low-cost

BCIs that lead to useful end-user applications in a natural environment and widen

the acceptance of BCI technology.

One of the questions about the proposed approach is its effectiveness in de-

tecting the characteristic pattern of the ERP sustained over time since, with this

approach, it does so in an instant of time. We believe that a metric such as the area

will make the detection of such patterns more sustained, which will improve the

performance of the BCI. Below, we present an approach combining the advantages

of the approaches mentioned above: the area measure and the analysis of the entire

epoch during the stimulus.

One of the questions about the approach proposed in this section would be

whether it can detect the characteristic pattern of the ERP over time without provid-

ing any time window where the ERP should be searched. Therefore, this is the main

objective of the following approach in the next section. Please note that ERPs do

not have to occur in isolation, but when an ERP occurs, it can follow the occur-

rence of others (as we have mentioned in the previous paragraph). Thus, in the
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next section, we present a dynamic adaptation of this method to search for a pos-

sible sequence of ERPs over time without specifying any particular time window

of occurrence for the ERPs using the area under the curve as a metric.

3.4 Approach 3: continuous ERP characterization

3.4.1 Introduction

The two previous approaches helped us understand that both the AUC in a spe-

cifc time region and the positive and negative peaks in the entire epoch of the

EEG signal contribute to a better performance of the P300-based BCIs. With this

background, we developed a simple and computationally inexpensive methodo-

logy to characterize the evolution of positive and negative defections of voltage (a

primary characteristic of ERPs). As discussed below, this methodology can con-

tribute to subject adaptation and handles variability across sessions. Our methodo-

logy takes advantage of a low computational cost measure such as the area under

the curve (AUC), widely used and well-received in the ERP research community

[16, 51, 159, 170]. This measure is continuously calculated in our approach and

used to characterize positive and negative ERPs throughout the epoch, thus keeping

track of their temporal and spatial information. The maximum AUC (maxAUC)

was calculated as the sum of several AUCs within a sliding window (SW). The

SW used in our approach swipes an entire epoch, considering positive and neg-

ative defections separately, resulting in two new feature vectors, which we call

the hit vector, one for positive defections and one for negative defections. In this

way, we evaluate the existence of ERP features that contribute to detecting target

stimuli. This characterization allows determining more accurately where (elec-

trodes/cerebral lobes) and when (time in ms) ERPs were generated in response to

a target stimulus.

One direct application of our method of ERP characterization is the selection of

electrodes which can be seen as a feature selection prior to implementing any ma-

chine learning method. In this approach, we show that implementing these methods

leads to improving the performance of P300-based BCIs with a Bayesian Linear

Discriminant Analysis (BLDA). The methodology was tested in a widely used data
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set of a P300-based BCI [75] to select the electrodes, i.e., to determine which ones

provide the best information to the classifer. As we will argue in the discussion

4.5.4, the proposed ERP characterization method also opens new opportunities to

obtain additional information from ERPs beyond the BCI context.

This approach is organized as follows. First, to motivate the problem, we illus-

trate the intrasubject variability present in electroencephalography (EEG) signals

and introduce the problem of selecting electrodes with a standard confguration

for all subjects. Then, we explain the proposed method for ERP characterization

with several examples of how it works. Next, we carry out a proof of concept of

the proposed methodology. Finally, we compare the classifcation accuracy with

electrodes selected with the method described in this approach and a standard con-

fguration commonly used in many studies.

3.4.2 ERP variability analysis in the context of its continuous
characterization

To understand the problem we are trying to overcome; it is necessary to remember

two facts: (1) Several components are generated after the presentation of a stimulus

and not only the ERP that is intended to evoke. All these components affect the

detection of the target stimulus. (2) There is variability in the latency and amplitude

of the components in each electrode, among subject sessions and subjects [48, 51,

105, 148, 159, 160].

These two issues are present in P300-based BCIs and have been manifested

since the seminal paper of BCI by Vidal [171] and later confrmed by several au-

thors [75, 76, 157, 172, 173]. Variability of amplitude and latency has been de-

scribed in the P300 speller-based BCI with the work of Farwell and Donchin [16]

and henceforth shown by several works [157, 158, 174, 175, 176]. Thus, inform-

ation useful for the detection of the target stimulus is not concentrated in a spe-

cifc time interval of an ERP component, rather it fuctuates during and after the

presentation of the stimulus and varies between sessions and subjects, as already

mentioned in the previous approaches.

In this section, we will show thoroughly that theseissues can be characterized

through two tools widely used in BCIs: (i) signed-r2-values [157, 177] based on
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point-biserial correlation, which is a special case of Pearson correlation [178], (ii)

and a BLDA classifer [75].

Signed-r2-values measure the association of a continuous variable and a dicho-

tomous variable. This measure provides discriminatory information in the spatio-

temporal plane. In the analysis of ERPs in BCIs, the continuous EEG signal meas-

ured by an electrode is divided into epochs from the onset of the stimulus and each

epoch is labeled target and non-target to obtain the dichotomous variable. This

allows us to assess how well a brain signal generated by a target stimulus may be

inferred from a brain signal without a target stimulus. On the other hand, a BLDA

classifer allows verifying the precision in detecting the target stimulus over time.

Now, BLDA was executed in different time windows to quantify the capacity of

ERP detection throughout the epoch and check that the time variability observed

with R2 also is captured by the classifer.

Signed-r2 and BLDA were implemented in the same dataset used in the previ-

ous approach. As already mentioned, the dataset contains eight subjects’ data stim-

ulated with a group of images under the Rapid Serial Visual Presentation (RSVP)

model and the oddball paradigm [75], explained extensively in section 3.4.3.3.

Each subject underwent four sessions, two on one day (sessions 1-2) and the re-

maining two on another day (sessions 3-4). This methodology facilitated perform-

ing inter and intrasubject variability analyses. Signed-r2 and BLDA were imple-

mented with 32 electrodes with a basic pre-processing for fltering and standardiz-

ation of the data, as we will explain in the methods section. A time of 800 ms from

the start of the stimulus was considered for processing signed-r2 and BLDA.

Figure 3.11 shows the values of signed-r2 in each subject session. One can see

the sequence of ERPs once the target stimulus was presented. Warm colors rep-

resent high values of signed-r2 (positive defections in the EEG signal), while cold

colors indicate low values (negative defections). The fgure shows that discrimin-

ant information appears in different brain areas depending on the subject. In some

subjects, discriminant information is preserved between sessions of different days

(see for instance subjects 1 and 5), while in other subjects it changes from one day

to another (see for instance subjects 3 and 8).

Subject 1 maintains its largest spatio-temporal discriminant information in the

electrodes of the frontal and occipital lobes in the ranges of 335-395 and 540-800
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ms. Subject 5 maintains the highest discriminant information in the electrodes of

the frontal, central and occipital lobes between the interval 335 and 395 ms. On the

other hand, subject 8 is an example of variability between days. In the sessions of

the frst day, most discriminant information is observed in the occipital and parietal

lobes (P/O) between the intervals 155 and 195 and between 285 and 395 ms. How-

ever, in the sessions of the second day this information appears distributed in all

regions. Sessions 1-2 (of the frst day) in subject 3 presents high signed-r2 values

between 205 and 325 ms in frontal lobe and negative values in the occipital lobe.

In session 3-4 (second day) the maximum values were found in the parietal region

in the ranges of 135-195 and 335-410 ms and negative values between 205 and 325

ms in P/O lobes.

To corroborate these observations of the values of signed-r2, we applied the

BLDA classifer throughout the time intervals. A BLDA classifer [75] allows to

verify the precision in the detection of the target stimulus over time. We can im-

plement it by time intervals to quantify the capacity of ERP detection at different

moments. BLDA was implemented with the same pre-processed dataset signal

used in signed-r2 and executed with cross-validation as is described in the section

3.4.3.4. A inter- and intrasubject variability similar to that shown with signed-r2

can be observed, as well as the increase of the accuracy in the time intervals with

maximum and minimum values of signed-r2. Figure 3.12 shows that subject three

has the best precision on the frst day in the range of 205-325 ms, whereas the

second day occurred in 135-235 ms. On the other hand, in subject eight, the ac-

curacy of the frst day was greater than the second day in almost all time intervals

evaluated.

In the inter- and intrasubject variability analysis, it is necessary to measure

the degree of similarity of spatial (i.e. electrodes) and temporal features of events

evoked during the presentation of a series of stimuli, in this case under the RSVP

model [179, 180]. For this task, cross-correlation was used as a quantitative factor

to compare the signed-r2 matrices of the different sessions. We thus measured the

degree of similarity between sessions, considering the variability inherent in neur-

onal functionality. This measure shows that the greatest similarity occurs between

subject sessions (even if they correspond to different days), while between subjects

there are larger differences. Figure.3.13 was generated from each session of each
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subject. A total of 16 matrices (cf. Fig 3.11) were compared. Warm colors repres-

ent the maximum values of similarity between sessions and cold colors correspond

to low similarity.
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Figure 3.11: Signed-r2 matrix: High values of signed-r2 vary temporally and spa-
tially between subject sessions. Positive and negative ERPs are present at different
time intervals at different electrodes. Maximum and minimum values of signed-r2 in
each day session are shown in the upper right corner. Panel A) corresponds to sessions
1 and 2 on the frst day. Panel B) corresponds to sessions 3 and 4 on another day.
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Figure 3.12: Variability of the BLDA classifer accuracy by intervals and sessions.
The accuracy of the classifer varies in each classifcation interval in the four subject
sessions (two per day). Positive and negative ERPs contribute to improve accuracy
throughout the epoch. The blue line represents the precision of two sessions of a day
and the red dotted line that of two sessions of another day.

3.4.3 Material and methods

Having exposed and analyzed the inter- and intrasubject variability problem in-

depth, let us see how our new approach adapts to it. To do so, we take advantage

of the knowledge of the two previous approaches and propose a method that eval-

uates the AUC continuously throughout every epoch for the positive and negative

defexions in EEG signals. In this way, we identify the variability of ERP related to

the positive and negative defections with the target stimulus. Next, we explain our

proposed method and the form we apply in the data set for our proof of concept.

3.4.3.1 Proposed approach: continuous ERP characterization

As we already know, an ERP is a positive or negative voltage defection over time.

Our method takes advantage of this basic characteristic and continuously meas-

ures its evolving AUC. We must highlight that several ERPs may be present in
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Figure 3.13: Measure of similarity between sessions per days. Each square rep-
resents the cross-correlation between the values of the two signed-r2 matrix (cf. Fig-
ure.3.11) corresponding to the sessions 1-2 of one day and 3-4 of another day. The
maximum values corresponds to the comparison of a session with itself, in warm col-
ors; cold colors represent less similarity. Panel a represents the comparison between
temporal features and panel b represents the comparison of spatial features of signed-
r2 matrix columns.

response to a stimulus; for this reason, we calculate the AUC evolution with a slid-

ing window that moves throughout the epoch. In each electrode, this methodology

converts EEG signal epochs to a hit vector ĥ considering the stimulation temporal

information. This hit vector characterizes ERPs while maintaining their temporal

and spatial features.

To apply the proposed method, the EEG signal of each electrode is divided

into epochs and grouped by each set of stimuli presented in a trial; each epoch has

an identifer called the stimulus code. For each electrode, we build a 3D matrix

X ∈ IRM×T ×Q with M stimulus codes, T samples and Q trials (one trial is equal

to a set of M stimuli). To illustrate the application of the maxAUC method, let us

frst consider the M × T matrix of one trial. In each epoch of this matrix, we apply

a sliding window (SW) of size n, which can be adjusted according to the duration

of the ERP that predominates in the analyzed signal, e.g., around 250 – 300 ms for

P300 or around 150 - 200 ms for the N200 ERP [49]. In our application, we apply

the two window sizes mentioned above, since they are the most prevalent in ERP-
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based BCIs [75, 117, 157, 172, 181, 182, 183]. Therefore, the window size may
change depending on each ERP of interest. The SW moved through each sample,
from stimulus onset to 1000 ms after.

Within each SW, f subwindows are created, and their AUCs are calculated (see
Figure 3.14); and for this, it is necessary to have an SW with an odd sample size.
Then, we choose the central sample to which we add and subtract a sample to obtain
a subwindow until reaching the limit of the SW. For instance, if we have an SW
of size 7, we obtain 3 subwindows with sizes of 3, 5, and 7 samples. In this way,
we seek to give greater advantage to the center of the ERP, which is the one with
the greatest amplitude, and therefore, a greater AUC. This procedure is repeated in
each M epoch:

fX 
Aij = AUC(Wijk), (3.5)

k=1 

where AUC(Wijk) is the AUC of the temporal segment Wijk from the ith sliding
window of the jth epoch and the kth subwindow. Then, from Aij , we obtain si 

+ ,
which is the stimulus code with the highest accumulated AUC for positive defec-
tions:

si 
+ = argmax(Aij ). (3.6)

For negative defections, we select the stimulus code with the minimum value:

s − 
i = argmin(Aij ). (3.7)

With each stimulus code s + 
i or si 

− , obtained in every ith slinding window and
moving thought entire epoch we get a h+ or h− . It is defned as follows: if the
stimulus code s + 

i matches the stimulus code of the target stimulus starget, h+ 
i = 1;

otherwise, h+ 
i = 0: ( 

+1, if si ==starget 
h+ 
i = (3.8)

0, otherwise.

The procedure is the same for h− 
i . Window sliding throughout the epochs results

in an h− or h+ vector for each trial. The average of all these vectors is equal to
a ĥ− (or ĥ+) with values between zero or one. One indicates that in all trials, the
stimulus code with maximum AUC corresponds to the stimulus code of the target
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Figure 3.14: Continuous ERP characterization is achieved progressively by meas-
uring AUC throughout the epoch of the EEG signal, distinguishing positive and neg-
ative defections.

stimulus, and zero indicates that it corresponds in no cases. At the end, for each

electrode, we obtain two ĥ vectors: one for positive defections ĥ+ and another for

negative defections ĥ− .

3.4.3.2 Application of electrode scoring

An electrode selection method can use the hit vector ĥ− (or ĥ+) to calculate the

score of an electrode. The AUC of each ĥ vector results in a scalar value that

represents that score. Although here we used the AUC, other methods can be in-

vestigated, i.e., feature selection methods. We illustrate an example of applying this

method to P300-based BCI data taken from sessions 3-4 of subject 5 in the dataset

[75]. The left panel in Figure 3.15 shows the EEG signals corresponding to six

stimuli: one target (stimulus code 1) and fve nontarget stimuli (stimulus code 2-6)

in two electrodes: FC2 and O2. Several ERPs are present throughout the epoch.

Note the different ERP evolution depending on the electrode. The right panel shows

the evolution of the AUC within each SW. This method can be used to character-

ize positive or negative ERPs by quantifying the positive maxAUC (maxAUC-P) or

negative maxAUC (maxAUC-N) of the EEG signal.
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Figure 3.15: Evolution of the AUC as a function of the stimulus. Positive and neg-
ative defections are present throughout the epoch and vary depending on the electrode.
The fgure shows the epoch of one target stimulus (dark blue line, stimulus code 1) and
fve nontarget stimuli per electrode, recorded in electrodes FC2 and O2 (one trial in
the same subject). The vertical red lines point out two different intervals of the SW
ongoing analysis (beginning at time 312 and 625 ms, respectively). The duration of
the SW in this example corresponded to 9 samples, i.e., 281ms. A and D intervals cor-
respond to Negative defections. B and C intervals correspond to Positive defections.
Left Panels: illustration of the method for the ERPs corresponding to each stimulus.
Right panels: AUC values obtained when applying the method. Note that the target
stimulus during the SW intervals corresponds to AUC maxima for positive defections
and minima for negative defections.
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Figure 3.16 illustrates how our hit vector characterizes the ERPs present in the
EEG signal of each electrode. Panel A shows an average of the EEG signal for each
electrode in response to the target stimuli. Several ERPs are present throughout the
epoch and vary in each electrode. The maximum or minimum amplitude is not
always found in electrodes that are traditionally used, such as Pz (in black). In fact,
they can also appear in other locations, e.g., FC2 or O2, which in some occasions
are disregarded, depicted with thick lines. Therefore, this fgure shows how these
positive and negative defections of the EEG signal are captured by the maxAUC
method. In panel A, we can see that between 300 and 500 ms, there are negative
defections in most electrodes located in the P/O lobes, depicted with blue color.
These defections are detected by the maxAUC method. In panel B, the value 0.8
out of 1 (80% of trials) reached by electrode O2 represents the percentage of hits
in which the minimum AUC in the EEG signal corresponds to a target stimulus.
However, we can see that between 200 and 500 ms, there are positive defections in
most electrodes of the frontal and central lobes (F/C), depicted in red. In panel C,
it is observed that the maxAUC method detects these positive defections related to
the maximum AUC of the target stimulus. In this case, the average hits reach 0.9
out of 1 in electrode FC2.

