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Abstract

ABrain-Computer Interface (BCI) establishes a communication between a person and an electronic
device, allowing the user to control the device by means of just his/her brain signals. While BCI
techniques can be successfully used for game and entertainment applications, the most important
BCI aim is to improve the everyday life of people with severe neurodisabilities. Therefore, a high
reliability of the BCI system is required to obtain a larger acceptance by the medical community.
Indeed, the BCI systems do not work properly for a non negligible part of the population, which
is estimated to be around 25%. This phenomenon is named BCI inefficiency, referring to the
inability of BCI systems to successfully deal with all typology of brain signals. The BCI inefficiency

phenomenon affects all kinds of BCIs. Nevertheless, little effort has been invested so far to
understand the causes of BCI inefficiency and to reduce it.

This work is the first attempt to build an overview on BCI inefficiency for electroencephalogram
(EEG) BCIs based on sensorimotor rhythm (SMR) to better understand and consequently face it.
The problem is analyzed from several points of view, each of them offering a new insight and all of
them converging in the design of a new spatial filter algorithm whose efficiency is demonstrated
in a final online study.
In the first part of this thesis, a large scale screening study is presented, with a categorization

of BCI users in three groups and grand average EEG data investigations directed towards under-
standing the differences in the SMR activity among these groups. These preliminary results allow
to conduct a goal-oriented investigation of the EEG data by means of novel machine learning and
statistical methods, which takes up the second part of the thesis. In particular, several analyses are
carried out, focusing on the data dimensionality, complexity and information content, as well as on
the practical issue of the number and position of the EEG channels. These problems, together with
the experiment’s practicability and the offered spatial resolution, constitute the trade-off dilemma
between the quantity of the information and the sensibility to overfitting of Common Spatial
Patterns (CSP), the most common spatial filter algorithm for SMR-based BCIs. Additionally, the
role of pre-stimulus SMR on the user’s performance is investigated. In the third part of the thesis,
the previous analyses are taken into account, giving rise to the development of a new spatial filter
algorithm called Common Spatial Pattern Patches (CSPP), a compromise between Laplacian filters
and CSP. Being more robust than CSP against overfitting, as demonstrated in offline comparison to
CSP and its recent regularized version R-CSP, CSPP can be employed very early in the experiment
and is very suitable for the co-adaptive calibration, a new experimental approach designed to
alleviate BCI inefficiency. An online study with 20 volunteers who participated earlier in at most
two experiments and had difficulties to reach BCI control, proved that CSPP, given its properties of
being local and low dimensional, can be successfully employed to construct subject-independent
classifiers and to be combined with supervised and unsupervised adaptation techniques, therefore
optimizing the co-adaptive design. Indeed, all users except for three could improve their previous
BCI performance resulting in a strong reduction of BCI inefficiency.
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Zusammenfassung

Ein Brain-Computer Interface (BCI) stellt einen Kommunikationskanal her zwischen einer Person
und einem elektronischen Gerät, wobei der Benutzer das Gerät alleine durch seine Gehirnsignale
steuern kann. Während BCI-Techniken erfolgreich für Anwendungen im Spiele- und Unter-
haltungsbereich genutzt werden können, bleibt als wichtigstes Ziel, mittels BCI den Alltag von
Menschen mit schweren neurologischen Beeinträchtigungen zu erleichtern. Das erfordert eine
hohe Verlässlichkeit des BCI Systems, um eine größere Akzeptanz von medizinischer Seite zu
erreichen. Tatsächlich gibt es einen nicht vernachlässigbaren Teil der Bevölkerung, für den BCI
Systeme nicht richtig funktionieren; Schätzungen gehen von etwa 25% aus. Dieses Phänomen
wird BCI Ineffizienz genannt, was sich auf das Unvermögen der BCI Systeme bezieht, erfolgreich
mit Gehirnsignalen in ihrer ganzen Bandbreite umzugehen.
Diese Arbeit ist der erste Versuch einen Überblick zu bauen, über die Ineffizienz von BCI

Systemen, die sich durch Elektroenzephalographie (EEG) auf dem sensomotorischen Rhythmus
(SMR) basieren, um sie besser zu verstehen und sich ihr entgegenzusetzen. Das Problem wird von
verschiedenen Blickpunkten analysiert, die jeweils einen neuen Einblick erlauben und in ihrer
Gänze zu einem neuen Algorithmus führen, der auf einem speziellen räumlichen Filter beruht
und dessen Effizienz in einer online-Studie abschließendend demonstriert wird.

Im ersten Teil dieser Dissertationwird eine groß angelegte Rasterungs-Studie vorgestellt, anhand
derer BCI-Benutzer in drei Kategorieren eingeteilt wurden um die Unterschiede in SMR-Aktivität
zwischen diesen Gruppen zu verstehen. Diese ersten Resultate erlauben eine zielorientierte Unter-
suchung der EEG-Daten mittels neuartiger Methoden des maschinellen Lernens und statistischer
Methoden, die im zweiten Teil im Fokus stehen. Die Analysen gehen auf die hohe Dimensionalität,
Komplexität und den Informationsgehalt der Daten ein, ebenso wie auf Fragen der praktischen
Umsetzung, wie Anzahl und Position der benötigten EEG-Kanäle. Diese Probleme, bilden ein
Dilemma, für das ein Kompromiss gefunden werden muss. Dieser muss abwägen zwischen der
Quantität der Information und der Empfindlichkeit gegenüber Overfitting von Common Spatial
Patterns (CSP), dem gängigsten Algorithmus für SMR-basierte BCI Systeme, basierend auf räum-
lichen Filtern. Im dritten Teil der Dissertation, wird ein Rückbezug hergestellt zu den vorherigen
Analysen, auf deren Basis ein neuer Algorithmus basierend auf räumlichen Filtern entwickelt wird:
Common Spatial Pattern Patches (CSPP), eine Erweiterung von CSP. CSPP hat die wertvolle Eigen-
schaft, robuster gegenüber Overfitting zu sein, was wir in Offline-Vergleichen mit CSP und seiner
aktuellen regularisierten Version rCSP zeigen konnten. Um dies weiter unter Beweis zu stellen,
wurde eine Online-Studie mit 20 Teilnehmern durchgeführt, welche zuvor Schwierigkeiten hatten,
ein BCI zu steuern. Diese Studie beweist, dass CSPP auf Grund seiner Eigenschaften der Lokalität
und niedrigen Dimensionalität auch geeignet ist, sich sehr erfolgreich mit neu-entwickelten online
Adaptions-Techniken kombinieren lässt, sowohl bei überwachtem als auch bei unüberwachten
Ansätzen. Tatsächlich konnten alle Benutzer bis auf drei ihre BCI-Performanz verbessern, was zu
einer starken Verringerung der BCI Ineffizienz führte.
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1 Preface

The discovery of the electroencephalography (EEG) by Hans Berger in the late 1920’s opened
the door to direct non-invasive observation of human brain activity. EEG soon became an im-
portant clinical tool for the diagnosis of several brain diseases and, especially after the advances
in computer technology, also an invaluable imaging technique in brain research fields such as
neuroscience and cognitive science. The increasing processing power of computers made possible
EEG real-time processing which gave rise in the late 1960’s to the idea of neurofeedback, a process
that visualizes moment-to-moment information about the brain activity giving in this way a
feedback and enabling the user to learn how to modify it in order to improve his/her cognitive
functions. Based on the same principle of neurofeedback, in the 1970’s Jacques J. Vidal conceived
the idea of making the computer "a genuine prosthetic extension of the brain" through a so called
Brain-Computer Interface (BCI), a tool which translates the EEG signal in a control command for
an external electronic device, establishing in this way a new communication pathway for abled and
disabled people. In practice, the EEG information is not just visualized as done in neurofeedback,
but coded, for example, in the direction in which a wheelchair should move. Since then, the BCI
research field has enjoyed a growing interest, counting to date at least 50 BCI research groups
worldwide.
In the earliest BCIs, an operant conditioning approach was used, where the users had to learn how
to modulate their brain activity in order to be able to control the BCI system. This approach, which
is still used in some important BCI groups, requires weeks or months of training. In themachine

learning approach, which, between others, is used in our group, the EEG is online processed by
machine learning algorithms that learn the user’s brain signal and interpret his/her intention. This
approach not just remarkably shortened the time required for the training, but also significantly
boosted the BCI performance, so that 100% of classification can be also obtained by one user at
his first BCI experience.
Still, BCI systems fail in correctly decoding the brain signals for one third of the healthy population,
phenomenon originally known under the name of BCI illiteracy, but that we recently renamed
with BCI inefficiency, in order to move the focus from a problem of the user to a problem of the
BCI system. The need to reduce the BCI inefficiency to a minimal percentage is urgent, given
that neurorehabilitation after stroke, neuroprosthesis and communication for amyotrophic lateral
sclerosis (ALS) patients are the most important motivations and long term goals for BCI research.
In fact, an early predictability of BCI failure cases would avoid long and frustrating BCI sessions
for many patients, who generally have more difficulties than healthy users to control a BCI.
Several types of BCI exist, depending on the recording technique, paradigm and neurophysiologi-
cal feature used, but all of them are affected by BCI inefficiency. Among the different recording
techniques, EEG is the most used, because it is non-invasive and easy to use, has a high time
resolution (necessary for a fast feedback) and moderate costs. Among the different types of BCIs,
exogenous BCIs, which rely on the activation of brain potentials by external stimuli, do not need
extensive user training, but just that the user concentrates on the stimulus. However, extensive
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1 Preface

user training is needed for endogenous BCIs, which are based on spontaneous generated brain
patterns by user’s intention. Therefore, the early recognition of BCI inefficiency cases is extremely
important for endogenous BCIs, so that subject-specific training and algorithms can be employed
from the beginning. The most successful endogenous BCIs is based on the voluntary modulation
of the sensorimotor rhythms (SMR) by motor imagery (MI). For this reason, when dealing with
BCI inefficiency, we decided to focus at first on EEG SMR-based BCIs.
This thesis presents part of the work I have done in these last five years in the Berlin BCI (BBCI)
group. Within one of the projects I was involved in, I had the opportunity to carry out about
40 SMR-BCI experiments with BCI untrained users. This study differed from previous studies,
not just in the large number of volunteers, but also in the type of users, because most of them
were not students, not familiar with EEG and with the concept of staying concentrated and sitting
for hours just to be a good subject, word that, from now on, I will try to avoid except for some
cases like, e.g., subject-dependent and subject-independent. Thanks to this experience, I had the
chance to personally realize how large the so called inter-subject and intra-subject variability is
and how many small details could still improve the BBCI system in order to facilitate the task
for all participants. As I studied biomedical engineering with special interest in biomedical data
analysis, my work has been then oriented to optimize the BCI system taking into account the
variability I saw in the SMR activity and trying to investigate, not just from the EEG analysis and
processing but also from the MI strategy and experimental instructions points of view, the BCI
inefficiency problem and to offer hypotheses and solutions. Thus, each work I published, addresses
a different topic and a different side of the problem.

1.1 Outline

In the following, a brief description is given of each chapter of the dissertation, excluding this short
Preface Chapter and the last Chapter containing the conclusions. The corresponding publications
are referred by a number and listed in the following section.
In Chapter 2 the fundamentals necessary to read the successive chapters are reported. It is not
intended to be a complete overview of BCI paradigms, recording techniques andmachine-learning
algorithms, but just the explanation of the main notions that are often used in the thesis, like, e.g.,
the existing EEG rhythms, the event-related desynchronization and synchronization (ERD/ERS),
phenomena on which the SMR-BCI is based, and the Common Spatial Patterns algorithm (CSP),
the spatial filter used for feature extraction in our SMR-BCI experiments.
Chapter 3 describes in detail the large screening study mentioned above, where 80 BCI naive
users (40 experiments were conducted at the University of Tübingen) were invited for one BCI
session. In these experiments, the machine-learning standard approach is used, where data of
MI from the user are collected in a calibration session and constitute the training set for the
machine learning algorithms before the feedback session can start. The categorization of BCI
users in three groups is then presented, together with several analyses directed to highlight the
differences in the SMR activity of the user groups which might lead to a poor BCI performance
for a significant portion of the participants (40%). This data set and the group categories are also
used in the successive chapters and will not be explained again. A publication about this chapter is

2
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in preparation ([10]). For completeness, two other publications written on these data are briefly
included, where I am co-author. In particular, the SMR-predictor developed in [14], is reported
for a better comprehension of the analyses that I did on the EEG at rest using the SMR-predictor
as tool in this and in Chapter 7. The second one is related to the analysis of the psychological tests
which accompanied the experiments ([23] in the list below). This Chapter can be considered also
as a good description of the classical BBCI experiment and an introduction for those students who
desire to learn how to conduct BCI experiments.
In Chapter 4, I investigate the hypothesis that some particular data sets of poor performing users
are not classifiable by CSP because of high-dimensionality or non-linearity. The tool for this
analysis is a novel machine-learning algorithm called Relevant Dimensionality Estimation (RDE),
which is applied here for the first time to EEG data, delivering new insights on the differences
among EEG data sets for the three user categories. Additionally, it is shown that RDE can be used
to detect artifact free trials in which the user had problem performing the motor imagery task.
This permits to prune the training trials obtaining more stable CSP filters. This work was published
in [1] and [2].
In Chapter 5 it is shown, by grand average analysis, that trials with higher prestimulus SMR level
are better classified and that this fact can not be attributed, as hypothesized, to a stronger ERD
in the contralateral hemisphere, but to the persistence of a higher SMR level over the ipsilateral
hemisphere. This work was published in [23].
Chapter 6 deals with the practical question of the optimal channel configuration for CSP. The
availability of a large data set made possible to answer this question in the most general way. In
fact, previous studies solved the problem on a single subject base, whereas our aim was to indicate
to the BCI community which channel set, and specially how many channels are necessary when
deciding which cap to buy or the experimental design of a new study. We answered this question by
statistical analyses. First, several channel sets were designed and the resulting offline performances
are statistically compared. This procedure was applied using different training set sizes and for
three subgroup of users. Second, a stepwise variable selection procedure is developed to solve the
problem. The results are in line with the ones about the data set dimensionality in Chapter 4 and
are used in the design of the experiment reported in the final part of the thesis. This work was
published in [4].
Chapter 7 presents a new spatial filter which is an extension of CSP, applied to small channel
sets and thus called CSP patches (CSPP). CSPP was inspired by the previous results, indicating
the need to keep the complexity of the problem low, especially when few training samples are
available or with poor BCI performing users. Indeed, an offline evaluation shows that CSPP
is more robust than CSP and its regularized version R-CSP, which can be considered the state
of the art. Moreover, CSPP was thought to improve the initial phase of the machine-learning

co-adaptive approach, a new experimental design that goes beyond the standard approach with
calibration and feedback sessions, starting the experiment directly with feedback and online adapt-
ing features and classifier to the user’s activity. Two studies conducted with themachine-learning

co-adaptive approach proved that it extremely helps users to reach BCI control. A third study
was carried out, employing CSPP with themachine-learning co-adaptive approach and with 20
volunteers who had previously difficulties in reaching BCI control. All users except for three
could improve their previous performance, so that a reduction of the BCI inefficiency to a small
percentage (6%) can be estimated. I partially contributed to the two co-adaptive studies, published
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in [10] and [11] but my own work regards the CSPP and has been published in [5], [7] and [9]
and two other less important abstracts. A paper about the CSPP online study is in preparation ([11]).
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2 Basics

In this Chapter, we introduce the general idea of Brain-Computer Interface (BCI) and describe
more in particular the type of Brain-Computer Interface on which this thesis is based. Then, the
tools commonly used through the dissertation are described and a list of used notations is provided.

2.1 Brain-Computer Interfaces (BCIs)

A Brain-Computer Interface (BCI), proposed for the first time in Vidal (1973), establishes an
alternative pathway between a person and a device translating the brain activity in a control
command for the device, i.e., decoding the human intention and bypassing the normal motor
pathways. For this reason, the first end-users for which BCIs are thought are motor impaired
patients, such as people suffering from Amiotrophic Lateral Sclerosis (ALS). On the left panel of
Fig. 2.1, a simple scheme of a BCI is presented: the brain signal is processed by the BCI and the
output signal is used to control an application. The resulting action (wheelchair moving or robotic
arm moving, or, as in the figure, a computer application) is called feedback, since it closes the BCI
loop and shows the user the results of his or her mental activity.

BCIEEG

Feedback 4mm
12mm

cortex

scalp

skull

ECoGEEG
micro arrays
intracranial

Figure 2.1: Left: general scheme of a BCI. Right: types of existing electrodes. Taken from the lecture
Acqusition and Analysis of Neural Data at the Bernstein Focus: Neurotechnology, permission obtained.

Here, we concentrate just on human BCIs. The given references are obviously not exhaustive, but I
tried to refer to the earliest publications or to the most prominent ones.
There are several types of BCIs and two most important classifications:

• Invasive, partially-invasive and non-invasive: they differ in the recording technology
used. The first ones make use of intracranial microarrays (see right panel of Fig. 2.1)
implanted in the gray mater and are applied in the neuroprosthesis field for restoration
of sight (Dobelle et al., 1974) and motor functions (Hochberg et al., 2006). The partially-
invasive BCIs employ electro-corticography (ECoG), which requires the implantation of
the electrodes between the cortex and the dura mater (see right panel of Fig. 2.1). They have
been mainly tested on epileptic patients (Leuthardt et al., 2004; Pistohl et al., 2008; Miller
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et al., 2010), on whom the electrodes had been previously implanted for clinical reasons,
but they represent an alternative (with proc and cons) to non-invasive BCI. Non-invasive
BCIs can be developed using electroencephalography (EEG), magnetoencephalography
(MEG), functional Magnetic Resonance Imaging (fMRI) and Near-Infrared Spectroscopy
(NIRS). The EEG-BCIs are widely investigated because of ease-of-use, portability, low costs
and temporal resolution; a recent exhaustive overview can be found in Devlaminck (2011).
MEG-BCIs (Mellinger et al., 2007) have a higher spatial resolution in comparison to EEG,
but are very expensive, non-portable and necessitate a shielded room. FMRI-BCIs have
a higher spatial resolution as well, but lower temporal resolution and high costs, so that
they are less used in BCIs research (Weiskopf et al., 2004; Yoo et al., 2004; Sitaram et al.,
2007; Lee et al., 2009) but much more in the neuroscience and neurofeedback fields or to
enhance the understanding of EEG phenomena (see, e.g., Ritter et al., 2009; Parkes et al.,
2006). NIRS has low temporal and spatial resolution, but it is portable. Being a very recent
brain imaging technique, research on its possible BCI applications just started (Coyle et al.,
2007; Ayaz et al., 2011).

• Exhogenous and endogenous: they differ in the type of induced brain response, which is
then used to control the BCI. Exogenous BCIs employ an external stimulus which evokes a
brain response called Event Related Potential (ERP) at a well-established time delay (phase-
locked response). The most common exogenous BCI is the P300 (Farwell and Donchin,
1988), based on the brain response in form of a positive peak in the EEG around 300 ms after
an infrequent visual stimulus. Recently, also P300-BCI with auditory (Schreuder et al., 2010;
Höhne et al., 2011) and tactile (Thurlings et al., 2012) stimuli have been investigated. Another
famous exogenous BCI is the Steady State Visual Evoked Potential (SSVEP) (Middendorf
et al., 2000), based on the reproduction in the EEG of the same flickering frequency of
an attended visual stimulus which the user is watching. Exogenous BCIs do not require
user training to work properly, but require constant concentration of the participant on the
stimulus. Moreover, the visual paradigms rely strongly also on eye movements (Treder and
Blankertz, 2010), so that they cannot really be considered as independent BCIs, which rely
just on brain signal. Endogenous BCIs need (in theory) no external stimulus and are based
on the self-regulation of the brain signal which is translated into the BCI control command.
Endogenous BCI systems include those based on the modulation of Sensorymotor Rythms
(SMR) (Wolpaw et al., 1991), also known as ERD-BCI (from event-related desynchronization,
see Section 2.3) or on Slow Cortical Potentials (SCPs) (Birbaumer et al., 1999; Hinterberger
et al., 2004). Both are derivations of biofeedback, or, more specifically, neurofeedback, and
require a period of user training.

In the last two years, research is concentrating on hybrid BCIs, which are composed of two different
types of BCIs (two technologies or one technology and two different brain responses), or at least
one BCI and another system, such as a heart rate detector or an eye-tracker. Some examples are
in Pfurtscheller et al. (2010) for SSVEP-ERD-BCI, in Yuan et al. (2010) for EEG-fMRI-BCI, in
Fazli et al. (2012) for EEG-NIRS-BCI, in Gernot R Müller-Putz (2011) and Leeb et al. (2011) for
combination of EEG and EMG (electromyogram) and in Pascual et al. (2011) for combination of
EEG and FES (functional electrical stimulation).
Also, the idea of passive BCIs has been recently introduced (Zander and Kothe, 2011) to indicate
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a new generation of BCIs for mental monitoring, where, i.e., a mental state can be detected in
realtime by the BCI, but is not translated to an output control signal.
Non-invasive BCI applications for medical and non-medical use have been extensively explored in
the last years and new applications are emerging. Among the most important ones we can mention
communication by spelling devices (Farwell and Donchin, 1988; Birbaumer et al., 1999; Blankertz
et al., 2007b; Schreuder et al., 2010; Treder and Blankertz, 2010), motor funtion restoration and
rehabilitation after stroke (Kaiser et al., 2011; Mattia et al., 2013) and weehlchair control (Leeb
et al., 2007; Galán et al., 2008; Rebsamen et al., 2010). For a review on the use of BCI with assistive
technologies see (Millán et al., 2010). For non-medical applications see (Blankertz et al., 2010c).

2.2 Electroencephalography

The electroencephalography signal (EEG) is measured by electrodes placed at specific locations
(as visualized in Fig. 2.2) according to the international 10-20 system (Klem et al., 1999). Gel
should be put between the electrode and the scalp in order to reduce the impedance of the signal
transmission. The amplitude of the signal measured by the electrode goes through amplifiers and
is visualized with an amplitude between 10 µV and 100 µV. It has a very high time resolution (in
the millisecond range) but low spatial resolution, limited by the volume-conduction problem (see
also below) and the electrode positions, which, if too close, can be connected by the gel (bridge
circuit) and record the same signal. Artifacts are also a problem, but not more than for other
imaging techniques.

T

m
otor

sensory

O

P F

Figure 2.2: Left: schematic of motor areas. F is frontal, P is parietal, O is occipital and T temporal. Right:
electrode montage. Same letter and color convention. Taken from the lecture Acqusition and Analysis of

Neural Data at the Bernstein Focus: Neurotechnology, with permission.

2.2.1 EEG signal generation

The EEG measures the brain electrical activity arised from cortical neurons, also called nerve cells,
which consist of a soma, an axon, the axon terminals and the dendrites. High concentrations
of potassium (K+) and chloride (C−) inside the cells, and of sodium (Na+) and calcium (Ca2+)
outside the cells, cause a voltage difference of about -75 mV across the cell membrane (Hodgkin
and Katz, 1949). When the distribution of the positive charges changes because of electrical or
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chemical stimuli arriving to the dendrites from another cell, an action potential might be triggered.
The action potential propagates through the axon and is transmitted to the next neuron by the
axon terminals (Bullock, 1977). Excitatory synapses cause a flow of positive charges into the next
cells inducing then an excitatory postsynaptic potential (EPSP), whereas inhibitory synapses cause
a flow of positive charges into the presynaptic cell inducing an inhibitory postsynaptic potential
(IPSP) (Shepherd, 2004). While the action potential lasts less than two microseconds, EPSP and
IPSP last tens of milliseconds, allowing a temporal and spatial summation. For this reason, EPSP
and IPSP are the main source of EEG (Nunez, 2006). In particular, the strongest contribution to
EEG comes from the sum of extracellular potentials of the pyramidal neurons oriented orthogonal
to the measuring location, since their axons are projected to deeper laminae and their dendrites
are closer to the cortical surface (or the other way around). The electrical field changes sign with
increasing distance from the source (dendrites), so an EPSP produces a negative potential close to
the scalp, which will be measured as positive by the electrode. In the same way, an IPSP will be
measured as negative potential on the scalp. The transmission from cell to scalp of the brain signal
is depicted on the left panel of Fig. 2.3. A region of similarly oriented pyramidal neurons forms
then a dipole. On the right of Fig. 2.3, six cortical EEG sources with their corresponding dipoles are
schematically presented. The four dipoles orthogonal to the scalp generate a scalp voltage field also
illustrated with top and back views, each with a different distribution. Dipoles oriented parallel to
the scalp are not well detected by EEG because their voltage maxima are projected far away on the
scalp. In fact, the electrical activity is transmitted to the scalp through brain, dura, skull and skin
tissue, a phenomenon called volume conduction, so that weak potentials are not detected by the
EEG at all. It has been estimated that a combined synchronous electrical activity in a cortical area
of minimum six cm2 is necessary to create visible EEG (Cooper et al., 1965; Olejniczak, 2006).

Figure 2.3: Left: neural recording (from Cognitive Neuroscience Lecture, Steven L. Bressler, permission
obtained). Right: Schematic of a brain coronal cross-section illustrating four representative cortical EEG
sources, taken from Ebersole (2003) permission obtained.
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2.2.2 EEG rhythms

The EEG is characterised by regularly repeated waveforms, which allow to distinguish specific
rhythms in the EEG activity. The brain structures involved in the generation of the EEG signals are
the thalamus and the cerebral cortex, together with the brainstem core, hypothalamus and basal
forebrain, which act as modulators. The sinusoidal fluctuations of the EEG are caused by both
intrinsic oscillatory properties of some relay nuclei and the complex neural network functioning
(see Steriade, 2001, for a review).
The oscillating frequencies are usually divided in specific bands depending on the associated
functional behaviour. Actually, each observed phenomenon falls in always variable frequency
intervals, so no fixed range can be set and the band names are just useful as nomenclature. In the
following, the commonly known EEG waves are described.

SpindleWaves

Spindle waves are oscillations between 7-14Hz appearing during falling asleep or under barbiturates.
They are generated in the thalamic network by an interplay between thalamo-cortical (TC) neurons,
which projects the bursts to the cortex and are excitatory and thalamic reticular (RE) neurons,
which project input to TC neurons and are inhibitory (Lopes da Silva, 1991). A schematical
representation of the thalamic network is presented in Fig. 2.4. TC neurons exhibit 2 working
modes: 1) when hyperpolarized, they have an atipical behaviour, because instead of becoming
inhibited, they depolirize and produce rhythmic bursts at 10 Hz, 2) when depolarized, they behave
as relay cells, producing single spikes at 6 Hz (Lopes da Silva, 1991). Sleep spindles are generated
by long lasting IPSPs generated rhythmically (7-14 Hz) by RE neurons and directed to TC neurons
(Steriade et al., 1993). The IPSPs coming from RE, induce the potential rebound in the TC (first
mode), which project the bursts back to the RE neurons, facilitating their oscillations, and to the
cortex, where the induced EPSPs in the pyramidal neurons can be seen as EEG spindle waves
(Steriade et al., 1993).
During arousal, the release of neurotransmitters from the brainstem, hypothalamus, basal forebrain
and cerebral cortex depolarize RE and TC neurons, the last entering the relay mode and emitting
precise single spikes after receiving sensory inputs (McCormick and Bal, 1997).