3.4.3.3 Dataset

We validated the proposed maxAUC method in a well-known publicly available
database [75]. This dataset contains the data of 4 disabled subjects and 4 healthy
subjects. Each subject completed 4 sessions: 2 sessions were performed one day
and the remaining 2 sessions were performed another day. Each session had 6
runs, and each run contained data from 32 EEG electrodes placed at the standard
positions of the 10-20 international system. Following the oddball paradigm [16],
6 images were presented one by one in random order, and the user was asked to
silently count the times that a specifc image was repeated. This was called the
trial. Each trial was repeated 20 - 25 times per run. Each presentation of an image
lasted 100 ms, and during the following 300 ms, no image was presented. For our
study of inter- and intrasubject variability, we generated 2 groups of analyses per
day: the frst group formed sessions 1-2 in one day, and the second group formed
sessions 3-4 of another day.
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Figure 3.16: Conversion of a vector of voltage amplitudes to a hit vector. All ERPs
throughout an epoch are presented. Panel A: amplitude in time per electrode; in blue,
the electrodes of the P/O lobes and in red for the F/C lobes. Panel B: hit vectors for
positive AUCs. Panel C: hit vectors for negative AUCs. Each element of a hit vector
is the probability that a target stimulus has the maximum (or minimum) amplitude
throughout the epoch.
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3.4.3.4 Preprocessing

For our analysis, before segmenting the signals in epochs, we averaged the signal of

two mastoid electrodes that were used as references. The data were fltered with a

sixth-order forward-backward Butterworth bandpass flter, and cut-off frequencies

were set to 1.0 Hz and 12.0 Hz, following previous tests [75]. These data were

downsampled from 2,048 Hz to 32 Hz, and each run was standardized to a mean of

0 and standard deviation of 1. For our analysis, we considered an epoch of 1,000

ms from the onset of the stimulus.

3.4.3.5 Electrode selection methods

In this section, we present two methods of selecting electrodes. The frst method is

a standard confguration, widely accepted by the scientifc community, where the

posteriors lobes are fundamental to reach the best performance. The second method

is a new proposal of selecting electrodes that incorporate the posterior regions but

select the best electrodes by sessions personalizing by subjects.

Traditional/Standard electrodes selection

In ERP-based BCIs, electrodes located in the occipital and parietal lobes are typic-

ally used, as it is assumed that they provide more information and greater precision

to detect target stimuli. For example, in the 1970s, Vidal [171] used electrodes of

the occipital and parietal lobes: Oz, O1, O2, Pz (10/20 international system) and

only one of the frontal lobes, Fz, as an electrode for the artifact detection process.

Different electrode combinations between these lobes have been employed, either

by increasing the electrodes of the central lobe (Fz, Cz) or those of the posterior

lobe (P3, P7, P4 and P8) [75, 162, 166, 167, 168], the latter signifcantly increased

the accuracy of the detection [75, 117, 157, 172, 181, 182, 183]. Currently, the

standard confguration that mostly uses electrodes located in the parietal and oc-

cipital regions and in fewer numbers in the frontal zone is widely accepted, and

many authors use it by default [173, 184, 185].

Another approach is to select the best electrodes according to an automated

criterion that scores the information provided in each location. Exhaustive search

and greedy search (forward selection and backward elimination methods) stand out
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[141, 147, 149, 150, 151, 158, 186]. Although these methods can improve ac-

curacy without a priori information, one of their weaknesses is typically their high

computational cost by using exhaustive search or greedy algorithms [149]. Another

disadvantage of these methods is their high variability of performance between user

sessions, which impacts their generalization performance [141, 149, 151], thus pre-

venting the adaptability of the BCIs. In addition, these methods face the problem

of the lack of knowledge regarding what characteristics of the signal are more rel-

evant and best contribute to the accuracy of the BCI. Table 3.3 chronologically

summarizes the evolution of electrode use in P300-based BCIs from the frst works

in 1973.

Table 3.3: Electrode selection approaches to detect P300-ERPs. Since the frst
work in P300-based BCIs the Pz electrode has been used in most implementations
together with those of the middle line Cz, Fz, Oz. Evidence has shown that the lateral
electrodes of P/O lobes also contribute to accuracy improvement of ERP detection.

Reference Year Electrodes used
Vidal J. [171] 1973 Pz, Oz, O1, O2, Fz
Farwell et al. [16] 1988 Pz
Polikoff et al. [187] 1995 Pz, Cz, Fz
Donchin et al. [162] 2000 Pz, Cz, Fz, O1, O2
Kaper et al. [168] 2004 Pz, Cz, Fz, Oz, P3/4, PO7/8, C3/4
Serby et al. [188] 2005 Pz, Cz, Fz, Oz
Sellers E, Donchin E. [189] 2006 Pz, Cz, Fz
Piccione et al. [190] 2006 Pz, Cz, Fz, Oz
Krusienski et al.[166] 2006 Pz, Cz, Fz, Oz, P3, P4, PO7, PO8
Hoffmann et al. [75] 2008 Pz, Cz, Fz, Oz, P3, P4,P7, P8
Rakotomamonjy et al. [158]* 2008 PO7, PO8
Cecotti et al. [141]* 2011 Pz, Oz, P3, P7, P8
Colwell et al. [147]* 2014 Pz, Cz, Oz, CPz, POz, PO7, PO8
McCann et al.[149]* 2014 Pz, Oz, PO7, PO8
Speier et al. [151]* 2015 CPz, POz, PO7, PO8,
Yu et al. [150]* 2015 Pz, Oz, O1, O2
Ryan et al. [185] 2017 Pz, Cz, Fz, Oz, P3, P4, PO7, PO8
Sheng et al. [173] 2018 Pz, Cz, Fz, Oz, O1, O2
De Venuto et al. [184] 2018 Pz, Cz, P3, P4, CP1, CP2
Guger et al. [191] 2018 Pz, Cz, Fz, C3, C4, CP1, CPz, CP2

* Electrodes selected from an automatic methodology.
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In summary, the works discussed above conclude that the electrodes of the cent-

ral and frontal lobes contain relevant information for ERP-based BCIs and that the

posterior lobes contain considerable relevant information for improving the accur-

acy of this type of BCI [75, 141, 149, 151, 157, 158]. However, when looking for

the optimal precision of a BCI, one may want to consider methods of electrode

selection adapted to the subject and robust between sessions [5, 141, 151, 152].

Proposed electrode selection criteria

An appropriate personalized selection of the electrodes can lead to an increase in

the accuracy of the BCI and a decrease in the computational cost. Systems with few

electrodes are easier to confgure and more user friendly than systems with many

electrodes. It is known that a large set of electrodes does not always increase the

precision of the classifer [75]; in fact, in some cases, it is problematic and results in

overftting the model [189, 192]. The challenge, then, is a BCI with few electrodes

that achieves high precision.

As we have shown in the section 3.4.3.5 and section 3.3.1.4, different electrode

confgurations have been employed over the years (see Table 3.3), but all of them

maintain in common the presence of the electrode Pz, followed by the electrodes of

the midline. Then, lateral electrodes of the posterior part were added, and in some

cases, the confguration includes electrodes of the central and frontal lobes. The

above described together with the fndings of [141] show that although the most

relevant electrodes are in the parietal and occipital lobes, the frontal lobe electrodes

may also be relevant for some subjects.

With this background, we want to evaluate the evolution of the classifer accur-

acy as a function of the number and the specifc set of electrodes. This evaluation is

performed for two kinds of electrode confgurations: 1) through the standard elec-

trode selection and 2) by means of the personalized alternative selection proposed

in this work based on the AUC and described below.

Our selection of electrodes is based on the electrode score described in section

3.4.3.2. To select one electrode, we choose the one with the best score following

the previous approach in section 3.2.1.6. For two or more electrodes, we select

one electrode with the highest score from the F/C regions (the one with the highest
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Figure 3.17: Electrode Selection. Electrodes were divided into two groups, one with
electrodes from the central and frontal lobes and others from the parietal and occipital
lobes (P/O). For the analysis, 6 sets of electrodes were chosen, mostly electrodes with
the highest score in the P/O zone, according to the a priori knowledge that more relev-
ant information is found in these lobes (see section 3.4.3.5).

score), and the remaining electrodes are selected from P/O regions with the highest

score (same criterion as in the F/C regions), as illustrated in Fig. 3.17.

In this study, in the context of P300-based BCIs, electrodes were selected with

the a priori knowledge that there are differences between the components gener-

ated in different brain lobes [48, 51, 76]. The evidence from several studies that

demonstrate improvements in classifer accuracy using electrodes of the posterior

brain regions [75, 157, 166], as explained in section 3.4.3.5, were also considered.

In this approach, we use a BLDA classifer to contrast the performance of stand-

ard electrode selection versus our new methodology. In this way, we can verify

how our method adapts to inter and intrasubject variability. Next, the classifcation

method used in this work is briefy explained.

3.4.3.6 Classifcation

After the electrodes were selected according to each criterion seen in sections

3.4.3.5 and 3.4.3.5, we used their EEG signal for classifcation. Determining the

presence or absence of ERPs is usually considered a binary classifcation problem.

BLDA is a variant of Fisher’s LDA [75] and has been widely used in these types of

problems with good results [75, 76, 77]. BLDA performs regression in a Bayesian

framework that assumes that regression targets t and feature vectors X are linearly
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related to additive white Gaussian noise. We can see the details of the classifer in
section 2.6.3.

3.4.3.7 Cross-validation

The classifer was validated using a K-fold cross-validation scheme, where K is
equal to two. We trained the model with one session (six runs) and tested it with
another (another six runs) and vice versa. This provided two accuracies that were
averaged; thus, one subject had an average accuracy per day. Remember that
each subject had two sessions per day in two different days (as we saw in sec-
tion 3.4.3.3); fnally, we obtained 16 accuracies. The accuracy of the classifer was
evaluated for each set of electrodes considered in our analysis.

3.4.3.8 Statistical analysis

The Wilcoxon signed-rank test (WSR test, p < 0.05) was used to assess whether
the difference between the accuracies provided by our maxAUC-N method and that
of the standard electrode selection was statistically signifcant.

3.4.4 Results
In this section, we show the results of the accuracy achieved with the maxAUC
method to characterize ERPs and compare the associated performance with the
accuracy of electrodes of a widely used standard confguration (see Figure 3.17).
The results show how the maxAUC method improves the accuracy of the BLDA
classifer when electrodes with better features are selected.

The selected electrodes with the highest score of positive and negative AUCs
were tested in the classifer. Throughout the analyses, we used a color code for each
set of electrodes. Red indicated the results corresponding to the electrodes with
maxAUC-N, green indicated those for maxAUC-P and black indicated the results
for the standard electrodes.

3.4.4.1 MaxAUC ERP detection contributes to classifcation accuracy

Figure 3.18 shows the comparison of the accuracy of six electrode sets. Each
panel shows the evolution of the accuracy of 20 trials. The upper left panel shows
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that a single standard electrode (Pz in all subjects) provided less precision in each

trial when compared to an electrode selected for each user with maxAUC-N or

maxAUC-P. This advantage was seen for all sets of electrodes. Better precision

was achieved with fewer trials using the maxAUC method in each set of electrodes

compared.

We show in the same fgure that the accuracy of the BLDA classifer with our

electrode selection method outperforms the accuracy with the standard electrodes

from the frst trial. The accuracy of a single selected electrode is comparable to

that of three standard electrodes. This advantage over standard electrodes was

maintained over all sets of electrodes. Note that the best precision corresponds

to electrodes selected with maxAUC-N.
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Figure 3.18: BLDA classifer accuracy by trial for each set of electrodes. From
the frst trial, the accuracy of the selected electrodes (green and red) was greater than
that of the standard set of electrodes (black), described in Figure 3.17. The accuracy of
a single selected electrode was comparable to that of three standard electrodes. Each
point represents the average of the 16 accuracy values.
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With the purpose of making a further quantitative comparison, a measure that
we call precision gain Pgain was used as a comparative measure of the precision
between the maxAUC method and the standard electrode sets. Pgain is a normalized
measure between -1 and 1. Positive values correspond to a better performance of
the maxAUC method over the use of standard electrodes, whereas negative values
correspond to the opposite case. Pgain is defned as:P n maxAUC stdµ − µk=1 k kPgain = , (3.9)

Pp ( 
Pgain > 0 maxAUC wins,
Pgain < 0 std wins,

where µ represents the average accuracy of the 20 trials of the set of electrodes that
are being compared, µmaxAUC for the electrode set selected with our methodology
and µstd for the standard. Pp is equal to 100%, which represents perfect precision
of the classifer, and n is the number of cases to be compared (in our case, n=16).
We also measured the percentage in which the maxAUC method wins, ties and
loses, regarding the standard method, across the obtained 16 accuracies for both
methods.

Figure 3.19 shows a summary of the comparison between electrode sets by day;
for this, the 16 accuracies of each set of electrodes were averaged. The accuracy
of the electrodes selected with our method was better than that of the standard
confguration. The largest difference occurred when few electrodes were used. It
is interesting to note that the accuracy of the electrodes selected with maxAUC-N

surpassed that corresponding to maxAUC-P.
Panel A in Figure 3.19 shows a summary chart of the accuracy achieved with

data from frst-day sessions. In this panel, we compared the accuracies of maxAUC-

N and maxAUC-P with that of standard electrode sets. The accuracy with one
selected electrode surpassed approximately 30% that of the standard electrodes
(WSR test, p < 0.05). The accuracy of four electrodes selected with the maxAUC-

N was greater than the accuracy of 10 standard electrodes.
Panel B in Figure 3.19 shows the Pgain calculated with equation (3.9) and de-

picts the gain (or loss) of the electrode sets selected with our methodology (de-
scribed in 3.4.3.5) versus that of the standard electrode confgurations currently
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Table 3.4: Wilcoxon signed-rank test: Statistical analysis for each day sessions and
for cross-session. The table displays the p-values of the accuracy difference of the
electrode sets analyzed between our maxAUC-N method and standard. A p − value < 
0.05 was considered statistically signifcant. Each column represents the number of
the electrode in each set.

Number of electrodes in each set
Day 1 2 3 4 8 10

1 5.72 × 10−25 2.53 × 10−18 3.89 × 10−18 1.66 × 10−11 2.02 × 10−5 1.49 × 10−5 

2 2.85 × 10−11 5.06 × 10−7 1.02 × 10−7 1.85 × 10−6 0,0052 0.0124
Cross-Sess 1.56 × 10−13 6.87 × 10−7 1.96 × 10−4 3.98 × 10−6 0,0129 5.069 × 10−4 

used. As we mentioned above, positive values indicate that the accuracy of the

BLDA classifer achieved with the maxAUC method was better than that of the

standard electrode confgurations. We can see that our method always had an ad-

vantage over the standard electrode confgurations, and with the confgurations of

few electrodes, this advantage was greater. When the number of electrodes in-

creased, the gain in our method decreased, but it was still positive until the confg-

uration of 10 electrodes.

Panel C in Figure 3.19 depicts the percentage in which the maxAUC method

wins, ties and loses in each set regarding the standard method. The red color shows

how many times our method overcomes the standard electrode choice. The ac-

curacy with one electrode is 100%, i.e., accuracy improves in all sessions for all

subjects.

Panels D, E, and F show the accuracy achieved with the data of second-day

sessions. Our method maintains an advantage over the standard confguration. The

Pgain in all electrode sets is better except for the confguration of 8 electrodes in

which the difference is minimal with a Pgain = -0.0052. We also evaluated stat-

istically signifcant differences in the accuracies of the selected electrodes with

maxAUC-N and with the standard confguration. Table 3.4 shows the p-values ap-

plying the WSR test. This analysis was performed on each dataset for each day.

Values less than 0.05 were obtained for all p-values, which indicates that our elec-

trode selection method provides better results than the standard electrode selection.
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Figure 3.19: Classifer Accuracy Improvement and Precision Gain. Panel A
shows the classifer accuracy of the frst-day sessions. Panel B shows a Pgain between
1 and -1; 1 when the accuracy of maxAUC completely outperforms the standard elec-
trode choice. Panel C (bar graph) shows the percentage of times in which one method
outperformed the other, red shows when the maxAUC outperforms the standard elec-
trode choice, black corresponds to the opposite case and yellow shows when they
match. Panels D, E, and F show the classifer accuracy of the second-day sessions.
The accuracy of the electrodes with maxAUC-N outperforms all electrode sets com-
pared.
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3.4.4.2 BCI communication performance measures

3.4.4.2.1 Bitrate improvement

Another measure of performance in a BCI, in addition to the accuracy used in

the previous section, is the information transfer rate (ITR) proposed by Wolpaw et

al. [85] in 1998 and widely used to date [193, 194, 195, 196]. ITR is the amount

of information transferred per unit of time, a description of the method can be seen

in section 2.8.1. In this section, we show how our method of electrode selection

exceeds the performance of the standard selection method using the ITR metric as

a comparative measure for both methods.

The results of our method showed an increase in bitrate in all datasets (see Fig-

ure 3.20). This fgure shows that the bitrate achieved with four electrodes selected

with maxAUC-N is equal to that of 10 standard electrodes. Figure 3.20 shows that

our method, in red, generally outperforms the bitrate of standard electrodes, and

the advantage is greater for cases in which fewer electrodes are used. We also cal-

culated the percentage in which the maxAUC method wins, ties and loses, c.f. as in

section 3.4.4.1. In the bar graph, the red color represents that our method exceeds

the standard method. We can see that our method exceeds the standard by more

than 70% with an electrode and reaches a bit rate the same as three electrodes. In

general, the advantage is greater in the frst minutes.