Alpha waves

Alphawaves are oscillations in the frequency range 8-13Hz appearing duringwakefulness and relax-
ation with eyes open, as well as by drowsiness or sleep (Niedermeyer, 2005). They are the strongest
visible rhythms and can be measured especially in the occipital, parietal and posterior temporal
regions. They decrease in amplitude or completely disappear with eyes open, phenomenon known
as the Berger effect from the name of Hans Berger who noticed it for the first time in the late 1920s
(Berger, 1930). Since they are most visible in the visual cortex and are modulated by visual inputs,
they are also called visual alpha, but a part from parietal and occipital brain regions, they also
occur in frontal and temporal areas, depending on the associated functional task.
The origin and functionality of alpha rhythms have been investigated since their discovery and
are still under debate. In fact, while spindles originate in the thalamic network which is easy to
model (see for example Destexhe et al., 1994), the cortical cells are very differentiated and even
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Figure 2.4: Scheme of thalamic neural networks implicated in coherent oscillations (Taken from Bucci and
Galderisi (2011)). Re-print permission to be obtained.

the same cell can behave differently under diverse conditions (Steriade, 2001), so that cortical
networks result difficult to model and their rhythms cannot be completely understood (Steriade
et al., 1993). Nevertheless, some general concepts about alpha rhythm have been confirmed by
several studies, especially by Lopes da Silva in the 1970’s (Lopes da Silva et al., 1973a,b; Lopes da
Silva and Storm van Leeuwen, 1977; Lopes da Silva et al., 1980) who suggested that alpha rhythms
can originate in different cortical areas. In vivo, (Bollimunta et al., 2008) confirmed that the alpha
rhythm has multiple local cortical generators with a primary local pacemaker at the level of layer V.
Moreover, in Rotterdam et al. (1982) it has been shown, by a model of simplified chain of cortical
neurons with similar basic features of TC neurons, that alpha waves can propagate much better
than rhythmic components outside the alpha band which are much stronger damped along the
network.
In early research, alpha rhythms were assumed to reflect the idling state of the brain (Adrian
and Matthews, 1934) and to indicate the resting state of cortical regions where no information is
processed (Pfurtscheller et al., 1996a). More recent studies suggested that alpha rhytms reflect an
active inhibition of task irrelevant brain areas (Jensen et al., 2002; Cooper et al., 2003), since alpha
amplitudes exhibit not just a suppression in task relevant brain regions, but at the same time an
enhancement in the not involved areas. Functional studies correlated the alpha amplitude to many
kinds of mental states, cognitive and sensory processing tasks including conciousness, attention,
expectancy, perception and performance (see Shaw, 2003, for a comprehensive review).
In general, it can be assumed that alpha is suppressed by processing of incoming stimuli which re-
quire external attention such as visual (Pfurtscheller et al., 1994), auditory (Lehtelä et al., 1997) and
semantic (Klimesch, 1997b), but is enhanced during mental tasks which require internal attention,
such as mental arithmetic and visual imagery (Ray and Cole, 1985; Hari and Salmelin, 1997; Cooper
et al., 2006), short- and long-term memory task (Jensen et al., 2002; Klimesch, 1997a, 1999b) and
working memory task (Sauseng et al., 2005). A further division is between lower (8-10 Hz) and

12



2.2 Electroencephalography

upper alpha band (10-13 Hz). A suppression in the lower alpha band is topographically widespread
over the entire scalp (Klimesch et al., 2007) and is probably related to expectancy, since it occurs
in the moment after a warning cue and before the stimulus income (Klimesch, 1999a), while the
upper alpha band is topographically more restricted to the stimulus processing brain regions and
occurs during the stimulus processing itself (Klimesch et al., 2007). Furthermore alpha amplitude
suppression and enhancement are augmented by task demand (Palva et al., 2005; Cooper et al.,
2003; Fink et al., 2005). Frequency ranges and topographic distribution of alpha behaviours change
depending on the task and even on the participant and the age, thus subject-dependent alpha
ranges are suggested to be used (Klimesch, 1999a).
Alpha oscillations over the temporal auditory cortex are sometimes treated separately and called
tau-waves. They are more visible by MEG than EEG. They are suppressed by auditory stimulation
and are higher during drowsiness (Tiihonen et al., 1991; Lehtelä et al., 1997).

Mu-waves or sensorimotor rhythm (SMR)

The sensorimotor rhythm is an EEG oscillation appearing in the frequency range 8-13 Hz over the
sensorimotor cortex in absence of motor activity. Discovered by Gastaut, it is also called µ-rhythm
from its shape in the EEG with sharp peaks which remind the greek letter µ (Kropotov, 2009)
and Rolandic α-rhythm (Gastaut, 1952) because it is observed over the rolandic fessure. In fact, a
second peak usually appears over the sensorimotor cortex in the doubled frequency, i.e. in the
β range (14-24 Hz). This second peak is much more evident in the MEG recordings (Tiihonen
et al., 1989), so that β-rhythm can also be referred as Rolandic β-rhythm and the µ-rhythm can be
considered to involve µ-alpha and µ-beta. The SMR oscillations are thought to originate in the
somatosensory relay nuclei of the thalamus, known as the Ventrobasal (VB) nucleic (Sterman,
1996) in a similar way as the visual alpha. Despite the overlapping of the frequency band with
the visual alpha described in the previous section, the SMR has been distinguished from the very
beginning because of different functionality and topography. Other well established differences
with the alpha rhythm are that the frequency of the µ-rhythm is tipically a bit higher, the amplitude
is smaller and it does not show symmetry or coherency between the two hemispheres (Storm van
Leeuwen et al., 1978). These findings demonstrate that µ and α rhythms have different origins,
which is also confirmed by a recent EEG-fMRI study, where fMRI activity in the α frequency band
showed significant correlation with EEG activity in the primary somatosensory cortex (Ritter et al.,
2009) as well as by previous MEG studies (Salmelin et al., 1995; Cheyne et al., 2003).
The µ-rhythm it is minimally affected by visual stimulation (Kuhlman, 1978) and it is suppressed
during motor execution (Jasper and Penfield, 1949; Pfurtscheller, 1979), motor imagination (Schnit-
zler et al., 1997; Pineda et al., 2000), motor observation (Cochin et al., 1998; Pineda et al., 2000)
and somatosensory stimulation (Nikouline et al., 2000). Indeed, it can be seen as the α-rhythm
responsible for the motor functions. The difference in the origin between Rolandic α and β has
recently attracted more attention (Ritter et al., 2009; Jones et al., 2009; Yuan et al., 2010) and it
seems that Rolandic α is associated to the somatosensory areas, whereas Rolandic β is associated
to the motor cortex (see Fig. 2.2).
A µ-related rhythm can be considered also the so called beta rebound (Salmelin and Hari, 1994;
Pfurtscheller et al., 1996b). The beta-rebound phenomenon is observed about one second after
the end of the movement (Pfurtscheller et al., 1996b) or motor imagery (Pfurtscheller and Lopes
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da Silva, 1999) periods, following a somatotopic organization (Salmelin et al., 1995; Neuper and
Pfurtscheller, 1996). Despite its name, post-movement beta rebound has been reported in both
single and multiple frequency bands (Pfurtscheller and Lopes da Silva, 1999), depending on the
subject and the limb used (see Pfurtscheller et al., 2005) and has its source in the motor cortex
(Salmelin and Hari, 1994), which is compatible with the assumed generating region of the SMR.

Other EEG rhythms

Beta-rhythms have also been associated to active, busy or anxious thinking and active concen-
tration (Ray and Cole, 1985). Gamma waves (30-100 Hz) enjoy an increasing interest also in BCI
(Grosse-Wentrup et al., 2011) but more in neuroscience related fields (Jokeit and Makeig, 1994;
Gonzalez Andino et al., 2005). Gamma-rhythms are thought to represent binding of different
populations of neurons together into a network for the purpose of carrying out a certain cognitive
or motor function. Indeed, they have been associated to consciousness (Vanderwolf, 2000) and
visual attention (Singer and Gray, 1995) but many contradictory studies have been carried out,
which prevent from formulating an unified hypothesis. Other brain waves are the δ (up to 4 Hz)
and the θ (4-7 Hz) waves.

In Fig. 2.5, an idealized spectrum of the EEG at rest is depicted, with the known frequency
rhythm in delta, theta, alpha, beta and gamma. A peak at 50 Hz describes the noise produced by
the EEG instrumentation. See also next Section for more details.
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Figure 2.5: Idealized EEG spectrum with its rhythmic components. A peak at 50 Hz indicates the noise
produced by the power line. Taken from the lecture Acqusition and Analysis of Neural Data at the Bernstein
Focus: Neurotechnology, permission obtained.

2.3 Sensorimotor based Brain-Computer Interfaces (SMR-based
BCIs)

SMR-based BCIs make use of the voluntary modulation of the µ-rhythm in the α, β, or both
frequency bands during motor imagery. The power spectrum density (PSD) of EEG at rest exhibits
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a characteristic 1/ f shape (where f is the frequency), and typically one, two or more peaks around
10 Hz, 20 Hz and 30 Hz, where the peak at 10 Hz is more dominant, as explained in Section 2.2.2
and depicted in Fig. 2.5. During the imagination of the left hand movement, the cortical networks
under the sensorimotor cortex in the right hemisphere, i.e. around the electrode C4, desynchronize,
resulting in the suppression of the peaks in this area and allowing, by proper EEG processing,
to discriminate in the EEG the periods when the motor imagery is performed from the rest
periods or from the periods when the imagination of other limbs is performed. The somatotopic
organization of the brain is shown in Fig. 2.6. The motor area responsible for the right hand is
the left sensorimotor hemisphere, around the electrode C3. The motor area responsible for the
foot (left, right or both feet) imagination is in the middle, under electrode Cz. Due to the medial
longitudinal fissure separating the two hemispheres, the area of the scalp responsible for the foot
is very precise, but the foot imagination can result in a desynchronization or, most of times, in a
synchronization in the EEG.

Figure 2.6: Somatotopic organization of the brain. On the left is the motor cortex, located in the precentral
gyrus (i.e., anterior to the central sulcus). On the right is the somatic sensory cortex, located in the
post-central gyrus (i.e., posterior to the central sulcus). Taken from (Krepki, 2004).

In Fig. 2.7, the basic principles of the SMR-based BCIs functioning are presented. The first two
plots are the logarithmic of the power spectrum calculated in the Laplacian (see 2.4.2) derivation
of the channels C3 and C4. In green, the average across periods of right hand imagination, in pink,
the average across period of left hand imagination is shown. The µ-rhythm suppression happens
in a subject-specific reactive frequency, marked in gray. By band-pass filtering the EEG signals in
this frequency band and averaging across periods corresponding to the same limb imagination,
the filtered EEG can be visualized in the time domain as shown in the third and fourth plot of
Fig. 2.7, showing the so called event-related desynchronization and synchronization (ERD/ERS),
discovered by Pfurtscheller and Lopes da Silva. It can be observed that, not only the EEG ampli-
tude over the task-related electrode decreases (ERD), but at the same time the EEG amplitude
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over the non-task related electrode increases (ERS). ERD/ERS phenomena have been extensively
investigated in numerous studies (see, e.g., Pfurtscheller, 1992; Neuper and Pfurtscheller, 1999;
Pfurtscheller et al., 2000; Pfurtscheller, 2001; Neuper and Pfurtscheller, 2001b; Neuper et al., 2009).
The ERD/ERS curves have been smoothed by a window of 200 ms. It should be noted, that the
data used are from a user at his first BCI session without feedback, so that the ERD is not really
exemplary.
If the difference between the two tasks is strong enough, the imagined movement can be detected
also from a single time interval, i.e. on trial base. This allows a BCI to classify the EEG signal in
each moment and use the classification output to control the BCI.
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Figure 2.7: Basic principles of event-related desynchronization/synchronization (ERD/ERS) phenomenon.
On the first two plots, the power spectrum in the electrodes C3 and C4 is depicted. On the second two plots,
the band-pas filtered and smoothed EEG signal for the same two electrodes is depicted. ERD is visible in
C4 during left hand motor imagery and in C3 during right hand motor imagery.

There are two main approaches to operate a SMR-based BCI: the classical operant condition-
ing and themachine-learning approach. Both are based on the research previously done in the
operant-conditioning and neurofeedback fields. Operant-conditioning (Skinner, 1945) is the type
of behavioral learning which takes place as a consequence of a feedback on his own actions. A
certain behavior is, indeed, reinforced by a positive feedback. In neurofeedback (Kamiya, 1969),
the EEG (or fMRI) activity (typically information on some EEG rhythm) is illustrated and showed
to the user, whose task is to change the amplitude seen on the screen. Neurofeedback is used as
therapy to treat Attention Deficit Hyperactivity Disorder (ADHD) and researchers investigate its
use in other clinical applications. Sterman et al. was the first to propose neurofeedback with SMR.
The classical BCI operant conditioning approach (Birbaumer, 1999), translates the EEG signals in a
signal control for a BCI, for example, to the direction in which a cursor moves on the screen. In
this way, the user has to learn how to modulate his or her SMR activity depending on the feedback
application result. User training for this kind of BCI can take months, and not all users at the end
achieve a sufficient BCI control.
In the BCImachine-learning approach (Blankertz et al., 2002), sophisticated algorithms are imple-
mented for the online processing of the EEG signal. These algorithms learn the subject-specific
brain activity, so that the machine adapts to the user. In the standard machine-learning approach,
the user performs the task without receiving a feedback during the so called calibration session,
which takes about 20 min. The calibration session is needed to collect data from the user. After-
wards, the machine-learning training of the algorithms is carried out, which will be used for the
EEG online processing in the feedback session. In this way, most of users obtain a sufficient BCI
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control already in the first session (Blankertz et al., 2008b).
In this thesis, a third new approach called co-adaptive calibration (Vidaurre et al., 2011c) is also
described in Chapter 7. This third approach allows to give a feedback to the user from the be-
ginning of the experiment while the algorithms are online adapted. In this way, a co-adaptative
calibration happens in the first part of the experiment between the user and the machine until the
real feedback session starts.
The criterion threshold for binary applications has been established in (Kübler et al., 2004) and
is 70% of correct classification. Above this threshold, the user has the feeling that the feedback
application is really controlled by his or her mind.

2.4 Basic Signal Processing Tools

In this section an overview of the standard tools used within this thesis is given. This is meant to
facilitate a fluent reading of the dissertation. For more detailed description of the methods, we
refer to Blankertz et al. (2008c); Lemm et al. (2011); Lotte and Guan (2011).

Artifact Rejection

In this thesis, we always first remove the channels with impedance above 50 Ω. Afterwards,
a simple variance-based artifact rejection is applied to reject trials and channels with evident
amplitude abnormalities in the time interval between 500 milliseconds and 4500 milliseconds
after the presentation of the visual stimulus. In particular, each trial is rejected with a standard
deviation higher than twice the mean overall standard deviation and the procedure is iterated
until no more trials are rejected.

2.4.1 Subject-specific parameter selection

The subject-specific parameters to select are the reactive frequency band and the time interval
where the ERD is most pronounced. This is done by an automatic procedure described in Blankertz
et al. (2008c).
For the selection of the frequency band, the spectrum is calculated in the frequency range 5-35 Hz,
of the Laplacian derivation of the channels in the motor areas (peripheral channels are thus left
out, as far as not specified) and averaged across trials of the same class. Afterwards, the signed
r2−value, which measures of the discrimination between the two classes, is calculated for each
channel and each frequency bin and smoothed by a 3 Hz long window. Briefly, the frequency bin is
chosen by heuristic, with the highest r2−value (across channels), and the lower and upper bound
of the frequency band are iteratively enlarged until frequency bins are found, with r2−value not
lower than 1/3 of the initial highest r2−value.
A similar procedure is applied for the selection of the time interval where the band-pass filtered
and smoothed signals are most discriminated. In this case, the r2−values are calculated for each
time point and each channel.
Typically, the data are first band-pass filtered in a large band (8-32 Hz) then the time interval
selection is applied. The data are then segmented using the selected time interval before applying
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the frequency band selection. Finally, the time interval selection is applied again with the data
filtered in the reactive frequency band.
This parameters might bemanually selected visually by exploring the power spectrum and the ERD
depicted as in Fig. 2.7. During the experiments, we apply a semi-automatic selection. This means
that we apply the heuristic selection and visually check that wrong parameters were not selected.
One case would be, for example, that the late time interval corresponding to a beta rebound
is selected. Especially in case of few training trials, or when the classes are not discriminable
consecutively for some frequency bins, the selection might fail choosing narrow time intervals
and frequency bands. In this case a good strategy is to force the choice of one of the two intervals.
For offline analysis of the data, we usually employ the parameters selected during the experiment.

2.4.2 Spatial filtering

EEG data can be modeled as the sum of the linear contributions of K sources s(t) located in the
brain:

x(t) = As(t) + n(t) (2.1)

where x(t) ∈ RN is the signal of N EEG electrodes recorded at time t and the matrix A ∈ RM×K

models the mixing of the sources due to volume conduction. Contributions not captured by A
are considered as noise n(t) typically assumed to be Gaussian distributed. Eq 2.1 being a forward
model, each column of the matrix Amodel the propagation of one source to the scalp potential
and is called a spatial pattern.
Since the EEG data x(t) are known, a backward model is needed, to estimate the EEG sources:

ŝ(t) =W⊺x(t) (2.2)

A row vector w⊺ of the matrixW⊺ weights the EEG signal of each electrode to extract information
about the true source s(t), thus extracting the signal of interest, and is called spatial filter. Unsuper-
vised spatial filters calculateW⊺ without the use of the class information and are commonly used
to denoise the data or extract specific components. Well known examples in clinical application
are the Laplacian, Local Average Reference, Common Average Reference, Bipolar filters. On the
machine-learning side, PCA and ICA (Hyvärinen et al., 2001) have been successfully applied on
EEG signals.
Supervised spatial filters employ the information about the class from which the data come from.
Here, we describe the spatial filters used in this thesis, namely the Laplacian filter and the Common
Spatial Patterns (CSP) algorithm.

Laplacian derivation (LAP)

A Laplacian derivation (see McFarland et al. (1997)) of one channel is calculated subtracting
the activity of M surrounding channels weighted by 1/M from the activity of the channel itself.
Therefore, the Laplacian derivation weights all involved channels always in the same way, without
considering the class labels. It then resultsW = [1,−1/M , ...,−1/M] and the new spatially filtered
data are ŝ(t) = x0(t) − 1/M∑M

c=1 xc(t).
Clearly, this simple filter is not used to recover the brain sources, but mainly to eliminate back-
ground noise which is supposed to be present in all involved channels.
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Common Spatial Patterns (CSP)

Common Spatial Patterns (CSP) (Ramoser et al., 2000) is a discriminative algorithm which
determines the spatial filtersW from band-pass filtered EEG data such that the difference between
the variances of the filtered data for the two classes is maximized.
This is done by a simultaneous diagonalization of the estimated covariance matrices Σ1 = X1X⊺1
and Σ2 = X2X⊺2 of the data for the two classes:

W⊺Σ1W = Λ1 (2.3)
W⊺Σ2W = Λ2, (2.4)

s.t. Λ1 + Λ2 = I (2.5)

where Λ1 and Λ2 are diagonal matrices and each λ on the diagonal corresponds to an eigenvector
w⊺. In this way, the eigenvectors are the same for both decompositions and the same eigenvector,
i.e. a spatial filter, corresponds to a large eigenvalue for one class and to a small eigenvalue for
the other class. Since eigenvectors with large eigenvalues correspond to a large variance of the
data, spatial filters with extreme eigenvalues maximize the difference in the variances for the two
classes.
The sum of the formulas in Eq. 2.5 forms the generalized eigenvalue problem:

Σ2W = (Σ1 + Σ2)WΛ (2.6)

Choosing D filters corresponding to extreme eigenvalues (either close to 1 or close to 0) the filtered
data ŝ(t) =W⊺DX will have smaller dimensionality D < N and the two classes will be maximally
separated by their variance.
A CSP feature, is the log-variance of the band-pass and CSP filtered data.
Two ways are employed in this thesis to choose the number of filters to use: 1) Three filters per
class, for a total of 6 filters 2) Heuristic for the selection of an optimal number of filters, up to six.
The filter selection can be done either depending on the eigenvalues or by other scores which
measure the discriminability between the data of the two classes: Area Under the Receiver Oper-
ating Characteristic (ROC) curve, indicated as AUC, the Fisher correlation coefficient and the
ratio-of-medians. This last one is defined as:

rms j =
m j,2

m j,2 +m j,1
(2.7)

wherem j,1 andm j,2 are themedians of the j−th CSP feature across all trials belonging to class 1 and
2 respectively. A score rms j close to one indicates that the corresponding feature maximizes the
variance for class 2 while a score close to zero indicates that the corresponding feature maximizes
the variance for class 1. Choosing the features with an extreme score implies that the CSP feature
of the two classes will be maximally separated. This ratio-of-medians score has been suggested
in the CSP review (Blankertz et al., 2008c) as being more robust with respect to outliers than the
classical eigenvalue score.

Regularized Common Spatial Patterns (R-CSP)

R-CSP, is the application of CSP on regularized covariance matrices. It has been proven to be very
effective for small sample sizes (Lu et al., 2010), where the sample class covariance matrices Σ1 and
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Σ2 in Eq. 2.6 tend to be wrongly estimated (Friedman, 1989). The regularization is carried out by
shrinkage, by biasing the covariance matrix toward a multiple of an identity matrix (Ledoit and
Wolf, 2004). In Chapter 7, the R-CSP filters are used following Lu et al. (2009) and Lu et al. (2010)
for the specific problem setting. In particular, a simplified version of the R-CSP is applied, which
involves just one regularization parameter instead of two. In practice, Σc with c = 1, 2 in Eq. 2.6 is
replaced by

Σ̃c(γ) = (1 − γ)Σc + γνI (2.8)

where γє[0, 1] is the regularization parameter and ν is the average eigenvalue of Σc . An optimal γ
is automatically calculated as in Ledoit and Wolf (2004).
The same filter selection as for CSP can be then applied.

2.4.3 List of Abbreviations

• AOC: Area Over the ROC curve
• AUC: Area Under the ROC curve
• BP: Band Power (logarithmic of the variance of the band-pass filtered data)
• CSP: Common Spatial Patterns
• CV: cross-validation
• LDA: Linear Discriminant Analysis
• LOO-CV: Leave-One-Out Cross-Validation
• ME: Motor Execution
• MI: Motor Imagery
• MO: Motor Observation
• PSD: Power Spectal Density (power spectrum)
• RLDA: Regularized Linear Discriminant Analysis
• ROC: Receiver Operating Characteristic
• SMR: Sensorimotor Rhythms
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The Berlin Brain-Computer Interface (BBCI) approach contributed to a big progress to the SMR-
BCI field, reducing the training time, i.e. the calibration session, to about 30 minutes (Blankertz
et al., 2007a, 2008b) and boosting the classification performance (Blankertz et al., 2010b). Still, a
not negligible number of users who exhibited poor performance was reported in each study. The
percentage of these users is in general established to be 10-50% of potential BCI users (Guger et al.,
2003), also for other kinds of BCI (Kübler et al., 2004; Nijboer et al., 2008; Guger et al., 2009). In
particular, across different modalities (ERD/ERS, SSVEP, ERP), it has been reported that about
20% of users are not able to gain BCI control, while another 30% obtain just poor control (Nijholt
et al., 2008; Kübler et al., 2006). In general, the percentage of successful users is higher for P300
and SSVEP experiments, especially at the very first session (Guger et al., 2009).
Nevertheless, few tentatives have been done to find out the causes influencing the learning process
of the BCI control in a neurofeedback paradigm and what can predict it. Not just neurophysio-
logical causes, but also psychological ones might result useful to understand the problem. Once
the causes are found, research can put more effort in finding the solutions, either from the al-
gorithm side or from the subject-training side, i.e. adopting subject-specific training. An early
understanding of the user BCI capability, i.e. a prediction of his performance, would allow to
start directly with the correct training. Being able to assess in advance that the user is not a good
candidate to achieve a stable good performance, would at least avoid frustrating BCI sessions.
More importantly, each user might be suitable for a different BCI paradigm, and the possibility to
predict this preference is essential, especially for not healthy users.
So far, several psychological studies used questionnaires to assess individual characteristics. In
Daum et al. (1993) it has been shown that memory span and attention were correlated to the
regulation of slow cortical potentials (SCP) in a sample of patients with epilepsy. Holzapfel (1998)
replicated these results partially: memory span, personality factors and "dealing with stressful
situations" predicted best the BCI performance. Neumann and Birbaumer (2003) showed that
the initial performance could predict future performance in a BCI based on SCP in a sample of
five severely paralysed patients. These results were replicated by Kübler et al. (2004). Nijboer et al.
(2008) correlated mood and motivation with SMR-BCI performance in a sample of 16 healthy
participants. Burde and Blankertz (2006) reported a significant correlation between the SMR-BCI
feedback performance and "locus of control by dealing with technology". Participants who felt
confident with controlling a technical device performed better in the SMR-BCI.
Unfortunately, all these studies presented at the most 20 users, so that proper statistical analyses
were not possible. In fact, just a large scale study allow to cover the wide range of BCI potential users
and to do a demographic investigation in a systematic way. So far, three studies were conducted on
a large population of BCI novices, but all of them were conducted during BCI exhibitions, where
the experimental conditions are noisy and not well controlled and the experiment should be fast.
In Guger et al. (2003), results on SMR-based experiments with 99 users have been reported, but no
insight is given by further analysis of the inter-subject variability, about the causes of a poor perfor-
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mance. Neither questionnaires have been conducted, to correlate the performance with individual
characteristics. The same authors repeated the study with a P300-based BCI and 100 users (Guger
et al., 2009), using questionnaires about age, sex, education, sleep duration, working duration,
cigarette consumption, coffee consumption, and level of disturbance that the flashing characters
produced. They found that users who slept less than 8 h performed significantly better than the
rest, but again, no further analysis was done on the data. In Allison et al. (2010), a study with 106
subjects who participated in a SSVEP experiment during CeBIT 2008 was reported. Pre- and
post-questionnaires were used to screen the users. Results stated that female and relatively young
users had better performance, but no significancy was found with any of the 7 pre-experiment
and 6 post-experiment questions. A closer look to the data reveals that there were just 25 female
against 81 male participants. Again, just questionnaires and performance results were reported,
and no deeper EEG data analysis was reported based on the inter-subject variability.
With the aim to investigate the causes of BCI inefficiency for SMR-based BCIs from both psycho-
logical and data analysis point of view and to understand how to deal with this problem, a study
with 80 users was planned in collaboration with the University of Tübingen. In particular, the
study was a controlled screening study, where the design of the BCI experiment was the classical
BBCI one, with calibration and feedback sessions (see, e.g. Blankertz et al., 2002). Moreover a full
electrode configuration (128 channels) was used, so that data are available also for deeper inves-
tigation for non-stationarities and cognitive processes. Additionally, motor imagery (MI) runs
were accompanied by motor observation (MO) and motor execution (ME) runs for comparison.
Finally, a wide range of psychological tests was carried out, prior, during and after the BCI session.
In the first section of this chapter, the entire study is described in detail. In Section 3.2, a catego-
rization of BCI users is presented, which is very useful in dealing with the large variability and
number of data sets. In Section 3.3, grand average results of standard EEG data analysis are shown,
with a deep analysis on the SMR changes observable depending on the task (MO, ME and MI,
for the three limb movement combinations). The offline and online performances for each run
are reported and analysed as well. In Section 3.4, the SMR-predictor (Blankertz et al., 2010a) is
presented, which makes use of a model of the EEG spectrum at rest to predict how good a user can
modulate his SMR. An analysis by user categories using the EEG model and the SMR-predictor
follows. Finally, the results on the psychological tests are briefly reported.
The data set will be used also in some of the following chapters for further advanced analysis and
to evaluate new developed methods. The user categorization and the SMR-predictor concepts are
used in the following chapters as well.

3.1 Experimental Setup

Each volunteer participated to one day psychological test session and one day BCI session, during
which short psychological tests were carried out as well. A distance in time no longer than 7 days
was allowed between the two sessions.

3.1.1 Participants

A total of 80 healthy BCI-novices took part in the study: 39 men, 41 female, mean age was 29.9
(std=±11.5y), age range was 17-65, 4 of them were left-handed. Participants were required to have
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full contractual capability, no neurological disease, e.g., epilepsy and to be German native speakers
(since a series of psychological tests in German had to be accomplished). Each of them gave
informed consent after having been informed about the purpose of the study. The study was
approved by the Ethical Review Boards of the Medical Faculty, University of Tübingen. Berlin
and Tübingen each contributed 40 data sets. Most participants were students (79%). Participants
from Berlin were significantly older than participants from Tübingen (Mann-Whitney U-Test,
Z = −3.18; p < 0.01; data not normally distributed); 75% of the subjects were younger than 30.
Subjects were paid 8 є per hour for the participation in the study. There was no special motivation
(like financial reward) for the participants to achieve good performance and the actual motivation
(according to self-assessments) varied between participants.
Two participants were excluded from some of the analyses (those regarding feedback data) because
technical problems caused switched classes during the feedback session.

3.1.2 First day: psychological test session

The psychological test-battery in the first day lasted about 3 hours. A part from the test vividness
of movement imagery questionnaire (Isaac et al., 1986), the others can be grouped in performance,
personality and clinical tests. All psychological tests were presented electronically, most of them by
the Vienna Test System (VTS) which is known as a computerized psychological assessment tool
(SCHUHFRIED GmbH, www.schuhfried.com/vts). No computer knowledge was needed to use
the system. To enter their answers, subjects used the computer mouse or an input device with 2
knobs and several buttons.
A short summary of the applied test is presented in the following.

Vividness of movement imagery questionnaire (VMIQ)

TheVMIQ (Isaac et al., 1986) is a self-report questionnairewhich comprises 24movement imageries
from simple (e.g., walking) to complex (e.g., climbing over a brick wall). First, subjects were
requested to imagine someone else performing the action and second, to imagine themselves
performing the same action. Vividness had to be rated on a five-point Likert-type scale (i.e. 1
meaning a little/bad/small and 5 meaning strong/good/high).

Performance tests

Cognitrone (COG)
The COG test (Schuhfried, 2007b) is a general performance test for the assessment of attention
and concentration. Subjects had to compare a geometrical figure with regard to their congruence
to four other figures. Mean time correct rejections is the mean time the subject needed for a correct
rejection when the figure did not match with one of the reference figures.

Ravens Standard Progressive Matrices (SPM)
The SPM test (Raven and Court, 1996) assesses non-verbal intelligence and logical reasoning.
Subjects were confronted with a matrix in which one detail was missing. Their task was to choose
the matching detail from a set of six or eight choices. Subjects were confronted with 60 matrices
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with increasing complexity. The total of correct answers was used as main outcome variable.

Figure 3.1: Illustration of the track used
in the 2Hand test. The user has to move
the red dot from the starting point A to
the destination B. Figure adapted from
www.schuhfried.com/vts-2hand.

Two-Hand Coordination (2HAND)
The 2Hand test (Schuhfried, 2007a) focuses on senso-
rimotor coordination between eye and hand and coor-
dination between left and right hand. The task was to
make a red dot move along a pre-set track, depicted in
Fig. 3.1. This was achieved with the two control knobs
of the input device. Subjects performed 20 runs. Rel-
evant outcome variables were: overall mean duration

(mean time needed for one run), overall mean error du-

ration (mean time, when the dot was not on the track,
summed up for all runs), overall percent error duration
(calculated as the ratio of total error duration to total
duration).

Verbal Learning Test (VLT)
The VLT test (Sturm andWilmes, 1994b) assesses verbal learning abilities by presenting neologisms.
The subjects were instructed that 160 words would be presented and that they have to memorize
them because some words would be recurring during the tests. For each item subjects had to
decide if it is new or already seen before. Three main outcome variables were considered: sum
of correct YES answers, sum of incorrect YES answers and sum of the differences of correct minus

incorrect YES answers (difference between all correct and incorrect YES answers).

Non-Verbal Learning Test (NVLT)
The NVLT test (Sturm and Wilmes, 1994a) assesses non-verbal learning processes by presenting
graphical material that is difficult to verbalise to detect material specific learning disorders in
comparison with the VLT. Procedure and outcome variables were the same as in the VLT.

Personality tests

Big five plus one personality-inventory (B5PO)
The B5PO test (Holocher-Ertl et al., 2003) comprises the six dimensions empathy, emotional sta-

bility, extraversion, conscientiousness, openness to experience and agreeableness. These personality
traits were measured on the basis of self-reports. Bipolar adjectives (e.g., quiet versus active)
presented the poles of a response scale.

Formular on locus of control (IPC-Scales)
The IPC test (Krampen and Levenson, 1981) assesses generalized locus of control and comprises
three scales. A high test value on the internal scale (I-Scale) means, that subjects perceive having
control over their own life. The powerful others scale (P-Scale) assesses the amount of externality
due to the subjective feeling of powerlessness. A high value on this scale means that the person
feels powerless and that he or she depends on powerful others. The chance scale (C-Scale) assesses
to what extent subjects consider their life dependent on destiny, fortune, misfortune and chance.
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Achievement motivation (LMT)
The LMT test (Hermans et al., 1978) assesses to what extent subjects attribute success and failure
to internal (e.g., ability) or external factors (e.g., fortune) and comprises four scales: pursuit of
accomplishment, endurance and diligence, exam nerve that inhibit performance and exam nerve

that supports performance.

Attitudes to work (AHA)
The AHA test (Kubinger and Ebenhoeh, 1996) is an objective personality test which assesses exac-
titude, decisiveness, impulsivity/reflexivity, aspiration level, performance level, frustration tolerance,
target discrepancy and performance motivation. The AHA comprises three subtests:

• Comparing surfaces: Respondents were asked to choose among three possible answers
(right/left/no decision) for deciding about which one of two simultaneously presented
surfaces is larger.

• Coding symbols: Subjects had to assign symbols to abstract shapes according to a pre-set
code, and were asked to estimate their performance in the next task.

• Differentiating figures: Subjects were asked to indicate which one out of various symbols did
not belong to the others.

This test was conducted just in Tübingen, i.e. on half of the participants.

Clinical tests

Allgemeine depressionsskala (ADS-L)
The ADS-L test (Hautzinger and Bailer, 1993) is the German version of the Center for Epidemio-
logic Studies Depression Scale (Radloff, 1977). It is a self-report depression scale designed for the
general population. The scale required subjects to estimate how much they agree with each of 20
statements on a 4-point Likert-type scale with respect to the last week. Scores range from 0 (best
possible) to 60 (worst possible).

Symptom checklist-90-revised (SCL-90-R)
The SCL-90-R test (Franke and Derogatis, 1995) assesses a broad range of psychological problems
and symptoms of psychopathology. The following outcome variables were assessed: global severity
index, somatization, obsessive-compulsive, interpersonal sensitivity, depression, anxiety, hostility,
phobic anxiety, paranoid ideation and psychoticism.

3.1.3 Second day: BCI session

The BCI session on the second day lasted about 5 hours. For each different paradigm, the user
was asked to read the instructions written on the screen, so that all users received the same
instructions. Additionally, the experimenter explained the tasks and asked whether the user had
further questions. Finally, one test trial was run before the real run started. In the following, the
course of the experiment is explained in detail.
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Psychological questionnaires

During the preparation of the EEG cap, which took about 45 min, the participants were asked to
fill in a questionnaire about their mood and motivation in that day. Additionally, after each motor
imagery run, a short questionnaire to describe their condition during the just performed run was
filled.

Clinical test: current mood
The subscale current mood of the psychological tests about quality of life described in (Averbeck,
1997) was used to assess the current mood. In particular, the participants were asked to describe
their mood rating 10 adjectives on a 5-point Likert-type scale (i.e. 1 meaning not at all and 5
meaning completely). The 10 adjectives (translated from German to English) were relaxed, under
pressure, active , nervous, weak, calm, stimulated, in a good mood, depressed and restless.

Personality test: current motivation (QCM)
An adapted version of the testsMotivational Effects on Self-Regulated Learning with Different Tasks

from (Vollmeyer and Rheinberg, 2006) was done to assess the current motivation. In particular, the
participants were asked to describe their motivation rating 15 statements on a 7-point Likert-type
scale (i.e. 1 meaning not at all and 5 meaning completely) and load on three sub-scales (mastery of

confidence, fear of incompetence and challenge).

Runwise tests
The participants had to describe on a 7 point Likert-type scale (i.e. 1 meaning a little/bad/small

and 5 meaning strong/good/high) their mental and physical condition during the run by answering
to the following questions (here translated to English):

• How tired did you feel?
• How good could you imagine the movement?
• How high was your motivation?
• How angry were you because of errors?
• How uneasy (anger, nervousness, frustration) did you feel during the experiment?

For simplicity, these questions are described respectively with the words tirediness,MI strength,
motivation, anger, uneasiness.
After each MI run, the volunteers were also asked to write down which movement they imagined
(after the first MI run), and whether the imagined movement or the strategy used stayed the same
or was changed (after the other MI runs).

Hardware

During the BCI session the participants were sitting in a comfortable chair with arms lying relaxed
on armrests, approximately 1 m away from a computer screen. For the recording, a cap with
128 Ag/AgCl electrodes (manufacturer EasyCap, Munich, Germany) and two multi-channel EEG
amplifiers (BrainAmp DC by Brain Products, Munich, Germany) were used. Brain activity was
recorded from 119 channels located according to the extended 10-20 system, while the other
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electrodes were used to record the horizontal and vertical electrooculogram (vEOG/hEOG, one
electrode for the right vEOG, two electrodes for left and right hEOG) and the arms and right
leg electromyogram (EMG, two electrodes per limb). The reference was positioned at the nasion.
Electrode impedances were kept below 10 kΩ. Brain activity was sampled at 1000Hz and band-pass
filtered between 0.05 and 200 Hz. The EMG/EOG channels were exclusively used to control for
physical limb/eye movements that could correlate with the task and could be reflected directly
(artifacts) or indirectly (afferent signals from muscles and joint receptors) in the EEG channels.

EEG Recordings

Artifacts
The session started with an EEG artifact recording during which the user had to perform a
sequence of tasks indicated by vocal instructions. The sequence was the following: 1 trial per limb
of 3s maximum compression, 20 trials of 1.5s where the user had to look to the left, to the center, to
the right and to the center of the screen (in total 5 trials to the left, 5 trials to the right and 10 to the
center), 20 trials of 1.5s where the user had to look to the top, to the center, to the bottom and to
the center of the screen (in total 5 trials to the top, 5 trials to the bottom and 10 to the center), 1
trial of 20s blinking, 20 trials of 15s of alternating relax with eyes closed (10 trials) and relax with

eyes open (10 trials). The duration of this recording was about 10min.

Run 1: motor observation (MO)
After this baseline recording and at the very end of the experimental session, one run with the
task observation of movements was recorded. Video clips of 10s duration showed either left hand,
right hand or feet movement from a first person’s perspective, which were presented in random
order, 20 trials for each type of movement (called in the following also class). The participants
were instructed to carefully observe and mentally imitate the observed movement from a first
person’s perspective. The duration of this recording was about 20 min.

Run 2: motor execution (ME)
The users where then asked to decide a movement per limb (left hand, right hand and right
foot) to use for the successive motor execution and imagery runs. A real movement recording
followed, where the user had to execute one of the three movements depending on the direction
shown by an arrow (called in the following also stimulus) appearing in the center of the screen:
left hand movement if the arrow was directed to the left, right hand movement if the arrow was
directed to the right, right foot movement if the arrow was directed to the bottom. The trial started
with a warning cue in the center of the screen in form of a cross. After 2s, the stimulus appeared
(overlapping with the cross) and the user had to start the motor task. After 4s, cross and arrow
disappeared and the screen stayed blank for 2s. Then the new trial started. Therefore, the trial
lasted 8s. This run had 75 trials, 25 trials per class (Left, Right, Foot). Every 15 trials (one block)
there was a break of about 20s. The order of the classes was random, but within each block of 15
trials the classes were equally distributed. The trial design is depicted on the top of Fig. 3.2. As
indicated in the figure, the 2s fixation cross are condidered usually as baseline or pre-stimulus
interval, and the actual trial timing starts with t = 0 with the presentation of the stimulus. The
duration of this recording was about 10min.
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Figure 3.2: Top: design of the trial for the motor execution and motor imagery calibration runs. A fixation
cross appears for 2s (baseline or pre-stimulus interval t = [−2 0]s). At t = 0 an arrow (stimulus directed to
left, right, or down) appears and 4s motor execution resp. imagery follow. A blank screen is then presented
for 2s. Bottom: design of the trial for the motor imagery feedback runs. A fixation cross appears for 1s
(baseline or pre-stimulus interval t = [−1 0]s). At t = an arrows appears (stimulus directed to left, right, or
down). After 1s, the feedback starts and lasts 4s. The result is then shown for 2s.

Run 3-5: Motor imagery - calibration session (MI-Cb)
The calibration session consisted of three runs of motor imagery (MI-Cb runs) without feedback.
The number of trials and the paradigm design were the same as for ME, illustrated on the top of
Fig. 3.2. The only difference was that the user had to imagine the movement instead of execute it.
The participants were instructed to imagine the movement kinesthetically (Neuper et al., 2005).
After the three calibration runs, a total of motor imagery 225 trials were available, 75 trials per
class, which are called calibration data.
A short break between the runs was used to let the participant to fill in the runwise test (see
Section 3.1.3). In total, the duration of the calibration recording was about 1 h.

d2-test
Between the calibration runs of imagined movement, participants were confronted with a com-
puterized version of the d2-test (Brickenkamp and Zillmer, 1998), the main aim of which was to
reduce the monotony of the experiment and help the users to stay awake and active.

Machine learning algorithm training
The collected motor imagery calibration data were used to train the machine learning algorithms
according to the BBCI advanced machine learning procedure, also described in (Blankertz et al.,
2007a, 2008b). The algorithm training consists of the following steps (see Section 2.4 for the
explanation of each single step ):

1. Automatic variance based artifact rejection

Per each of the three class combinations (Left/Right, Left/Foot and Foot/Right):

2. Semi-automatic selection of the subject-specific frequency band and time interval where
the classes are best discriminated.
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3. Data were band-pass filtered and segmented using the subject-specific frequency band and
time interval.

4. Semi-automatic selection of up to six subject-specific CSP filters (up to three per class).
5. Extraction of CSP features: the log-variance (i.e. the logarithmic BP) of the pass-band

filtered, segmented and CSP spatially filtered data.
6. Calculation by 8-fold cross-validation of the global error of a LSR classifier trained on the

CSP features.

The resulting global error might be affected by overfitting, since the CSP filters are calculated
outside the CV on the whole data set. Thus, for a correct estimation of the generalization error,
the following additional step, again for each class combination, is carried out:

7. Eight-fold CV with CSP analysis inside the CV. For each fold:

a) CSP filters are calculated on the training set.
b) LSR classifier is trained on the resulting CSP features.
c) Test set epoches are spatially filtered by the CSP calculated on the training set.
d) Resulting test features are classified by the previously trained LSR classifier to obtain the

error of the fold.

The class combination with the best generalization error is selected to be used in the feedback
session. The generalization error on calibration data is referred in the following as calibration error

or, if the accuracy is used as measure, calibration performance.

Run 6-8: Motor imagery - feedback session (MI-Fb)
In the feedback session, called in the following MI-Fb session, three runs were carried out with
100 trials each (50 trials per class). As in the MI-Cb session, the user was instructed to imagine
the established movements depending on the direction indicated by an arrow. This time, two out
of three directions were used, depending on the chosen class combination. Additionally, online
feedback was provided to the users in form of a cross. For the online feedback, features were
calculated every 40 ms using the last 750 ms (spatial filtering by CSP, band-pass filtering in the
subject-specific frequency band and log-variance) and classified by the LSR classifier previously
calculated on the calibration data.
The output of the classifier was translated into the cross position in a rate control manner: at the
stimulus appearance the cross started in the center of the screen and every 40 ms a fraction of the
classifier output was added to the current cross position. A negative output moved the cross in the
first class direction (left in case of Left/Right or Left/Foot, down in case of Foot/Right), a positive
output moved the cross in the second class direction (down in case of Left/Foot, right in case of
Left/Right or Foot/Right). The position step, i.e. the velocity of the cross movement, was not fixed,
but was calculated in a way that, with a maximum classifier output, the cross would take 1.5s to
reach the border of the window. See (Blankertz et al., 2007a) for a detailed explanation.
The bias of the linear classifier was adapted on the basis of the data of the first 20 trials of each
feedback run as in (Krauledat et al., 2008). These 20 trials were not included in the calculation of
the feedback performance.
The feedback trial design was very similar to the calibration one and is depicted on the bottom of
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Fig. 3.2. The trial started with a warning cue in the center of the screen in form of a cross. After 2s,
the stimulus appeared (overlapping with the cross) indicating the participant to start the motor
imagery task. After 1s, the cross turned purple and moved in one of the two directions depending
on the classifier output (feedback). The feedback stopped after 4s, the cross turned black and froze
for 2s showing the trial result: the trial was correctly classified if the cross lied on the part of the
screen indicated by the arrow. Hits or misses were counted according to this final position. Then
the new trial started. Therefore, the trial lasted 9s. As indicated in the figure, the 2s fixation cross
are considered usually as baseline or pre-stimulus interval, and the actual trial timing starts with
t = 0 with the presentation of the stimulus. Every 20 trials (one block) there was a break of about
20s where first the score (number of hits and misses summed over the blocks) and then a count
down starting from -15 were shown.
The order of the classes was random, but within each block of 20 trials the classes were equally
distributed.
The MI-Fb session lasted around 1h (each run lasted around 17min). Because of fatigue or lack of
time, six participants completed only two runs and seven only one run, while the remaining 67
(83.75%) performed all three feedback runs.

3.2 Categorization of BCI users

In order to analyze the data with a special focus on participants who had difficulties in achieving
the BCI control, users where categorized depending on their SMR activity and performance during
the MI runs. A threshold criterion of 70% was used, to assess the three main categories, called I, II
and III. This performance level for binary BCIs used for communication purposes was established
in (Kübler et al., 2004), observing that just above this threshold BCI users feel to be able to control
the machine. Additionally, subcategories were found, by inspection of the SMR activity of all users
in the MI-Cb and MI-Fb sessions as described in the next sections.
User categorization can be very useful in future approaches, in choosing the correct strategy or
BCI training and is a good baseline for comparison with other studies and for statistical analysis.

3.2.1 Calibration vs. feedback data comparison

For each user, an overview picture like that in Fig. 3.3 was inspected, where on the top, data from
theMI-Cb session and on the bottom data from theMI-Fb session were used for direct comparison.
Variance based artifact rejection was applied in advance, to remove artifacted channels and trials.
The signed r2-values between the BP of the data (in the subject-specific frequency band and time
interval) and the class membership were calculated. A representative channel was chosen among
those belonging to the motor areas (see also Section 3.3.3), which had the highest r2-value in the
calibration data. This channel will be called SMR-channel in the following. Fig. 3.3 shows the data
of a good performing user with strong SMR modulation for both classes Left and Right. The title
of the figure contains the subject code, the classes chosen for the feedback (LR in case of Left/Right
otherwise LF for Left/Foot, FR for Foot/Right), the calibration and the feedback performance. The
first column contains the spectra of the Laplacian derivation of the SMR-channel in the range
5-35 Hz calculated in the subject-specific time interval and averaged across trials belonging to
the same class. Magenta and green are used for Left respectively Right (otherwise blue is used
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for Foot, as in Fig. 3.4). Also the rest class is plotted in grey, calculated using 1s preceding the
cue presentation. The subject-specific frequency band is marked in grey. The second column
contains the ERD of the Laplacian derivation of the SMR-channel from 1s before to 5s after the
cue presentation. It was calculated in the subject-specific frequency band, smoothed by a sliding
time window of 200 ms length and averaged across trials belonging to the same class. The subject-
specific time interval is marked in grey. Additionally, the corresponding signed r2-values are color
coded and shown for each frequency (for the spectra) and time bin (for the ERD) in the horizontal
bar below each plot, while the corresponding scale is indicated by a second external bar on the
bottom. On the right side of the figure, the signed r2-values for all channels are shown by scalp
plots, one on the top for the three calibration runs and three on the bottom for each feedback run.
In the title of each scalp plot, the performance of the corresponding run is shown. In this way, it is
possible to assess to what extent the algorithms trained on the calibration data are transferable on
the feedback data and to hypothesized the causes of a performance drop.
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Figure 3.3: Left, first column: spectrum (dB vs. Hz) of the channel with maximal r2-value between the BP
and the class membership (CFC6 for this subject) calculated in the subject-specific time interval chosen
during the experiment and averaged across trials of the same class (magenta for Left, green for Right). In
grey, the spectrum calculated in the 1000 ms pre-stimulus. The subject-specific frequency band chosen
during the experiment is marked in grey. For each frequency bin the color coded r2-values are depicted in
the horizontal bar below the spectrum. The second external horizontal bar indicates the corresponding scale.
Left, second column: ERD of the same channel (µV vs. Hz), calculated in the frequency band marked in
the spectrum plot and averaged across trials belonging to the same class. The time interval used to calculate
the spectrum is marked in grey. Again, two horizontal bars indicate respectively the r2-values for each time
bin and the corresponding scale. Right: signed r2-values plotted on the scalp with corresponding color
scale. Top: calibration data. One scalp plot for 150 trials. Calibration and average feedback performance are
indicated in the main title. Bottom: feedback data. One scalp plot per run with the corresponding feedback
performance.
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3.2.2 Categories

Each category is divided in subcategories indicated by letters (a to c) as described below. User
categorization can be then summarized as follows:

• Category I: Calibration Performance ≥ 70% and Feedback Performance ≥ 70%
a) Strong modulation of SMR for at least 1 class
b) Medium modulation of SMR for at least 1 class
c) Feedback performance weaker than expected from calibration data.

• Category II: Calibration Performance ≥ 70% and Feedback Performance < 70%
a) Strongest SMR modulation at parietal area in calibration.
b) Others.

• Category III: Calibration Performance < 70%, no feedback control possible.

a) Weak SMR idle rhythm, weak SMR modulation
b) Weak SMR idle rhythm, no class specific modulation.
c) Almost no SMR idle rhythm, or not at all.

The difference between group Ia and group Ib is mainly given by their average performance,
whether it is above or under 90%. Cat. Ic includes people whose performance had a drop of
about 10% between MI-Cb and MI-Fb sessions, with feedback performance still above 70%. Cat.
IIa and IIb also presented a drop in the performance, but additionally they could not achieve
control in the MI-Fb session (performance < 70%). Users belonging to Cat. IIa presented a class
related modulation in the parietal area. It can be hypothesized that these users imagined the
movement more visually than kinesthetically since the patterns are similar to those reported in
Neuper et al. 2005. Indeed, poor feedback control was expected, since the visual MI is known to
be less classifiable than kinesthetical MI, as assessed in Neuper et al. 2005. Moreover, the visual
feedback processing might interfer with the visual MI.
By inspection of each figure like Fig. 3.3, one can speculate on the reasons for a performance drop
in Cat. Ic and Cat. IIb. By this analysis, the following hypotheses can be formulated:

1. Change of SMR patterns from the MI-Cb to the MI-Fb session. In these cases, the feedback
influences the users positively, letting them develop new and proper SMR patterns which
were not present during the MI-Cb session. Often, the user calibration data presented a
good ERD for one class, proper (i.e. on the expected motor area) or not proper (more
over the parietal or premotor area), that let train the algorithms and obtain a significant
calibration performance. Thanks to the feedback, or sometimes because the user was not
able to continue to imagine the same movement, during the feedback session the proper
pattern of the other class appeared, mostly in the same frequency band. In some cases,
this pattern started to appear already during the MI-Cb session and was caught from the
CSP filters, so that it was possible to classify it in the feedback session. In most of cases,
the pattern is completely new and led to a drop in performance. In the worst cases, the
new patterns developed in another frequency band, which was often the case for the foot
synchronization pattern in the beta range, and was not classifiable at all. In Fig. 3.4, an
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example is given, of a user who developed a foot ERD still weakly mantaining the right (a
bit premotor) pattern which was much stronger during the MI-Cb session.
At least 11 users were found to change or develop their SMR rhythms during the feedback
session, 4 were in the Cat. Ic, 7 in the Cat. IIb. All of them, except for one, reported in the
runwise tests that they did not change MI strategy or movement.

2. Timing problems. For many users, the ERD plots presented a strong desynchronization
(17 users) or synchronization (7 users) for both classes after the cue, before the feedback
started. While these ERD/ERS are probably caused by a particular MI strategy (preparation
with both limbs or strongly relaxation of both limbs before starting the MI), they imply
either a late ERD in the contralateral brain area (in case of ERS after cue) or a partial ERD
in the ipsilateral brain area as well (in case of ERD after the cue). Another timing problem,
which affects the performance even more, is a short ERD. In fact, some users (at least 6)
had too short ERD (2s on average), so that in many trials they could control the cross just
shortly, while the classification continued to be assessed until the end of the trial, being
the score assessed according to the final position of the cursor. Since the offline calibration
performance and the trained algorithms refer to the subject-specific time interval, the ERD
might be not long enough to obtain a correct online classification of the trial. Note that
often the feedback helps the user to maintain the ERD longer or even till the end of the
trial. Fig. 3.4 is also a good example of timing problems. In fact, a short ERD characterizes
the MI-CB data, while the feedback helped in holding the ERD longer. Still, both classes
exhibit a sudden desynchronization after the stimulus presentation, so that during the
feedback session the cortical networks under CFC5 stay desynchronized also during the
foot imagination.

3. Tiredness or decrease of concentration. This could be the problem for those users (five in
total among Cat. Ic and IIb) who kept the same SMR patterns as in the MI-Cb session, but
less consistently, resulting in lower r2-values and worse performance.

4. Some users (at least two) encountered problems in ignoring the visual cue, so that the
feedback data resulted artifacted by head movements.

5. For two users the classification of calibration data was based on beta rebound, which did
not result so stable to obtain a good feedback as well.

6. Some users (at least two) misunderstood the task or changed completely the MI strategy,
confirmation of this hypothesis was found in the runwise tests.

Just one subject had calibration performance < 70% and feedback performance ≥ 70% and was
put in Cat. IIb. He had a more parietal SMR and did just one feedback run.
In Table 3.1, an oveview on the percentage of users for each category is given, one row for

each category. The first three columns refer to the subcategories (a, b and c if present), the fourth
column is the sum of the first three, i.e. the total number N of users belonging to the corresponding
category and the percentage in the population of 80 users. In the subsequent six columns, the
number of users of each category is divided by the class combination they performed in the MI-Fb
session (LR, LF, and FR) and by the single class used (L, R and F). Mean and standard deviation of
calibration and feedback performance is reported in the last two columns. It can be seen that 60%
of the users achieved BCI control (Cat. I) with an average performance of 85%, 17.5% showed SMR
modulation in calibration but failed in achieving BCI control in the MI-Fb session (Cat. II) and
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Figure 3.4: Example of development of correct foot SMR pattern during MI-Fb session and of ERD for
btoth classes prior to a resynchronization for the class Foot class. Also, it is visible how the feedback helped
to maintain the ERD longer. From left to right, spectra, ERD and scalp plot of r2-values. Top: calibration
data. Bottom: feedback data. See caption of Fig. 3.3 for details.

22.5% did not exhibit an SMR modulation strong enough to calculate stable CSP filters already
in the MI-Cb session (Cat. III). Note that just 7 participants, i.e. 8.75%, did not exhibit any, or
almost any, idle SMR rhythm. It can be also observed that most of the good performing users
(actually all users of IIIa except for 4) used the combination Left/Right hand. In fact, the use of the
class Foot comes into play just when the desynchronization between left and right hemisphere
results difficult. Actually, among Cat. II and III, most participants showed a preference either for
Left/Foot or for Foot/Right. Another evidence is that the class combination Left/Foot was also in
general preferred to Foot/Right, so that Left is the most favourite class.

Cat. a b c N LR LF FR L R F Cb-Perf. [%] Fb-Perf. [%]
I 22 16 10 48 (60.0 %) 23 19 6 42 29 25 90.99 ± 6.16 85.60 ± 9.94
II 5 9 14 (17.5 %) 2 7 5 9 7 12 81.22 ± 8.24 61.79 ± 8.60
III 6 5 7 18 (22.5 %) 5 8 5 13 10 13 64.46 ± 6.64 54.40 ± 4.97

30 34 16 64 46 50 83.31 ± 12.68 74.42 ± 16.48

Table 3.1:User categorization overview with corresponding percentage, calibration and feedback perfor-
mance.

3.3 Grand Average Analyses

Grand average analyses of the 80 dataset have been conducted in order to further investigate the
three categories. In fact, given large number of data sets, single subject analyses result impossible
and difficult to report and summarize. Nevertheless, given the high variability among the SMR
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activity of each user, especially in the Cat. II and III, parameters have been optimized on a
single-subject level, before averaging the results by category and by class combination.

3.3.1 Frequency bands

In order to analyse the time course of the SMR activity from run to run, and since high differences
in the SMR activity are expected among the different tasks, subject-specific frequency and time
intervals for each MO run, for the ME run and for the three MI-Fb runs were used. In fact, the
subject-specific frequency and time intervals used during the experiment, were calculated on the
three MI-Cb runs and were indeed used just for these three runs. Since the MO and ME runs
had just respectively 40 and 50 trials (considering just the classes used for the MI-Fb runs), the
parameter selection was not completely automatic, i.e. was done also by visual inspection. For
the three MI-Fb runs, the selection was automatic and was done in order to assess how stable the
SMR activity was during the MI tasks and passing from calibration to feedback. Fig. 3.5 shows by
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Figure 3.5:Histogram of reactive frequency bands. For each frequency bin, the histogram indicates the
number of users for whom the frequency belonged to the subject-specific frequency band. From left to
right, the different tasks/runs. From top to bottom, the three class combinations Left/Right, Left/Foot and
Foot/Right. The first three rows refer to Cat. I, the last three rows refer to Cat. II and III together.
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3 A Large Scale Screening Study

histograms the frequency selection of each frequency bin, one row for each class combination (LR,
LF and FR are indicated on the y-axis of the first column with the corresponding number N of
users) and one column for each paradigm (MO1, ME, MI-Cb., MI-Fb. and MO2 are indicated in
the title of the first row with the corresponding number nT of trials in the run). The frequency
distribution in the first three rows refer to Cat. I users and can thus be considered as exemplary.
First of all, it can be seen that the histogram of the first MO run (MO1) looks very different from
the histograms of the other runs, where a peak in the µ range is evident. On the contrary, the
ME run histogram is very similar to the MI-Cb and MI-Fb ones, where the µ peak around 12 Hz
becomes even sharper. In the second MO run (MO2), peaks on µ and β appear, indicating the
influence of theMI tasks on the developing of more stable SMR. The frequency bands automatically
selected on the MI-Fb data are almost the same as those chosen on the MI-Cb data during the
experiment, as expected for Cat. I users. It can be also observed, that for the Left/Right class
combination 21 out of 23 users employed the µ rhythm to obtain BCI control, while a peak in
the β range appears just when the Foot class comes into play. In particular, the inspection of the
signed r2 scalp maps confirmed that, among users who used the Left/Foot or Foot/Right class
combinations, just those who obtained BCI control mainly by the Foot pattern employed the β
SMR, while most of the users obtained BCI control by the Left or Right pattern in the µ SMR.