3.4.4.2.2 BCI-Utility improvement

There are also other metrics, such as BCI-utility [86] that are more focused on

the user and that contemplate error correction. That is, the objective of this measure

is to consider certain measurable benefts for a BCI user through a function that

quantifes the user’s beneft over time. As expected and given by the precision gain

that our method has over the standard, for both metrics (ITR and BIC-Utility), the

performance of the selected electrodes with the maxAUC method has an advantage

over the standard approach. In section 2.8.2, we can see a description of this metric.
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Figure 3.20: Comparison of ITR between standard electrodes and our selection of
electrodes. An average of 16 ITR results, two per user. The bar graphs in the upper
corner show the times each set outperforms the other, red illustrates when maxAUC-N
outperforms the standard selection, black corresponds to the opposite case, and yellow
shows when they match.

The results of the maxAUC method showed an increase in bitrate in all datasets,

see Figure 3.21. This fgure shows that the bitrate achieved with four electrodes

selected with maxAUC-N is equivalent to that of eight standard electrodes. We also

calculated the percentage in which maxAUC method wins, ties and loses, regarding

the standard method. Figure 3.21 shows that our method, in red, overcomes most

times the bitrate of standard electrodes, the advantage is larger for the cases in

which fewer electrodes are used.
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Figure 3.21: Comparison of BCI-utility between standard electrodes and our elec-
trodes selection. Average of 16 BCI-utility results, two per user. The bar graphs in the
upper corner show the times each set overcomes the other, red color illustrates when
maxAUC-N overcomes the standard selection, black color corresponds to the opposite
case, and yellow when they match.

3.4.4.3 Adaptability of the maxAUC method to inter- and intrasubject vari-
ability

The effectiveness of this method regarding adaptability can also be addressed. The

electrodes selected in one-day sessions can be used in sessions of another day while

maintaining superiority over the standard electrode selection and backward elimin-

ation method. To test this, the electrodes selected on the frst day were used with

the second day data. One can observe that the accuracy obtained with the maxAUC

methodology remains superior to that of the standard electrode selection and the

backward elimination method.

Figure 3.22 shows three comparative measures. Panel A shows the classifer ac-

curacy of the second-day sessions using the electrodes selected on the frst day with
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our method, the backward elimination method, and the standard electrode selection.

The average accuracy of one selected electrode overcomes standard electrode se-

lection by approximately 20%. On average, the sets of 10 selected electrodes reach

the highest accuracy, surpassing that of all the standard electrode sets and the back-

ward elimination method. The greatest advantage of the maxAUC method with

respect to the standard electrode sets is presented when few electrodes are used.

Panel B shows the precision gain of each electrode set compared with the standard

electrode choice. One can see that maxAUC-N outperforms all standard electrode

sets. Panel C shows a measure of sensitivity; red depicts the percentage of times

that the maxAUC method outperforms the standard electrode choice, black indic-

ates the percentage of times that the standard wins and yellow indicates when they

tie.

This advantage is also manifested in the statistical analysis, where high levels of

statistical signifcance are obtained, especially for the smaller electrode sets. Table

3.4 shows the calculated p-values.

In addition to the lack of adaptability of the backward elimination method, its

computational cost also impairs its implementation for electrode selection. With

backward elimination, the maximum average accuracy (10 electrodes) of the ana-

lyzed electrode sets for the 8 subjects was reached in 1,897.9 ms (1,896.3 ms for

electrode selection + 1.69 ms for cross-validation); for the maxAUC-N method, the

time consumed was 41.53 ms (39.9 ms for electrode selection + 1.63 ms for cross-

validation). Figure 3.22 shows the time consumed for processing the 8 subjects in

each set of electrodes. The average time consumed and standard deviation in each

set of the maxAUC-N electrodes was 41.2795(±0.0987)ms, and in the backward

elimination electrodes, it was 1, 954.9600(±28.3515)ms. This difference in time

consumption is because our method performs successive sums to obtain the AUC

(numerical integration), which corresponds to linear operations, while backward

elimination implements a classifcation method, e.g. BLDA in our case (although

any other classifcation method can be: SVM, LDA, etc.) to select each electrode

in each set, which corresponds to non-linear operations. All experiments were

performed in the same conditions on a physical machine with an Intel i7-4790 pro-

cessor at 3.6 GHz and 8 GB RAM. The same programming language (MATLAB)

and classifer (BLDA) were used for all operations.
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Figure 3.22: Cross-sessions accuracy summary. Panel A shows the classifer ac-
curacy of the second-day sessions with the electrodes of the frst day (left y-axis) and
time consumed for the maxAUC-N electrodes (mean 41.2795 ms) and the backward
elimination electrodes (mean 1,954.9600 ms) (right y-axis). Panel B shows the Pgain 

between 1 and -1; 1 when the accuracies of the maxAUC completely outperformed the
standard. Panel C (bar graph) shows the percentage of times in which one method
outperformed the other, red when maxAUC exceeded the standard, black on the con-
trary and yellow when they matched. The accuracy of the electrodes with maxAUC-N
outperformed all electrode sets compared.

The proposed method selects electrodes with their own specifc conditions and

signal features for each subject session. It was observed that there are electrodes

whose selection was repeated for all subject sessions, whereas others changed in

each session. Table 3.5 shows eight electrodes selected in sessions 1-2 of a day

and 3-4 of another day for each subject. For all subjects, at least half of the 8 best

electrodes of the frst sessions (1-2) were repeated in the second (3-4), see the last

column of Table 3.5. The electrodes that were consistently the best in the subject

sessions were not necessarily the same among subjects, e.g., subjects 1 and 5 in

Table 3.5.

Finally, we compared our electrode selection methodology with the standard

used by Hoffmann et al. [75] using the same number of electrodes in each set.

Please note that Hoffmann et al. did not provide an analysis distinguishing the data
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Table 3.5: The electrodes selected with the negative AUC per user sessions are presen-
ted. The last column shows the selected electrodes that were common in the two ses-
sion groups 1-2 and 3-4 in different days. Note that one group of electrodes was the
same in the two daily sessions (last column), while the other group changed between
sessions. Moreover, it is worth highlighting that for this dataset, the widely used Pz
electrode is not selected as the best electrode (see Fig.3.19, and Fig.3.22).

Selected Electrodes by Subject
Sbj Sess 1 2 3 4 5 6 7 8 Common Selected Electrodes
1 1-2 PO4 O2 Oz O1 P3 P7 CP5 Fp1

3-4 P8 PO4 Oz PO3 P3 CP5 CP1 Fp1 Fp1,CP5,P3,Oz,PO4
2 1-2 CP2 P4 PO3 Pz P3 P7 CP1 Fp1

3-4 CP6 O1 PO3 P3 P7 CP5 CP1 C3 CP1,P7,P3,PO3
3 1-2 O2 O1 PO3 P3 P7 CP5 CP1 FC1

3-4 Fp2 PO4 Oz PO3 Pz P3 P7 CP1 CP1,P7,P3,PO3
4 1-2 FC2 CP6 O2 Pz P3 P7 CP5 CP1

3-4 FC2 CP2 CP6 O2 Oz O1 P7 CP5 CP5,P7,O2,CP6,FC2
5 1-2 CP2 P8 O2 O1 PO3 P3 P7 FC1

3-4 FC2 P8 PO4 O2 Oz O1 PO3 P7 P7,PO3,O1,O2,P8
6 1-2 Cz P8 PO4 O2 PO3 Pz P3 CP5

3-4 P8 PO4 PO3 Pz P3 CP5 CP1 C3 CP5,P3,Pz,PO3,PO4,P8
7 1-2 CP6 P8 PO4 O1 P3 P7 CP5 Fp1

3-4 Fp2 CP6 P4 PO4 Oz P3 P7 CP5 CP5,P7,P3,PO4,CP6
8 1-2 T8 P4 PO4 O2 Oz Pz P3 CP1

3-4 Cz CP2 O2 Oz O1 Pz P3 P7 P3,Pz,Oz,O2

on different days. Therefore, we merged the two-day sessions for this comparison.
In the next section we describe this process.

3.4.4.4 Comparison merging data from different sessions

In this work, we have demonstrated the potential of our method to select electrodes
on different days and different subjects, handling the inter- and intrasubject variab-
ility. In the same way, we can demonstrate the validity of our method for a general
use of electrode selection, i.e., without taking into account the different session day
labeling. Thus, in this section we replicate Hoffman’s work methodology [75] for
4 and 8 electrodes and compare it with the accuracy achieved with the electrodes
selected with our method. In panel A of Figure 3.23 the points corresponding to
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electrodes 4 and 8 represent the average accuracy of the similar number of elec-

trodes in fgure 4 of the article [75]. We also compare with two selected electrode

sets: (i) Pz and (ii) Pz, Fz, Cz; which are the most used electrodes in P300-based

BCIs, as presented in Table 3.3. For these tests the same methodology implemen-

ted in the results of our work was used, with the difference that the 4 sessions of the

two days were used. Three were used to train and one to test for cross-validation

methodology.

A B

C maxAUC-N STD sets tie

%
 o

n
e

 m
e

th
o

d
 w

in
s

Num. of electrodes

1 3 4 8

Num. of electrodes

60

65

70

75

80

85

90

95

a
c
c
u
ra

c
y
 (

%
)

STD sets

maxAUC-N

1 3 4 8

Num. of electrodes

0

0.05

0.1

0.15

0.2

P
re

c
is

io
n

 G
a

in maxAUC-N

p
=

7
.3

8
x
1
0
-2

1

p
=

5
.7

1
x
1
0
-2

1

p
=

8
.2

2
x
1
0
-0

8

p
=

2
.5

3
x
1
0
-0

3

Hoffmann electrodes

four sessions (days 1 & 2)

Figure 3.23: Classifer Accuracy Improvement and Precision Gain. Panel A
shows the classifer accuracy of the four sessions. WSR-test: P-values (blue text)
for the electrode set comparison are provided. Panel B shows Pgain between 1 and
-1; 1 when the accuracy of maxAUC completely overcomes the standard electrode
choice.Panel C (bar graph) shows the percentage of times in which one method out-
performs the other, red color when maxAUC overcomes the standard electrode choice,
black corresponds to the opposite case and yellow when they match.

The results show that our electrode selection has an advantage over electrodes

with a standard confguration. The accuracy (see Figure 3.23) is superior in all elec-

trodes sets. The differences are statistically signifcant between the two methods

(p-values<0.05); which were computed with Wilcoxon signed-rank test (WSR-

test). P-values are presented in Panel A in Figure 3.23 with blue text. The ITR

90
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shows advantage in the frst three electrode sets, while with eight electrodes at the

beginning it is lower and then our method exceeds the standard, see Figure 3.24.
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Figure 3.24: Comparison of ITR between standard electrodes and the proposed
method. The bar graphs in the upper corner show the times each set overcomes the
other, red color illustrates when maxAUC-N overcomes the standard selection, black
color corresponds to the opposite case, and yellow when they match.

3.4.5 Discussion

We proposed the use of continuous ERP characterization to improve detection by

tracking its temporal evolution. This method characterizes the EEG signal accord-

ing to positive and negative AUCs over time. The characterization shows that sev-

eral positive and negative components stand out in an ERP recording. Positive and

negative defections are distributed throughout the poststimulus time and contribute

to better detection of the target stimulus. This approach can serve to select elec-

trodes for BCI applications. The proposed approach can be used in any modern

EEG system with a small or large number of electrodes.

The maxAUC method characterizes the temporal evolution of ERPs and thus

can be implemented in any procedure that involves their detection. The method

creates a feature matrix, and each of its rows stores the percentage of times in
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which the maximum (or minimum) AUCs are related to the target stimulus over

time in each electrode. Thus, one of the advantages of this methodology is the

characterization in each electrode of the positive and negative defections that are

being generated when a specifc stimulus is presented. This could help in identi-

fying specialized brain processes since ERPs are considered electrophysiological

markers [105, 197]. In the context of BCIs, our work also benefts those who use a

combination of ERPs to improve their accuracy, for example, as in the case of Qin

et al., who combined four ERPs P1, N1, P2a, and P2b [182], or Blasco et al., who

combined P300 and N2pc [198].

The maxAUC electrode selection method simplifes BCI implementation and

contributes to improving the associated accuracy. This electrode selection can be

understood as a feature selection technique [5, 75, 149, 167], with which we elimin-

ate information redundancy, reduce the number of parameters to optimize the clas-

sifer, increase the SNR and identify characteristics related to the targeted neural

responses [5]. This approach of selecting electrodes works in three ways by redu-

cing the computational cost, improving the accuracy and contributing to the design

of more friendly BCIs through a reduction in the number of electrodes.

The maxAUC method allows us to address inter- and intrasubject variability.

This variability is caused by functional dynamics in healthy and disabled subjects

or by other extrinsic factors affecting electrode conductance, noise, external in-

terference, etc. In the analysis reported in this approach, maximum differences

between the signals of target and nontarget stimuli varied among sessions and sub-

jects, as illustrated in Figure 3.11. By its continuous ERP characterization, the

proposed electrode selection method provides improved classifer accuracy in the

detection of target stimuli compared to traditional electrode selection approaches.

Another important advantage to this methodology is its robustness between subject

sessions. The electrodes selected in the one-day session can be used in the session

of another day, maintaining their advantage over standard electrode selection and

backward elimination. Negative areas (maxAUC-N) are more robust over time than

positive areas, see Figure 3.22, which is in agreement with evidence that shows the

importance of the negative defections in the ERP-based BCIs [75, 151, 157, 167].

Our methodology seems to detect neuronal signatures of visual recognition events

evoked during RSVP, manifested in several investigations [179, 180]. However,
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a deeper study with more sessions of different days is necessary to validate this
hypothesis.

When analyzing the variability, we observe that at least 50% of electrodes are
again selected between the sessions on different days of each subject. This is con-
sistent with what was previously observed in section 3.4.2, which shows that there
is a degree of similarity in spatial information. However, the rest of the electrodes
are different, which we attribute to the variation in positions when placing the cap,
and the variation in the attentional state of each subject or its environment, which
can infuence performance, as mentioned in several works [8, 48, 151].

The proposed method provides effcient detection and continuous characteriz-
ation of ERPs, manages intersubject variability, decreases the computational cost
of classic detection methods and contributes to the search for inexpensive brain-
computer interfaces. Furthermore, the method contributes to the design of per-
sonalized, adaptable BCIs, a challenge that is still latent in this technology. This
methodology can also be combined with artifact removal and other feature extrac-
tion or selection methods to build further BCI optimizations. Because of all these
advantages, we chose the latter approach to be applied on dry electrodes, which oc-
cupies much attention due to their ease of use versus wet electrodes [35, 39]. Thus,
in the next chapter, we explain the design and implementation of our experiment
with dry electrodes and discuss the performance of the latter approach.
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CHAPTER

4
Validation of the proposed
method for dry electrodes

Once the effectiveness of our methodology has been verifed [160] in a set of

public data [75] widely used in the scientifc community, we want to know the

performance of our methodology in signals acquired with active and passive dry

electrodes. This electrode type acquires a noisy signal with a low signal-to-noise

ratio. Therefore, we want to know if our method can be used in the context of low

signal quality recordings, as is the case with this type of technology. In addition, we

want to evaluate another way to take advantage of our electrode selection method

based on the variance of the hit vector ĥ throughout the epoch, given the promising

results presented in the previous approach using this vector.

Next, we present a motivation for using dry electrodes in ERP-based BCIs.

Then we describe the design and implementation of the experiments with two ap-

proaches, both active and passive dry electrodes. Later we detail the results of the

two approaches. Finally, we discuss the results obtained.
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4.1 Taking advantage of maxAUC methodology with
dry electrodes in ERP-based BCI
A Brain-computer Interface (BCI) detects brain activity and converts it into ex-

ternal commands facilitating the interaction with external devices. This technology

was initially conceived for clinical use [15]. Currently, it is widely accepted in

various felds such as in education, entertainment [4, 22, 199], or even military use.

Electroencephalography (EEG) is the most widely used neuronal activity detection

technique in BCIs, not only for its temporal resolution (milliseconds) [30], but for

its relatively low cost and comparative safety since the user is not exposed to strong

electric or magnetic felds [39]. Electrical brain activity is acquired through con-

ductive electrodes placed on the scalp in the region under study. These can be of

the wet type, which implies placing a conductive gel or paste to achieve an op-

tima impedance and recording high-quality signals. A relatively new alternative is

the use of dry electrodes that remedies the disadvantages of wet electrodes, such

as the long set-up time, dirty hair, periodic replenishment, and irritation in some

cases [35, 39]. Although the performance of dry electrodes has been increasingly

enhanced, this technology still has problems to overcome, which causes artefacts

such as less signal-to-noise ratio, offset, drift, phase, and high sensitivity to mo-

tion [39]. Dry-electrode systems show promise [135], but this young technology

still needs to be refned. Thus, dry electrode systems together with the design of

new algorithms that improve event detection precision are considered fundamental

elements that will allow to meeting the challenges of future BCIs: more precise,

comfortable, adaptable to the subject, easy to use and install [4, 22, 135, 199].