5 10 15 20 25 30 35

50

60

70

80

90

100

Center of the sbj−specific frequency band

F
e

e
d

b
a

c
k
 a

c
c
u

ra
c
y
 [

%
]

Spearman r: −0.37

 

 

LR

LF

FR

Figure 3.6: Correlation between SMR reactive fre-
quency band and feedback performance. One dot
per subject, blue, green and magenta are used for
the three class combinations LR, LF and FR. In the
title, the pearson correlation coefficient is indicated.
The black line results by a linear regression.

The last three rows of Fig. 3.5 depict the frequency
distribution for the user Cat. II and III (together
because the number of users per class combina-
tion is low, see Table 3.1). Here, the chosen fre-
quency changes for some users from calibration
to feedback, indicating a reason for poor feed-
back performance, i.e. the development during
feedback of new, often correct, SMR patterns. Dif-
ferently from the frequency distribution for Cat.
I users, it can be observed that the β band is em-
ployed much more frequently, also with the class
combination Left/Right. Moreover, this happens
also for the ME and MI-Cb runs, i.e. this phe-
nomenon is not related to a deficient BCI con-
trol during feedback. To test the hypothesis that
higher frequencies are more reactive for motor
imagery in poor performing users, the center of
the subject-specific frequency bands is plotted
against the feedback performance in Fig. 3.6. The
three class combinations Left/Right, Left/Foot and
Foot/Right are depicted respectively in blue, green
and magenta. A highly significant negative cor-
relation is found (Spearman r = 0.37, p < 0.001)
which confirms the hypothesis. It is also possi-
ble to observe that just one of the very good per-
forming users who used the class combination
Left/Right obtained BCI control by β.
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3.3 Grand Average Analyses

3.3.2 Grand Average Data: MO vs. ME vs. MI

For each run and each user, the bi-serial correlation coefficients of the difference between the BP of
the two classes are calculated and transformed by z-transformation. Being the z-scores normally
distributed, a grand average z-score can be calculated, from which the p-value can be assessed (p
≤ 0.05, which corresponds to ∣z∣ ≥ loд(0.05) ≃ 3). The signed z-scores are plotted as scalp maps
in Fig. 3.7. The BP was calculated using the subject-specific frequency bands and time interval.
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Figure 3.7: Signed z-scores for the difference between BP of the two classes. From left to right, the different
tasks/runs. From top to bottom, the three class combinations Left/Right, Left/Foot and Foot/Right. The first
three rows refer to Cat. I, the second three rows refer to Cat. II and the last three rows to Cat. III.

The grand average was done across users belonging to the same category and employing the same
class combination. With a red line, the contour of areas with significant correlation between BP
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3 A Large Scale Screening Study

and class membership is marked, i.e. where ∣p∣ = 0.05, which corresponds to ∣z∣ = 2.9957. When
the area enclosed by the red line is white or brighter than the area sorrounding the red line, then
the area with significant p-values is the external one. From left to right, the scalp maps for each
run are visualized, while from top to bottom the class combinations and the user categories (first
three rows for the three class combinations of Cat. I, then three rows for Cat. II and three for Cat.
III). Categories are indicated on the left. Class combination and number of users are indicated
on the right. The scale, indicated by a colorbar on the right of each row, is adjusted in order to
be the same for each row, which refers to the same number of users. The first three rows can be
considered as exemplary, because they refer to Cat. I:

• Cat. I, Left/Right: it is evident that the MO runs present no clear pattern and much lower
correlation between BP and class membership. Note that, the MO runs have just 10 trials less
than the ME and the MI-Cb runs. This can be explained either by much higher variability
of patterns among users, due to the fact that motor observation can modulate the brain
activity also in parietal and occipital areas additionally to the sensorimotor ones, variability
which is then cancelled out by averaging, or by the fact that MO essentially induces less
SMR modulation than the other tasks. Nevertheless, for the class combination Left/Right,
a significant centro-parietal pattern can be seen with positive values, meaning a weak
synchronization during the Left trials and desynchronization during Right trials. The proper
motor patterns for Left/Right class combination (ERD in the contralateral hemisphere, ERS
in the ipsilateral one) appear in the ME run, become much stronger in the MI-Cb runs and
even stronger and more focussed in the MI-Fb runs. Again, in the last MO run, no strong
pattern can be seen, except for a significant ERD in a small area in the left hemisphere.

• Cat. I, Left/Foot: a weak foot pattern (ERS during Foot observation) can be observed in
the first MO run. From the ME run on, a clear ERD for the Left class appears, which
involves also the ipsilateral hemisphere, indicating the difficulties for many users, to really
desynchronize the two hemispheres. This pattern becomes stronger and more focussed
(much less extended in the left hemisphere) during the MI-Fb runs. On the other hand, a
Foot pattern is not visible at all. This is probably due to two reasons: 1) Most of Cat. I users
have a good ERD for the Left class and use it to obtain BCI control; 2) The Foot pattern
can be either ERS or ERD so it is canceled out by averaging over subjects. The last MO run
presents again a significant ERD in the left hemisphere, even more extended than for the
Left/Right class combination. Moreover, this pattern is not present for the last Foot/Right
MO run. Consequently, it is possible that this pattern is somehow related to the left hand
MI of the previous runs, even if it is in the ipsilateral side.

• Cat. I, Foot/Right: in the first MO run, similarly to the previous row (Left/Foot), a significant
ERS foot pattern can be seen over Cz. In fact, since Foot is the second class in Left/Foot and
the first class in Foot/Right, the pattern found with negative values in the previous row is the
same as this with positive values found for Foot/Right. Additionally, a significant occipito-
parietal pattern is present. As for the Left/Foot combination, also here a significant ERD for
the Right class involving both hemispheres appears in the ME run and becomes stronger
in the MI-Cb runs whereas a Foot pattern is not visible by grand averaging. Differently
from the previous rows, the ERD is much weaker in the first MI-Fb run and completely
disappears in the subsequent runs letting visible a significant ERD in the foot area in the

38



3.3 Grand Average Analyses

last MI-Fb run. Even if z-scores are smaller because less users were averaged for Foot/Right
(N=7) than for Left/Right (N=23) and Left/Foot (N=17), it is anyway quite clear that the
right hand imagination does not provide such a stable SMR modulation as the left hand
imagination so that the foot pattern developes and produces the BCI control. The last MO
run presents a significant ERD in the right hemisphere, exactly in parallel to the ERD in the
left hemishpere for the Left/Foot combination. A look at the corresponding BP scalp maps
(not reported) reveals that this pattern comes from an ERD during Foot imagery over the
not involved side. This ERD pattern might be related to the further involvment of the third
class in the last MO runs.

Also for Cat. II users, the MO patterns are different from the ME and MI patterns. It can be also
observed that the 2 users with Left/Right combination have a parietal SMR modulation, which, as
discussed in Section 3.2.2 does not produce a stable BCI control. Interestingly, the same parietal
pattern is shown also for the ME run, suggesting that it is not due to a wrong MI strategy, as one
might suppose. Differently, users with class combinations Left/Foot and Foot/Right exhibit proper
patterns, which are unfortunately not so stable during the MI-Fb runs.
Cat. III users show even more unstable patterns and no significant correlation was found in the
ME runs. Nevertheless, it can be observed that from run to run for the Left/Right combination,
proper patterns appear, and even if they are not significant, they suggest that a long training or a
better feedback (i.e. better algorithms which interpret correctly the data from the beginning and
return a more stable feedback) might help these users to achieve BCI control. As we will see in the
last part of the thesis, this solution is adopted in the co-adaptive calibration approach (Vidaurre
et al., 2011c,b).

3.3.3 SMR-channels
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Figure 3.8:Channels used to select the SMR-

channel for each users. The visual area was
used just for MO runs.

For each user, a representative channel has been selected,
as the electrode with the highest Pearson’s correlation
coefficient between the BP and the class membership.
The channels are constrained to be chosen from the left,
central or right sensorimotor area (see Fig. 3.8). Addi-
tionally, for the MO runs, the channels from the parieto-
occipital area were also candidates as SMR-channel.
A grand average (all 80 users) plot by class combination
of the best SMR-channel is presented in Fig. 3.9, where
the number of users for whom each channel was selected
is color coded (white for zero, red for the maximum
times of selection, which is variable). While the selec-
tion of SMR-channels has been donemainly for visualiza-
tion purposes (for example in Fig. 3.3), the overview in
Fig. 3.9 results very informative, because it shows which
hemisphere has the main role in the BCI control and
that for some users also the Foot class was essential for
the control. This was not visible from the grand average

39



3 A Large Scale Screening Study

r2 scalp maps in Fig. 3.7. Nevertheless it can be seen, that for some users the SMR-channel falls
in a unexpected area, i.e. on the left hemisphere for the class combination Left/Foot and on the
right hemisphere for the class combination Foot/Right. This happened just for Cat. III users, as it
is confirmed by analysis of single subject scalp maps.
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Figure 3.9: Frequency of selection for each channel in the motor areas as SMR-channel, i.e. as channel with
the highest r2 between BP and class membership. Darker channels are selected more often than lighter ones.
White channels were never selected. From top to bottom, the three class combinations, from left to right,
the nine runs.

3.3.4 Classification Accuracy

Differently from a grand average analysis, which provides a global overview of the SMR patterns,
the single trial classification of each data set is useful to measure the classifiability of the data. In
fact, CSP filters can catch class related SMR patterns not directly visible by scalp maps and up to six
CSP filters might concentrate on different rhythms that developed at different moments of one run.
This is especially important for the MO runs and Cat. III users: even if the SMR patterns among
users are very different and thus not visible in the grand average, they might still be classifiable.
For each run, CSP analysis was conducted on the band-pass filtered and epoched data shown in
Fig. 3.7 and a LDA corrected by shrinkage was used to classify the resulting CSP features. The
offline accuracy is calculated as the area under the Receiver Operating Characteristic (ROC) curve
(AUC). This was done twice as follows:

1. with subject-specific frequency and time interval, CSP filters and LDA used during the
experiment, i.e. chosen from the three calibration runs. In this case the data from each run
are then the test set, where the classification accuracy is calculated. To avoid overfitting, for
each MI-Cb run, CSPs and LDA are re-calculated using the other two runs as training set.
This accuracy is called transfer accuracy, since it measures the transferability of parameters,
spatial filters and classifier fromMI-Cb runs to the other runs.

2. with subject-specific frequency and time interval chosen on the same run as described in
Section 3.3.1. In this case, CSP filters, LDA and classification accuracy are calculated by
CV. To take into account the disparity of number of trials in the training set, leave-one-out
CV (LOO-CV) was used for the MO, ME and MI-Cb runs, which had respectively 40, 50
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and 50 trials, while 2-fold CV was used for the MI-Fb runs, which had 100 trials each. This
accuracy is called inside accuracy.

Results are shown by box plots in Fig. 3.10 where, in each box, the red line in the middle of the box
indicates the median accuracy, the lower and the upper limit of the box indicate respectively the 25
and 75 percentiles of the accuracies, and the whisker length is calculated as the difference between
the 75 and 25 percentiles, i.e. is equal to the length of the box itself. Accuracies outside the whiskers
are considered outliers and are indicated by a cross. For each run, two boxes represent respectively
the transfer (dark cyan) and the inside (cyan) accuracy. For the MI-Fb runs two additionally boxes
represent the online accuracy for the first 20 trials (purple), used to adapt the bias of the classifier,
and the 80 trials (magenta) considered for the actual online feedback performance. From the top
to the bottom of Fig. 3.10, the average accuracies across users of Cat. I, Cat. II and Cat. III are
presented.

The following obervations can be done, depending on the comparison taken into account:

• MOvs. ME andMI runs. It is clear, that also on a single subject level, themotor observation
task does not produce robust classifiable patterns, as the resulting accuracy is much lower
than for the other runs. Since the final MO run is not better classifiable than the first one,
the poor classification accuracy cannot be justified by the early position of the run in the
experiment. Moreover, to test whether the poor classification accuracy depends just on the
number of trials, the same procedures have been repeated for ME and MI runs using just
the first 40 trials. Average accuracies are presented in Table 3.2 and again, are much lower
for MO runs. This is valid for all three categories.

• ME vs. MI runs. For Cat. III users, ME runs are much better classifiable than MI runs. This
is very important, since it demonstrates that, at least for a part of these users, it is possible to
measure by EEG classifiable SMR activity and improve their performance by longer user’s
training or better algorithms.

• MI-Cb vs. MI-Fb runs. There was no significant difference between the inside accuracy of
MI-Cb and MI-Fb runs, both for all users considered together and for each category group
separately (Wilcoxon signed rank test). This is surprising, since the feedback is expected
to help the user to improve the ERD. Since the scalp maps in Fig. 3.7 suggest quite stable
patterns for the class combination Left/Right, themean inside accuracy by class combinations
was also calculated and reported in Table 3.3. It is clear, that while for the class combination
Left/Right the inside accuracy stays the same, for Left/Foot and for Foot/Right a drop happens
going from the calibration to the feedback data.

• Transfer vs. inside accuracy. In almost all cases, the inside accuracy is higher than the
transfer one. This happens especially for the MO runs, as expected by the diversity of the
z-score scalp maps in Fig. 3.7 and frequency bands in Fig. 3.5. For the other runs, with good
transfer accuracy, but anyway better inside accuracy, this means that the variability from
run to run, even for the MI-Cb runs, is more important than the number of trials used
for training the CSP filters and the LDA (higher for the transfer accuracy). The contrary
happens just for MI-Fb2 and MI-Fb3 runs of the Cat. I, where the superiority of the transfer
accuracy, indicates that probably the patterns deteriorate a bit with the time (because of
tirediness or concentration) so that they constitute a slightly worse training set. This is also
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Figure 3.10: Box plots of the offline accuracy obtained for each run. The run names are indicated on the
x-axis of the last row. The dark cyan boxes refer to the transfer accuracy, obtained using subject-specific
parameters, CSP filters and LDA calculated on the three MI-Cb runs during the experiment. For the offline
accuracy of MI-Cb runs, CSP filters and LDA were again calculated on two MI-Cb runs and tested on the
run itself. The cyan boxes refer to the inside accuracy, obtained selecting subject-specific band and time
interval on the run itself and training CSP and LDA by LOO-CV. For the three MI-Fb runs, the online
performance is also depicted: purple boxes for the first 20 trials used for bias adaptation, magenta boxes for
the 80 trials relevant for the calculation of the online performance). From top to bottom, one row for each
user category.
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confirmed by the z-score scalp maps of Cat. I for class combination Left/Foot and much
more for Foot/Right. Nevertheless, for Cat. II and Cat. III, the variance of inside accuracy is
always much larger than for transfer one, indicating that for some users overfitting occurs,
in the selection of stable subject-specific parameters and calculation of the CSP filters. The
transfer accuracy is much higher also for MI-Cb1 for Cat. III, indicating a strong overfitting
when 50 trials are used as training set. For the other runs of Cat. III, transfer and inside

accuracies do not differ so much, indicating that even algorithms trained on the trials of the
same run, cannot improve the performance of these users.

• Feedback Runs, online vs. offline. The online accuracy of the MI-Fb runs is always worse
than the offline one. This points out an important timing problem, since the offline accuracy
is calculated using subject-specific time interval, while the online classification is determined
at the end of the trial. Morover, it can be noticed that, for Cat. I and Cat. II, the offline
accuracy, especially the inside one, decreases from run to run because the actual SMR
patterns deteriorate. Differently, for Cat. I the online accuracy increases from MI-Fb1 to
MI-Fb2, showing a clear user’s learning effect and adaptation to the trial timing (given the
offline accuracy) and then decreases in MI-Fb3 probably because of tirediness (p = 0.028
by Wilcoxon signed rank test for the equality of median between MI-Fb1 and MI-Fb3).
Similarly, online accuracy for Cat. II increases in the last run (MI-Fb3), showing that these
users need more time to learn the task. This is not possible at all for Cat. III users, whose
accuracy does not show any learning effect and even a drop in the last MI-Fb3.

• Bias Adaptation. The bias adaptation after the first 20 trials is effective just for Cat. I users.
The reason might be that, given the high non-stationarity or noise of the data in Cat. II and
Cat. III users, the bias adaptation is not successful and maybe even worsen the classification.
The machine-learning co-adaptive approach described in Chapter 7 offered a solution also
for this point.

The calibration accuracy re-calculated by 8-fold CV (as done during the experiment) and the online
feedback performances averaged by runs and categories are additionally reported in Table 3.4,
since they are usually more important for comparison with new developed methods which make
use of calibration and feedback data.

Cat. MO ME MI-Cb. MI-Fb. MO
I 64.20 89.89 95.61 85.89 60.93
II 65.24 76.39 87.42 65.06 58.73
III 57.03 67.80 47.22 53.92 54.28
All 63.50 79.78 87.76 74.72 59.75

Table 3.2: Inside performance calculated by LOO-CV on the first 40 trials of each run and averaged by user
category. The last row shows the average across all 80 users.
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Calibration Inside AUC [%] Feedback Inside AUC [%]
Cat. I Cat. II Cat. III Mean±Std Cat. I Cat. II Cat. III Mean±Std

LR 93.66 91.46 64.03 88.58 ± 13.55 94.85 91.75 63.75 89.46 ± 14.10
LF 94.18 84.46 64.47 85.19 ± 14.69 89.85 81.52 64.85 82.25 ± 15.11
FR 93.33 83.50 60.46 79.99 ± 16.98 89.08 75.79 60.99 76.15 ± 14.48
All 93.83 85.12 63.23 85.42 ± 14.90 92.15 80.93 63.47 83.73 ± 15.27

Table 3.3: Inside accuracy (calculated by LOO-CV on each run) of calibration and feedback data averaged
by user category and class combination. The mean values across runs of the AUC is reported. The last row
shows the average across all class combinations.

Calibration [%] (offline) Feedback [%] (online)
Cat. Run 1 Run 2 Run 3 Mean±Std Run 1 Run 2 Run 3 Mean±Std
I 90.77 91.34 90.85 90.99 ± 6.16 86.54 86.62 82.85 85.60 ± 9.94
II 81.79 81.78 80.08 81.22 ± 8.24 60.36 61.15 60.42 61.79 ± 8.60
III 64.91 64.97 63.49 64.46 ± 6.64 55.19 55.87 53.27 54.40 ± 4.97
All 79.16 79.36 78.14 83.31 ± 12.68 74.97 75.21 71.75 74.42 ± 16.48

Table 3.4:Offline calibration accuracy (re-calculated by 8-fold CV as during the experiment) and online
feedback performance obtained during the experiment averaged by runs and user categories. The last row
shows the average across all 80 users.

3.4 Spectra at Rest: Neurophysiological Predictor of BCI
Performance (SMR-predictor)

As explained in Section 2.3, the EEG power spectrum at rest in the motor areas can be described by
a 1/ f curve, where f is the frequency, with one, two or (rarely) three peaks around 10, 20 and 30 Hz
and motor imagery causes a suppression of these peaks by desynchronization of the underlying
cortical networks. The 1/ f curve indicates the EEG background activity, which is called noise
because the higher it is, the more the EEG rhythmic activity of interest, i.e. the peaks, are obscured.
It can then be assumed, that users with more prominent peaks in the spectrum at rest have a higher
potentiality to suppress them. Additionally, not just the absolute peak amplitude, but the level of
noise is important as well, which should be as low as possible.
Based on this neurophysiological assumption, in (Blankertz et al., 2010a) a SMR-predictor is
presented, which allows to predict with high reliability how likely a subject can achieve BCI control
by SMR modulation. To calculate the SMR-predictor, the distance between the PSD at rest and the
noise curve at a particular scalp location is estimated by modeling both the PSD and the noise
curve. In fact, the maximal distance between the peaks in α and β and the noise for each channel
can be considered as the SMR-strength over that channel location. In the following section, a
re-formulation of the model presented in (Blankertz et al., 2010a) is separately described, which is
good in general as model for the EEG spectrum. As explained in Section 1.1, the model itself was
developed in Blankertz et al. (2010a) where I contributed to the single subject analysis, whereas
here and in Chapter 7 I use the model to analyze the EEG data at rest. The SMR-predictor is
presented in Section 3.4.2, while results obtained using just the model of the EEG spectrum and
then the SMR-predictor itself are presented in Section 3.4.3.
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3.4 Spectra at Rest: Neurophysiological Predictor of BCI Performance (SMR-predictor)

3.4.1 Model of EEG power spectrum

The model of the EEG PSD curve is constructed as the sum of three functions n, дα and дβ
modeling respectively the noise, the peak in the α frequency band and the peak in the β frequency
band. The noise is modeled by a hyperbola function, while the two peaks are modeled by Gaussian
functions φ. It results the following funtion P̂SD of frequency f :

P̂SD( f ; λ, µ, σ , k) = n( f ; λ, kn) + дα( f ; µα , σα) + дβ( f ; µβ , σβ), (3.1)

n( f ; λ, kn) = kn1 +
kn2

f λ
, (3.2)

дα( f ; µα , σα) = kαφ( f ; µα , σα), (3.3)
дβ( f ; µβ , σβ) = kβφ( f ; µβ , σβ) (3.4)

The parameters λ and kn2 regulate the shape of the noise function n, while kn1 regulates its
amplitude. The parameters kα , µα and σα , regulate respectively the amplitude, the position and
the width of the Gaussian function дα representing the peak in α. The peak in β is also mod-
eled by its own paramaters. The function P̂SD is then modeled in total by nine parameters (in
Eq. 3.4 indicated by λ, µ = (µα , µβ), σ = (σα , σβ) and k = (kn1, kn2, kα , kβ), all ∈ R). As objective
function for the optimization of the nine parameters, the L2 − norm of the difference vector
PSD(f) − P̂SD(f ; λ, µ, σ , k) is taken, where f is the frequency vector with f in the range 2-35 Hz.

3.4.2 SMR-predictor

The SMR-predictor presented in (Blankertz et al., 2010a) is the mean value of the SMR-strength of
the Laplacian derivation of C3 and C4, where as SMR-strength, the distance between the highest
peak of P̂SD and the modeled noise n, i.e. max f ∈f(P̂SD( f ) − n( f )), is considered. In particular,
segments of 2s length are extracted and averaged from the condition relax with eyes open from
the relax recordings and the Laplacian derivation of C3 and C4 are calculated. Then, the PSDs
over these two derived channels are modeled and the mean of the two SMR-strengths is taken
as SMR-predictor. An illustration is shown in Fig. 3.11, where, for C3 on the left side and for C4
on the right side, the PSD (solid line, blue for C3, purple for C4), the P̂SD (dot line, cyan for
C3 and magenta for C4, indicated as "PSD fit" in the legend), the noise fit n (dashed line, cyan
for C3 and magenta for C4) and the SMR-strength (solid line, cyan for C3 and magenta for C4),
i.e. the maximum difference between P̂SD and n are depicted. The value of the corresponding
SMR-predictor, i.e. the mean of the SMR-strengths in C3 and C4, is indicated in the title.
Note that, even if this is equivalent to max f ∈f(дα( f ) + дβ( f )), maximizing this term without
subtracting the estimated noise delivers worse results (Blankertz et al., 2010a). Also, modeling
P̂SD as the sum of the two peaks without the noise component would deliver a less exact model
with less power on the low frequencies, and modeling just the noise using the real PSD (and then
use the real PSD for the subtraction) is not always trivial when the two peaks are not well separated.
In general, the model is necessary for more stable results in case of noisy or not exemplary spectra.
The choice of C3 and C4 is motivated in (Blankertz et al., 2010a) by two procedures. In the first
one, the PSD for all Laplacian derivations of the condition relax with eyes open for all 80 users is
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modeled as described above, and it is shown that the average across the users exhibits maximum
values exactly in C3 and C4. Within the second procedure, an LDA per Laplacian channel is trained
on the MI-Cb runs and tested on the MI-Fb runs. Features was the logarithmic BP calculated
using the subject-specific frequency band and time interval. The classification error results were
averaged across users performing the same class combination and showed that, for Left/Right
and Left/Foot, C3 and C4 delivered the lowest classification error, while for Foot/Right the lowest
classification error was between C3 and CFC3.

SMRpred = (9.8 + 8.4)/2 = 9.1
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Figure 3.11: Illustration of the SMR-predictor as in Blankertz et al. (2010a). Left: PSD (solid line, blue) of
Laplacian derivation, fit of PSD (points, cyan), fit of the noise (dashed line, cyan) and SMR-strength (solid
line, cyan witht its value 9.8) of the channel C3. Right: PSD (solid line, purple) of Laplacian derivation, fit
of PSD (dots, magenta), fit of the noise (dashed line, magenta) and SMR-strength (solid line, magenta, with
its value 8.4) of the channel C4. In the title, the SMR-predictor value, i.e. the mean of the SMR-strengths

over the two channels, is indicated.

3.4.3 Results

Analysis of the spectrum at rest

In Fig. 3.12, the grand average across users of Cat. I, II and III (from left to right) of the PSD, the
P̂SD and noise fit is shown. On the top, channels C3 and C4 are used, as for the SMR-predictor
illustration. Again, the PSD is depicted by a solid line (blue for C3, purple for C4), P̂SD is depicted
by a dot line (cyan for C3, magenta for C4) and the noise by a dashed line (cyan for C3, magenta
for C4). In the title, the average of the SMR-predictor values across the users of the corresponding
category is indicated. It can be observed that, as expected, the PSD of C3 and C4 for Cat. I is
exemplary with two clear peaks in the µ (around 12 Hz) and β band. For Cat. II, both peaks happen
2-3 Hz earlier (around 10 Hz) and are much smaller while Cat. III plot exhibits an almost flat
spectrum with a very small peak also around 10 Hz. More interestingly, both PSD and noise are
consistently (but not significantly) higher for C4 in comparison to C3, but the contrary happens
for the SMR-strength, i.e. the maximum distance between the P̂SD and the noise fit, which is
higher in C3 (mean SMR-strength values are reported in the titles, the first one is for C3, the second
one is for C4). In order to confirm these observations, statistical tests have been conducted, to
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Figure 3.12: Spectrum at rest (PSD, solid line), model of the PSD (dot line) and model of the noise (dashed
line) averaged across users belonging to the same category. From left to right, Cat. I, Cat. II and Cat. III.
Top: Laplacian derivation of C3 (PSD in blue, PSD fit and noise fit in cyan) and C4 (PSD in purple, PSD
fit and noise fit in magenta). In the title, the SMR-predictor value is reported, calculated separately for
each user and channel and then averaged. Bottom: Laplacian derivation of the SMR-channel, which is
subject-specific. In the title, the average across users of the SMR-strength of the corresponding channel.

test the correlation of the feedback performance with the following variables calculated for the
fmax which maximizes the difference between P̂SD and the noise fit (i.e. fmax is different for each
user and channel): P̂SD, noise, frequency fmax itself and SMR-strength in C3 and C4 (8 variables)
and mean of P̂SD, mean of noise, difference of fmax and mean of the SMR-strengths over the two
channels (the last one is thus the SMR-predictor), i.e. 12 variables in total. Pearson or Spearman
correlations were calculated depending on the result of the Lilliefors test for normal distribution
(Lilliefors, 1967). All correlations resulted significant (p < 0.05) except for the noise and the fmax

in C4. While a feature ranking is not the aim of this analysis, it is surprising to note that: 1) C3
seems to be more relevant than C4. In fact, differently from C4, the noise and the fmax in C3 are
significantly correlated with the BCI feedback performance (p < 0.001 resp. p < 0.05). Moreover,
the three variables with normal distribution (P̂SD, noise fit and SMR-strength) for C3 and C4
were transformed to binary to be used as input for a two-way analysis of variance by ANOVA,
one test for each pair of variables. Results showed no interaction between values in C3 and C4,
but always higer significantly effect for C3. 2) The mean of P̂SD and the SMR-predictor over C3
and C4, had higher correlation than C3 and C4 alone, meaning that both channels had separated
(no interaction) significant effects on the performance. 3) The difference between the fmax in C3
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and C4 was also high significantly correlated with the feedback performance (p < 0.001) and as
already stated before, even the fmax in C3 alone (p < 0.01). Moreover, these correlations were
negative (also for C4 p = 0.09), in line with the results in Section 3.3.1, that a feedback based on
lower frequencies is more robust than a feedback based on frequencies in the β or γ band.
On the bottom of Fig. 3.12, the PSD, the PSD model, the noise fit and the SMR-strength are
calculated using the subject-specific SMR-channel. The SMR-strength for this channel is higher for
Cat. II and especially for Cat. III users, whose spectra clearly exhibits a peak around 10 Hz. This
indicates that at least some users of Cat. III have SMR activity but not in the expected positions
and this is visible already in the EEG at rest.
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Figure 3.13: SMR-predictor results as in Blankertz
et al. (2010a) with the addition of the user categories.
One dot per subject. Linear regression between
SMR-predictor values and average feedback accu-
racy results in the black line. Pearson correlation
coefficient r=0.53. The criterion level of feedback
accuracy of 70% is marked by a red dashed line.

In Fig. 3.13, the BCI feedback performance (av-
erage across the three MI-Fb runs) versus the
proposed SMR-predictor is depicted. The predic-
tor values are indicated for each user by a green
dot for Cat. I, by a blue dot for Cat. II and for
a red dot for Cat. III. The black line is the result
of a linear regression between the SMR-predictor
and the feedback performance. This means that
the SMR-predictor explained as much as r2=28%
of the variance in the feedback accuracy in our
sample of 80 participants. The dashed red line
indicates the performance threshold of 70%, un-
der which the users are in Cat. II and Cat. III.
Following these results, one can expect users with
a SMR-predictor higher than 3 (or even 3, consid-
ering the green dots with lowest SMR-predictor
values) to be able to reach BCI control. In Fig. 3.13,
there are several userswith feedback performance
below 70% and relative high SMR-predictor val-
ues. It can be hypothesized that those users have
the potentiality to obtain a better BCI control un-
der new training strategies or new algorithms for
EEG online processing and classification.

3.5 Psychological Tests: Psychological Predictors of BCI
Performance

The results of the psychological tests were analyzed in collaboration with the Tübingen group and
published in (Hammer et al., 2012). In this analysis subjects were not divided in categories but
considered all together. By statistical analysis, those variables are selected, which significantly
correlated with the feedback performance (called BCI performance) and a logistic regression
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model was constructed with the most significantly correlated variables to estimate how much the
variance of the BCI performance they can explain. Due to a significant drop in the performance
in the third run and the earlier interruption of the experiments by several participants, the BCI
performance used for the statistical analysis was the mean value of the performance in MI-Fb
runs 1 and 2.

3.5.1 Participants

First of all, it was tested that no difference between the participants from Berlin and Tübingen
is present, neither in the feedback performance nor in the test answers. This is an essential
requirement to merge the users for further analyses. Also, no effect of gender was observed. On
the contrary, a significant negative correlation with age was found (Spearman: r = -0.23, p < 0.05).
Since age was not distributed normally, the sample was split in two groups (group 1 ≤ 40 years,
group 2 > 40 years) and age was used as categorization variable in the regression analysis to adjust
for a possible effect of this variable on BCI performance.

3.5.2 Imaginedmovements

To evaluate whether imagery strategies were related to BCI performance, the subjects were also
asked which movement they imagined and categories were build. Three different types of hand
movement and two different types of foot movement could be categorized. For the left or right
hand, 52.5% of the subjects imagined clenching their own fist, 18.8% visualized a movement with
their fingers and 28.7% imagined more complex motions like climbing or playing guitar. For
the foot, 68.8% of the participants imagined toe movement and 25% visualized foot movements
(five statements were missing). The movement categories were compared with regard to the BCI
performance by means of a one-way ANOVA and a t-test for independent samples for hand and
foot movements, respectively. The imagery strategies did not lead to any significant differences in
BCI performance.

3.5.3 Psychological Variables

The correlation between the BCI performance and each psychological variable resulting from the
tests described in Section 3.1.2 conducted before the BCI session was calculated by Pearson (if
the variable was normally distributed) or Spearman (if the variable was not normally distributed)
correlation coefficient. For each subgroup of tests (performance, personality, clinical) a variable
X was selected to be used as independent variable in the logistic regression model if 1) X has
a significant (p < 0.05) correlation with the BCI performance and 2) no other variable in the
same group was higher correlated with the BCI performance and was correlated with X. For
the logistic regression analysis the BCI performance Yon was transformed in order to be the
output (dependent variable) Y of the logistic regression function, i.e. 1) scaled to be between
0 and 1: Ynew = (Yon − Ymax)/(Ymax − Ymin) 2) log-tranformed to be between −∞ and +∞:
Y = ln(Ynew/(1 −Ynew)). In each test block, Bonferroni correction for multiple comparison was
also applied.
The only variable resulting from the selection procedure was the overall mean error duration from
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the 2HAND test (see Section 3.1.2) with a correlation coefficient of r = 0.42 and p < 0.001 (corrected
p < 0.005). This variable is an indicator of visuo-motor coordination. The corresponding ANOVA
regression model indicated that the overall mean error duration variable explains 11.4% of the
variance in the BCI perfomance. The additional effect of the variable age as indicator was marginal.
The inclusion of the SMR-predictor in the model increased the prediction to 30.2%.
Additionally, for the 40 users who did also the AHA test, the corresponding variable performance

level, which indicates the ability to concentrate on the task, resulted to be significantly correlated
with the BCI performance (r = 0.50, p < 0.002, corrected p = 0.002). The two variables are actually
correlated as well, but they were put together in a second regression model since belonging to two
different test blocks, explaining 24.4% of the BCI variance performance. The addition of age as
indicator variable increased the prediction to 25.5%. The inclusion of the SMR-predictor in the
model (i.e. putting the three variables together with age as indicator) increased the prediction to
64.3%.

3.5.4 Runwise Test

The runwise tests variables cannot be used as performance predictors, since the corresponding
questions were asked after each run. Still, their results help to explain performance drops. Among
the asked variables tirediness,motor imagination strength,motivation, anger, and uneasiness (see
Section 3.1.3), all except for anger were highly significant correlated (Spearman correlation) with
the feedback performance: tirediness with r = -0.18, p < 0.05, MI strength with r = 0.44 and
p < 10−9, motivation with r = 0.29 and p < 0.001, and uneasiness with r = -0.25 and p < 0.01.
Bonferroni correction was applied multiplying the p-values by 5.

3.6 Discussion

Despite the great progress over the last 10 years, most of BCI studies focussed on the improvement
of the signal processing algorithms and no much effort has been done to investigate the inter-
subject variability and the individual characteristics that might correlate with the BCI performance.
Finding such correlates would be extremely useful in order to establish from the beginning a
subject-adapted training strategy, from the algorithm side and/or paradigm one, and to avoid long
frustrating BCI training sessions for those users for whom the SMR-based BCI is recognized not
to be suitable at all.
A large scale study is needed to take into account the wide variation of users and to obtain robust
statistics. Previous large scale studies (Guger et al., 2003, 2009; Allison et al., 2010) were conducted
during exhibitions like CeBIT, where the experiments need to be fast and the environment is noisy.
They were useful to assess howmany people are in general able to use BCI, but short questionnaires
and no EEG data analysis were conducted for a deeper analysis.
In this chapter, a proper screening study was described, which was conducted in collaboration
with the University of Tübingen. A population of 80 BCI naive participants underwent a BCI
session with MO, ME andMI runs accompanied by psychological tests before, during and after the
experiment. Some days before the BCI session, the participants also took part in a psychological
test-battery (2-3 h).
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3.6.1 BCI Users Categories

For the first time, a categorization of BCI users was introduced depending on their calibration
and feedback performances. The majority of users (60%) belonged to Cat. I, with calibration and
feedback performance both higher than the criterion level of 70%. Cat. II was assigned to those
users (17%) who had a good calibration performance but poor (below 70%) feedback performance.
These users in general developed a wrong MI strategy or had problems in passing from calibration
to feedback modality. The rest of the participants (22.5%) exhibited not classifiable data already in
the calibration session so that also the feedback performance was lower than 70%.
Based on their SMR activity, also a systematic list of the reasons which lead to a drop in perfor-
mance and thus hints about possible improvements for the BCI experiment design are given. The
categorization of a user is very useful 1) to adopt the proper training strategy, 2) to select subjects
for further analyses as well as for testing new BCI paradigm or algorithms, and 3) for a better
comparison between different studies. In fact, usually the mean performance across all users is
reported, without taking into account that sometimes by chance (or even by pre-selection) just
good BCI performers took part in the study.
The single-trial classifications under different parameter settings and training set size revealed
that overfitting occurs for Cat. II and Cat. III users, whereas this seems not to be a problem for
Cat. I ones. More importantly, Cat. II and Cat. III users often develop better and correct SMR
patterns during feedback runs, as z−scores scalp maps show. These changes, as well as changes
in the reactive frequency band and timing problems (short or late ERD) cannot be solved by
improvement of the CSP algorithm against noise and non-stationarities by more subject-specific
feature extraction (Lemm et al., 2005; Dornhege et al., 2006) or by rendering it invariant to non
task relevant EEG changes (see e.g., Blankertz et al., 2008a; Grosse-Wentrup et al., 2009; von Bünau
et al., 2009; Samek et al., 2012) or by regularizing it against overfitting (Tomioka and Müller, 2010;
Lotte and Guan, 2011). All these approaches use the calibration data as training set and can improve
in general the classification performance, but obviuosly cannot predict the unseen patterns which
appear in the feedback session, since training and feedback data come from two completely or
strongly different distributions. As observed in Section 3.3.4, even the bias adaptation of the LDA
classifier after 20 trials of feedback, as described in (Shenoy et al., 2006) did not succed for users
of Cat. II and Cat. III. Note that, newly developed techniques for unsupervised adaptation of the
LDA classifier using the density distribution of the feedback data (Li et al., 2010) or (Vidaurre et al.,
2011a) would not be suitable to catch changes in the reactive frequency band and SMR patterns as
well, but adapt efficiently to changes in the background activity, given that the activation patterns
stay the same. As we will see in Chapter 7, we will find a solution to these problems (Vidaurre et al.,
2011c; Sannelli et al., 2012) and show that the development of these SMR patterns is facilitated by a
better feedback and is also frequent in Cat. III users.
Grand average of Cat. III users did not exhibit significant correlations between BP and class
membership even during the ME runs, indicating that the difficulty encountered by the majority
of these users to achieve BCI control is not related to non-stationarities in the data neither to
wrongMI strategies or to the fact that the motor imagery does not produce the desidered ERD, but
rather to intrinsic properties of their EEG activity. Nevertheless, from run to run for the Left/Right
combination, proper patterns appear, and even if they are not significant, they suggest that a long
training or a better feedback (i.e. better algorithms which interpret correctly the data from the
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beginning and return a more stable feedback) might help these users to achieve BCI control. This is
confirmed by the single trial offline classification of the ME run, which delivered a higher accuracy
(median across subjects above 70%) than for the MI runs.

3.6.2 Class preferences

The majority of Cat. I users employed the combination Left/Right and showed ERD/ERS for
both hands. The Foot class came into play when the desynchronization between left and right
hemispheres resulted difficult. This is evident observing the scalp maps in Fig. 3.7, where ERD
appears not just in the contralateral, but also in the ipsilateral hemisphere during performance of
Left/Foot and Foot/Right class combination. This phenomenon is much larger and stronger for the
Left/Foot combination, where it continues to some extent also during the feedback runs. Together
with the stronger SMR-strength observed on C3 in comparison to C4, it can be hypothesized that a
certain general difficulty is met to disengage the left hemisphere, resulting in a larger ERD and
better calibration performance for Left/Foot than for Foot/Right. This explains why Left/Foot is
chosen much more often than Foot/Right (34 vs. 16 users), so that the class Left was employed
much more often (64 users) than Right and Foot. This is in line with (Pfurtscheller et al., 1997,
2006) and (Neuper et al., 2009), where a dominance of the left hemisphere is observed by larger
ERDs around C3.

3.6.3 Reactive frequencies

The analysis of the subject-specific frequency bands revealed that participants who obtained the
BCI control by Left and/or Right hand motor imagery mostly did it by µ band, while the β band
has been selected when the control was achieved by modulation of the Foot SMR activity (see
Section 3.3.1). The performance was significantly higher for users who employed the µ SMR. It is
difficult to test, whether this is due to a general higher stability of the µ SMR in comparison to
the β SMR, or to the fact that hand and foot pattern cannot be caught at the same time, if they
appear in two distinguished bands. In fact, the SMR activity, the reactive frequency bands and the
classification accuracy resulted more stable across runs for the Left/Right class combination. A
deeper analysis is needed to investigate this particular case, especially because the classical BCI
experimental design does not allow to adapt to SMR changes and frequency band.

3.6.4 Motor Observation

The MO runs did not exhibit classifiable patterns, even for the Cat. I users. This is in contrast with
previous studies (Babiloni et al., 1999; Cochin et al., 1999; Pineda et al., 2000; Muthukumaraswamy
and Johnson, 2004) which led to the "mirror neuron theory" hypothesized in (Pineda, 2005). The
"mirror neuron theory" described an observation/execution matching system, in which the activity
of mirror neurons, reacting to motor observation, modulate the premotor neurons which are then
reflected by the µ rhythms as well. It should be noted that in Muthukumaraswamy and Johnson
(2004) and in Pineda et al. (2000), just differences between the SMR in the EEG at rest and in
the EEG during motor observation were observed, but no data classification was carried out. In
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Neuper et al. (2009), the participants had to domotor imagery with a realistic feedback, thus motor
imagery and observation at the same time, which is essentially different from the task presented
here, where the participants had to carefully observe the videos and imagine the shown limbs were
their own. The classification results, anyway, did not differ between the two modalities (motor
imagery with realistic or abstract feedback). In Halder et al. (2011) as well, the users had to do
motor imagery during motor observation. Finally, in Neuper et al. (2005) a better classifiability of
MO data was reported in comparison to MI. Nevertheless, the depicted SMR activity was mainly
parietal, which is again not in line with Muthukumaraswamy and Johnson (2004) and (Pineda
et al., 2000). The better classifiability of the MO data reported in Neuper et al. (2005) might be due
to the difference in the feature selection algorithms. In particular, they classified a combination of
features in several frequency bands, while in this chapter we applied CSP which is particularly
successful for ERD features.

3.6.5 Relax recordings

The relax recording revealed to be very important to monitor the basic potentiality of a user to
use BCI. The SMR-predictor (Blankertz et al., 2010a) resulted a very useful tool to categorize the
users and estimate from the beginning of the experiment how good they might perform motor
imagery. Moreover, since for Cat. II and Cat. III users the subject-specific SMR-channel had
a higher SMR-strength than C3 and C4 already in the relax recording, it can be hypothesized
that the relax recording itself might be used already to select subject-specific areas with higher
SMR potentiality and use them as information to optimize the BCI system. Similarly, the relax
recording and the PSD model can be utilized to estimate the subject-specific reactive frequency
band already before starting the BCI session. Interestingly, the peak in the relax spectrum for Cat.
I users was around 11 Hz, while the peak in the relax spectrum of Cat II and Cat III users was
around 10 Hz. In Neuper et al. (2005), it was observed that the low µ component was responsible
for a general but not class-specific ERD, while the high µ allowed the classification between left
and right. Further investigation of these results would be interesting to find out whether the
reactive frequency component itself could be a predictor of SMR-based BCI performance. Again,
a dominance of the left hemisphere is confirmed by higher peak, stronger SMR-strength and a
more significant correlation of parameters (reactive frequency, noise level and peak amplitude)
with the feedback performance in C3 than in C4.

3.6.6 Further relevant studies by the Tübingen group

Twenty of the 40 volunteers by the Tübingen group were selected for a successive fMRI study
reported in Halder et al. (2011). They were divided in two groups depending whether their EEG
BCI feedback performance was higher or lower than the median across the 20 selected users.
The fMRI session was conducted on average 13.9 days after the EEG experiment. During fMRI
recording participants performed motor imagery, execution, and observation with the two classes
used during the EEG session, resulting in 6 motor tasks. For each motor task, one recording was
recorded with seven blocks of 30s in which participants were required to perform the motor tasks.
Finally, an anatomical T1 scan was conducted lasting about 6 min. Results showed significant
differences in the blood oxygen level-dependent (BOLD) signal changes among the two groups
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(higher for BCI good performing users) of users in several brain regions for the motor observation
and motor imagery tasks, but not for the motor execution task. In particular, larger motor areas
were activated during the task by good BCI performing users. Larger synchronized motor areas
would than produce larger SMR peak at rest, in line with the results shown on the relax recording
in Blankertz et al. (2010a). Unfortunately, no comparison between EEG and fMRI data for the
same tasks was done, to explain why, differently from the EEG data, the fMRI motor observa-
tion runs produced patterns similar to the motor imagery runs and the motor execution fMRI
patterns did not differ between good and poor BCI performing users. These differences can be
probably explained by the different trial design (short and with three randomized tasks in the
EEG study, long and with a single task in the fMRI study) and by different instruction for the
motor observation. In fact, during the fMRI study the participants were instructed to observe
and do motor imagery, while in the EEG study they had to imagine to watch their own limbs
move. A more important result was recently shown in Varkuti et al. (2011). Here, the Diffusion
Tensor Imaging (DTI) data were analyses (i.e., the T1 scan of 6 min) and a strong correlation
(two-sample t-test, p = 0.0187) between the individual Corpus Callosum Fractional Anisotropy
(CC-FA) and the BCI performance was found. The CC-FA is a measure of the inter-hemispheric
white matter connectivity and is an individual trademark. Thus, it was concluded that better
BCI performing users have a more dense and stronger fiber bundles in the CC which allow bet-
ter inter-regional signal conduction and faster communication between the two brain hemispheres.

3.6.7 Intrinsic or not?

In this chapter several problems have been addressed, which contribute all together to a poor
BCI performance for a significant portion of participants (40%). The absence of a SMR peak in α

and/or β frequencies seems to be an intrinsic user property, probably impossible to deal with. The
same can be thought about the individual CC-FA analyzed whithin the successive DTI study in
Varkuti et al. (2011). On the other hand, this neurophysiological property can predict only 28%
of the variance in the BCI performance across 80 users and the anatomical structure predicts
34% of the variance across 20 pre-selected users. These data indicate that the rest of the variance
is imputable to other reasons and can be probably dammed by a goal oriented algorithm and
design optimization of the experiment. Moreover, clear evidences of neural plasticity in humans
induced by BCI feedback have been recently demonstrated especially in clinical applications (see
Birbaumer et al., 2009, for a review), so that it is reasonable to assume that a better BCI feedback
would lead also users with small SMR amplitudes to enlarge the motor areas involved in the motor
task, resulting in a higher SMR peak at rest and an easier SMR modulation.
The aim of this thesis, is to reduce the BCI inefficiency to a much lower percentage of users
corresponding to those participants who exhibit a complete flat spectra at rest.
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A long debate has been going on about the suitability of linear methods versus non-linear ones
for EEG analysis (see Müller et al., 2003). The numerous tentatives to apply non-linear methods
for EEG feature extraction as well classification led to the conclusion that the introduction of
non-linearity for macroscopic brain activity analysis, does not improve significantly the results
in comparison to linear methods (see, e.g., Garrett et al., 2003). Given the small improvement
when using non-linear methods, the linear ones are preferred because they are more robust against
overfitting, require less parameter tuning and are usually much less time consuming than the
non-linear algorithms. Moreover, linear tools result very practical for data analysis, as they allow
to interpret the data in a very intuitive manner, in the sensor as well as in the source space (see
Section 2.4.2). Still, it can be hypothesized, that for some particular users, where linear methods
like CSP fail in extract the relevant information for classification, the projection from the brain
sources to the scalp might not be properly modeled by suchmethods and non-linear algorithms for
feature extraction might be more effective. Note that, even advanced source localization methods
which might be useful to find a solution to this dilemma, typically fail when applied on data of
BCI poor performing subjects and require clear separable data to be evaluated. For instance, the
novel source reconstruction method S-FLEX presented in (Haufe et al., 2011) was tested on the
data of ten very good BCI performing users of our 80 data sets.
Moreover, the BBCI approach employs a strong dimensionality reduction, extracting at most six
CSP features. This is necessary for fast online processing, to avoid overfitting and allows to quickly
inspect the chosen CSP filters and patterns during the experiment. On the other hand, particular
data sets might spread their variance in more than six mayor directions, especially if participants
change the MI strategy during the experiment.
RelevantDimension Estimation (RDE) is an algorithmproposed in Braun et al. (2008)whichmakes
use of kernel Principal Component Analysis (kPCA, Schölkopf et al., 1998) in the feature space
together with label information in order to assess the actual class related information contained in
a data set. In particular, RDE allows to estimate the intrinsic dimensionality, the noise and the
non-linearity of a learning problem and to explore the interaction among these three factors.
Another problem that can be addressed by the application of RDE, is the origin of the intrinsic noise
present in the data set. The EEG signal is usually contaminated by noise coming from artifactual
sources, e.g. for channels which lie at the side of the skull the EEG signals are often heavily diluted
by the activity of facial muscles. For such kinds of localized artifacts, trial or channel rejection by
criteria like the overall variance has been demonstrated to be very effective (Schachinger et al.,
2007). Such methods are typically based on the statistical distribution of the data. Thresholds are
estimated, for example, from the signal amplitude, and trials whose data exceed the threshold are
rejected. For other noise sources such as eye movements, independent component analysis (ICA)
or regression have been successfully applied (Vigário, 1997; Makeig et al., 1997; Jung et al., 2000;
Delorme et al., 2007; Ziehe et al., 2000). In particular, ICA carries out a decomposition of the EEG
signals in statistically independent components (Hyvärinen et al., 2001) and therefore separates
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components generated by ocular artifacts from noise free components. While the decomposition
works properly, these methods require visual inspection to choose the ICA components to reject,
which renders them subject to frequent human errors and makes them unfeasible to be conducted
during an automated BCI session. Anyway, both types of artifact removal methods can detect
abnormalities in the data but obviously cannot detect misleading trials in statistically normally
distributed and clean data. In fact, these artifact removal procedures do not explicitly take the
underlying task into account, since they ignore label information. But brain activity unrelated to
the task provides a continuous stream of cross-talk that needs to be treated as noise since it does
not relate to the BCI communication task.
Since RDE estimates the intrinsic noise as the data information not relevant for the classification,
it allows to specifically focus on noise which contradicts the task, for example when the user’s
imagination of a movement is not properly carried out or even is related to the wrong class.
In this chapter, which is an extension of the results reported in Sannelli et al. (2008), RDE is applied
for the first time on EEG data to understand whether BCI-inefficiency is related to the complexity
of the learning problem, i.e. whether CSP is not suitable for data of BCI poor performing users
and non-linear or more sophisticated algorithms might then conversely succeed in a better feature
extraction. Applied to 80 EEG-BCI data collected during motor imagery paradigm and described
in Chapter 3, RDE is able to deliver interesting insights into the BCI-inefficiency phenomenon.
In the second part of the chapter, whose results have been published in Sannelli et al. (2009), the
trials detected as noisy by RDE are analyzed and used to clean the calibration data by removing,
respectively re-weighting the training trials. Note that trial re-weighting is a well-known technique
for improving the signal-to-noise ratio in Event Related Potentials (ERP) analysis (see e.g. Lemm
et al., 2006). The ’cleaning’ procedure stabilizes the CSP patterns and gives rise to a higher
robustness in their estimate, thus significantly improving the performance of the BCI system.

4.1 Relevant Dimensionality Estimation (RDE)

The RDE algorithm has been presented in Braun et al. (2008) as a method for estimating the
intrinsic dimensionality of a data set, defined as the dimensionality of a subspace in kernel feature
space which contains the relevant information on the class labels necessary for learning a high
accuracy classifier. The RDE method is not primarily intended for classification, but rather for
estimating the complexity of a data set, and helping to understand whether an inferior classification
performance is caused either by the high dimensionality of the data, i.e. by too few training samples,
or by the large amount of intrinsic noise present in the data, intended as the information not
relevant for the classification.
In this section, the basic ingredients for the understanding of the RDE algorithms are reported.

4.1.1 Class relevant and noisy kPCA feature subspaces

KPCA (Schölkopf et al., 1998), realizes first a non-linear mapping Φ of the data X = X1, X2, ..., Xn

into the feature space where the scalar product < Φ(x), Φ(x′) > can be easily calculated by the
kernel k as k(x , x′) (known as kernel trick, see Schölkopf and Smola, 2001; Müller et al., 2001)
so that the covariance matrix in feature space is the kernel matrix K with entries k(Xi , X j). In
this way, the eigenvalue decomposition is applied on the kernel matrix K as the normal PCA does
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on the covariance matrix of the non transformed data (Duda et al., 2000). Similarly to PCA, the
eigenvectors ui of the kernel matrix K called kPCA components, are sorted depending on their
eigenvalues λi , and the eigenvectors with higher eigenvalues are the leading kPCA components
containing the larger variances, i.e. most of the information about the data set X.
Considering a classification or regression problem, the features are the projections of the data
onto the first leading kPCA components. The training error decreases till zero with the number
of kPCA used for the projections, because the learning algorithm learns all the data, including
the noise. The test error, decreases till a certain number of kPCA which contains the information
relevant for the classification and starts to increase when kPCA are included, which contain just
noise, i.e. information non relevant for the classification. RDE allows to find the number D of
kPCA relevant for the classification, called intrinsic dimensionality of the data set, after which the
test error starts to increase. The subspace spanned by the rest pf the components is then called
intrinsic noise and allows to estimate how much of a data set is non relevant for the classification
and can be the cause of a poor classification accuracy.
When considering the labels Y = Y1,Y2, ...,Yn, the contribution si of each kPCA to the class
membership is given by the absolute value of the scalar product between the kPCA component
and the labels, i.e. si = uTi Y. In Braun et al. (2008) the prove is given, that most of the class relevant
information, i.e. the feature subspace important for the classification, is contained as well by the
leading kPCA components with higher eigenvalues λi and not by the kPCA with higher class
contributions si . This happens because some components might have a strong contribution on the
labels but correspond to artifacts.
Two methods are suggested for the estimation of the relevant dimension. Both are explained in
the following sections.

4.1.2 Model for the relevant dimensionality estimation

Based on these assumptions, in order to find the relevant dimension D, a two-component model
is constructed for the labels as Y = G + N, where the first component G contains the relevant
information for the output Y and the second component N contains the noise. The vector G is
unknown but it was shown to be contained in the first D kPCA components (up to a negligible
error), whereD depends on the interplay between the kernel and the data. The noiseN is considered
as equally distributed over all kPCA components. The contributions to labels of each kPCA
component becomes then si = uTi Y = uTi G+ uTi N and modeled by two zero-mean Gaussians with
individual variances:

si ∼
⎧⎪⎪⎨⎪⎪⎩

N (0, σ21 ) 1 ≤ i ≤ d
N (0, σ22 ) d < i ≤ n

. (4.1)

The corresponding negative log-likelihood function is proportional to:

L(d) = − log l(d) = d

n
log σ21 +

n − d
n

log σ22 (4.2)

with σ21 =
1
d

d

∑
i=1

s2i and σ22 =
1

n − d

n

∑
i=d+1

s2i . (4.3)
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So that the relevant dimension D is the d which minimizes the function L(d) in Eq. 4.2. In
(Braun et al., 2008), it is suggested to limit the search on the first half of the kPCA components
(N/2, if N is the number of samples), since eigenvectors with very small eigenvalues cannot be
accurately computed and the results might be unstable. Nevertheless, for a small training sample,
this threshold might be increased as probably no eigenvalue is really small (< 10−6).

4.1.3 LOO-CV for the relevant dimension estimation

The labels Ŷd estimated considering just the first d kPCA components are calculated as the
projection of the true labels Y onto the space spanned by the first d kPCA components (also
demonstrated in (Braun et al., 2008):

Ŷd =
d

∑
i=1

uiu
T
i Y (4.4)

The second method for the dimensionality estimation searches for the dimension d which mini-
mizes the LOO-CV error between the estimated labels Ŷ and the real labels. If S = ∑d

i=1 uiu
T
i , the

LOO-CV error can be calculated in closed form (see Wahba, 1990):

M̂SELOO−CV(d) =
1
N

N

∑
n=1
( Ŷd − Y
1 − Snn

)
2

(4.5)

4.1.4 Intrinsic Noise

Based on the estimated dimension, one can estimate the intrinsic noise present in a data set. One
calculates either the misclassification error

ê = 1
N

N

∑
i=1

1{Ŷi≠Yi}. (4.6)

or the mean squared error

M̂SE = 1
N

N

∑
i=1
(Ŷi − Yi)2 (4.7)

between the true labels Yi and the projected labels Ŷi .

4.1.5 Model selection

Repeating the method for several kernels, model selection is also possible, based on the minimiza-
tion of the log-likelihood function in Eq. 4.2 or of the LOO-CV error respectively. For instance,
using a Gaussian or Radial Basis Function (RBF) kernel, as we do for the EEG analysis, the entries
of the kernel matrix will be:

K(i , j) = k(Xi , X j) = exp(−
∣∣Xi − X j∣∣2

2γ
) (4.8)
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where γ is the kernel width. The kernel width γ is index of the linearity of the learning problem. A
large γ implies that all input data Xi are equally important and the problem was linear already in
the input space. On the contrary, a small γ means that the input data are strongly non-linearly
transformed andmainly samples close to the kernel center, i.e. similar samples with small euclidean
norm, will be considered in the feature space.
Both log-likelihood function and LOO-CV can be then calculated and minimized for several
dimensions d but also for several kernel widths γ and allows to analyze the problem complexity in
two-dimensions and the interplay of these two factors at the same time.