One of the ways to implement a BCI is through event-related potentials (ERP),

which are positive or negative voltage defections that can be detected in electro-

encephalograms. There are several types of ERPs such as the N200, P300, P500,

N2pc, etc. As we have already mentioned, P300 is one of the most used ERPs in the

context of BCIs. This type of ERP is characterized by appearing 300 ms after start-

ing a stimulus, which can be visual, auditory [47]. The oddball paradigm generates

a P300 ERP, for this, two types of stimuli are presented randomly: one frequently

and the other infrequently (target), which is the one that generates the ERP. Al-

though P300 is named after its prominent positive defection, it is a fact that there
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are other accompanying positive and negative defections [48, 200], which play an

important role in the study of the brain and cognition and strongly infuence the ac-

curacy of BCIs [75, 117, 157, 160, 167, 201, 202, 203]. These positive or negative

electrical defections related to P300 can be identifed in different brain regions such

as the frontal, central, posterior [48, 75, 157, 160, 167], although the latter region

is the one with the highest activity as has been manifested from the seminal art-

icle [16] to the most recent ones BCIs [75, 157, 160, 167, 198]. Thus, an unoffcial

standard electrode confguration has been established, prioritizing the posterior side

with the common presence of the Pz, Oz, PO electrodes and the Fz, Cz electrodes in

the frontal and central regions, respectively. Despite the good performance of these

electrodes in the standard confguration, there is evidence that proper electrode se-

lection improves the accuracy in P300-based BCI [147, 148, 149, 159, 160]. Thus,

this reinforces the evidence that more electrodes do not mean better precision, and

in some cases, it is considered detrimental to performances [75, 157]. Being thus

a latent problem and concentrating several efforts in identifying the electrodes that

give the best performance [42, 199]. Remember that a proper electrodes selection

is affected by the non-stationary nature of neuronal activity [6], which is also as-

sociated with P300 amplitude and latency variability [101]. As we already know,

ignoring this variability impairs the detection of ERPs and therefore affects the pre-

cision of ERP-based BCIs. This variability occurs both in the same subject from

trial to trial [105], called intra-subject variability or between subjects, called inter-

subject variability [9], see section 2.9 to more detail. Although for many years this

variability has been seen as -a nuisance to be controlled for- and impairs the detec-

tion of the signal under study, it can be seen also as an opportunity [90, 102] that

can help to improve the accuracy and personalized control of BCIs [9].

If we add to this manifest variability of the ERPs the low signal quality of the

dry electrodes, the implementation of BCI in real-life becomes diffcult. Although

the ERPs signal has been used with dry electrodes in recent years [37, 204, 205,

206, 207], showing its benefts and even satisfying clinical requirements [37], it is

not yet possible to apply to a BCI due to signal noise [37, 204, 206].

Thus, considering this intrinsic inter- and intrasubject variability of the EEG

signal and the low signal-to-noise of dry electrode systems, we hypothesized that
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ERP detection accuracy and variability management in a noisy signal could be im-

proved by applying a methodology that highlights its intrinsic characteristics. This

chapter shows one application of this proposed methodology through dry electrode

selection. It demonstrated that selecting the most informative electrodes can im-

prove the BCI performance, even between days compared with traditional standard

electrode selection.

To validate our hypothesis on the variability and accuracy of EEG-based BCI

with an active and passive dry-electrode system, we designed and implemented an

experiment of P300-based BCIs and evaluated the performance with two electrode

selection methodologies in 12 subjects. We compared a standard electrode con-

fguration widely used in P300-based BCIs with that arising from a new electrode

selection method based on the area under the curve (AUC) that has had good results

with wet electrodes [160]. Thus, the objective of this chapter is to show the import-

ance of dry electrode selection through a recently developed method [160]. This

new methodology adds a new way of scoring the different electrodes based on the

variability measured with the variance of hit vector (ĥ) in dry electrode systems,

considering its low-quality signal compared to a wet-electrode system.

4.2 Hardware to implement our BCI system
We use two EEG devices with dry electrodes to reach our aim: Enobio and g.tec.

Here are some of its main features:

i. Enobio 8 [208] is a passive dry wireless EEG system commonly used in BCI

and out-of-the-lab applications. It setups mounted with the passive gel-based

and dry electrodes connected wireless amplifer called NECBOX. In our ex-

periments, we use just passive dry electrodes of this brand. Its relatively low

cost makes this device a highly regarded option. Among its main character-

istics we can mention:

• Real-time monitoring,

• Flexible dry or wet set-ups,

• Accelerometer: 3-axis,
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• Built-in battery for mobile autonomous work,

• Small and light-weighted,

• Electrode type and material: Active dry gold-alloy coated pins,

• Maximum sampled rate (Hz): 500,

• Bandwidth (Hz): 0-125,

• Resolution: 24 bits.

Figure 4.1: Enobio8 EEG: Enobio device with passive electrodes used in our exper-
iments

ii. G.USBamp of g.tec [209] is an amplifer for the acquisition and processing of

EEG signals, works with an active dry EEG system called g.SAHARA box.

This system is a widely used for neuropsychological, biofeedback and brain-

computer interface (BCI) research. The main characteristics of this system

are:

• Works with passive and active EEG electrodes,

• Electrode type and material: Passive dry, Ag/AgCl coated pins,
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• Simultaneous TMS/tDCS/fNIRS recording possible,

• Maximum sampled rate (Hz): 38.4k,

• Bandwidth (Hz): 0-2400,

• Resolution: 24 bits.

Figure 4.2: gtect EEG: gtec device with active electrodes used in our experiments

4.3 Software to implement our BCI system: BCI2000
BCI2000 is a general-purpose BCI system widely used for signal acquisition, stim-

ulus presentation, signal processing [164, 165]. This tool is made up of four mod-

ules: Operator Source, Signal Processing, and Application. Figure 4.3 shows a

diagram of the interaction between modules. We can see that the operator module

controls signal acquisition, processing and user applications. These modules com-

municate with each other through the TCP/IP protocol; in this way, each module
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could run on a different machine. BCI2000 is a system designed to work with any

control signal such as P300, SSVEP, SCP, etc.

Figure 4.3: BCI2000 diagram. Adapted from [165]

We start by confguring the signal acquisition modules, both for Enobio and

for g.tec. The parameters confgured were electrode labels, sampling rates, sample

bloc size, among others. Panel A in Fig. 4.5 shows an example of the confgura-

tion window. In section 4.4.2, we detail the confguration for each device. Then,

the stimuli presentation was confgured; among the parameters to confgure is the

duration time of the stimulus, the pause time, the order of presentation of each

stimulus, etc. We confgure it to run under the rapid serial visual presentation

(RSVP) model and the oddball paradigm. The order of the stimuli presentation

was random. It was confgured so that the last stimulus of a set (six stimuli in our

case) did not coincide with the frst of the next, avoiding the attentional blink phe-

nomenon [210, 211, 212], which appears if the time between two targets is < 0.5s.

To implement this condition and adapt to our experiments, we edit and compile the

”StimulusPresentation.cpp” fle of the Application module.

An example of the operator and user module is presented in the Fig. 4.6. In

panel A we can see an example of the visualization of the confguration and signal

acquisition window. Panel B shows an example of presenting an image to a subject.

Below we explain the details of the experiments set up and the components of

our implemented BCI system.
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Figure 4.4: BCI2000 confg window. EEG device confguration window

4.4 Experimental Setup
Our experiment was based on that carried out by Hoffman et.al. [75]. The exper-

iment uses an oddball paradigm [16], in which six images were presented one by

one in random order, and the user was asked to silently count the times that a spe-

cifc image was repeated. This specifc image was called target. Each presentation

of an image lasted 100 ms, and during the following 300 ms no image was presen-

ted. Figure 4.7 shows the images presented in the stimulation to the subject, in red

oval the target stimulus.

The six images presentation was called a trial and was repeated 15 times, which

was called a run. The stimulation module was programmed so that the last image

of a trial cannot be repeated in the frst trial of the next. This condition prevents

the characteristics of the brain activity of the same image from overlapping when
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Figure 4.5: BCI2000 confg window. Stimulus confguration window

capturing the EEG signal. The participant was instructed to relax and avoid any

motion.

In order to analyze inter and intrasubject variability, we designed the experi-

ment to execute on three different days. Every day two sessions were executed,

each session with six runs. The delay period between the frst day and the second

was one day and between the second and the third three days.

4.4.1 Participant

Twelve volunteer subjects (age 27.1SD3.57±, 2 female) without any history of

neurological or psychiatric illness participated in this experiment. Prior to the ex-

periment, the details of the experimental protocol were explained and asked to read

and sign the written informed consent. Permission of the ethics committee of the
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A B

Figure 4.6: BCI2000 graphical interfaces. Panel A shows the operator module and
the signal acquisition window. Panel B shows a stimulus presentation to a user.

Figure 4.7: Images used in stimulation in our BCI system. The red circle represent
that one image is the target and the rest are non-target.

Universidad Autónoma de Madrid was obtained within the Spanish Government

Grants TIN2017-84452-R and PID2020-114867RB-I00.
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4.4.2 EEG Recording and preprocessing

Data was acquired using wireless EEG Enobio with eight passive dry electrodes

positioned according to the 10–20 international electrode placement system: Pz,

Cz, Oz, P4, P3, P8, P7 and Fpz. The signal was digitized with a sampling rate of

500 Hz. The last electrode Fpz is not frequently used in ERP-based BCI because

of the presence of ocular artifacts; however, more and more evidence of its import-

ance is presented in ERP-based BCI [160, 213]. In order to avoid the presence of

these ocular artifacts that may impair the performance, we perform a proper signal

cleaning with a fltering and winsorizing technique, as explained below.

On the other hand, to test the generalization of our method with active dry

electrodes, we use g.USBamp and g.SAHARA of g.tec brand. The signal was

digitized with a sampling rate of 256 Hz. This device has 16 dry active electrodes

positioned according to the 10–20 international electrode placement system: Pz,

Cz, Oz, P4, P3, P8, P7, C3, C4, CP1, CP2, O1, O2, FCz, Fz and Fpz.

In off-line preprocessing, the data were fltered with a sixth-order forward-

backward Butterworth bandpass flter, and cut-off frequencies were set to 1.0 Hz

and 12.0 Hz, following previous tests [75]. We eliminated outliers performing the

winsorizing technique for each electrode, limiting extreme values below 10th and

over 90th [75, 214].

These data were downsampled to 32 Hz, and each run was standardized to a

mean of zero and standard deviation of one. An epoch of 1,000 ms from the onset

of the stimulus was considered for our analysis.

Below we show two approaches to the generalization of our method. One

through a passive dry electrode system and the other through active dry electrodes.

4.5 First approach: passive dry electrode

4.5.1 Introduction

The frst approach of this chapter implements a BCI system with Enobio8 device.

As already mentioned in section 4.2, the Enobio use passive dry electrodes with

wireless amplifer. The passive characteristics mean that the amplifcation func-

tion is realized uniquely in the amplifer device in contrast to the active electrodes
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system. Despite the advantages of this technology, it has not yet reached optimal

performance. Due to this, one of the options to solve the poor precision is through

the optimization of feature selection and classifcation algorithms. In this approach,

we present an alternative of electrode selection to improve de performance in ERP-

based BCI.

Next, in this approach, we present the methodology used for selecting elec-

trodes, the results obtained and the discussion.

4.5.2 Material and Methods

4.5.2.1 Experiment Setup Resume

To this approach, we use the EEG signal acquired with the Enobio device (see

features in section 4.2). The details about the experiment are widely explained in

section 4.4.

4.5.2.2 Description of the maxAUC method: Continuous ERP Characteriza-
tion

Our maxAUC method was proposed in [160] and initially in [148, 159] as a way to

characterize the ERPs within the signal, which preserves temporospatial informa-

tion, and it proved to contribute to an optimal selection of electrodes. This meth-

odology benefts from the continuous calculation of the AUC in each epoch of

the EEG signal related to the presented stimuli. In each epoch (six in the present

work) of a trial, a sliding window was confgured and the AUC was calculated,

which keeps track of the temporal and spatial information through the continuous

measurement of the area under the curve in ERP components. Finally, as a result

of this continuous tracking, we obtain a hit vector ĥ. Two hit vectors can be ob-

tained: one for the maximum AUC (maxAUC-P) and the other for the minimum

ones (maxAUC-N). In this work, we use the hit vector related to the minimum

AUCs, since we showed in the work [160] that they characterized the P300 wave

more adequately.
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4.5.2.3 Electrode selection methods

For selecting electrodes, two methods were considered: the standard choice and

the selection of maxAUC-N. Below, we show the details of each one. For their

comparison, we will use a different number of electrodes: from a minimal choice

of one electrode, up to seven electrodes, with a methodology based on that shown

in section 3.4, as we will see below.

Standard electrode selection (SES): It is named for its wide use by default. This

electrode system gives priority to the posterior brain region where a greater pres-

ence of signal has been evidenced that contributes to improving the precision of

the P300-based BCIs [16, 75, 157, 167], one can fnd further detail in Table 3.3.

Following this methodology, we categorized the electrodes into fve sets according

to the number of electrodes in the analysis. First set: Pz; second set: Pz, Cz; third

set: Pz, Cz, Oz; fourth set: Pz, Cz, Oz, P8, P7; and ffth set: Pz, Cz, Oz, P4, P3,

P8, P7.

Electrode selection by the maxAUC-N method was raised as an alternative to

SES. This methodology takes advantage of the characterization of the EEG signal,

explained in the previous section, to select electrodes. The hit vector ĥ is scored

with a metric summarizing the property of each electrode. In this approach, using

dry electrodes, we use two types of scores:

i. AUC as score in electrode selection: to score each electrode, we measure the

area in each one, considering the good results achieved in our previous work

[160].

ii. Variance as score in electrode selection: additionally, in this work, we also

incorporate the variance as a metric to score our hit vector ĥ. We must re-

member that P300 is accompanied by other components such as P1, N1, P2,

N2 [117, 202, 215] which contribute to the detection of the target signal. All

these components can cause the variance of the vector ĥ to increase when

there is a P300-ERP, and therefore that is the motivation to use this as a score.

The electrode sets are obtained as follows. For the set of an electrode, the one

with the highest score is chosen. For the rest of the sets: 2, 3, 5 and 7; we divide

the electrodes into two groups F/C corresponding to the frontal and central regions
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electrodes and P/O corresponding to the parietal and occipital regions. We chose

an electrode with the best score in the F/C region and the rest of the P/O region,

considering the score obtained. With this last selection, we value the scientifc

evidence of the importance of the posterior region, manifested from the seminal

articles [16, 75, 157, 167]. This selection methodology is the one used in 3.4,

where it is explained in more detail.

4.5.2.4 Classifcation

Target signal recognition in P300 ERPs can be thought of as a binary classifca-

tion problem: P300 vs non-P300 signals. Bayesian Linear Discriminant Analysis

(BLDA) was proposed by Hoffman et al. [75] for such problems in P300-based

BCI. BLDA is an extension of Fisher´s Linear Discriminant Analysis (FLDA) [79]

but runs the regression in a Bayesian framework, allowing it to estimate the degree

of regularization automatically. In this way, BLDA prevents overftting in noisy

and high-dimensional datasets. BLDA considers class labels t can be expressed

as a weighted sum of the features in the corresponding feature vector x, and it is

assumed that this linear dependence is corrupted by a certain amount of Gaussian

noise n: t = wT x + n. The class probability can be obtained by calculating the

probability of the target value during the training process. Class labels indicate

the target (P300) and non-target (non-P300) as a number y ∈ {1, −1}. The EEG

signal of each stimulus is a feature vector represented as x ∈ RD , where D indic-

ates the number of features. The weight vectors w ∈ RD are obtained by solving

the parameter selection problem using maximum-likelihood estimates [75]. Once

the w parameters are adjusted to different classes, this Bayesian formalism calcu-

lates the probability that a new feature vector x has class label y = 1 or y = −1.

The probabilistic model used is expressed in terms of a predictive distribution, for

simplicity, with a Gaussian form that can be characterized by its mean and vari-

ance. Here only the mean value of the predictive distribution was assessed for the

decision making. Section 2.6.3 shows details about the BLDA.
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4.5.2.5 Cross-validation

The classifer BLDA was validated using a K-fold cross-validation scheme, where

K is equal to the number of sessions in each analysis. We present three types of

analysis in this work:

i. Sessions by days (three days): We have two sessions (each of one with six

runs) by subject. We train the model with one session and test with another.

These results were was averaged for each subject on each day. This analysis

allows us to observe how the detection of P300s varies from day to day for all

subjects.

ii. Two-day sessions.- The model was training with three sessions and testing

with one.

iii. Three-day sessions.- The model was training with fve sessions and testing

with one. For the two and three-day sessions, the test results were averaged

and one accuracy was obtained for each subject. This analysis and the pre-

vious one allows us to observe how the combination of data from three and

two days helps us improve the information related to the target stimulus for

all users.

The validation was executed for each set of electrodes (1, 2, 3, 5, 7) considered

in our analysis details in the section 4.5.2.3.

4.5.2.6 Statistical Analysis

We use the Wilcoxon signed-rank test (WSR test, p < 0.05) to assess whether the

difference between the accuracies provided by our maxAUC-N method and that of

the standard electrode selection was statistically signifcant.

4.5.3 Results

For a study of inter- and intrasubject variability, we analyzed the accuracy on each

day. The cross-validation was carried out according to section 4.5.2.5. Figure

4.8 shows how our electrode selection method outperforms the standard selection
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method. We can see in the fgure that our selection method outperforms the stand-

ard every day. Our method obtains the greatest advantage with the minimum num-

ber of electrodes. We can see that with one electrode, it can exceed the performance

of 7 standard electrodes (see 2nd day in Fig. 4.8). The new proposal to score the

feature vector corresponding to each electrode according to the variance is superior

in all the electrode sets compared to the selection of standard electrodes. We can

see an analysis more details
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Figure 4.8: Accuracy per day: Each panel corresponds to the analysis of two sessions
per day of 12 subjects. The accuracy achieved by our electrode selection methodology
(blue and red line) is superior to the traditional methodology and adapts to the daily
features of each subject.

The results of applying Wilcoxon rank statistical test in the accuracy of each set

of electrodes show signifcant differences in Table 4.1. Especially in the data sets

with fewer electrodes and with which the variance was used to select them. The

second day shows a signifcant difference in all electrode sets. The set of seven

110



4.5 First approach: passive dry electrode

electrodes on the frst and second day did not show signifcant differences. Like

electrode 5 when scored with the AUC.

Table 4.1: p-values of Wilcoxon test by days. The table shows the signifcant differ-
ences in the accuracies achieved on each set of electrodes day by day.

Number of electrodes in each set

1 2 3 5 7 Score
1st day 7.49 × 10−6 8.48 × 10−7 0.01 0.23 0.45
2nd day 1.68 × 10−10 1.49 × 10−9 1.14 × 10−5 6.60 × 10−3 0.01 AUC
3rd day 6.75 × 10−7 6.3 × 10−3 21.3 × 10−3 0.73 0.29
1st day 8.55 × 10−10 2.21 × 10−9 7.89 × 10−4 2.97 × 10−2 0.40
2nd day 1.06 × 10−14 7.54 × 10−9 1.74 × 10−7 2.10 × 10−3 0.01 VAR
3rd day 2.81 × 10−15 6.57 × 10−4 8.61 × 10−6 5.8 × 10−3 0.53

We analyze the performance of the electrode selection by gathering data from

each day. In a frst analysis joining two days (four sessions), as we explained in

section 4.5.2.5. The accuracy achieved with our selection of electrodes exceeds

in all cases compared to the standard selection. Panel B and C in Fig. 4.9 show

how many times the accuracy achieved by our selection of electrodes exceeds the

traditional selection. In panel B, we can see that our method was better in all

subjects with three electrodes. Panels D, E, F of Fig. 4.9 show a joint analysis of

three days (six sessions, explained in section 4.5.2.5. We can see that our method

maintains an advantage over the standard methodology. Even when considering

seven electrodes, there is a slight improvement. In panel E, we can see that with

two electrodes our method was better in all subjects. Please note in panels B, C,

E, and F, that our selection method always outperforms the standard electrodes, i.e.

the blue and red bars are always above 50% of the total cases for all electrode sets

(especially for few electrodes).

The statistical analysis shows us that, like the daily analysis, when we join ses-

sions of different days, there are also signifcant differences between the accuracies

of each electrode selection methodology, see Table 4.2.
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Figure 4.9: Accuracy joining two and three days. Panel A shows the accuracy
achieved when the sessions of days one and two (of the 12 subjects) joined. The
accuracy of three electrodes selected with the maxAUC method (red - 69% and blue -
73%) is suffcient to outperform the standard selection (black - 61%). Panel B and C
shows how many times the maxAUC method exceeded the standard; maxAUC method
always exceeds the standard with three electrodes (see panel B). Panel D, E, F shows
the comparison of accuracy joining the sessions of the three days.

4.5.4 Discussion and Conclusions

A methodology to improve the management of inter- and intrasubject variability

and precision in P300-based BCIs with a passive dry-electrode system is presented

in this work. Our study shows the importance of selecting electrodes appropriately,
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Table 4.2: p-values of Wilcoxon test with two and three days.The table shows the
signifcant differences in the accuracies achieved on each set of electrodes with the
sessions of two days and three days.

Number of electrodes in each set

1 2 3 5 7 Score
Two-days 1.76 × 10−6 7.79 × 10−7 5.84 × 10−4 0.03 0.09
Three-days 4.62 × 10−14 9.71 × 10−6 9.02 × 10−4 0.18 0.40 AUC
Two-days 9.41 × 10−10 5.70 × 10−9 3.70 × 10−6 0.02 0.08
Three-days 1.24 × 10−14 4.24 × 10−8 1.47 × 10−5 7.90 × 10−3 0.44 VAR

even more so in systems with few or a minimum number of electrodes and with the

dry-electrodes technology, which generates a poor signal quality compared with

wet electrode systems [39]. This advantage is achieved through the use of a vector

of characteristics obtained with the calculation of the AUC that has shown good

results with wet electrodes [160]. This method, which consists of a personalized

adaptation, is robust between different day sessions and reaches the maximum sig-

nifcant difference with few electrodes compared to traditional standard electrode

methodology.

Our analysis shows that one properly selected electrode can outperform the

set of seven standard electrodes, see Fig. 4.8. The maxAUC-N method shows

an advantage on all days analyzed, on the third day the accuracy is lower with

fve and seven electrodes with the scoring metrics provided by the AUC. We show

that electrodes scored with the variance feature perform better than those scored

with AUC. We hypothesize that our maxAUC method continuously characterizes

multiple components such as N1, P1, P2, N2; which are detected when scoring with

the variance. Abundant evidence has shown that the presence of other components

infuences the performance of the P300-based BCI [75, 117, 157, 160, 167, 201,

202, 215, 216], several of them highlighting the importance of N1 [215, 216] or

N2 [75, 117, 157, 167, 201, 202, 203]. Further studies are needed to explain the

nature of the precision improvement and the different ways to take advantage of our

feature vector. The maxAUC method characterizes the temporal evolution of ERPs,

recognizing the features related to the target stimuli in each subject and adapting
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between days, which contributes to the challenge of developing algorithms that

attempt to model the BCI user [22].

In this work, we can see that despite the low quality of the signal from the

dry electrodes, our method has an advantage and improves the accuracy. In this

approach, we can see a global analysis for all subjects, which can be considered an

initial exploration of a new dataset. We can observe that the accuracy of the third

day is remarkably lowered from the previous two days. Upon further exploration,

we observe that there are subjects with poor performance, such as subjects four or

11, as can be seen in Fig. A.1 in Appendix A. Undoubtedly, a deeper analysis of all

the data is needed to improve the accuracy in each session, considering alternative

methods to preprocessing data and pattern recognition.

The results obtained in this work are based on a new data set with the EEG

signals of 12 subjects recorded in the context of a dry electrode BCI, and lay the

foundations for exploring new algorithms with the aim of improving adaptability

and performance in dry electrode systems. By last, this work contributes to the

design of more friendly BCIs through a reduction in the number of electrodes, thus

promoting more precise, comfortable and lightweight equipment for real-life BCI

applications [30].

4.6 Second approach: active dry electrode

4.6.1 Introduction

As previously mentioned, in this second approach, we use a device with active

dry electrodes. This type of system contains the amplifying component in each

of its electrodes. Quick and easy installation makes this system a valuable option

for a BCI implementation. The active dry electrode system used in this approach

has shown acceptable results in a BCI [38]. Although one of the disadvantages

attributed to this type of system is its high noise level [206, 217, 218], it can be

considered a trade-off with its ease of helmet installation.

This approach aims to analyze the EEG signal variability on three different days

in twelve subjects with an active dry electrode system. In this analysis, we want to

evaluate the adaptability of our method in each subject, on each day.
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4.6.2 Methods

This second approach used the same methodology manifest in the frst approach,

considering the experiment setup descripted in section 4.4. The pre-processing

stage was as follow; the EEG signal was fltered with a sixth-order forward-backward

Butterworth bandpass flter and standardized and downsampled from 256 Hz to 32

Hz. We performed the winsorizing technique for each electrode at the 10th and

90th percentile to eliminate outliers. Each run was standardized to a mean of 0 and

a standard deviation of 1. An epoch of 1,000 ms from the onset of the stimulus was

considered for our analysis.

Once the EEG signal was preprocessed, we apply our maxAUC method to char-

acterize ERPs and score each electrode; two approaches were used: area and vari-

ance. We evaluate the performance of the selected electrodes with our method,

comparing them with the accuracy of the standard electrode set. The evaluation

was carried out for several electrode sets: 1, 2, 3, 5, 7, 8 and 10. The gtec device

allows us to acquire the signal of 16 electrodes, which allows us to evaluate the set

of 8 and 10 and compare it with the same number of standard electrodes. Finally,

we validate the two methodologies by evaluating the precision achieved with the

BLDA classifer and cross-validation.

4.6.3 Results

Initially, we evaluate the variability on each day. The cross-validation was carried

out according to section 4.5.2.5. Figure 4.10 shows how our electrode selection

method outperforms the standard selection method. We can see in the fgure that

our selection method outperforms the standard every day with variance scoring (red

line in Fig.4.10). However, electrodes scoring with the area have worst perform-

ance than the standard set. Our method obtains the greatest advantage with the

minimum number of electrodes. We can see that with two electrodes it can exceed

the performance of seven standard electrodes (see 2nd day in Fig. 4.10). The max-

imum accuracy is reached with fve electrodes in the third day. The new proposal to

score the feature vector corresponding to each electrode according to the variance

is superior in all the electrode sets compared to the selection of standard electrodes.
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Figure 4.10: Accuracy per day with gtec device: Each panel corresponds to the
analysis of two sessions per day of 12 subjects. The accuracy achieved by our electrode
selection methodology (blue and red line) is superior to the traditional methodology
(black line) and adapts to the daily features of each subject.

The results of applying Wilcoxon rank statistical test in the accuracy of each
set of electrodes show signifcant differences in Table 4.3. The accuracy achieved
by the area-scored electrodes did not present signifcant differences from those
achieved by the standard electrodes. Unlike the area score, the electrodes scored
with the variance show a signifcant difference on three days but not in all electrode
sets, as happen with eight and ten electrodes.

Table 4.3: p-values of Wilcoxon test by days. The table shows the signifcant differ-
ences in the accuracies achieved on each set of electrodes day by day.

Number of electrodes in each set

1 2 3 5 7 8 10 Score
1st day 0.40 0.37 0.48 0.62 0.19 0.32 0.35
2nd day 0.09 0.01 0.91 0.34 0.93 0.74 0.60 AUC
3rd day 0.22 0.84 0.02 0.03 0.23 0.91 0.71
1st day 7.8 × 10−3 0.22 0.05 0.14 0.25 0.69 0.83
2nd day 1.11 × 10−5 1.36 × 10−6 7.76 × 10−6 5.4 × 10−3 5.4 × 10−3 0.24 0.65 VAR
3rd day 3.73 × 10−6 4.6 × 10−9 9.06 × 10−11 1.95 × 10−12 5.12 × 10−4 0.11 0.37
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Now, we join the data collected on the different days and analyze the adaptab-

ility of the electrode sets. In a frst analysis joining two days (four sessions), as we

explained in section 4.5.2.5. The accuracy achieved with our electrode selection

scoring with variance exceeds in all cases compared to the standard set. Panel B

and C in Fig. 4.11 show how many times the accuracy achieved by our selection of

electrodes exceeds the traditional selection. In panel B we can see that with three

electrodes our method was better in all subjects. Panels D, E, F of Fig. 4.11 show a

joint analysis of three days (six sessions). We can see that our method maintains an

advantage over the standard methodology. Even when considering 10 electrodes,

there is a slight improvement. The statistical analysis shows us that, like the daily

analysis, when we join sessions of different days, there are also signifcant differ-

ences between the accuracies of electrode selection methodology, see Table 4.4.

Table 4.4: p-values of Wilcoxon test with two and three days in EEG acquired
with gtec device. The table shows the signifcant differences in the accuracies
achieved on each set of electrodes with the sessions of two days and three days.

Number of electrodes in each set

1 2 3 5 7 8 10 Score
Two-days 2.04 × 10−4 1.4 × 10−3 3.64 × 10−5 2.08 × 10−5 18.24 × 10−3 0.12 0.17

Three-days 7.93 × 10−4 0.13 0.03 0.03 0.2 0.6 0.45 AUC
Two-days 2.05 × 10−4 1.4 × 10−3 3.64 × 10−5 2.08 × 10−5 0.02 0.17 0.17

Three-days 0.01 7.3 × 10−3 8.3 × 10−3 2.1 × 10−3 0.19 0.64 0.23 VAR

4.6.4 Discussion

This approach presents a methodology to improve the management of inter- and in-

trasubject variability and accuracy in P300-based BCIs with an active dry-electrode

system. Our study shows the importance of selecting electrodes appropriately, even

more so in systems with a low signal-to-noise ratio compared with wet electrode

systems [39, 217]. This advantage is achieved through the use of a feature vec-

tor obtained with the AUC calculation in each EEG signal related to each stimulus

[160]. The maxAUC method is robust between different day sessions and facilitates

a personalized adaptation.
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Figure 4.11: Accuracy joining two and three days in EEG acquired with gtec
device. Panel A shows the accuracy achieved when the sessions of days one and
two (of the 12 subjects) joined. The accuracy of three electrodes selected with the
maxAUC method (red and blue) is suffcient to outperform the 10 standard selection
(black). Panel B and C shows how many times the maxAUC method exceeded the
standard; maxAUC method always exceeds the standard with three electrodes (see
panel B). Panel D, E, F shows the comparison of accuracy joining the sessions of the
three days.

Our analysis shows that three properly selected electrode can outperform the

set of 10 standard electrodes, see Fig. 4.10 (second and third day) and Panel A

in Fig. 4.11. The maxAUC-N method shows an advantage on all days analyzed,

mainly with variance-scored electrodes. On the frst day, the accuracy achieved by

the electrodes scored with the variance exceeded the standard electrodes. However,

those scoring with the area did not exceed the latter. In the same way as EEG data

118



4.6 Second approach: active dry electrode

enobio the electrodes scored with the variance feature perform better than those
scored with AUC. We explored the accuracy by subject with dry active electrodes
in Appendix A.2

The maxAUC method characterizes the temporal evolution of ERPs, recogniz-
ing the features related to the target stimuli in each subject and adapting between
days, which contributes to the challenge of developing algorithms that attempt to
model the BCI user [22]. The results obtained in this approach are based on a new
data set with the EEG signals of 12 subjects recorded in the context of an active dry
electrode BCI, and lay the foundations for exploring new algorithms to improve
adaptability and performance in dry electrode systems.

In general terms, we can see the accuracy of the passive electrodes is slightly higher
than that of the active ones (see fgures 4.8 and 4.10); the same happens when
we compare the union of the sessions of days two and three (see fgures 4.9 and
4.11). We recommended a more in-depth study to compare and understand the two
performances of two helmets. As we mentioned in the introduction of this chapter,
the objective of those approaches is to analyse the performance of our methodology
in dry electrodes, both passive and active electrodes.
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CHAPTER

5
Inter-subject variability in
WM: exploring alternative
control signals for adaptive

BCIs.

Working memory (WM) is another control signal that can be used in the context
of EEG-based BCIs. WM is a cognitive system that allows us to store and retrieve
task-relevant information; in this way, we can simultaneously manipulate certain
information while maintaining another. The term WM was coined by Miller et al.
[219] and then used by Baddeley and Hitch [220] to describe a multicomponent
model with three components initially: phonological loop (or the verbal work-
ing memory), visuospatial sketchpad (the visual-spatial working memory), and the
central executive (involves the attentional control system), later also included the
episodic buffer (modulates and integrates different sensory information) [55].

WM can be studied in different ways, either by medical imaging techniques or
behavioural studies. EEG is one of the image techniques used to know the neural
activity associated with WM. The study of WM can be done through ERPs or spec-
tral analysis. When we refer to ERPs, the most used is P300, although it is also
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related to other ERPs such as N170 [119], N2pc [221], P200 [222, 223]. Several

authors point out that the P300 is affected by the load WM [119, 123, 223, 224,

225, 226, 227]. For example, Morgan et al. [119] show that the amplitude of the

P3b decreases as WM-load increases in a face identifcation task. Similarly, Kim

et al. [222] and Choi et al. [228] show a decrease in P300 with increasing task

diffculty. One of the most popular hypotheses in the link between P300 amplitude

and cognitive functioning is the context-updating hypothesis, which states that the

mental model of a person’s environment (context) is evaluated and updated when a

relevant and deviant stimulus is introduced in a task [48, 229], i.e., context updating

comes into action when task instructions change or when a distraction interrupts the

subject’s attention. However, there are other hypotheses about cognitive mechan-

isms and the P300 [227]. Undoubtedly, the relationship between P300 and WM

is broad, so several authors identify WM as a signifcant predictor of P300-BCI

performance [118, 230].

Another alternative to study WM, in addition to ERPs, is to analyse the fre-

quency spectrum of the EEG signal; these spectral bands are considered markers

that can predict the WM performance. The alpha spectral band (8-12 Hz) is closely

related to WM activity [48, 56, 57], in the same way, gamma band (30-100Hz);

although different spectral bands are related to WM depending on their phase or

the task type, as we will see later in section 5.1.

In recent years the WM activity is being used for the development of BCI sys-

tems [58, 59, 60, 61, 62, 118, 230, 231, 232, 233, 234]. As we saw in the section

2.4.3, several works show as WM activity can be used as a control signal or per-

formance predictor in BCI context. Examples such as those of Mora et al. [58],

Gaume et al. [60], Andreessen et al.[61] or Corsi et al. [62] show the usefulness

of incorporating WM measurement in predicting cognitive performance. Several

are the works that show the viability of using WM in a BCI. In the same way,

they indicate that it is affected by the variability of the signal [58, 59, 60, 62].

Abundant evidence shows that the WM performance is not the same in all subjects

[56, 235, 236, 237, 238, 239, 240, 241, 242]. Individual differences can be detected

in various tasks and may change due to the cognitive demand. Furthermore, this

variability in the WM performance affects the ERP waveform (as mentioned at the

beginning of this section), which infuences the performance of the BCI described

122



5.1 Introduction

in Chapter 2 and evidenced in Chapters 3 and 4. Thus, this is the main motivation

for studying the EEG signal variability related to the brain function of the WM

task.