4.2 RDE application on SMR-BCI data sets

RDE in combination with a Gaussian RBF kernel was applied on the 80 calibration and feedback
data sets of the study described in Chapter 3. In the following, first the settings and then the results
are presented.

4.2.1 Settings

The input data X for the algorithm are the BP features calculated in the subject-specific frequency
bands and time interval for a subset of about 80 channels used for the CSP analysis during the
experiment (different for each user). Those trials rejected for the CSP analysis during the experi-
ment, were also rejected here. For 41 kernel widths γ logarithmically spaced in the range [10−2106],
the kernel matrix K(γ), the sorted eigenvectors U(γ), the log-likelihood function L(d , γ) (as
in Eq. 4.2) and the LOO-CV error M̂SELOO−CV(d , γ) (as in Eq. 4.4) have been calculated. The
maximum number of kPCA components changed depending on the number of trials rejected
(142.25±12.41).
In order to estimate the best kernel widthG and the dimension D of each data set, bothmethods in-
dicated above have been used, i.e. the parameterswhichminimizedL(d , γ) and M̂SELOO−CV(d , γ)
have been searched for. Given the noisy structure of the log-likelihood function (see Section 4.3),
the search range have been restricted to [1106] for G and to [260] for D.

4.2.2 RDE features

Apart from the parametersG andDwhich indicate respectively the linearity and the dimensionality
of a data set, the intrinsic noise M̂SE has been calculated as in Eq. 4.7, indicating the information
non-relevant for the classification. Moreover, since the log-likelihood function itself resulted to be
very informative about the classifiability of a data set (see Section 4.3 below), the variance, the
volume and the number of local minima of the log-likelihood function have been also extracted
and used as RDE features to analyze the predictability of the BCI performance.

4.2.3 Trial pruning by RDE

The trials misclassified by RDE can be used to denoise the training data set in order to stabilize the
CSP patterns. In particular, RDE can be used as a preprocessing step between the variance based
channel and trial rejection and the CSP analysis. Two different settings have been used to exploit
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this possibility. In the following, the two methods are respectively called RDE and RDEwlog and
compared with standard CSP without RDE preprocessing step.

Rejection of noisy trials

A very strict way to use the information extracted by RDE for improving BCI performance is to
compute the CSP using only the trials correctly classified by the RDE algorithm, i.e., the trials i
where Ŷi = Yi . Note that this may lead to a critical reduction of the size of the training set.

Weighting trials

The LDAmethod utilizes four sources of information: the common covariancematrix, the common
mean and the respective class specific means. Thus, two out of four information sources are not
class relevant, but yet help to improve the classification through the spatial distribution of the
whole data set. Therefore, rejecting all trials which weremarked as misclassified by RDE potentially
also removes relevant information. A way to avoid this information loss while at the same time
de-emphasizing faulty trials is to weight each trial based on the squared error SE = (Ŷi − Yi)2
obtained by RDE and train CSP on the weighted data set. Since less noisy trials should be weighted
higher, the actual weight is given by

SEi −maxi SEi

mini SEi −max SEi

Moreover, since in the standard CSP all trials have weight 1,W should be scaled such that the new
weights sum to N , i.e. to the number of trials.

4.3 Results

4.3.1 Log-likelihood analysis

On the top of Fig. 4.1, the negative log-likelihood functions calculated as in equation 4.2 for all γ
(K-width on the y-axis) and d kPCA components (dim on the x-axis), are shown. From left to right,
the data from a user of Cat. I, Cat. II and Cat. III are used. Calibration and feedback performance
are indicated in the title. It’s important to note that a different scale is used for the three plots.
In fact, using the same scale, no structure would be visible for the Cat. III subject. An evident
difference can be seen among the functions resulting for the three users. It can be observed that
the shape of the surface for Cat. I and Cat. II users is very similar, but much less extended and less
smoothed for Cat. II users. On the contrary, no structure can be seen in the surface for Cat. III
users. Given the big difference in the extension of the surface among the users, the variance of the
log-likelihood function has been used as feature and correlated with the BCI performance.
Looking at the surfaces it can be hypothesized that the first method described in section 4.1, i.e.
the minimization of the log-likelihood function, will fail in searching the best kernel width and
dimensionality, due to the extremely noisy function and many local minima. In fact, the results
obtained looking at the minimum of the function in Eq. 4.2 revealed to be not robust against
small changes in preprocessing settings, especially for Cat. III users. For this reason, the second
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method, i.e. the minimization of the LOO-CV error, has been chosen to estimate robustly the
best kernel width and the best dimension. Still, the negative log-likelihood function as shown in
Fig. 4.1 is extremely informative regarding the noise in feature space present in a data set and it is
independent from the method chosen for model selection.

20
40

60
80

100
120

140

6

4

2

0

−2

−1

−0.8

−0.6

−0.4

−0.2

0

dim

Cat. I, Cb: 96.50%, Fb: 93.75%

k−width (log)

20
40

60
80

100
120

140

6

4

2

0

−2

−0.25

−0.2

−0.15

−0.1

−0.05

0

dim

Cat. II, Cb: 81.00%, Fb: 61.67%

k−width (log)

20
40

60
80

100
120

140

6

4

2

0

−2

−0.04

−0.03

−0.02

−0.01

0

dim

Cat. III, Cb: 67.30%, Fb: 50.00%

k−width (log)

20 40 60 80 100
−2

0

2

4

6

8

10

PCs

G(log): 2.6, D: 19

20 40 60 80 100
−2

−1

0

1

2

3

4

5

PCs

G(log): 2.8, D: 18

20 40 60 80 100
−2

−1

0

1

2

3

4

5

PCs

G(log): 5.8, D: 2

 

 

Projs on labels

log−function

MSE

MSE−loocv

bestDim (loocv)

Figure 4.1: Log-likelihood functions obtained by RDE analysis on BP features of the calibration data. Top:
negative log-likelihood function for all kernel widths (indicated as K-width on the y-axis label) and kPCA
components (indicated as dim on the x-axis). From left to right, one user per Category is shown. Bottom:
log-likelihood (red line), M̂SE (light blue line) and M̂SELOO−CV (blue line) calculated for the chosen
K-width and for different kPCA components (x-axis). Additionally, the contribution to labels of each kPCA
component is shown by a magenta star and the chosen dimension by minimization of the M̂SELOO−CV is
indicated by a red dot.

On the bottom of Fig. 4.1, the corresponding log-likelihood functions for the chosen kernel
widths are plotted (red line). The contributions of each kPCA component calculated as shown in
Section 4.1 are visualized on the background by magenta stars. Additionally, the M̂SE and the
M̂SELOO−CV are visualized with light blue and blue lines respectively. A red dot indicates the
chosen intrinsic dimensionality (based on the minimum of the M̂SELOO−CV ). In the title, the
chosen G and D are written. It is clear that for the Cat. I user, the first kPCA components are much
more informative so that one can ideally separate the model of the data into two components as
in Eq. 4.3, the first one containing the relevant information essential for label prediction and the
second one containing mainly noise. For Cat. II users, noise is present also on the first kPCA
components so that the difference between the two parts of the model is less evident (resulting in
the less extended surface on the top). For Cat. III users, the noise is distributed over all components
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so that the minimum of the log-likelihood function and the MSE, differes for the two approaches,
indicating a high noise in the feature space and unstable choice if the intrinsic parameters.

4.3.2 RDE features correlation with performance

In Fig. 4.2, one scatter plot is presented for each feature extracted by RDE analysis. On the top,
the three features extracted from the log-likelihood function are shown, i.e. the variance (along
both dimensions), the volume and the number of local minima. On the bottom, the three features
obtained by model selection are shown, i.e. the intrinsic noise, the intrinsic dimensionality and
the kernel width. Each dot represents one subject, colors of the dot indicates the user category
(green for Cat. I, blue for Cat. II and red for Cat. III). The calibration performance is always
on the y-axis, while each feature is on the x-axis. The black line results from a linear regression
between the calibration performance and the feature. The corresponding correlation coefficient
and significance values are written in the titles. All features except for the kernel width highly
significantly correlate with the calibration performance. In particular, Cat. III users can be very
well identified by (1) small variance, (2) small volume, (3)many local minima of the log-likelihood
function and (4) high intrinsic noise and (5) small dimensionality.
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Figure 4.2: Scatter plots of RDE features (x-axis) and calibration performance (y-axis). One dot per subject.
Green, blue and red are used for Cat. I, Cat. II and Cat. III respectively. The black line results from linear
regression. Correlation and significance values are indicated in the title.
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4.3.3 Analysis of noisy trials

The analysis of the trials misclassified by RDE is very useful to understand whether the method
carries out a meaningful trial selection on the calibration data. In Fig. 4.3 the signed r2-values
between the BP of the data (in the subject-specific frequency band and time interval) and the class
membership for one subject of Cat. II. From left to right, each scalp plot shows respectively all
trials after variance based artifact rejection (142), the trials correctly classified by RDE (117), and the
trials misclassified by RDE (25). In the title, the performed movements ("LF" stands for Left/Foot),
the calibration and the feedback performance are indicated. It is clear that the data cleaned by RDE
result in stronger r2-values and that the rejected trials exhibit an opposite correlation on the right
hemisphere, revealing a synchronization instead a desynchronization over the right hemisphere
during Left hand imagination or at least that the subject failed in the mental task.

All trials
N=142

RDE retained trials
N=117

VPkq    (LF  −  Cb: 81% | Fb: 62%)

RDE rejected trials
N=25

 

 

sgn r
2

−0.2

0

0.2

Figure 4.3: Signed r2-values between BP and class membership considering all trials after variance based
artifact rejection (left), the trials correctly classified by RDE (center) and the trials misclassified by RDE
(right).

In Fig. 4.4 the corresponding CSP filters (first row) and patterns (second row) are visualized,
calculated using all trials (left panel) and the RDE cleaned data (right panel). Using all data
(142 trials from Left and Foot MI), three filters were automatically chosen, which can be linked
respectively to a foot MI (first filter/pattern on the left, with blue border), a right hand MI (second
filter/pattern on the center, with pink border) and to a left hand MI (third filter/pattern, on the
right with pink border). This is visible in the CSP filters (first row) from the position of the most
weighted channels and in the CSP patterns from the projection of the CSP filtered data on the
scalp. For each filter, the ratio-of-median score (see Section 2.4.2) is also shown in the title. The
presence of the second filter, corresponding to a right hand MI, even if just trials from Left hand
and FootMI are considered, might be explained by the fact that in the calibration session the three
classes are employed and the user might be confused or might have difficulties in disengaging the
right hand during the left hand imagination (as observed also in Chapter 3) or he just . In fact, this
filter is ascribed by the algorithm to the Left class as well, since the score is higher than 0.5. After
RDE trial rejection, the misleading CSP filter corresponding to the right hand MI disappeared,
and the CSP filter corresponding to the Foot MI becomes cleaner (the corresponding pattern stays
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very similar). A lower number of CSP filters is also symptom of a more robust solution of the CSP
model, with lower dimensionality, which allows to give the user a more stable feedback.
In Fig. 4.5 the corresponding CSP features are plotted for all trials on the top and for the cleaned

 csp1  [0.31]  csp2  [0.67]  csp3  [0.73]

All trials
 csp1  [0.28]  csp2  [0.77]

RDE retained trials

Figure 4.4: CSP filters (first row) and patterns (second row). Left panel: three CSPs resulted using all trials
after variance based artifact rejection. Right panel: two CSPs resulted using the trials retained after RDE
analysis.

trials on the bottom. In particular, each plot represents the log-variance of the pass-band filtered
data filtered by one CSP filter, each point (pink for trials coming from left hand MI, blue for trials
coming from Foot MI) indicates one trial and the line is the result of a moving average across
10 trials, which helps to understand the separability of the features of the two classes. In the
title, the Fisher correlation coefficient of each feature is indicated. The sign indicates whether the
corresponding CSP filter is ascribed to the first or to the second class, also visible by the amplitude
of the features of each class, which are higher for Left when the Fisher score is positive.
These figures show again that RDE seems to eliminate those trials which contain non-stationarity,
looking for trials which robustly contain the class relevant information. The Fisher score, especially
for the second feature, is extremely improved. In a real experiment, a visual inspection could help
to control whether RDE failed and to decide whether to apply RDE and which filters are optimal.

4.3.4 Improving BCI classification

The classification results on the data after RDE denoising are visualized in Fig. 4.6. For each of
the three compared methods, RDE, RDEwlog and CSP, up to three CSP patterns per class were
automatically selected (see Section 2.4.2) and a RLDA was trained on the logarithm of the variance
of the CSP filtered signals. Data from the feedback session (300 trials) are used as test set, i.e.
epochs were built using the subject-specific time interval, the data were then band-pass filtered in
the subject-specific frequency band and spatial filtered by the previously calculated CSPs. Finally,
the log-variance of the obtained features were classified by the RLDA.
Each plot in Fig. 4.6 shows the area under the ROC curve (AUC) for each subject obtained using
RDE for denoising on the y-axes against the AUC obtained by standard CSP on the x-axis. The new
method performs better than standard CSP for all points above the diagonal line. The percentage
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Figure 4.5: CSP features. Each point is one trial (red for trials coming from the Left MI, red for trials
coming from the Right MI) on the x-axis is the experiment course. The lines are the result of a moving
average with a 10 points window. Top: all trials. Bottom: RDE pruned trials.

of the points on each side of the line is written in the figure on the corresponding side. In the
title, the p-value for the difference of the performance for the two compared methods is indicated
(Wilcoxon sign test for equality of median (Gibbons, 1985; Hollander, 1999)). In the first plot from
the left Fig. 4.6 the results are shown, obtained rejecting all trials selected as noisy by RDE. In
the center, the results obtained weighting the trials by log(SE) are shown (RDEwlog), where the
performance is improved for 60% of the subjects. It can be seen, that almost all subjects with
significant accuracy (above 60%) obtain a better classification results by simply trial weighting,
while for the poor performing users, the RDE fails for half of the participants. This is to expect,
given the very noisy structure of the log-likelihood function and the high chance of failure of RDE
for such noisy data. During the experimental session, these failure cases can be avoided by visual
inspection. On the right of Fig. 4.6, the results are shown obtained by combining the RDEwlog
and CSP methods. In particular, the outputs of the two classifiers are averaged to obtain the new
label prediction and a significantly better performance is obtained for 75% of the users. While
rejecting all trials tends to overfit, especially for some cases where too many trials are rejected, the
weighting method results to be a good regularizer for CSP.
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Figure 4.6: Comparison of performances evaluated as area under the ROC curve (AUC). Left: CSP after
RDE artifact rejection vs. standard CSP. Center: CSP on trials weighted by log(SE) of RDE (RDEwlog) vs.
standard CSP. Right: combination of RDEwlog with CSP vs. standard CSP.

4.4 Discussion

In contrast to the hypothesis about the high dimensionality of BCI data sets of poor performing
subjects, RDE analysis reveals that the relevant information is contained in very few kPCA compo-
nents. This happens because the noise in low quality data is so high that the relevant information
and the noise are distributed over all components, as revealed by the structure of the projections
in Fig. 4.1. Probably, the noise hiddens the relevant information, so that the high noise prevents
RDE from choosing more components usually accompanied by a small kernel width as well. Th
On the contrary, as explained in (Braun et al., 2008), a particularly noise-free data set could also
have very high dimensionality and very large kernel width, exactly the opposite of the Cat. III data.
This is because, in presence of high quality data, the use of more information does not degrade the
quality of the model but often improves it. This also means that a poor BCI performance in Cat. III
users is not just due to the non-stationarity present in the extracted features (BP in subject-specific
intervals), like changes in the position of the SMR activity, which would lead to higher intrinsic
dimensionality, but mainly to a high intrinsic noise in the label information, meaning that the
class membership cannot be predicted well from the features over all whole range of possible
scales. The hypothesis of non-linearity for data from Cat. III users can be rejected as well, since
no correlation of the BCI performance with the kernel-width was found. In case of non-linear
data, RDE would have chosen small kernel-width and deliver an intrinsic noise smaller than the
calibration error. For Cat. II users, the RDE parameters fall in the same range of Cat. I users, since
their poor feedback performance is due to changes appearing in the feedback session (as described
in Chapter 3).
The inspection of the trials classified as noisy by RDE reveals that those trials contain non-task
related activity which can be often ascribed to a wrong MI, i.e. refer to periods when the sub-
ject fails to comply with the experimental protocol. For BCI naive users this can happen very
frequently. This kind of artifacts which might result from the subject contradicting a given task
will be highly harmful for the decoding procedure and cannot be detected by common artifact
removal techniques (Vigário, 1997; Makeig et al., 1997; Jung et al., 2000; Delorme et al., 2007; Ziehe
et al., 2000; Wübbeler et al., 2000, like, e.g.). Note that, RDE has been applied after variance based
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artifact rejection.
The rejection of noisy trials has two side-effects: 1) Much less training trials are available to train
the CSP, which is often affected by overfitting and requires a certain amount of data for a robust
estimation of the filters (see also Chapter 6) and 2) training a model with noisy trials might im-
prove the model as well and render it more robust against those artifacts which are present also
during the feedback session. In fact, rejecting all trials detected as noisy by RDE improves the
classification performance just on half of the users while results in overfitting for the other half. On
the other hand, trial reweighting by RDE noise increased robustness of the CSP filter estimation
and thus significantly improved the classification performance for 60% of the users, failing just for
half of the Cat. III participants. There is no failure case among Cat. I and Cat. II users and for
some of them the classification accuracy increased around 10%. Since users with no significant
control (< 60%) can be easily recognized, these results indicate that the re-weighting the trials
as pre-processing step can robustify and improve the CSP filter estimation. The combination of
RDEwlog with CSP avoided these failure cases increasing the performance for 75% of the users.
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5 Prestimulus Relaxation Influence on BCI
Performance

Several studies have recently investigated the effect of ongoing oscillatory activity preceding an
event on subsequent processing and task outcome performance. The reported effects vary exten-
sively according to the investigated task. Numerous visual perception electroencephalography
(EEG) studies link improved performance in stimulus detection to decreased amplitude in the
alpha frequency band (around 7-13 Hz) (Ergenoglu et al., 2004; Hanslmayr et al., 2005a, 2007;
van Dijk et al., 2008; Mathewson et al., 2009; Romei et al., 2010) over parieto-occipital areas. On
the other hand, better cognitive performance was obtained after artificial enhancement of the
baseline alpha activity (around 10 Hz) by transcranial magnetic stimulation (TMS) on parietal
and frontal areas in a mental rotation task (Hanslmayr et al., 2005b; Klimesch et al., 2003) and by
audio-visual flickering in a visuo-spatial-motor task (Del Percio et al., 2007). Also, large resting
or reference alpha power was positively associated with performance and stronger event-related
desynchronization (ERD) in memory (Klimesch et al., 1999; Vogt et al., 1998) and visual processing
tasks (Salenius et al., 1995; Doppelmayr et al., 1998).
Ongoing oscillations in the somatosensory cortex and their influence on performance have also
been analyzed in some perception studies. In those studies, performance is intended as a higher
probability to consciously detect weak somatosensory stimuli and react faster to them. However,
the results are not always congruent in the literature. In Linkenkaer-Hansen et al. (2004), better
performance was associated with intermediate prestimulus magnetoencephalogram (MEG) am-
plitudes over the sensorimotor cortex at around 10, 20 and 40 Hz and to larger amplitudes over
the parietal region at 10 and 20 Hz. A second study on the same data (Jones et al., 2010) reported
improved detection for higher power in alpha (7-14 Hz) and beta (14-29 Hz) frequency bands over
the somatosensory cortex. Lange et al. (2011) reported better performances again for intermediate
alpha (congruent with Zhang and Ding, 2010) but also for low beta amplitudes.
Finally, in visuomotor pattern discrimination tasks, low prestimulus EEG beta power in the senso-
rimotor cortex was associated with faster reaction times (Zhang et al., 2008).
Altogether, a role for prestimulus alpha in parieto-occipital areas as modulator of attentional states
is usually proposed, either enhancing visual attention by lower amplitudes (Ergenoglu et al., 2004;
Hanslmayr et al., 2007) or putting the functional networks in an idling or resonance state (Klimesch
et al., 2003; Linkenkaer-Hansen et al., 2004) or even inhibiting the task-irrelevant brain areas (Min
and Herrmann, 2007) by larger amplitudes allowing better reactions. Similarly to the occipital
visual alpha, which is suppressed by visual processing, the SMR is suppressed during motor related
tasks (see Section 2.2.2). Thus, a functional prestimulus role similar to the parieto-occipital alpha
can also be hypothesized for the SMR. Still, the interpretation of prestimulus SMR results are much
more difficult, first because of contradictory results (Jones et al., 2010; Linkenkaer-Hansen et al.,
2004) and second because the influence of prestimulus beta SMR, which can be stronger than the
alpha influence in some cases (Lange et al., 2011), and rarely also of prestimulus gamma, suggests a
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more complicated network functionality than in the parieto-occipital areas (Linkenkaer-Hansen
et al., 2004).
The classical SMR-based BCI experiment is also a visuo-motor paradigm, where the task requires
a high level of concentration, relaxation while staying awake, and patience and can be very chal-
lenging for most participants. For this reason, a good performance depends on several factors,
including concentration andmotor skills, as assessed in Chapter 3. Still, as also shown in Chapter 3,
users with a high SMR amplitude at rest, i.e. measured before the experiment starts, are more likely
to perform well. Therefore, we hypothesize that also part of the inter-trial performance variability
can be explained by the level of the prestimulus SMR and that trials with higher prestimulus
SMR are better classified than trials with low SMR values. Under this assumption, a high SMR
amplitude over both sensorimotor areas preceding MI would indicate an idle or even inhibitory
state of the sensorimotor system in the same way high parieto-occipital alpha signifies relaxation
of the visual system. This should allow better stimulus processing and thus a stronger ERD over
task-related hemisphere, inducing a more clear focal ERD/surround ERS pattern (Suffczynski
et al., 2001; Pfurtscheller and Lopes da Silva, 1999; Neuper and Pfurtscheller, 2001a) which is easier
to classify.
In this chapter, the role of the prestimulus SMR activity in relation with the BCI performance is
investigated, using part of the 80 data sets introduced in Chapter 3. In particular, the influence
of the SMR amplitude in the prestimulus interval on the quality and dynamics of the ERD/ERS
patterns is explored, as well as the induced changes in the classification performance. Additionally,
in order to ensure that the variation in discrimination ability is an effect of the SMR amplitude
in the prestimulus interval, and not a consequence of the specific task sequence, we separately
analyzed the trials preceded by a trial associated with the same task (right-right or left-left) and
the trials preceded by a trial associated with the other task (left-right or right-left).

5.1 Material andMethods

5.1.1 Data Set

For this analysis, the data sets were selected, of the 23 participants who reached at least 70%
accuracy during the feedback session (Cat. I user) and with the class combination Left/Right. The
choice of the users for this analysis was imposed by the choice of the class combination Left/Right,
which allows better interpretability of the results in term of ERD/ERS in comparison with MI
involving the Foot class. Just seven users from Cat. II and III used this class combination and were
left out for the same reason.
Let us remind that the calibration and the feedback session had 150 and 300 trials respectively and
each trial lasted 8 s and 9 s respectively, with 2 s ISI. In the feedback trial, the cursor starts to move
1 s after the cue presentation.

5.1.2 Grouping of Feedback Session Trials

Data from the feedback session were low-pass filtered at 45 Hz, subsampled at 100 Hz and band-
pass filtered and epoched using the subject-specific frequency band and time intervals. Then,
Local Average Reference (LAR) derivations were calculated involving for each channel the next
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eight neighbors (i.e., for the derivation of C3, the channels FC3, CFC5, CFC3, C5, C3, C1, CCP5,
CCP3 and CP3 were involved). For each hemisphere, the LAR channel with the highest r2-values
among those belonging to the motor areas was selected, which resulted in two subject-specific
best SMR electrodes.
The logarithm of the BP during the 1000 ms prestimulus time interval (-1000 to 0 ms) averaged
over these two channels, indicated in the following as SMR-BP, was calculated. Then, trials were
divided into two groups, depending on their SMR-BP. The LOW-group contained the trials where
the SMR-BP belonged to the lowest 40th percentile, the HIGH-group contained the trials where
the SMR-BP belonged to the highest 40th percentile. The 40th percentile was chosen in order to
keep a sufficient number of trials (around 100) for each group to obtain reliable statistics.
In order to ensure that differences in the two groups were not due to the motor imagery class
performed in the previous trial instead of the prestimulus SMR-BP itself, all trials from HIGH

and LOW groups were put together and re-separated according to the previous trial type: trials
were put into the SAME-group, if the previous MI type was the same, and into the DIFF-group,
if the previous MI type was different. This yielded well balanced groups: on average, the SAME

subgroups (SAME-LOW and SAME-HIGH) each consisted of 56±10 trials and theDIFF subgroups
(DIFF-LOW and DIFF-HIGH) each consisted of 58±11 trials. Both the HIGH-group and the
LOW-group consisted of 114± 19 trials. Furthermore, the HIGH-group consisted of 50.1±4.3% of
SAME trials and 49.9±4.3% of DIFF trials and the LOW-group comported 50.2±3.4% of SAME

trials and 49.8±3.4% of DIFF trials.

5.1.3 Classification of Feedback Data

CSP filters were calculated as usually on the data from the calibration session, after epoching and
band-pass filtering in the subject-specific time and frequency intervals which were estimated on
the post-stimulus interval during the experiment to maximize the class separability. Up to three
CSPs per class were automatically selected and the log-variance of the CSP filtered data was used
to train an RLDA classifier.
In order to analyze the time course of the influence of prestimulus SMR on the poststimulus
classification, data from the feedback session were classified in time windows of 1000 ms, starting
from 1000 ms before the cue presentation (t=-1000 ms) till the end of the trial with a step size of 50
ms. For each window, the data were band-pass filtered in the subject-specific frequency band and
CSP filtered and the log-variance was classified by the calculated RLDA. It results a classification
error for every 50 ms. The classification error was then averaged across trials belonging to the
same subgroup (HIGH, LOW, SAME and DIFF).
This procedure differs essentially from the online classification, where the classifier was calculated
every 40 ms and integrated over time, so that the final classification was a results of the overall
classification in the poststimulus time interval and no information on the time course of the
classifier was provided.
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5 Prestimulus Relaxation Influence on BCI Performance

5.1.4 Grand Average ERD

To calculate the SMR band amplitude, the envelope of the band-pass filtered LAR derivations of all
channels was calculated using a Hilbert transform and smoothened with a moving average filter
(200 ms window). Epochs from 2000 before to 7000 ms after the cue presentation were extracted.
Baseline correction was applied channelwise on the data were no linear derivation was applied (i.e
only for the topographic scalp plots). This was done by subtracting from each trial, the average
activity over the epochs. This was preferred to subtracting activity in a prestimulus interval, since
we are here exactly interested in differences in activity in the prestimulus interval.
The grand average significance (p−values) of the differences between conditions was calculated
by average across users of the z-transformation of the correlation coefficients calculated for each
user. To dissociate the effect of prestimulus SMR power from the effect of the preceding trial, we
furthermore performed an Analysis of Variance (ANOVA) using a 2 × 2 factorial design with
SMR-BP (LOW,HIGH) and the previous trial type (SAME,DIFF) as factors, and BCI classification
accuracy as the dependent variable.

5.2 Results

5.2.1 Classification Error
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Figure 5.1:Grand average classification error in 1000 ms moving windows (with 50 ms overlap) for trial
groups. The x-axis represents the timing of one trial and the end of the classification window (t=0 is the
cue onset and the corresponding error is calculated on the prestimulus 1000 ms; at t=1000 ms the online
feedback starts). p-values are color coded and shown in the pink bar on the bottom. (a): HIGH (green) vs.
LOW (purple) prestimulus SMR-BP. (b): DIFF (green) vs. SAME (purple) previous trial type.