Next, we analyze the variability of the inter-subject temporal and spatial char-

acteristics. In this way, we predict the performance of each subject in a retro-cue

WM task [243]. Our objective with this analysis is to determine the feasibility of

characterizing the EEG WM signal and measuring individual performance.

5.1 Introduction
Working Memory (WM) is the hypothetical cognitive system that provides access

to information required for ongoing cognitive process. It is considered fundamental

in tasks as reasoning, comprehension and learning [54, 238]. WM performance be-

nefts when it focuses attention on a relevant feature. One of the best known ways

of orienting attention is through spatial cue [244, 245], however other features such

as color, shape [246, 247, 248] or feature dimension [249, 250] can help by direct-

ing attention and modulating sensory processing areas. Traditionally, these fea-

tures have been presented before the memory set (called pre-cue); however, several

works explore the presentation of these features after memory set (called retro-

cue), highlighting its advantages, e.g., the performance can be boosted by directing

attention to one memory object [245, 251, 252, 253].

Within the WM performance another factor to consider is its limited storage

capacity [254, 255] either due to its quality [256, 257] or its quantity [258, 259].

This limited capacity differs from person to person [235, 236, 237, 238, 239] and

is not a static characteristic trait but changes within the same subject [56, 240, 241,

242]. Although such variability is an intrinsic characteristic of neuronal activity and

is closely associated to cognitive function of each person, it must be understood and

managed for the proper prediction of WM performance.

Different oscillatory dynamics have been associated with the performance of

WM in its different phases and types of tasks [260, 261], e.g., several authors show

an increase in alpha power over posterior cortical regions [56, 57, 262, 263], there

is also evidence in the frontal area [264], while others mention a decrease in this

alpha band [57, 265, 266] or alpha lateralization with an increase in alpha over
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posterior hemisphere ipsilateral to the direction of attention and decrease over pos-

terior hemisphere contralateral [243, 267, 268]. Evidence shows that these alpha

waves are accompanied by gamma oscillations in the prefrontal cortex [263] and in

the case of alpha lateralization, it is accompanied by an increase in gamma activ-

ity in the contralateral occipital region[269]. Meanwhile, Honkanen et al. [270]

evidence presence of gamma and beta oscillations as a characteristic property of

VWM maintenance at the whole cortex level [270, 271]. Similarly, several authors

highlight the importance of theta an gamma in WM processes [272]. Theta band

has been presented both in the posterior region, relating it to processes of attention

and vision [273, 274] or in the frontal region [266, 275] relating it to WM main-

tenance. As can be seen, the oscillatory activity produced by WM performance

is distributed by different brain regions without yet knowing the true underlying

mechanisms [57, 261, 271]. Consequently, the spatiotemporal dynamics in each

phase of WM performance is still not clearly understood[261, 266].

Despite not knowing exactly how brain regions are interrelated in the perform-

ance of WM, it is known that spectral characteristics show changes related to WM

activity [276]. Thanks to this, it is considered as a biomarker and it has begun to

be implemented in the Brain-Computer Interface (BCI) [58, 59, 60, 277]. As we

mentioned in the introduction to this chapter, the spectral bands related to WM can

be used to monitor mental state changes. Taking advantage of these spectral char-

acteristics, several works show the ability to predict the performance of WM with

machine learning (ML) methods [58, 59, 60, 234, 277, 278, 279]. Although good

prediction results are obtained in these works, ignoring the inter- and intrasubject

variability, there is no emphasis on feature selection, considered a key component

within the classifcation approaches. Several of them take all the brain regions or

where the bibliography shows related activity. However, involving all electrodes

from all regions is ineffcient; in fact, it is known that the use of a large number of

electrodes does not always guarantee improved performance [5, 75, 160]. Using

all the electrodes, we have data with high dimensionality and noise that contains

redundant information that slows down the classifer due to a positive correlation

between the number of parameters to be optimized by the classifer and the num-

ber of features. The best choice of electrodes as a selection of features has been

presented as an effcient alternative [5, 147, 160], but not habitually in WM tasks.
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Currently, ML algorithms can help a characterise and predict WM performance,

and although few works have been done to date, none consider the temporal and

spatial characterization in a WM task to improve the prediction in each subject.

None emphasizes the need to know the moment in which each subject develops

their best performance or if all subjects need a cue (e.g., pre-cue or retro-cue),

considering the spatiotemporal variability between subjects described above.

Despite the widespread use of the retro-cue paradigm, there has not been any at-

tempt to explore which neural signals might predict behavioral performance meas-

ures [252]. We hypothesize that it is possible to predict the performance of WM

in each subject and locate the spatiotemporal information in which each one will

perform best, considering the intersubject variability in WM activity and the per-

formance analysis in the retro-cue and pre-cue stimuli, which is not considered

in previous works [58, 59, 60, 234, 277, 278, 279]. Our hypothesis is based on

the concept that the neural activity predicts individual differences in visual WM

capacity [56, 236, 279] and that the EEG spectral features are related to the WM

capacity [276] therefore the differences are more clear in certain regions (and cer-

tain electrodes) in the best-performing subjects in a behavioral experiment. In the

same way, we believe that not all subjects require a retro-cue and that some subjects

simply use the encoding stage.

To tackle these problems, we developed a methodology to temporarily and spa-

tially characterize a WM retro-cue task [243] and predict performance in each sub-

ject. Using ML techniques we reveal the impact of retro-cue on each subject and the

implemented methodology allowed us to locate the participating regions to achieve

their best performance in each subject.

5.2 Material and Methods

5.2.1 Dataset

The dataset corresponds to the data obtained in [243], which is composed of the

EEG signals of 19 adult volunteers without any history of psychiatric and neur-

ological diseases. Experimental Task: The task in each trial contains six types

of stages: pre-encoding, encoding, post-encoding, retro-cue, post-retro-cue, and
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probe, shown in the upper panel in Fig. 5.1 (adapted from Fig.1 of [243]). A trial

begins with the presentation of pre-encoding for 1000 ms. In the encoding stage,

there are four rectangles with different orientations and colors for 200 ms; these

colors were randomly selected from a pool of eight colors, without repetition in

each trial. Then, the post-encoding stage is presented for 1000 ms, followed by a

retro-cue color (small square in the center of the screen) for 200 ms. A post-retro-

cue is presented for 1000 ms. Finally, the probe stage presents a rectangle for 1500

ms, in which the subject responds by pressing a button if the color and orientation

coincide with a rectangle presented in the encoding. Each trial was repeated 160

times in each subject. The correct answers range between 64% and 95%.

5.2.2 EEG recording and pre-processing

Data were acquired using a Biosemi Active Two system with 128 electrodes, with

electrode positioning as shown in Fig. 5.2. EOG–vertical and horizontal- elec-

trodes and a tip-nose reference were also recorded.The data was digitalized at a

sampling rate of 2048 Hz and fltered between 0.16 Hz and 100 Hz. The data were

offine re-referenced to tip nose and down-sampled to 128 Hz. EEG processing was

performed in MATLAB; with the FieldTrip toolbox.

After EEG recording and a frst approach, the data were fltered with a bandpass

flter with cut-off frequencies of 5 and 35 Hz to remove DC component and high-

frequency artefacts, including power line noise (50 Hz) [280]. Simple variance-

based artefact rejection is applied to reject electrodes with evident amplitude ab-

normalities; those were rejected with a standard deviation higher than twice the

mean overall standard deviation. Thus, several electrodes’ signals were deleted for

this analysis: the electrodes A24 of subject nine and B29, C5 and C30 of subject

30. Then the signal was epoched from 1000 ms before encoding onset to 2400 ms

after encoding onset.
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Figure 5.1: Sliding window diagram in the WM task. The upper panel shows a
schematic representation of the retro-cue task (adapted from Fig.1 of [243]). Each
black block represents the stage of the experiment; at the top is the label of each
of them. The bottom panel shows the workfow of the proposed methodology: it
transforms the samples from the time to the frequency domain, then selects electrodes
with the classifcation algorithm.

5.2.3 Classifcation problem: Regularized Linear Discriminant
Analysis (RLDA)
For this approach, the EEG study [243] was considered a binary classifcation prob-
lem. The EEG signal of the trials are the features, and the behavioural experiment
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Figure 5.2: Electrode position used in WM experiments (headcap 128 electrodes).
Figure was adopted from BioSemi web page [281]. Labels with green color are accord-
ing to the international 10-20 system, labels with ABC are according to the BioSemi
designed equiradial system [281].

responses were considered the binary class, that is, the response given by the sub-

ject in the probe stage after receiving the retro-cue. Linear Discriminant Analysis

(LDA) is a machine learning method [282] to deal with these types of problems

[69, 70].

LDA estimates a covariance matrix from the EEG data; however, on some oc-

casions, it is possible to have more variables than samples, which leads to a sin-

gular matrix, which Krzanowski et al. [283] called a singularity or under-sampled

problem. One of the solutions proposed for the small sample size problem is Reg-
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ularized LDA [73, 284], and it formulates a regularization parameter to the scatter
matrix, as explained in detail in section 2.6.2.

The classifer was validated using a stratifed K-fold cross-validation scheme.
The feature vector was divided into K-fold, one fold was used to validate, and the
rest (K-1) of folds to train. This process is repeated K times. The average of these
operations is the accuracy reached. When stratifed, it saves the proportion of data
between classes. In this work, K was equal to fve.

As a performance metric, accuracy is normally used, however, it is biased for
the majority classes. We use Area Under the Receiver Operating Characteristics
(ROC) Curve (AUC) or (AUC-ROC curve). This metric represents the trade-off
between true positive rate (TPR) and false positive rate (FPR)[285, 286] measures
as follows:

TP 
TPR = (5.1)

TP + FN 

TN 
FPR = 1 − (5.2)

TN + FP 

where TP, FP, TN and FN are the number of true positive, false positive, true neg-
ative and false negative, respectively. Higher the AUC-ROC, better the model is at
distinguishing between the two classes.

5.2.4 Synthetic minority oversampling technique (SMOTE)
In behavioral experiments in healthy subjects, there are usually more observations
of one class than another. Specifcally, in this dataset used, there is a class im-
balance problem. The majority class is the precision of the subjects with the best
performance, who reach close to 90%. On the other hand, as a minority class, the
worst performance subjects with close to 60% accuracy. This problem is known
as class imbalance or unbalance and is widely studied since they lead to two main
issues: overftting and overoptimism. Overftting happens when the classifer is
adjusted to training data and loses its ability to generalize and, as a result, will be
unable to recognize new data.

SMOTE is one of the most used techniques to deal with this problem. The aim
of this technique is to increase the number of samples of the minority class through
the creation of synthetic samples. This is done by creating synthetic instances
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between a point of the minority class and their k-nearest minority class neighbors
[287].

A frequent mistake is to apply SMOTE throughout the dataset and then divide
it into testing and training set. This causes similar samples to be located in both
sets, which leads to building biased models and generating overoptimistic error
estimates [286]. To avoid the aforementioned drawbacks we proceed as follows:
the dataset is divided into k stratifed partitions and only the training data is over-
sampled. In this way, it is avoided that the test samples are in the training stage.

5.2.5 Electrode selection as feature selection
Electrode selection can be understood as a feature selection technique [5, 75, 149,
167]. Among others, the main advantages of these techniques are the ability to
eliminate redundant information, reduce the number of parameters to optimize the
classifer, and identify characteristics related to the targeted mental states.

Forward selection was the technique used for the feature selection [149, 288].
For this, we begin by evaluating the AUC-ROC of each of the electrodes, the best
one is selected, then this is combined with each of the remaining ones from which
the combination with the best AUC-ROC is chosen, so on until reaching the 64 best
electrodes.

5.2.6 Methodology process to characterize the WM task
Let us remember that one of the objectives of this approach is to characterize
temporally and spatially the WM retro-cue task, for this sliding windows (SW)
throughout the entire WM task was used. An epoch of 3400 ms was analyzed; each
SW lasted 250 ms and moved every 50 ms (these sizes were arbitrarily chosen), we
obtained a total of 64 windows. The frst window started in pre-encoding onset, and
the last one covered the last 250 ms before the user response onset (3400 ms after
the pre-encoding onset). In each SW, the 64 best electrodes were selected. From
the pre-processed EEG signal, the power spectrum of each electrode was obtained,
which was calculated with Fast Fourier Transform (FFT) in the frequency range
5-35 Hz. A Kaiser window was applied because it reduces spectral leakage phe-
nomena and its good performance in EEG signals [289]. Thus, the power spectrum
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is the feature vector for the classifer. The next step was the selection of electrodes,
as explained in the previous section, successively choosing the best combination of
electrodes with maximum AUC-ROC value. The workfow we follow is depicted
in Fig. 5.1.

5.2.6.1 Temporal representation

In this approach, it is necessary to show the time windows that best characterize the
WM activity related to the task. We chose the two windows with a greater AUC-
ROC value of each subject and grouped them into 5 groups, according to the stage:
pre-encoding, encoding, post-encoding, retro-cue and post-retro-cue. In the limits
of each stage, there were shared windows (which belong to two stages). These
windows were assigned to the group where it has the most signal. e.g., the window
starts at 900 ms and ends at 1250 ms, this window was assigned to group 2 (1000
to 1200 ms) since 100 is in group 1 and 150 in group 2.

5.2.6.2 Spatial representation

A spatial analysis was also performed to identify the brain regions where the highest
AUC-ROC values were found. For this, we create networks of the electrodes with
maximum AUC-ROC obtained from a forward selection (see section 5.2.5). The
electrodes selected have more information to predict WM activity performance and
represent the networks that achieve the maximum accuracy in each subject and each
group of stages according to the experiment task. We create a weighted directed
graph, where each electrode represents a node linked to another node (electrode)
according to the ranking achieved in the network; for example, the electrode with
the best AUC-ROC will connect with the second-best this latter with the third-best,
so forth. For weight, each electrode has a score, and the frst electrode selected
from the forward selection method has the highest ranking and continues in a des-
cending fashion.

5.3 Results
Below we show the spatial and temporal information in which we fnd the max-
imum AUC-ROC values to identify WM with the RLDA classifer. Also, in each
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subject we correlated the two best AUC-ROC values achieved by classifer with the

percentage of correct responses in the behavioral experiment.

5.3.1 Temporal and spatial analysis in all subjects

The top panel in Fig. 5.3 illustrates the temporal distribution throughout the exper-

iment where the two highest AUC-ROC were found. A total of 38 AUC-ROCs (19

subjects × 2 AUC-ROCs) were selected: frst and second bests. Please note that

best AUC-ROCs are obtained from the Forward Selection method, see 5.2.5.

Post-encoding and post-retro-cue are the stages that concentrate the highest

amount of AUC-ROC, each with 14 values, which represents 73.6% of all selected

AUC-ROC, while the encoding stage represents 7.8% and the retro-cue stage 2%.

In the majority of subjects (11 of 19) the frst and second best AUC-ROC coin-

cided in the same period of time analyzed; post-retro-cue is the stage with the most

matches (5 of 19).

In the spatial analysis, different activation of the electrode network were ob-

served in each stage of the experiment. In the post-encoding stage, to achieve the

frst best ROC-AUC, electrode networks were activated that are mostly found in the

occipital and parietal lobes (one can see Fig. 2.1 to locate the cerebral lobes). While

for the post-retro-cue stage, they also involve electrodes located in the temporal,

frontal and prefrontal lobes. Bottom panel in Fig. 5.3 shows the networks formed

to achieve the two highest AUC-ROC values. The thickest lines and the warmest

colors represent the frst links created, have a weight of 10 and continue in des-

cending order. In some cases, a single electrode was enough to achieve the highest

AUC-ROC values, which are represented by a circle. On average, 3.8(±1.9) elec-

trodes were necessary to achieve maximum AUC-ROC value. The second max-

imum AUC-ROC value was reached with 3.9(±2.1) electrodes.

5.3.2 Analysis of the subjects with best and worst performance
in WM

According to the performance in the behavioral experiment, the dataset of 19 sub-

jects was divided into two groups: best and worst. Taking the median as the limit
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Figure 5.3: Temporal and spatial analysis of the two best AUC-ROC achieved.
Histogram (Top panel): Each bar represents the number of best AUC-ROC values
reached in each experiment stage. The numbers in the bars are the identifers of each
subject: the black color number represents when the subject has the two best AUC-
ROC (1st and 2nd), blue the frst best AUC-ROC and white the second. Weighted
directed graph (Bottom panel). Graph with the brain regions where the two best
AUC-ROC values were found. Each line represents the weight of the relationship
between two nodes (electrodes). The network graph represents the frst link with max-
imum AUC-ROC with the thickest and darkest line. A circle represents an unrelated
(single electrode) to achieve the best AUC-ROC.

between them, nine were assigned to the best performing group (on average reached

90% success) and 10 to the worst performing group (on average reached 70% suc-

cess). For this analysis, the results are presented in the same way as the previous
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section. In the temporal analysis, it was observed that the subjects with the best

performance presented a greater number of AUC-ROC values in the post-encoding

stages, while those with the worst performance were presented in the post-retro-cue

stage. For its part, in the spatial analysis, it maintained the pattern manifested in

the previous section.

In the analysis of the best performance subjects, the post-encoding stage stands

out with the greatest number AUC-ROC values with greater success (a total of

eight). This stage includes the AUC-ROC value of the best performing subject

in the behavioral experiment (e.g., subject 12 between others with the best per-

formance, see Fig. 5.6), followed by the post-retro-cue stage, see the top panel

in Fig. 5.4. Consider that in the pre-encoding stage, there is also a considerable

number of selected AUC-ROCs, which does not happen in the worst-performing

subjects, as will be seen later in Fig. 5.5. The bottom panel shows the brain regions

where the greatest successes were found, the parietal and occipital regions are the

ones that stand out the most. In this subgroup of the nine best performing subjects

in WM task, to achieve maximum AUC-ROC value from the forward selection

method, were necessary 4.4(±1.1) electrodes on average. The second maximum

AUC-ROC value was reached with 3.8(±1.5) electrodes.

On the other hand, in the analysis of the subjects with the worst performance,

the post-retro-cue stage stands out with the greatest number of AUC-ROC values

with greater success (a total of nine). This stage includes the AUC-ROC value of

the worst-performing subject in the behavioral experiment (e.g., subject 18 or fve

between others with the worst WM performance, see Fig. 5.6), followed by the

post-encoding stage, see the top panel in Fig. 5.5. The bottom panel highlights the

brain regions with the highest number of electrodes with maximum AUC-ROC val-

ues. The occipital and parietal lobes are the ones that stand out the most, although

the frontal region also participates in the post-retro-cue stage. In this subgroup

of the 12 subjects with the worst WM performance, to achieve maximum AUC-

ROC value were necessary, on average, 4.4(±2.2) electrodes. The second max-

imum AUC-ROC value was reached with 4.8(±2.8) electrodes. Although with a

minimum difference, to reach the highest AUC-ROC value, there is greater disper-

sion in the subjects with worse performance than those with greater. To reach the
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second-best AUC-ROC value, it is necessary, on average, more electrodes in the

subjects with worse performance than the best performance.
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Figure 5.4: Best performing subjects data. Histogram (Top panel): Each bar rep-
resents the number of best AUC-ROC values reached in each experiment stage, in the
same way as Fig.5.3. Weighted directed graph (Bottom panel). Graph with the
brain regions where the maximum AUC-ROC values were found for the best perform-
ing subjects.
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Figure 5.5: Worst performing subjects data. Histogram (Top panel): Each bar
represents the number of best AUC-ROC values reached in each experiment stage, in
the same way as Fig.5.3. Weighted directed graph (Bottom panel). Graph with
the brain regions where the maximum AUC-ROC values were found for the worst
performing subjects.

5.3.3 Relationship between subjects’ accuracy and classifer pre-
diction

A linear regression was calculated to predict WM performance with EEG signals

using AUC-ROC values reached by the RLDA classifer (Y) based on accuracies

achieved in the behavioral experiment (X) in each subject developing a WM task.

There were statistically signifcant differences between group means as determined
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by one-way ANOVA (F(1,17) = 16.52, p = 0.0008) with a R-square of 0.49. The
ANOVA was performed at the confdence level of 95%, indicating that our regres-
sion model has statistically signifcant explanatory power. Figure 5.6 illustrates this
relationship.
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Figure 5.6: Prediction of WM performance: Linear Regression between AUC-ROC
values reached by RLDA classifer and the accuracies achieved in the behavioral ex-
periment.

5.4 Discussion
In this work, we seek to predict the WM performance in each subject and analyze
the spatiotemporal characteristics that are presented during a retro-cue WM task.
The results show a correlation between the accuracy achieved with an RLDA clas-
sifer using the power spectrum of the EEG signal and the accuracy achieved by
each subject in the behavioral experiment response of a WM task with retro-cue.
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These fndings are consistent with previous work on the use of EEG oscillations

to predict WM activity [56, 260, 261, 276]. It is also supported by previous fnd-

ings that relate the spectral characteristics of EEG with the WM capacity in both

encoding and maintenance stages [276, 279].

The results of this work show that to achieve the best performance retro-cue

is not always necessary. The temporal analysis shows that some subjects do not

always need the retro-cue; several never needed it. The best performing subjects

in the behavioural experiment achieved their maximum AUC-ROC value in the

post-encoding stage, and most did not require the retro-cue stage. In contrast, the

subjects with the worse performance achieved their highest AUC-ROC value after

presenting the retro-cue. These results lead us to conclude that with adequate agile

processing of the EEG signal, we can predict in real-time the subjects that require

a retro-cue and those that do not, thus saving time and reducing task fatigue. Con-

sider that in tasks that require feedback, characteristics such as strategy or speed

infuence WM performance [290].

For our spatial analysis, despite initially considering all electrodes from all

brain regions ignoring the regions with a history of WM activity (parietal and oc-

cipital) [56, 57, 262, 263, 266, 275], our methodology found the best electrodes in

these regions with evidence of WM activity. In addition, it was found that there is

a contribution of the frontal region in the post-encoding stage to achieve second-

best prediction. This characteristic was evidenced in all subjects, regardless of who

performed better or worse in the behavioural experiment. It seems that whoever

benefts from retro-cue to achieve the best performance involves a wider network

of electrodes and includes, in addition to the aforementioned regions, the temporal

region. The fndings are consistent with the results of Griffn and Nobre [245],

who mentions posterior-parietal and frontal activation during the spatial orientat-

ing of attention in the retro-cue task. Also compatible with the multicomponent

model proposed by Baddeley [54] and represented in a brain structure by Chai

[291], in which interaction of subsystems manifests: prefrontal cortex - Central

executive, the anterior cingulate cortex (ACC) - attention controller, parietal lobe

- episodic buffer, occipital lobe - Visual-spatial sketch-pad. Although the true role

of the frontal lobe within WM processes is still not entirely clear [292], it is un-

questionable that this lobe is an active part of WM performance [292]. Likewise,
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it is important to mention that we did not analyze the frequency bands that best
predict the WM performance. Despite this, our fndings are consistent with previ-
ous works in which the interaction between the posterior parietal and frontal region
stands out [276, 293, 294, 295]. Future works can analyze the selected electrodes
and determine what other characteristics allow them to achieve the best precision
and how their different combinations determine a high prediction.

This approach shows that a machine learning technique, with total ignorance
of the brain regions involved in WM performance, can determine which regions
most infuence to achieve the best prediction of WM performance. The results can
be explained thanks to the extraction of characteristics used in this work, through
power spectrum that has shown its robustness in the extraction of spectral patterns
in EEG signals [296]. In addition, electrode selection, which is understood as a
feature selection technique, has been satisfactorily tested and widely used in BCI
[5, 160]. Among the main advantages of electrode selecting is eliminating redund-
ant information, reducing the number of parameters to optimize the classifer, and
identifying characteristics related to the targeted mental states.

The results of this work show the need to create adaptive systems that facilitate
personalized stimulation according to the needs of each individual. Elucidating the
underlying mechanisms of WM will help to identify spatiotemporal characterist-
ics accurately, eliminate redundant information, and lower the computational cost.
These advantages will help us include WM activity in a BCI as a biomarker, pre-
dictor, or control signal. In addition to incorporating other types of tasks such as
retro-cue in BCI. As seen in previous works, WM activity is helpful to improve
the performance of P300-based BCIs [58, 59, 60, 118, 230] or with any other type
of control signal such as sensorimotor [231, 297] or SSVEP [298, 299]. This can
lead to real-time EEG monitoring devices allowing a promising technique for neur-
ofeedback training [300].
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CHAPTER

6
Conclusions

The main objective of this thesis is to identify the characteristics of the P300

and working memory control signals that allow the management of the variability

of brain activity to achieve an intelligent BCI, adaptable to different individuals,

accelerating the time of training and implantation. Therefore, based on the analysis

of brain activity, through EEG, we can conclude that the characterization of the

control signal of the BCIs facilitates the adaptability of this type of interface. Fur-

thermore, understanding the underlying characteristics of neural activity in a BCI

contributes to developing intelligent interfaces for everyday use.

This thesis recognizes the variability of brain activity as an intrinsic property

and the importance of dealing with it. Intra and inter-subject variability are undeni-

able due to different factors such as psychological, hereditary, genetic, age, among

others. Managing this variability is still a challenge that will allow us to understand

the individual differences in brain functionality and reduce training and calibration

time for BCIs. Here we highlight three main conclusions:

X Identifying the adaptability characteristics in BCI. In the case of ERP-

based BCIs, the ongoing characterization of positive and negative defections

allows an adaptation to the user, which is maintained over time. The results
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show that the characterization of the P300 EEG signal with the AUC con-

tributes to generating adaptive BCIs that are light in computational cost. The

analysis presented in sections 3.3, 3.4 and 4 highlights the importance of

negative and positive defections and their contribution to improving the per-

formance of BCIs on both wet and dry electrodes. In addition, section 3.4

shows that while other methods can improve performance, as in the backward

elimination method (see section 3.4.4.3), they are computationally expensive

and do not handle inter- and intrasubject variability over time.

As mentioned, one application of our method is electrode selection adapted

to the subjects. An advantage of this selection, and in turn of our methodo-

logy, is that it provides spatial information that facilitates knowledge of the

brain regions active during a target stimulus. These brain regions may vary

during sessions, so an adaptive interface is necessary. Our method facilit-

ates this adaptability between days, exceeding performance levels compared

to a standard electrode selection method. In addition, better performance is

achieved with a few electrodes, facilitating usability in BCI systems. Thus,

we demonstrate the importance of a proper electrode selection adapted to the

subject, taking advantage of the intrinsic variability of brain activity. Our

work shows that selecting the electrodes suitable for each individual with

specifc control signal characteristics improves the performance metrics of

the BCI: precision, BCI-Utility, and the information transfer rate (ITR). This

advantage is observed for both dry (see chapter 3) and wet electrodes (see

chapter 5).

X The importance of identifying characteristics in easy-to-install technolo-
gies. Another objective of our work was to check the validity and generaliza-

tion of identifying characteristics in technologies of easy and fast installation

to achieve adaptable BCIs and with applications in real life. Currently, we

know that devices with a few and small sensors will increase the portability

of the BCI systems, even more, using dry electrodes. If we add the optimiza-

tion of artifcial intelligence algorithms to the advantages of hardware innov-

ations, portability is favoured and will further automatize the brain activity

identifcation process.
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To test the adaptability of a BCI system with this type of electrodes, we de-

signed a BCI based on ERP-P300 with data acquisition through two devices

equipped with dry electrodes, one with active (g.Tec, see section 4.6) and

the other with passive (Enobio, see section 4.5). From the analysis of this

study, we can conclude the importance of identifying and selecting charac-

teristics in this type of technology. Compared with a standard selection, the

results show an increase in the BCI precision for all subjects when select-

ing electrodes with our methodology (see sections 3 and 5), comparing with

electrode selection standard. It is shown that an appropriate algorithm per-

formance and adaptability can be improved despite having a signal with a

low signal-to-noise rate.

To achieve the adaptability of the BCI through the electrodes selection, we

use a vector of hits, which we operate by rating each of the electrodes and

choosing the ones that best qualify. Although in this thesis we use two scor-

ing metrics to qualify them, such as area and variance (see chapter 4), it is

possible to explore other metrics that further improve the performance meas-

ures achieved.

X Searching for alternative control signals for BCI. On the other hand, we

also identifed the characteristics that allow us to manage the variability in

the EEG signal related to WM. From the analysis performed in chapter 5,

we conclude that the frequency spectrum is a useful feature to deal with the

intersubject variability. By characterizing the signal at a temporal and spatial

level, a subject performance in a WM task can be predicted. In this study, the

type of stimulus called retro-cue was used, which facilitated an analysis of

the subjects who did or did not require a retro-cue after the coding stimulus

was presented. The results of this analysis show that not all subjects require

a retro-cue to perform well. It allows us to conclude that stimulation can

be adaptive in this type of task, depending on the capacity of each subject.

These results help to understand the implications of personalized stimulation.

Future work should focus on creating closed-loop interfaces that allow for

co-adaptation, which will take into account ongoing adaptive interactions

between the subject and machine, two vital components in the BCI.
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By itself, the WM activity can be valued as a control signal. However, it
can also be used as a complementary in combination with another signal,
improving a BCI’s performance. Its contribution is evidenced in the differ-
ent works published in recent years, where it is complemented with control
signals related to ERPs, sensorimotor, or SSVEP [59, 60].

As a general conclusion, we can say that our work contributes to the under-
standing of the properties that facilitate adaptability in BCIs. The approach of fea-
ture exploration and identifcation is an alternative to understand an adaptive BCI
and the processes involved. Although currently, several technologies achieve good
performance through algorithms that work as a black box (e.g., greedy or exhaust-
ive search algorithms), there remains the limitation of understanding the features
involved in the adaptivity of BCI systems.
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CHAPTER

7
Conclusiones

El objetivo principal de esta tesis es identifcar las caracterı́sticas de las señales

de control P300 y working memory que permitan el manejo de la variabilidad de la

actividad cerebral para lograr una BCI inteligente, adaptable a diferentes individuos

acelerando el tiempo de entrenamiento y de implantación. Por tanto, basandonos

en el an´ es de EEG, podemos concluir que laalisis de la actividad cerebral, a trav´

caracterización de la señal de control de las BCIs facilitan la adaptabilidad de este

tipo de interfaces. Adem´ ısticas subyacentes de la actividadas, entender las caracter´

neuronal en una BCI contribuyen a un desarrollo de interfaces inteligentes para el

uso diario.

Esta tesis reconoce la variabilidad de la actividad cerebral como una propiedad

intrı́nseca y la importancia de tratarla. La variabilidad intra e inter-sujetos es inneg-

able debido a diferentes factores como psicológicos, hereditarios, genéticos, edad,

entre otros. La gestion´ de esta variabilidad sigue siendo un desafı́o que nos per-

mitirá comprender las diferencias individuales en la funcionalidad cerebral y redu-

cir el tiempo de entrenamiento y calibración de las BCI. A continuación destacamos

tres conclusiones principales:

X Identifcando las caracterı́sticas de adaptabilidad en BCI. En el caso de

las BCIs basadas en ERPs, la continua caracterización de las defexiones
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positivas y negativas permiten una adaptación al usuario, la cual se mantiene

en el tiempo. Los resultados muestran que la caracterización de la señal de

EEG de P300 con el AUC contribuye a generar BCIs adaptables y ligeras

en costo computacional. En el análisis presentado en las secciones 3.3, 3.4

y 4 se destaca la importancia de las defexiones negativas y positivas y su

contribucion´ a la mejora del desempeno˜ de las BCIs, tanto en electrodos

h´ as, la secci´umedos como en secos. Adem´ on 3.4 muestra que, si bien existe

otros metodos que pueden mejorar el desempe´ no˜ como en el método back-

ward elimination 3.4.4.3, son costosas computacionalmente y no manejan la

variabilidad inter e intrasujeto a lo largo del tiempo.

Como hemos mencionado, una aplicación de nuestro método es la selección

de electrodos adaptada al sujeto. Una ventaja de esta selección, y a su vez

de nuestra metodologı́a, es que proporciona información espacial que facilita

conocer las regiones cerebrales activas durante un estı́mulo objetivo. Es-

tas regiones del cerebro pueden variar durante las sesiones, por lo que es

necesaria una interfaz adaptativa. Nuestro método facilita esta adaptabil-

idad entre dı́as, superando los niveles de rendimiento en comparación con

un método de selección de electrodos estándar. Además, se consigue un me-

jor rendimiento con unos pocos electrodos, lo que facilita la usabilidad en

los sistemas BCI. De esta forma, demostramos la importancia de una ad-

ecuada seleccion´ de electrodos adaptados al sujeto, aprovechando la variab-

ilidad intrı́nseca de la actividad cerebral. Nuestro trabajo muesta que selec-

cionando electrodos apropiados para cada individuo, con caracterı́sticas es-

pecı́fcas de la señal de control mejora las métricas de rendimiento del BCI:

precisión, BCI-Utility y la tasa de transferencia de información (ITR). Esta

ventaja se observa tanto para electrodos secos (puede ver el capı́tulo 3) como

para h´ ıtulo 5).umedos (puede ver el cap´

X La importancia de identifcar las caracterı́sticas en tecnologı́as fáciles de
instalar. Otro objetivo de nuestro trabajo fue comprobar la validez y general-

izaci´ on de caracter´ ıas de f´ apidaon de la identifcaci´ ısticas en tecnolog´ acil y r´

instalacion´ para alcanzar BCI adaptables y con aplicaciones en la vida real.

Actualmente conocemos que los dispositivos con pocos y pequeños sensores
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aumentaran´ la portabilidad de los sistemas BCI, a´ as, utilizando elec-un m´

trodos secos. Si sumamos la optimización de los algoritmos de inteligen-

cia artifcial a las ventajas de las innovaciones de hardware, se favorecerá la

portabilidad y se automatizará aún más el proceso de identifcación de la act-

ividad cerebral. Para comprobar la adaptabilidad de un sistema BCI con este

tipo de electrodos, diseñamos una BCI basada en ERP-P300 con la adquis-

icion´ de datos a traves´ de dos dispositivos equipados con electrodos secos,

uno con activos (g.Tec, vea la seccion´ 4.6) y otro con pasivos (Enobio, vea

la sección 4.5). Del análisis de este estudio podemos concluir sobre la im-

portancia de la identifcación y selección de caracterı́sticas en este tipo de

tecnologı́as. Los resultados muestran un incremento de la precisión de la

BCI para todos los sujetos al seleccionar electrodos con nuestra metodologı́a

(puede ver las secciones 3 y 5), comparados con una seleccion´ estándar. Se

muestra que a pesar de tener una se˜ nal ruido, con unanal con baja tasa de se˜

apropiado algoritmo se puede mejorar el desempeño y la adaptabilidad.