Fig. 5.1a shows the grand average classification error for all 23 subjects for the two groups of
trials HIGH (green) and LOW (purple) built depending on the prestimulus SMR-BP. The time
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axis in Fig. 5.1 represents the timing of one trial and the end of the 1000 ms classification window.
Thus, at t=0, i.e. when the cue is presented, the classification error is calculated on the 1000 ms
prestimulus time window while at t=1000, i.e. when the cross starts to move and feedback is given,
the classification error is calculated on the 1000 ms after cue presentation but still without feedback.
The color coded p-values resulted from the ANOVA for each time window are represented in
the pink colorbar on the bottom of each figure. Similarly, Fig. 5.1b shows the grand average
classification error for all 23 subjects for the two groups of trials DIFF (green) and SAME (purple)
built depending on the previous trial type.
Significant differences (i.e. when p < 0.05 in the bottom bar) between trial groups can be seen in
both settings. However the effect varies in size and timing. The classification error was lower for
the HIGH compared to the LOW-group over the whole trial length. This decrease is significant
in an interval ranging from approximatively 500 to 3000 ms after the appearance of the cue, i.e.
during the main ERD time window and more importantly during the online feedback.
On the contrary, even if much more significant, the difference between the classification error for
the DIFF and the SAME groups is located earlier in the trial, already much before the cue onset
and until approximately 1500 ms, i.e. outside the online feedback. In fact, in that interval the
classification error is still pretty high and it is obviously an artifact of the type of division, which
includes the class information.
Fig. 5.2 shows the p-values obtained for each classification window and for both comparisons
(blue: HIGH vs. LOW and orange: DIFF vs. SAME) and their interaction (gray). It can be seen
that a significant interaction between both separation factors is only present in an interval ranging
approximatively from 250 ms before the cue onset to 1750 ms, which corresponds to the early
phase of the trial.
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Figure 5.2: Evolution of ANOVA p-values for the effects of prestimulus SMR (HIGH vs. LOW in blue) and
previous trial (DIFF vs. SAME in orange), as well as the interaction (gray) for each classification window
across the whole trial. The x-axis represents the end of the classification window as in Fig. 5.1. The two
dotted lines represent the significance levels of p = 0.01 and p = 0.05.
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5.2.2 Analysis of Group Effect on SMR

Fig. 5.3 (a) is a histogram plot displaying the number of consecutive trials belonging to the same
group (LOW-group in green, HIGH-group in red, middle group in black). It can be seen that, for
123 out of 228 trials (more than 50%), the SMR state (HIGH or LOW) changes after one trial, for
20% of the trials, the SMR state changes every 2 trials and for only 10% of the trials the SMR state
stays the same for 3 consecutive trials. Moreover, the number of consecutive trials is the same for
the two groups. Thus, we can assume that the SMR amplitude fluctuates fast, and that neither the
HIGH nor the LOW SMR state prevails for a longer time.
SMR-BPmean and standard deviation for LOW (red) andHIGH (green) group for each participant
are depicted in Fig. 5.3 (b). High variability among subjects and also between the groups can be
observed. In general, the HIGH-group tends to have a higher variability than the LOW-group.
Very well performing subjects exhibit a higher difference between HIGH and LOW SMR scores,
but for the others no general tendency can be observed.
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Figure 5.3: (a) Number of consecutive trials belonging to the same group. Green: HIGH-group, red:
LOW-group and black: unused trials. (b) Mean and standard deviation of the SMR-BP for the LOW (green)
and the HIGH (red) group and for each subject. Subjects are sorted by their feedback performance.

Fig. 5.4 shows the grand average temporal evolution of the SMR amplitude during the trial
in the two best CSP projection channels (one per class), in panel (a) for the two groups built
according to prestimulus SMR-BP (left-LOW in light blue, left-HIGH in dark blue, right-LOW in
pink and right-HIGH in red), in panel (b) for the two groups built according to the previous trial
type (left-SAME in light green, left-DIFF in dark green, right-SAME in light orange and right-DIFF
in dark orange).
It can be observed that the SMR difference between the HIGH and LOW groups in the poststim-
ulus interval is stronger for the CSP channel which synchronizes, while the CSP channel which
desynchonizes is only affected by the group separation during the re-synchronization phase, which
means that the SMR stays desynchronized for a longer period in the LOW group. This indicates
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that the main difference between the two groups appears in the ipsilateral hemisphere (left for
left hand imagination, right for right hand imagination) where there is an ERS, instead of the
contralateral one, where an ERD is present. It can also be seen that the separation between HIGH

and LOW trials starts already after one second from the end of the MI task (5000 ms) and exhibits
its peak within 1000 ms preceding the cue onset (which is because the separation is based on this
prestimulus interval).
A smaller difference is present between DIFF and SAME trials in the poststimulus interval: in the
right hemisphere, a stronger ERS and ERD for theDIFF-group is seen, while in the left hemisphere
the DIFF-group has a stronger but shorter ERD and the SAME-group has a slightly stronger ERS.
On the other hand, as expected (given the classification results in 5.1b), the two groups differ in
the prestimulus interval, where the SMR is higher in the contralateral hemisphere compared to
the previous trial (left, if the previous trial was right, i. e. independently from the present trial).
This effect lasts until the ERD starts and can be assumed to originate from the rebound (ERS)
following the previous motor imagery trial.
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Figure 5.4: Grand average temporal evolution of the SMR amplitude in the best CSP projection channels
(one per class). Time is represented on the x-axis: cue onset at t=0 and start of online feedback at t=1000 ms.

Fig. 5.5 represents the SMR amplitude scalp topographies for the four subgroups same-LOW,
same-HIGH, diff-LOW and diff-HIGH and for each class Left (panel a) and Right (panel b).
The SMR has been calculated and plotted for one prestimulus interval (-1000-0 ms) and five
poststimulus time intervals (0-500, 500-1000, 1000-1500,1500-2000 and 2000-3000 ms).
The visual inspection of these topographies suggests that the main difference between the HIGH
and LOW trial groups is located in the ipsilateral hemisphere for each class. The difference between
the DIFF and SAME trial groups is much weaker and is rather seen in the region corresponding
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to the ERD in the contralateral hemisphere. In more detail, we observe that the ipsilateral SMR
amplitude for the LOW-group increases slightly during the early poststimulus period (0-1000 ms)
and then decreases with the contralateral SMR during the rest of the interval (1000-3000 ms). On
the contrary, the ipsilateral SMR amplitude in the HIGH-group decreases through the trial, but
still (and more importantly) remains at a higher level than the corresponding amplitude in the
LOW-group.
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Figure 5.5:Grand average scalp topographies of SMR modulations for six time intervals. Cue onset is at
t=0 ms and start of online feedback at t=1000 ms. Each panel shows the four trial group combinations for
each class. (a): left. (b): right.

Complementary, we computed scalp topographies of the p-values for the null hypothesis of
zero r−values between BP and trial group (HIGH/LOW and DIFF/SAME) membership in the
grand average within each class (displayed in Fig. 5.6. These p-value maps are shown only for the
poststimulus interval. Panel (a) displays the p-values for HIGH vs. LOW trials, panel b displays
the p-values for DIFF vs. SAME trials. The p-value range for each panel is indicated by a color
bar. The p-value topographies in Fig. 5.6 further confirm the presence of an ipsilateral process
as described above, since they indicate a highly significant (p< 10−12) correlation between SMR
amplitude and group membership in the ipsilateral hemisphere at the beginning of the trial, which
decreases through the trial until the p-value falls below 0.05. This is observed for both the DIFF
and SAME trial groups and means that the SMR amplitude during MI is higher over the ipsilateral
motor cortex for theHIGH, compared to the LOW trial group, regardless of which type of trial was
previously performed. Furthermore, the lateralization of the effect is more strongly pronounced
for the Right MI compared to the Left, where the contralateral activity remains higher for the
HIGH-group, until about 1000-1500 ms and regardless of the previous trial.

Concerning the difference between theDIFF and SAME groups, we observe a higher correlation
for the SAME-group in the contralateral hand motor area (p <0.05), which represents the generally
lower SMR amplitude for the DIFF-group observed in Fig. 5.4 (b). Moreover, a trend for higher
correlation for the DIFF-group in the ipsilateral area, representing higher SMR amplitudes for
this group, can also be observed. Both effects are seen rather early in the trial: 0-1000 ms for the
contralateral effect and 0-500ms for the ipsilateral one. Hence, no significant difference is observed
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Figure 5.6:Grand average scalp topographies of p-values for the null hypothesis of zero correlation between
SMR amplitude and trial group. Cue onset is at t=0 ms and online feedback starts at t=1000 ms. The colorbar
indicates the p-value range for each panel. (a): HIGH vs. LOW. (b): DIFF vs. SAME.

during the later interval 1000-3000 ms, which corresponds to the main part of the prestimulus
SMR effect on classification (see Fig. 5.1 (a)).

5.2.3 Performance Predictability on Trial-Level and Subject-Level
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Figure 5.7: Predictability of performance on trial-level
and subject-level. The x-axis displays each subject’s
feedback classification performance value. The y-axis
shows the r-values between the prestimulus SMR-BP

and the highest classifier output value (over the time
windows) for each trial.

In order to analyse how well the prestimu-
lus SMR can predict the classification perfor-
mance on a trial level, we calculated the r-
values between the prestimulus SMR-BP and
the highest classifier output value (over the
time windows) for each trial and each subject.
The resulting values are plotted in Fig. 5.7 vs.
the feedback performance of each subject dur-
ing the experiment. The r2-values are rather
high (ranging from 0.58 to 0.89), indicating
a high predictability of the performance on a
trial base. Furthermore, this predictability is
significantly negatively correlated to feedback
BCI performance (r=-0.62, p=0.001). From
this, we can infer that subjects who generally
performed well depended less on the ongoing
SMR level to produce well classifiable SMR
patterns, than subjects who had more difficul-
ties. However, because our analysis selected
subjects which had at least 70% of classifica-
tion accuracy, we can only compare medium
to good BCI performers.
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5 Prestimulus Relaxation Influence on BCI Performance

5.3 Discussion

5.3.1 Importance of Subject-Specific Parameters

In SMR-based BCI studies, SMR conventionally relates to the frequency band which is most
useful for BCI control, i.e. displays the highest difference in desynchronization between the
classes. Typically, it can involve the alpha, the beta or even both frequency bands and is highly
user- (Blankertz et al., 2007a) and localization-specific (Pfurtscheller et al., 2000; Neuper and
Pfurtscheller, 2001b) compared to the occipital alpha-rhythm. This was also demonstrated in our
study, as the selected frequency bins showed two peaks: one in the alpha range (8-13 Hz) and one
in the beta range (17-25 Hz) (see Chapter 3). Still, most of the perception studies investigate the
effect of prestimulus SMR within fixed frequency bands and the choice of these bands is not even
congruent in the literature. This might explain the incongruent findings about the influence of
ongoing SMR activity on the cortical processes during the subsequent task.

5.3.2 Ipsilateral Hemisphere Idling Boosts Classification

This study demonstrates that trials with higher prestimulus SMR amplitude can be better classified
than trials with lower SMR amplitude during this period. This effect is significant in the time
interval corresponding to the ERD and suggests that the ongoing SMR amplitude has an effect on
the ERD/ERS patterns induced by motor imagery.
Analyzing the SMR pattern evolution, it surprisingly turns out that the increase in classification for
trials with higher prestimulus SMR level can not be attributed, as hypothesized, to a stronger ERD
in the contralateral hemisphere, but to the persistence of a higher SMR level over the ipsilateral
hemisphere. Based on evidence suggesting that an increase in SMR amplitude is preceded by
muscle tone reduction (Chase and Harper, 1971), we expect this effect to be due to a deeper
relaxation state of the sensorimotor system. In addition, (Mazaheri et al., 2009) showed that high
power in the alpha frequency band over the motor cortex makes it immune to external inputs by
increasing its excitation threshold. Hence, we hypothesize that a deeper relaxation of the motor
cortices leading to higher SMR amplitude will result in an ERD concentrated to the task-relevant
(contralateral) cortical area accompanied by an ERS (idling) over the other areas. This hypothesis
is in line with (Neuper et al., 1999), who observed that the ipsilateral localized ERS often develops
as the number of BCI feedback sessions increases and is further associated with an increase in
the classification accuracy. This could be an effect of the subject getting used to the task and/or
developing a skill and hence could be linked to both motor cortex and cognitive relaxation.
Due to the well documented attenuation of rhythmic activity in contralateral motor areas following
unilateral upper-limbmotor intentions (Pfurtscheller andAranibar, 1979; Pfurtscheller andNeuper,
1997), research on SMR-based BCIs has mainly focused on the contralateral hemisphere. However,
here, we provide evidence that the ipsilateral hemisphere also contains valuable information for
decoding mental states.

5.3.3 Stronger Prestimulus Influence for Middle BCI Performers

The performance predictability on trial-level resulting in this study is higher than the subject-level
performance predictability obtained by analysis of the relax recordings of the SMR-predictor
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reported in Chapter 3 (r=0.58 to r=0.89 on trial-level against r=0.61 on subject-level). However,
this is not so surprising, since our prestimulus analysis considers EEG recorded just before the task
performance, while the SMR at rest was measured at least 1 hour before and makes a comparison
unfair. An interesting result is that the influence of the prestimulus SMR on the performance is
significantly stronger for the half of the subjects with lowest feedback performance. Additionally,
the trial group separability for these users was very small in comparison to the other half, thus
a less discriminability between the two groups was expected. Alltogether, this result shows that
a proper BCI or neurofeedback training could successfully improve the performance of these users.

5.3.4 Beta Rebound Influences Classification at Trial Beginning

In parallel to the main effect the SMR amplitude of the previous trial has on classification per-
formance, we observed that trials performed subsequently to a different trial type (i.e., Left after
Right or Right after Left) can be better classified than trials performed after a similar trial type (i.e.,
Left after Left or Right after Right). This increase in classification begins early in the trial (even
before the cue onset) and is accompanied by higher SMR amplitudes over the ipsilateral hand
area, while a similar difference is observed over the contralateral area when the previous trial was
similar. These observations can be explained by an influence of the post-movement beta rebound

(Salmelin and Hari, 1994; Pfurtscheller et al., 1996b) (see also Section 2.2.2) on task related SMR
amplitude modulations over both hemispheres during the beginning of the trial. Alternatively, it
is possible that switches in attention from one hand to the other might influence the classification
performance very early in the trial. However, we would expect the participant to be quicker and
better able to desynchronize accurately when he/she has to perform the same imagery twice in
a row. However, this is not what the classification results show. A further hypothesis involves
the generally lower SMR amplitude (along with the stronger desynchronization) present in trials
following a trial of a different type. This difference may also contribute to the increase in clas-
sification. Yet, this hypothesis does not explain why the decrease in classification error is only
significant until 1500 ms poststimulus.
The influence of the beta rebound, which results in higher SMR in the ipsilateral hemisphere when
the previous trial type was different, interacts with the high SMR in the ipsilateral hemisphere due
to the high prestimulus SMR. However, this interaction is seen very early in the trial, as the beta
rebound effect vanishes after around 500 ms from the beginning of the online feedback, while
the main increase in the classification performance is in the middle of the trial. Nevertheless,
this finding should be taken in consideration in future trial design, where a longer inter-stimulus
interval would definitely help avoiding this drawback. Even better, a shorter trial can be considered,
in order to obtain a higher Information Transfer Rate (ITR). A shorter trial length can be obtained
adjusting the cue onset depending on the prestimulus SMR amplitude.
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6 On Optimal Channel Configurations

6.1 Introduction

The question of which channel configuration to use is crucial in the design of a brain-computer
interface (BCI) system. While the aim to achieve the best possible performance might bias the
decision towards the usage of many channels, practical considerations like the ease of preparation
and the comfort of the user favor configurations with few channels.
So far there are no large-scale studies which investigate in which way the performance of a system
depends on its number of channels. Obviously, there will be no general answer to this question, as
it strongly depends on the type of BCI system (cf. Dornhege et al., 2007, for an overview). Here,
we limit the investigation to our large data set of 80 subjects reported in Chapter 3, i.e. to BCIs
which are driven by the modulation of SMR during a MI experiment and makes use of CSP and
LDA as machine learning techniques to produce BCI control.
The superiority of CSP over other types of feature selection algorithms, e.g. Principal Components
Analysis (PCA Jolliffe, 2002) or Independent Component Analysis (ICA Hyvärinen et al., 2001),
as well as other types of spatial filters, e.g. Surface Laplacian (LAP McFarland et al., 1997), has
been previously demonstrated in several studies (Blankertz et al., 2008c; Naeem et al., 2009;
Vidaurre et al., 2009). In CSP-based systems, a higher number of channels may lead to finer spatial
filters, which might be more successful in extracting signals from the discriminative sources.
On the other hand, the number of parameters that need to be estimated from calibration data
increases quadratically with the number of channels, meaning that overfitting may occur (see also
Section 2.4.2). Thus, it is still a question of debate whether smaller channel configurations could
allow to operate BCIs without significant performance deterioration.
In Popescu et al. (2007), starting with a full setup of 64 electrodes, an iterative channel removal
was used to find the best subject-specific placement of electrodes. In their analysis of data from five
volunteers, the performance started to decrease after less than 20 channels remained in the setup.
A variant of CSP using an L1-norm regularization was used in Farquhar et al. (2006) in order to
obtain sparse spatial filters, thereby implicitly performing a channel selection. For five participants,
individually optimal channel configurations and numbers of CSP filters were obtained, which
utilized between four and 39 channels. In Lal et al. (2004), a ranking method for EEG channels
mainly based on Recursive Feature Elimination (Guyon et al., 2002) was proposed and 39 channels
were ranked for five well performing BCI users. Poorly performing users were excluded from
the analysis. While many differences in the minimum number of channels were found among
users, a setting of 17 channels near or close to the motor cortex was hypothesized to be the optimal
solution. In Lv and Meichun (2008), Binary Particle Swarm Optimization (BPSO), an algorithm
based on Swarm Intelligence theory (Engelbrecht, 2005), is applied in order to select the best group
of electrodes for a CSP system out of 64 channels. The method found nine electrodes for real finger
movement EEG data and 14 electrodes for motor imagery electrocorticographic (ECoG) data. In
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both cases data from one user were available and the results were therefore highly subject-specific.
Finally, Wang et al. (2005) used CSP itself to select the four best channels relevant for the motor
imagery classification on data of two volunteers.
In all previous studies, except for Lal et al. (2004), the results were subject-dependent. Moreover,
the channel selection could not be applied without previously having available the full channel set.
In this chapter, an offline investigation is performed on the large data set acquired with 119-channels
described in Chapter 3 in order to find an optimal subject-independent channel configuration, i.e.,
a setting that yields the best results on average across all users. Given the size of the data set, the
result of this study can be expected to generalize well to future experiments. This is very useful for
an optimization of the BCI system, as we well see in the next chapters.

6.2 Material andMethods

In order to evaluate the performance of different channel configurations, the calibration data were
used as training set for CSP analysis and the RLDA classifier, and the feedback data was used as
test set. As usual, up to three CSP filters per class were automatically selected. The classification
error was then calculated as the area over the ROC curve (AOC) constructed using the output
of the RLDA classifier. Two different procedures have been applied, both using Wilcoxon signed
rank test for the equality of medians (see, e.g. Gibbons, 1985; Hollander, 1999) in order to compare
the test errors obtained using different channel sets.

6.2.1 Testing predefined channel configurations

The aim of the first procedure is to select a proper subset of K << C original EEG channels with
the property that classification accuracy across all N = 80 participants is not significantly worse
with the K selected channels than with the full setup of all C ones.
Thirteen different channel configurations were investigated. Twelve of them are summarized in
Fig. 6.1. The configurationmost, not shown in Fig. 6.1, contains all channels except for the very
frontal, temporal and occipital ones. For each channel configuration, the classification error was
calculated for all 80 participants. Frequency band and time interval for the CSP analysis were
chosen in two different modalities:

• broad: a fixed frequency band of 8-35 Hz and time interval of 750-3750 ms relative to
stimulus onset were used.

• fbpar: subject-specific frequency band and time intervals chosen by the heuristic during
the experiment were used.

The first filter modality is applied to find out a general solution, useful at the beginning of the
experiment, when no previous information on the reactive frequencies of the user is available, or
for those fixed BCI systems, were no subject-dependent parameters are selected at all.

For each filter modality (broad and fbpar) and for each channel configuration, the test error for
all 80 subjects is calculated and the medians across all users is taken for comparison. The best set
is selected, as the channel set with smallest median test error among those, let’s say m channel sets
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Figure 6.1: Predefined channel configurations. Some channel labels are omitted for better visualization.

with test error significantly different (p ≤ 0.05) from the test error obtained using the full channel
configuration, called all. Additionally, among the other m − 1 channel sets, the sets comparable

to the best are selected, as the channel sets which deliver a test error not significantly different
(p ≥ 0.1) from the best set test error. The threshold for not significance was set to 0.1 instead of
0.05 to induce sparsity.
The analysis was repeated using just K = 50, 40, 30 trials from the calibration data in three different
ways: 1) the first K trials, 2) the last K trials and 3) K trials linearly equally spaced in the time.
Finally, results for these three modes were averaged in order to obtain a result which is not biased
by a particular time interval of the simulation.
The analysis with all trials was done also splitting the users in three groups depending on their
feedback performance (> 69%, 69 − 88%, ≥ 88%). The subgroups were formed in this way instead
of depending on the user categories in order to have the same number of samples in each group to
run the significance test.

6.2.2 Stepwise variable selection by nonparametric multiple comparisons

The aim of the second procedure is to select the minimum number of channels without signifi-
cantly decreasing the performance in comparison to the previous selected best set. To this goal, an
iterative channel selection procedure was applied, which allows to determine an optimal channel
configuration without being confined to a predefined list of configurations. The method is inspired
by stepwise variable selection in regression models (cf. Hocking, 1976; Draper, 1998) and it is
based on statistical tests to assess whether each single channel contributes significantly to the
classification of the feedback data or not.
The procedure considers a set of selected channels and a pool containing all other channels. The
algorithm alternates intern cycles and extern cycles. Within an intern cycle one or more channels
belonging to the selected set are removed from it and added to the pool, because their removal
does not yield a significant increase of the test error. Within an extern cycle, one or more channels
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belonging to the pool is/are added to the selected set and removed from the pool because their
addition to the selected set leads to a significant test error improvement.
The procedure starts with an intern cycle using the initial channel configuration with K electrodes.
In each iteration of the intern cycle, the test error is calculated for all 80 data sets using the selected
start set with K channels and for the K candidate configurations consisting of K − 1 channels
obtained by leaving one channel out of the K ones. The median test error obtained with the
configuration with K channels is compared with the median of each k-th configuration with
K − 1 channels. Among those with medians not significantly different (p ≥ 0.1, i.e. the removal
of channel k does not cause a significant difference in the performance) from the set with K

channels, the new selected set is the one with the highest p-value, i.e. the least different one. The
next iteration will compare then a selected set with K − 1 channels and K − 1 candidate sets with
K − 2 channels. The process is iterated until none of the candidate configurations delivers a p ≥ 0.1
and the procedure enters the extern cyclemodality.
In each iteration in the extern cycle, the test error is calculated for all 80 data sets and for all possible
N candidate sets with K + 1 channels formed by the selected set plus one channel coming from
the pool, where N is the number of channels in the pool. The median test error across the 80 data
sets of the selected set is compared with the median test error of each n-th set with K + 1 channels.
Among those candidate sets with median test error significantly lower (p ≤ 0.05, i.e. the addition
of channel n leads to a significant improvement of the performance), the new selected set is the
one with the smallest p-value, i.e. the most different one. The next iteration will compare then
a selected set with K + 1 channels and N − 1 candidate sets with K + 2 channels. The process is
iterated until none of the candidate configurations delivers a p ≤ 0.05 and the procedure enters
the intern cyclemodality again.
The procedure terminates when no further channels can be removed from or added to the selected
set.

6.3 Results

6.3.1 Best channel setup of fixed configurations

An overview of the classification loss for all 13 fixed channel configurations is depicted in Fig. 6.2
(top for the broad, bottom for the fbpar filter modality). The red line in the middle of the box
indicates the median accuracy, the lower and the upper limit of the box indicate respectively the 25
and 75 percentiles of the accuracies, and the whisker length is calculated as the difference between
the 75 and 25 percentiles, i.e. is equal to the length of the box itself. On the background, the errors
for each data set are plotted by thin lines. It is visible that while for very good (loss > 90%) and
very poor (loss < 60%) performing users the error loss stays rather constant across the channel
configurations, for users with BCI performance in the middle, the loss can change a lot even using
the same number of electrodes but differently distributed (e.g. among the channel sets 32std, 32mc
and 32mcc). This means that the inclusion in the set of some particular channels is relevant for
the performance, i.e. the SMR activity modulated by MI is very local.

The results of the significance tests run on the classification performance of the predefined 13
channel configurations are summarized in Table 6.1. The first row indicates the type of frequency
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Figure 6.2: Box plots (median, 25 and 75 percentiles) of the loss obtained for each channel set. On the
background, the single loss for each data set (80 in total) is displayed by thin lines. Top: broad filter modality
(8-32 Hz, 750-3750 ms after stimulus presentation are used for feature extraction and classification). Bottom:
fbpar filter modality (subject-dependent frequency and time interval are used for feature extraction and
classification).

85



6 OnOptimal Channel Configurations

and time filtering applied, called broad and fbpar. The fields All,Mean50,Mean40,Mean30 in
the first column mean that the results shown were obtained using all trials from the calibration
data and the mean value of the median test error resulting using the three modalities with 50, 40
and 30 trials respectively as explained in Section 6.2.1. In the column Comp., the sets, if existing,
are listed that performed not significantly worse than the best set, displayed in the column Best.
Finally, the column Err. reports the median test error of the Best configuration.
It can be observed that with higher number of training trials the best set is 48ch which contains
48 channels concentrated in the middle of the scalp, without any peripheral channel. We can
hypothesized that, being the inter-subject variability of the location of the SMR activity high, a
configuration with more channels is preferred to sparse channel sets because offers higher spatial
resolution and can capt the SMR activity of all users. On the other hand, configurations with more
channels increase the risk of overfitting, especially if peripheral channels are involved, so that the
set 48ch is also preferred to the 64ch_mcc set, which concentrates in the middle of the scalp but
contains more frontal channels and some more lateral ones.
With less training trials available, configurations with less channels are preferred, since with the
other sets overfitting is very likely to happen.

BROAD FBPAR
TRIALS Comp. Best Err.[%] Comp. Best Err.[%]

All 48ch 15.20 32ch_mc 48ch 13.49

Mean50
48ch, 20ch, 32ch_mcc,
32ch_mc, 64ch_mcc, 24ch 20.55 16ch_mc, 12ch 20ch 18.16

16ch_mc

Mean40
24ch, 20ch

48ch, 24ch 32ch_mc 21.60 16ch_mc, 12ch 18.85
32ch_mc

Mean30
32ch_mcc, 12ch
32ch_mc, 24ch 24.31 16ch_mc, 24ch 21.06

20ch, 16ch_mc 20ch, 8ch_mc

Table 6.1: Results obtained using all 80 participants.

Results can be similarly interpreted in a more detailed analysis for subgroups of well (≥ 88%
accuracy in original feedback), fairly (70%-88%) and badly (≤ 70%) performing users, reported
in Table 6.2. Here, even configurations with more than 48 channels were preferred in better
performing users, while sets with less channels result in better performance for fairly and badly
performing users, where the quality of the data is poor.

6.3.2 Best channel setup by stepwise channel selection

Given the results obtained using fixed channel configurations, the set 48ch has been chosen as
starting set for the iterative procedure described in Section 6.2.2 with the aim of further removing
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BROAD FBPAR
PERF.[%] Comp. Best Err.[%] Comp. Best Err.[%]

≥ 88
all 32ch_mc, 48ch, all

64ch_mcc most 1.84 most, 64ch_std 64ch_mcc 1.51
48ch 32ch_mcc, 32ch_std

70 − 88 48ch 13.45 48ch 11.47

< 70
16ch_mc, 12ch, 64ch_std 32ch_mcc
8ch_mc, all, 32ch_std 16ch_mcc 39.40 64ch_std 48ch 41.36

64ch_mcc, most 32ch_std

Table 6.2: Results obtained for different user groups.

potentially unnecessary channels. Results are shown in Fig. 6.3, left for the broad, right for the
fbpar filter modality. Starting from 48 channels, 31 channels were selected with the broad filter
modality and 22 channels with the fbpar one. Both selected configurations are mostly concentrated
in the motor area. Similarly for the fbpar filter modality, the loss obtained using the two channel
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Figure 6.3: Selected channel sets by the stepwise procedure. Left: broad filter. Right: fbpar filter.

sets selected by the first and the second procedure is compared by scatter plot on the right of
Fig. 6.4. The median test error using the configuration with 22 channels chosen by the stepwise
procedure with fbpar filter was 13.16%, again better (but not significantly, p > 0.05) than the
error reported with the 48ch set and fbpar filter in Table 6.1 (13.49%), while using 26 channels
less. The scatter plot suggests that the full 48ch set is better than the 22 channel configuration for
the good performing users, while a general improvement using less channels by following the
stepwise approach appears for users with poor performance. On the other hand, the error for poor
performing users is higher for the 22 channel set. Given that the set is concentrated on the motor
areas, those users probably exhibit peculiar motor imagery patterns concentrated in other brain

87



6 OnOptimal Channel Configurations

areas, like, e.g., the parietal one, which often happened, as seen in Chapter 3.
Since the broad filter results in more channels, some of them peripherally distributed, it can be
assumed that the time-frequency filter selection applied in the fbparmodality, helps to successfully
localize the SMR activity, resulting in a smaller classification error on the feedback data.
The presence of more channels on the right hemisphere for the fbpar filter modality is a result of
the unequal distribution of the class combinations (see also Chapter 3), since the left class, and
especially the class combination Left/Foot, was more often selected during the experiment than the
class right and the combinations Left/Right and Foot/Right. Fig. 6.5 shows the median test error
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Figure 6.4: Classification error on feedback data for all 80 users. Left: comparison between the 31 channel
set chosen by the iterative stepwise procedure with broad filter modality and the best set 48ch. Right:
comparison between the 22 channel set chosen by the iterative stepwise procedure with fbpar filter modality
and the best set 48ch.

over all 80 data sets for the two selected channel configurations with 31 channels with broad filter
and 22 channels with fbpar filter depending on the number of trials used for the training set. In
this case the training trials are taken from the calibration set in temporal order. As expected, the
test error strongly improves with the number of trials. It also becomes evident that at least 40 trials
are necessary to obtain a general good performance (around 80%), 90 trials are necessary to obtain
a more robust performance and only with more than 130 trials the best reachable performance
(with our algorithms) can be obtained.