Para lograr la adaptabilidad de la BCI a través de la selección de electro-

dos utilizamos un vector de aciertos, el cual lo utilizamos califcando a cada

uno de de los electrodos y eligiendo los que mejor califcan. Si bien en esta

tesis utilizamos dos métricas para califcarlos, como es área y varianza (ver

capı́tulo 4), es posible explorar otras m´ un m´etricas que mejoren a´ as las me-

didas de desempeño alcanzadas.

X Buscando se˜ ennales de control alternativas para BCI. Por otra parte, tambi´

identifcamos las caracterı́sticas que permiten manejar la variabilidad en la

se˜ alisis realizado en el cap´nal de EEG relacionada a WM. Del an´ ıtulo 5, con-

cluimos que el espectro de frecuencia es una caracterı́stica útil para tratar de

la variabilidad intersujeto. A través de la caracterización de la señal a nivel

temporal y espacial se puede predecir el desempeño que tendrá un sujeto

en una tarea de WM. En este estudio se utilizó el tipo de estimulo denom-

inado retro-cue, lo que facilitó un análisis de los sujetos que requieren o

no una ”retro-cue” despues´ de presentado el estimulo de codifcación. Los

resultados de este análisis muestran que no todos los sujetos requieren una

”retro-cue” para tener un buen desempeño. Esto nos permite concluir que
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7. CONCLUSIONES

la estimulacion´ puede ser adaptativa en este tipo de tarea, dependiendo de la
capacidad de cada sujeto. Para conocer a profundidad las implicaciones de
estos resultados en la estimulación personalizada, es conveniente trabajos fu-
turos que direccionen su atención en la creación de interfaces de lazo cerrado
y que permitan la co-adaptacion.´ Este tipo de tecnologı́a permitirá tener en
cuenta las interacciones adaptativas continuas entre el sujeto y la máquina,
componentes vitales de la BCI.

Por si sola la actividad de WM puede ser valorada como una señal de con-
trol; sin embargo, tambi´ ıa en com-en puede ser utilizada como complementar´
binación con otra señal, mejorando el desempeño de una BCI. Su aporte se
evidencia en los diferentes trabajos publicados en los ´ nos en dondeultimos a˜
se lo complementa con señales de control relacionados a ERPs, sensiomotor
o SSVEP [59, 60].

Como conclusión fnal, podemos decir que nuestro trabajo contribuye al en-
tendimiento de las propiedades que facilitan la adaptabilidad en las BCIs. El en-
foque de la exploracion´ e identifcacion´ de caracterı́sticas es una alternativa para
entender una BCI adaptativa y los procesos que involucra. Si bien, actualmente,
varias tecnologı́as logran un buen desempeno˜ a traves´ de algoritmos que trabajan
como una caja negra (e.g., algoritmos de busqueda codiciosa o exhaustiva), queda
la limitante de entender las caracteristicas que involucra la adaptabilidad del sis-
tema BCI.
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CHAPTER

8
Future work

According to the works developed during this thesis, we can propose new lines
of work; some of them have already started.

In the near future, we have three investigations in progress, which are listed
below according to how close we are from publishing new results:

X The hit vector proposed in section 3.4 is an option to take advantage of it
as a new feature vector in the study of ERPs. Its already proven advantage
gives the option of exploring new metrics that improve the detection accuracy
of ERPs, considering that it saves temporal and spatial information. One
of those explorations has already started evaluating a scoring metric with
variance, which showed better performance in a dry electrode dataset [301].
In the same way, it should be explored with other types of ERPs that make it
easier to include them in new studies of ERP-based BCIs.

X Once the effectiveness of the maxAUC method has been proven, we consider
that the next step is to implement a closed-loop interface to analyze the ad-
aptability and effciency of our method in an on-line interface. The study
of the iterations between humans and machine is essential to achieve co-
adaptability. Following this path, we test a classifcation algorithm that has
good results in online tasks, such as an Long short-term memory (LSTM)
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8. FUTURE WORK

[24]. The next step is to test the effciency of our methodology combined
with this type of algorithms.

X The EEG signals acquired in the Grupo de Neurociencia Computacional
(GNB) correspond to equipment with active and passive dry electrodes taken
from each subject on three different days. These data can be used to study
inter and intra-subject variability. One of the ways of taking advantage is to
generate algorithms that improve performance and last over time, combining
data from different types of equipment and days.

X Working memory in BCI is a little-explored feld that needs to be studied.
With our work, we established the feasibility of predicting WM activity de-
pending on the subject’s ability. It remains to be explored in which bands
the WM activity is best recognized for each subject. In addition, it is import-
ant to start work on closed-loop studies to know each subject’s performance
with this type of control signal and implement the BCI system through WM
prediction.
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APPENDIX

A
Appendix

A.1 Exploration of the accuracy per subject in dry
passive electrodes
Below we present an analysis of the accuracy of each subject on dry passive elec-

trodes for each day. For this, we use the same analysis developed in chapter 4.

For this description, we select the set of one and seven electrodes. In general, we

can see that there are subjects with a poor performance throughout all the tests

carried out, such as subjects four or 11. Similarly, there are subjects with a better

performance throughout the tests, such as six and eight.

Figure A.1 shows the accuracy achieved by each methodology on each day.

The fgure is divided into three blue boxes; the frst box is subdivided into three

panels according to each methodology used. The upper panel shows the accuracy

achieved with the electrodes scored with the maxAUC-N method with the AUC.

The middle panel shows the results achieved by the electrode scored methodology

with the maxAUC-N variance and the last panel with the accuracy achieved with

the standard electrodes.
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Figure A.1: Accuracy achieved by each subject for each day in dry passive electrode.
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A.2 Exploration of the accuracy per subject in dry active electrodes

A.2 Exploration of the accuracy per subject in dry
active electrodes
Figure A.2 shows the accuracy achieved by each methodology on each day with
dry active electrodes. As in the previous fgure, it is divided into three blue boxes;
the frst box is subdivided into three panels according to each methodology used.
As with the passive electrodes, subject four has poor performance, in addition to
subjects fve and seven. On the contrary, subjects three, six and eight maintain a
better performance during all sessions.
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Figure A.2: Accuracy achieved by each subject for each day in dry active electrode.
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and N. Birbaumer, “The BCI competition 2003: Progress and perspectives

in detection and discrimination of EEG single trials,” jun 2004. 40, 46

[162] E. Donchin, K. M. Spencer, and R. Wijesinghe, “The mental prosthesis: As-

sessing the speed of a P300-based brain- computer interface,” IEEE Trans-

actions on Rehabilitation Engineering, vol. 8, pp. 174–179, jun 2000. 40,

43, 75, 76

[163] N. K. Squires, K. C. Squires, and S. A. Hillyard, “Two varieties of long-

latency positive waves evoked by unpredictable auditory stimuli in man,”

Electroencephalography and Clinical Neurophysiology, vol. 38, no. 4,

pp. 387–401, 1975. 40

[164] G. Schalk, D. J. McFarland, T. Hinterberger, N. Birbaumer, and J. R. Wol-

paw, “BCI2000: A general-purpose brain-computer interface (BCI) system,”

IEEE Transactions on Biomedical Engineering, vol. 51, no. 6, pp. 1034–

1043, 2004. 41, 100

[165] G. Schalk and J. Mellinger, A practical guide to brain-computer interfa-

cing with BCI2000: General-purpose software for brain-computer inter-

face research, data acquisition, stimulus presentation, and brain monitoring.

Springer, 2010. 41, 100, 101

[166] D. J. Krusienski, E. W. Sellers, F. Cabestaing, S. Bayoudh, D. J. McFarland,

T. M. Vaughan, and J. R. Wolpaw, “A comparison of classifcation tech-

niques for the P300 Speller.,” Journal of neural engineering, vol. 3, pp. 299–

305, dec 2006. 46, 47, 50, 75, 76, 78

[167] D. J. Krusienski, E. W. Sellers, D. J. McFarland, T. M. Vaughan, and J. R.

Wolpaw, “Toward enhanced P300 speller performance,” Journal of Neuros-

cience Methods, vol. 167, no. 1, pp. 15–21, 2008. 47, 54, 55, 56, 75, 92, 97,

107, 108, 113, 130

178



BIBLIOGRAPHY

[168] M. Kaper, P. Meinicke, U. Grossekathoefer, T. Lingner, and H. Ritter, “BCI

competition 2003 - Data set IIb: Support vector machines for the P300

speller paradigm,” IEEE Transactions on Biomedical Engineering, vol. 51,

pp. 1073–1076, jun 2004. 47, 48, 50, 55, 56, 75, 76

[169] V. Changoluisa, P. Varona, and F. B. Rodriguez, “26th Annual Computa-

tional Neuroscience Meeting (CNS*2017): Part 3,” in BMC Neuroscience,

vol. 18, p. 60, aug 2017. 53, 54

[170] M. Alvarado-Gonzalez, E. Garduno, E. Bribiesca, O. Yanez-Suarez, and

V. Medina-Banuelos, “P300 Detection Based on EEG Shape Features,”

Computational and Mathematical Methods in Medicine, vol. 2016, 2016.

63

[171] J. J. Vidal, “Real-time detection of brain events in EEG,” Proceedings of the

IEEE, vol. 65, pp. 633–641, may 1977. 64, 75, 76

[172] P. Brunner, S. Joshi, S. Briskin, J. R. Wolpaw, H. Bischof, and G. Schalk,

“Does the ’P300’ speller depend on eye gaze?,” Journal of Neural Engineer-

ing, vol. 7, pp. 56013–56022, oct 2010. 64, 69, 75

[173] Y. Sheng, S. Liu, W. Wang, Y. He, X. Liu, Y. Ke, X. An, and D. Ming,

“A Study on RSVP Paradigm Based on Brain Computer Interface Across

Subjects,” in 2018 9th International Conference on Awareness Science and

Technology, iCAST 2018, pp. 42–46, Institute of Electrical and Electronics

Engineers Inc., oct 2018. 64, 75, 76

[174] I. Iturrate, R. Chavarriaga, L. Montesano, J. Minguez, and J. R. Millán,

“Latency correction of event-related potentials between different experi-

mental protocols,” Journal of Neural Engineering, vol. 11, p. 036005, apr

2014. 64

[175] M. R. Mowla, J. E. Huggins, and D. E. Thompson, “Enhancing P300-BCI

performance using latency estimation,” Brain-Computer Interfaces, vol. 4,

pp. 137–145, jul 2017. 64

179



BIBLIOGRAPHY

[176] D. E. Thompson, S. Warschausky, and J. E. Huggins, “Classifer-based

latency estimation: A novel way to estimate and predict BCI accuracy,”

Journal of Neural Engineering, vol. 10, p. 016006, feb 2013. 64

[177] S.-W. Lee, H. H. Bülthoff, and K.-R. Müller, Recent progress in brain and

cognitive engineering. Springer, 2015. 64

[178] R. Tate, “Correlation Between a Discrete and a Continuous Variable.

Point-Biserial Correlation,” Journal of the American Statistical Association,

vol. 31, p. 318, jun 1936. 64

[179] J. P. Dmochowski, J. J. Ki, P. DeGuzman, P. Sajda, and L. C. Parra, “Extract-

ing multidimensional stimulus-response correlations using hybrid encoding-

decoding of neural activity,” NeuroImage, vol. 180, pp. 134–146, oct 2018.

66, 92

[180] A. D. Gerson, L. C. Parra, and P. Sajda, “Cortically coupled computer vis-

ion for rapid image search,” in IEEE Transactions on Neural Systems and

Rehabilitation Engineering, vol. 14, pp. 174–179, jun 2006. 66, 92

[181] C. Wang, S. Xiong, X. Hu, L. Yao, and J. Zhang, “Combining features from

ERP components in single-trial EEG for discriminating four-category visual

objects,” Journal of Neural Engineering, vol. 9, p. 056013, oct 2012. 69, 75

[182] Y. Qin, Y. Zhan, C. Wang, J. Zhang, L. Yao, X. Guo, X. Wu, and B. Hu,

“Classifying four-category visual objects using multiple ERP components

in single-trial ERP,” aug 2016. 69, 75, 92

[183] X. Wang, Y. Zeng, Z. Lin, Q. Wu, and B. Yan, “Combining Multiple ERP

Components for Detecting Targets in Remote-Sensing Images,” in Proceed-

ings - 9th International Conference on Intelligent Human-Machine Systems

and Cybernetics, IHMSC 2017, vol. 1, pp. 167–170, Institute of Electrical

and Electronics Engineers Inc., sep 2017. 69, 75

[184] D. De Venuto, V. F. Annese, and G. Mezzina, “Real[U+2010]time

P300[U+2010]based BCI in mechatronic control by using a

180



BIBLIOGRAPHY

multi[U+2010]dimensional approach,” IET Software, vol. 12, pp. 418–
424, oct 2018. 75, 76

[185] D. B. Ryan, G. Townsend, N. A. Gates, K. Colwell, and E. W. Sellers, “Eval-
uating brain-computer interface performance using color in the P300 check-
erboard speller,” Clinical Neurophysiology, vol. 128, pp. 2050–2057, oct
2017. 75, 76

[186] R. Moro, P. Berger, and M. Bielikova, “Towards adaptive brain-computer
interfaces: Improving accuracy of detection of event-related potentials,” in
Proceedings - 12th International Workshop on Semantic and Social Media

Adaptation and Personalization, SMAP 2017, pp. 34–39, Institute of Elec-
trical and Electronics Engineers Inc., aug 2017. 76

[187] J. B. Polikoff, H. T. Bunnell, and W. J. Borkowski Jr, “Toward a P300-based
Computer Interface,” in RESNA’95 Annual Conference and RESNAPRESS

and Arlington Va, pp. 178–180, 1995. 76

[188] H. Serby, E. Yom-Tov, and G. F. Inbar, “An improved P300-based brain-
computer interface,” IEEE Transactions on Neural Systems and Rehabilita-

tion Engineering, vol. 13, no. 1, pp. 89–98, 2005. 76

[189] E. W. Sellers and E. Donchin, “A P300-based brain-computer interface: Ini-
tial tests by ALS patients,” Clinical Neurophysiology, vol. 117, pp. 538–548,
mar 2006. 76, 77

[190] F. Piccione, F. Giorgi, P. Tonin, K. Priftis, S. Giove, S. Silvoni, G. Palmas,
and F. Beverina, “P300-based brain computer interface: Reliability and per-
formance in healthy and paralysed participants,” Clinical Neurophysiology,
vol. 117, pp. 531–537, mar 2006. 76

[191] C. Guger, R. Spataro, F. Pellas, B. Z. Allison, A. Heilinger, R. Ortner,
W. Cho, R. Xu, V. La Bella, G. Edlinger, J. Annen, G. Mandalá, C. Chatelle,
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[248] A. Heuer and A. Schubö, “Feature-based and spatial attentional selection in
visual working memory,” Memory and Cognition, vol. 44, pp. 621–632, may
2016. 123

[249] C. Ye, Z. Hu, T. Ristaniemi, M. Gendron, and Q. Liu, “Retro-dimension-cue
beneft in visual working memory,” Scientifc Reports, vol. 6, pp. 1–13, oct
2016. 123

188



BIBLIOGRAPHY

[250] M. Niklaus, A. C. Nobre, and F. Van Ede, “Feature-based attentional weight-
ing and spreading in visual working memory,” Scientifc Reports, vol. 7,
pp. 1–10, feb 2017. 123

[251] L. Rerko, A. S. Souza, and K. Oberauer, “Retro-cue benefts in working
memory without sustained focal attention,” Memory and Cognition, vol. 42,
pp. 712–728, jan 2014. 123

[252] A. S. Souza and K. Oberauer, “In search of the focus of attention in work-
ing memory: 13 years of the retro-cue effect,” Attention, Perception, and

Psychophysics, vol. 78, pp. 1839–1860, oct 2016. 123, 125

[253] M. Niklaus, H. Singmann, and K. Oberauer, “Two distinct mechanisms of
selection in working memory: Additive last-item and retro-cue benefts,”
Cognition, vol. 183, pp. 282–302, feb 2019. 123

[254] N. Cowan, Working Memory Capacity:classic edition. 2016. 123

[255] N. Cowan, “The magical number 4 in short-term memory: A reconsideration
of mental storage capacity,” Behavioral and Brain Sciences, vol. 24, no. 1,
pp. 87–114, 2001. 123

[256] P. M. Bays, R. F. Catalao, and M. Husain, “The precision of visual working
memory is set by allocation of a shared resource,” Journal of Vision, vol. 9,
pp. 7–7, sep 2009. 123

[257] S. Keshvari, R. den Berg, and W. J. Ma, “No evidence for an item limit in
change detection,” PLoS Comput Biol, vol. 9, no. 2, p. e1002927, 2013. 123

[258] W. Zhang and S. J. Luck, “Discrete fxed-resolution representations in visual
working memory,” Nature, vol. 453, no. 7192, pp. 233–235, 2008. 123

[259] S. J. Luck and E. K. Vogel, “Visual working memory capacity: from psy-
chophysics and neurobiology to individual differences,” Trends in cognitive

sciences, vol. 17, no. 8, pp. 391–400, 2013. 123
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