6.4 Discussion

In the first approach the general tendency was that configurations with more channels were
preferred 1) with larger training sets and 2) for better performing users. These facts are presumably
due to overfitting effects of CSP (cf. Blankertz et al., 2008c) when too many channels are used
together with a small number of trials (for points 1) or with information of minor quality present
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Figure 6.5: Median test errors depending on the number of training trials for broad and fbpar filter
modalities.

in the data of badly performing users (for point 2). This is also in line with the observation done
in Chapter 4, where more kPCA components are automatically chosen for good performing users,
meaning that the addition of more information to a generalization model positively contributes as
far as the information is not noisy.
In general, the configuration with 48 channels resulted to be the best one. Configurations with
less channels are preferred when less training trials are available or if only data of poorly or badly
performing users are used, i.e., when the data are not very informative. This result is in contrast
with previous studies (Lal et al., 2004; Lv and Meichun, 2008; Farquhar et al., 2006; Naeem et al.,
2009; Popescu et al., 2007), where subject-dependent channel selections indicated that much less
channels are necessary for a robust classification with CSP, even if using well performing users
and 400 trials (cf. Lal et al., 2004; Farquhar et al., 2006).
The second iterative stepwise approach presented in this chapter was applied with the best set of 48
channels as starting set in order to reduce this configuration eliminating redundant channels. With
this procedure, 31 channels with broad filter and 22 channels with fbpar filter were selected as the
best configurations, agreeing with Lal et al. (2004), which is also the only study which proposed a
general subject-independent channel set. It can then be hypothesized that the iterative stepwise
procedure, as well as the algorithms used in Lal et al. (2004); Farquhar et al. (2006); Popescu et al.
(2007), are probably more efficient against the high correlations present in EEG signals, since they
consider either a sparse solutions (Farquhar et al., 2006) or a recursive one, which considers each
channel separately.
There are two fundamental differences between this study the previous ones: 1) The number
of participants is 80 for this study, five or even less for the others, 2) This study aims to find a
general subject-independent solution valid for all kind of users, while the other studies look for
subject-specific configurations and aim to demonstrate that CSP does not necessarily need many
channels. This can obviously be true, but it does not mean that more channels would not improve
the performance. Moreover, in order to select the best configuration for one participant, the full
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set should anyway be investigated at the beginning, and after that it should be assumed that the
few chosen channels stay stable from session to session, which is known to be true just for very
expert and well performing users.
The computational cost of the iterative procedure is highly dependent on the starting channel
configuration. Since in this study the best set resulting from the first procedure was chosen as
starting configuration, the algorithm found the minimum within 23 hours with broad filter, 24
hours with fbpar filter, eliminating at first channels within the intern cycle and then adding some
channels with an extern cycle. Starting with larger configurations, the simulations could last from
some days (starting with 64 channels) to two weeks (starting with the full 119 channels set). It is
important to note that this procedure can be applied with other kinds of algorithms or paradigms,
but once the results are known there is no need to repeat the procedure for every experimental
session or for every study. Thus, despite the computational costs, if a large data set is available, it is
worth to run the procedure once in order to use the necessary channels in successive studies.
While the resulting set with 22 channels might be expected as motor imagery necessarily focuses
on motor activity, it is actually far from obvious: a finer grained resolution with 119 channels
may have yielded more stable CSP filters and likewise more robust and individually adapted
classifiers. In fact, the common assumption for CSP is that, once having a sufficient number
of samples, the BCI classification performance in motor imagery improves with the number of
recording channels. After this study, and together with the analysis conducted in Chapter 4, we can
conclude that this fact seems actually to be valid just for high quality data. Furthermore, peripheral
channels often also help to improve the classification, even if they do not contain the most useful
information, as demonstrated in Al-Ani and Al-Sukker (2006). A minimal number of channels
always has the risk that outliers and artifacts of any kind may spoil statistical estimation: this
trade-off between feature sparsity and robustness is a general statistical dilemma. Nevertheless, the
statistical testing procedure outlined here showed that the use of a well-estimated low dimensional
informative subspace not only regularizes against noise and artifacts but also makes optimal use of
the complexity of the classifier and focuses the resources of the estimator onto the proper subspace.
The present work goes well beyond existing studies due to its rigor in the statistical analysis and
the large number of participants, all recorded in a unified setting.
In the next chapter, these and the results of the previous chapters will be used to optimize the BCI
system and develop highly adaptive CSP filters and a flexible experimental design.
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As already previously mentioned in this thesis, a big drawback of CSP is the considerable amount
of training data required in order to obtain robust CSP filters. In fact, the number of parameters
to estimate increases with the number of electrodes used, bearing a high risk of overfitting when
using little training samples or in the presence of outliers. Also, the use of few channels does not
help to improve the performance, because, in absence of previous subject-specific knowledge, a
channel set is needed, which can give a certain resolution and cover all possible relevant motor
areas. For example, following the conclusion of the previous chapter, at least 32 channels with
120 training trials are recommended to deliver a general (mean over 80 users) good performance.
This drawback is particularly evident in case of poor performing BCI users, whose data are highly
non-stationary and contain little class relevant information.
Obviously, due to practical constraints, long multi-channel recordings might be difficult to realize
and especially for BCI medical applications the time needed to setup a BCI system is extremely
important, since the patients become tired very soon and sessions longer than 2 h are unfeasible.
For this reason, researchers have investigated ways to allow good performance with just a little
amount of calibration data (Kayagil et al., 2009; Krauledat et al., 2008; Kang et al., 2009; Lu et al.,
2009; Lotte and Guan, 2010) or in absence of calibration data, i.e. with subject-independent spatial
filters and classifiers previously trained on a data set of other users (Lotte et al., 2009; Fazli et al.,
2009).
Alternatively, and especially when also the number of recording channels is limited, a simple
solution is offered by Laplacian filters (LAP, McFarland et al., 1997, see also Section 2.4.2). They
are widely used in the BCI context (Babiloni et al., 2001; He et al., 2001; Solis-Escalante et al., 2008;
Pfurtscheller et al., 2009) and are often preferred to complex features, since band power features
calculated from LAP filtered channels represent an easy, robust and general signal to control a
BCI because their calculation does not involve any class information and, when fixed locations are
used, is not subject to the risk of overfitting. For the same reason, the performance obtained with
LAP features is poor in comparison to subject-specific optimized spatial filters.
In Vidaurre et al. (2011c), we introduced the concept of ML-based co-adaptive calibration for SMR-
BCI. In this new experimental approach, the calibration session is avoided and the experiment
starts directly with feedback. This is possible thanks to a subject-independent classifier, previously
calculated on a large data set. Thanks to newly developed adaptation techniques (Vidaurre et al.,
2006, 2007), the classifier is online adapted after each trial to the new data of the user. Also in
this design, LAP features are used for the subject-independent classifier and for the first part of
the experiment until enough data for a CSP analysis are collected. In fact, simple features allow a
faster adaptation of the classifier and, as explained above, are more robust when still few user’s
data are available. Only after three runs, CSP analysis is conducted and LAP features are then used
together with CSP and online adaptation. With this new strategy, the system adapts to the user
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and the user is guided by the feedback (system) to find an appropriate strategy to modulate his/her
SMR during the collection of the calibration data for CSP (for this reason the approach is called
co-adaptive calibration).
Thanks to this approach, users could substantially improve their performance in comparison to
the standard approach, with a calibration session without feedback and without online adaptation.
The resulting accuracy in the initial period was high for users of Cat. I, since they usually have
proper MI patterns therefore classifiable by the subject-independent classifier. Moreover, they can
quickly learn to modulate their SMR. Unfortunately, most users of categories II and III could not
achieve the criterion level 70% earlier than the fourth run, which included the use of CSP features.
While the co-adaptive calibration is a good solution against the long training session needed to
collect data for the CSP analysis, an improved feedback given already from the first run, could
help poor performing users to achieve earlier the control and consequently obtain later a better
BCI performance.
In this chapter, a novel spatial filter is proposed, which can be considered as a compromise between
LAP and CSP filters. Since it consists of an ensemble of local CSP patches the method is called
CSPP. CSPP have been thought as a solution to the overfitting problems of CSP and as a substitute
for LAP for all those cases where the application of CSP is not feasible. CSPP are expected to
work better than LAP, since they use the class information and are therefore optimized on the
user’s brain activity. They have been also inspired by the analysis of the 80 data sets described in
Chapter 3, which, together with the conclusions of the previous chapters, suggests that for low
quality data and for less good performing users, 1) the SMR activity can sometimes cover just very
small and local areas 2) a low quality data set has an intrinsic low dimensionality and a too complex
model can easily overfit and 3) CSP applied on small channel configurations deliver in some cases
better results than CSP applied on larger channel sets, even in presence of many training samples.
Being applied to fewer number of electrodes, the CSPP method is expected to be more robust
against overfitting than CSP because the model to fit and the resulting features are simpler. For
this reason, CSPP can be seen as a regularized version of CSP. CSPP is also very local, property
that together with its simplicity makes CSPP very suitable to online adaptation. On the other hand,
CSPP is also global and complex, because it takes into account all channels available and requires
a feature selection among different patch forms and locations.
In the first part of this chapter, part of which is taken from Sannelli et al. (2011), CSPP is offline
evaluated with several training sample sizes (from 10 to 75 trials) and compared with Laplacian
derivations, classical CSP and the regularized CSP (R-CSP) presented in Lu et al. (2010) and
described in Section 2.4.2. Among several recent regularized CSP extensions (Kang et al., 2009;
Blankertz et al., 2008a; Tomioka and Müller, 2010; Lotte and Guan, 2011; Lu et al., 2009; Samek
et al., 2012), we chose R-CSP because the shrinking parameter for the covariance matrices can be
analytically estimated following Ledoit and Wolf (2004) and therefore compares fairer to CSPP,
which does not involve the estimation of any hyperparameter. Indeed, the other regularized CSPs
need time-costly CV for the estimation of one or more hyperparameters. In some cases (Kang
et al., 2009; Lu et al., 2009) additionally data from other subjects are needed. Moreover, R-CSP
resulted to be one of the best regularized CSP versions when tested on several data sets in the
review presented by Lotte and Guan (2011).
In the second part, which is an extension of the results published in Sannelli et al. (2010), the
co-adaptive calibration study is described and CSPP suitability to online adaptation and to the
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combination with a subject-independent classifier is tested comparing the performance of offline
simulations with the online accuracy obtained during the experiment.
In the third part, the evaluation of CSPP in online operation is presented in a study with 20
participants in order to effectively assess the suitability of the algorithm to BCI experiment and its
performance. All participants except for three, previously participated either in the first described
study acquired with the standard approach (i.e. with calibration and feedback session), or in one
co-adaptive calibration study with Laplacian filters, or in both, but not in more than two studies.
They were screened as belonging to Cat. II or Cat. III. Moreover, the last MI session for each user
was at least two years earlier and many of them did not even remember the task.

7.1 Common Spatial Patterns Patches (CSPP)

CSPP is the application of CSP analysis to small sets of channels (patches), and the combination of
the resulting features. The hypothesis is that, applying CSP analysis on just a few channels, the risk
of over-fitting is reduced in comparison to usual CSP, which is calculated on all channels available.
This is because the number of parameters to fit for each patch is less than for CSP. CSPP can be
then interpreted as a Laplacian filter where the weights of all channels are data driven optimized.
We will call center of the patch, the channel that is weighted by 1 in Laplacian filtering.
As explained in the previous section, CSPP is also inspired by the fact that many users exhibit non
conventional SMR activity, regarding not just the size of the involved area, but also the location.
To take into account this problem and maximize the flexibility of these filters, several forms of
patches and several centers are possible. In this way, each patch can include a different number of
surrounding channels and the position of the centers of the patches can be chosen, depending on
the number of channels available, on the task and, when training data are already acquired, also
depending on the subject-specific SMR activity. Here, eight patch forms in combination with a
number of centers going from three to 18 are evaluated. The analyzed patch forms are shown, using
the channel C3 as center, on the right of Fig. 7.1, while the center configurations are shown on the
left of Fig. 7.1. As for CSP, CSPP are applied on band-pass and time filtered data. By application

3c 3c3cp 3fc3c3cp

3fc5c3cp 5fc5c5cp 5fc5c5cp3p

small six eight eightsparse

twelve eighteen twentytwo eleven

Figure 7.1: Right: patch configurations centered on C3. Left: channel sets used as center of the
patches/Laplacian filters.

of CSP analysis on one patch with n channels, n filters are obtained. With Nc patch centers, for
each patch p with p = 1, ...,Nc , one filter per class is selected with the extreme eigenvalues, i.e. two
filters per patch are obtained. By concatenating all filters, a sparse filter matrix W results with
dimension Nc × N where N is the number of all available electrodes:

W = [w11,w12, ...,wp1,wp2, ...,wNc 1,wNc2] (7.1)
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The matrix W is sparse since each column wpi contains just n non zero elements. From the
resulting ensemble of filtersW , the most informative ones are chosen using the ratio-of-medians

score (described in Section 2.4.2).
In Fig. 7.2, an example is given, of how just using 13 channels with a small patch in C3, Cz and C4,
the filters can change in comparison to Laplacian filters and can become better class related. The
top row presents the classical Laplacian derivations with 4 neighboring channels in C3, Cz and C4,
while the other three rows depict the CSPP involving the same channels respectively for the class
combinations Left/Right, Left/Foot and Foot/Right. The CSPP are calculated on the calibration data
of three good performing users.
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Figure 7.2: Top: Small Laplacian filters for C3, Cz and C4. Bottom: Small CSPP filters centered in C3, Cz
and C4, for the class combination Left/Right (first row), Left/Foot (second row) and Foot/Right (third row),
calculated on the data of three good performing users.

7.2 Evaluation with Standard Approach

7.2.1 Setting

The data sets of the large study with 80 users described in Chapter 3 were used for a first evaluation
where the performance of each patch form and center configuration is analyzed and compared
with the performance of Laplacian, CSP and R-CSP filters. If a certain configuration of patches
and centers involves N channels, CSP and R-CSP are applied on all N channels, while Laplacian
filters involving the same channels of the corresponding patch and located on the same centers of
the patch configuration are used for comparison.
Since the main goal is to improve the performance at the beginning of the experiment, when very
little data are available and no subject-specific parameter choice is possible, data were band-pass
filtered in a broad frequency band (8-35 Hz) and segmented in a fixed time interval (750-3750 ms
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after stimulus presentation). In order to obtain the same number of features for all four compared
methods, three filters per class are selected by the ratio-of-medians score, i.e. six features are
obtained. The features are the log-variance of the CSP, CSPP, R-CSP filtered data and the log-
band power of the LAP filtered data. For the configurations with Laplacian filters on C3, Cz
and C4, the log-band power in two frequency bands was separately calculated ([8-15] Hz and
[16-35] Hz) instead in the broad band. For the configuration with five channels, the broad band
was used, obtaining then five features instead of six. For all other configurations, where more
than six Laplacian derivations are obtained, six features are automatically selected by the same
ratio-of-medians criterion used for the other methods.
The ratio-of-medians score revealed particularly suitable for this analysis, because, differently from
the eigenvalue score, it can be used also for Laplacian filter and for CSPP. In fact, using directly
the eigenvalues of each patch as score for the CSPP features would not allow a fair and global
comparison among all available features because extreme values of different patches might differ a
lot, but their capability to discriminate the features might be similar or vice versa.
For classification a Linear Discriminant Analysis corrected by shrinkage (rLDA) is used (Schäfer
and Strimmer, 2005; Vidaurre et al., 2007, 2009; Blankertz et al., 2011).
Laplacian filters, CSP, R-CSP and CSPP were evaluated using as training set the first n trials of the
calibration data sets, with n = 10, 15, 20, ..., 75. The second half of the data (75 trials) was used as
test set. All channel configurations and patch sizes in Fig. 7.1 were tested.

7.2.2 Results

In general, with small channel sets (up to 30 electrodes) and small patches (up to eight electrodes),
all CSP based methods outperform the Laplacian filters but they are not significantly different
between each other. As the number of electrodes increases, the error rate decreases for all methods,
but specially for Laplacian and CSPP filters. This results in a significant difference between CSPP
and the rest of the filters studied. In particular, with the patch eightsparseCSPP starts to be superior
to CSP and R-CSP with as few as 35 channels and 35 training trials. With the patch twelve, CSPP
is better than CSP and R-CSP with 33 channels and 15 training trials, while with larger patches
like eighteen and twentytwo, i.e. with at least 39 channels, the improvement obtained with CSPP
with respect of the other three methods is significantly better already with 10 training trials. In
Fig. 7.3, the results with patches twelve (top) and eighteen (bottom) are shown. In particular, the
test error is calculated as the median across all 80 users of the Area Over the Receiver Operating
Characteristic Curve (AOC) against the number of training samples (on the x-axis) is shown for
the four methods (LAP in green, CSP in blue, R-CSP in light blue, CSPP in red) and for all six
channel set (one per plot, title in the subplot). The total number of channels used is visualized in
the title. Also, the results of Wilcoxon signed rank tests for equality of medians are shown by stars,
in case of not significant difference, by asterisk in case of significant improvement (p<0.05).
Thus, CSPP is always better than Laplacian filters at the low cost of recording 2 minutes of data
(20 trials). Additionally, CSPP outperforms CSP and R-CSP in all configurations studied where
the number of channels exceeds 33, using any amount of training data (at least up to 75 trials),
with the great advantage that it needs very little training data to be tuned (10 trials). Looking at
the scatter plot for the particular case with patch eighteen, 73 channels and 60 training trials in
Fig. 7.4 it is possible to see that the improvement is general across all subject categories. Each
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Figure 7.3: Comparison among Laplacian, CSP, R-CSP and CSPP with different training set sizes and
channel configurations using the patch twelve (top) and patch eighteen (bottom). The test error is calculated
as AOC and is plotted for different training set sizes. For each number of training trials, an asterisk indicates
that the improvement of CSPP is significant (p<0.05), a circle indicates no significant differences (p≥0.05).

asterisk represents a subject and CSPP performed better for each asterisk below the black diagonal
line. The percentage of asterisks under and below the black line is visualized on the corresponding
corner of the plot.
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Figure 7.4: Scatter plot of the test error obtained with the patch eighteen and 73 channels. Each subplot
depicts the comparison between CSPP and the tested methods LAP, CSP and R-CSP respectively.
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7.3 Evaluation with Online Adaptation

To test CSPP with the newly developed co-adaptive calibration approach, the data from the
adaptation study published in Vidaurre et al. (2011c) were used for an offline-online simulation
with CSPP. In the next section, the co-adaptive calibration approach is introduced as a general
framework, where the adaptation techniques are applied on general features. In theory, one can
choose all kind of features to design the experiment. In practice, it is very important that the
features are very simple in the beginning and their complexity can increase with the quantity of
data available to train the algorithms.
After the co-adaptive calibration design is explained, the features used in Vidaurre et al. (2011c)
and those chosen for CSPP application are explained in the settings and are referred respectively
with Laplacian Design and CSPP design. Finally, the results compare the performance of the two
feature designs.
We conducted a second similar (i.e. with Laplacian features) adaptation study and reported it in
Vidaurre et al. (2011b). There, just users of Cat. II and Cat. III participated and could substantially
improve their previous performance. From 14 participants, 5 did not reach the threshold of 70%.
Those data are here used in the next Section 7.4 just to compare the results of the online experiment
with CSPP where some common participant took part.

7.3.1 Themachine-learning co-adaptive calibration approach

The co-adaptive calibration design consists of three different subsequent levels that can be summa-
rized as follows:

• Level 1: subject-independent features and classifier are used. The classifier is adapted in a
supervised manner.

• Level 2: subject-dependent features and classifier are used. The classifier and the features
are adapted in a supervised manner.

• Level 3: subject-dependent features and classifier are used. The classifier is adapted in an
unsupervised manner.

While features and adaptation type change at each level, the feedback application stays the same.
In the next sections, the single levels are explained in more detail.

Subject-independent classifier

For each binary combination of motor imagery (MI) classes, a Linear Discriminant Analysis
(LDA) classifier is trained on features pooled from a data base of 48 successful BCI performers
(subject-independent features). In Eq. 7.2, the formula of a LDA is again reported, where x is the
feature vector, Σ̂ is the pooled estimated covariance matrix, µ̂1 and µ̂2 are the estimated means of
the two classes, µ̂ is the pooled estimated mean and D(x) is the classifier output, i.e. the difference
in the distance of the feature vector x from the separating hyperplane, which is described by its
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normal vector w and bias b:

D (x) = w ⋅ x + b (7.2)

w = Σ̂
−1 ⋅ (µ̂2 − µ̂1) (7.3)

b = w⊺ ⋅ µ̂ (7.4)
µ̂ = (µ̂1 + µ̂2) /2 (7.5)

If D(x) is negative, the first class is assigned to the trial with feature vector x, the second class
otherwise.

Adaptation level 1

The features, i.e. the frequency band, time interval and spatial filters stay the same, i.e. those used
for the subject-independent classifier. In fact, at the beginning of the experiment no previous data
of the user are available. Moreover, the co-adaptive approach is intended to guide the user via the
feedback to modulate the SMR activity in the proper areas (under C3, Cz and C4) as done by the
users whose data are used to prepare the subject-independent spatial filters and classifier.
During the run the initial subject-independent classifier is adapted after each trial t to the current
brain signals of the user. This is done by updating the class means µ̂1 and µ̂2 in Eq. 7.3 and in
Eq. 7.5 and the inverse of the pooled covariance matrix Σ̂−1 in Eq. 7.3.
Given a feature vector x belonging to the class c, the mean can be estimated in the following way,
which does not need memory for its past sample values

µc(t) = (1 − ηµ) ⋅ µc(t − 1) + ηµ ⋅ x(t) (7.6)

whereby ηµ is an update coefficient. In this way each past sample t − i is exponentially weighted by

wi = ηµ ⋅ (1 − ηµ)i (7.7)

with a time constant τ = 1/(ηµ ⋅ Fs) if the sampling rate is Fs . Note, that this adaptation method is
supervised since it needs the class information c.
For the update of the inverse of the pooled covariance matrix Σ̂x

−1, the inverse of the so-called
extended covariance matrix E−1 is updated, by decomposition of which Σ̂

−1 is obtained. This is
done because the update of E−1 is possible without any explicit matrix inversion (see Vidaurre
et al., 2006, for more details), except for the initial value E(0)−1 which is already offline calculated
and stored together with the initial subject-independent classifier. In particular, the extended
covariance matrix is defined as:

E =
N

∑
t=1
[1, x(t)] ⋅ [1, x(t)]⊺ =

⎡⎢⎢⎢⎣

1 µ⊺x
µx Σx + µxµ⊺x

⎤⎥⎥⎥⎦
(7.8)

where N is the number of samples, and is updated similarly to the mean:

E(t) = (1 −UΣ) ⋅ E(t − 1) +UΣ ⋅ [1, x(t)] ⋅ [1, x(t)]⊺ (7.9)
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where t is the sample time and ηΣ is the update coefficient.
The new E(t)−1 is calculated by a recursive algorithm:

E(t)−1 = 1
(1 −UΣ)

⋅
⎛
⎜
⎝
E(t − 1)−1 − v(t) ⋅ v⊺ (t)

1−ηΣ
ηΣ
+ x⊺(t) ⋅ v(t)

⎞
⎟
⎠

(7.10)

where v(t) = E(t − 1)−1 ⋅ x(t).
The adaptation speed for the LDA formula is thus determined by the two update coefficients ηµ
and ηΣ used in the Eq. 7.9 and 7.10) which should be determined before hand. In our studies they
were determined using the large data set of 80 subjects. The adaptation techniques were developed
by Vidaurre et al. (2006, 2007).

Adaptation level 2

In the second phase of the co-adaptive design, data acquired in the adaptation level 1 are used to
carry out the offline machine-learning training (as in the other study in Section 3.1.3), i.e. to select
subject-specific frequency band, time interval, spatial filters and classifier. During the recording,
the features and the classifier are updated after each trial by re-training. In particular, the features
can be differently chosen depending on the experiment design, and the classifier is trained again
after each trial, using always the same subject-specific frequency band and time interval, i.e. not
the whole trial interval is used. In order to deal with the dimensionality of the features, a LDA
regularized by shrinkage is used (Vidaurre et al., 2009).

Adaptation level 3

The techniques presented in Sections 7.3.1 and 7.3.1 are supervised, thus is not possible to estimate
the real performance of the user because additional information of the subjects’ intention, which is
not available in real applications, is used to update the system. On the contrary, the last adaptation
level, makes use of static features and an unsupervised adaptation of the classifier that allows to
track the features’ drifts. In particular, the machine-learning training is carried out using the data
of the adaptation level 2 (which are supposed to be better than the data from adaptation level 1
because a better feedback was given to the user). During the runs, the pooledmean µ̂ = (µ̂1+ µ̂2)/2
in the LDA (see Eq. 7.2) is adapted using the formula in Eq. 7.6. The updated pooled mean modifies
the bias of the linear classifier producing the shifting of the hyperplane and tracking the position
of the mean of the features. This adaptation is possible in unsupervised way, i.e. without knowing
the class means µ1 and µ2 under the assumption that the mean of the two class means can be
estimated by the pooledmean, i.e. themean of the features of all trials. This technique, among other
unsupervised techniques for LDA, have been previously studied off-line and recently published in
Vidaurre et al. (2011a).

7.3.2 Settings

Data set

Eleven volunteers took part in the study. Six participants belonged to Cat. I (for one novice user, no
prior data was available, but she turned out to belong to Cat. I), two further participants belonged
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to Cat. II and three users to Cat. III. All participants performed eight feedback runs, each of them
consisting of 100 trials (50 trials of each class). The timing of the trials and the feedback application
was similar to that used in the feedback session of the large screening study described in Chapter 3:
the cue appears at time t = 0, at t = 1s the cursor starts to move depending on the classifier output
till t = 4s, i.e. the feedback lasts 3s instead of 4s as in the large screening study. Then, the cursor
freezes for 2s followed by a 2s long pause. Thus, the whole trial lasts 8s in total instead of 9s. Two
different types of MI, chosen out of three possibilities (MI of left hand, right hand or foot) were
selected in advance. For seven participants, previous data with MI performance was available
which revealed which two MI tasks should be used. For the other four volunteers (three of Cat. III
and one novice) no prior information could be used and they were asked to select two out of the
three possible MI tasks.
The experiment consists of three runs with adaptation level 1, three runs with adaptation level 2 and
two runs with adaptation level 3. With the aim to show that CSPP can shorten the experiments, just
the first 5 runs are used and the adaptation levels 2 and 3 are entered 2 runs earlier, i.e. respectively
in run 2 and 4.

LAP design features

The LAP features were the log-variance of small LAP derivation time and band-pass filtered, but
time interval, frequency band and location of the LAP channels changed from level to level as
follows:

• Level 1: For the subject-independent classifier and during runs 1-3, three LAP positioned in
C3, Cz and C4 were used. The three derivations were band-pass filtered in 8-15 Hz and in
16-32 Hz and segmented in the time interval 750-3750 ms, resulting in six features.

• Level 2: during themachine-learning training, up to three CSP filters per class are calculated
using the data of the three previous runs (300 trials) and concatenated to two LAP filters per
motor-area (among a total of 31 locations) which are selected by the highest robust Fisher
score (which makes use of the medians instead of the means). During the runs 4-6, in order
to allow some spatial flexibility but at the same time to give a robust feedback, CSP filters
stay the same, while the LAP filters, two per motor-area, are re-selected after each trial using
just the last 100 trials.

• Level 3: once enough data for CSP analysis are available, data from the three runs with level
2 were used to select up to six (three per class) CSP filters which stay stable during the run
7-8.

CSPP design features

• Level 1: instead of six Laplacian derivations of C3, Cz and C4, six CSPP features are used
obtained by CSP analysis on the three small patches centered on C3, Cz and C4 of the
band-pass and time filtered data. A broad band 8-32 Hz and same time interval 750-3750 ms
were used. CSPP features are the log-variance of the six CSPP filtered signals.

• Level 2: during the machine-learning training, CSPP analysis on 18 small patches is per-
formed, resulting in 36 CSPP features (2 per patch). To reduce the dimension, a maximum of
six (and minimum of one per class) CSPP features up to six CSPP features are automatically
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selected by ratio-of-medians score. During the runs, the CSPP filters are re-selected using
all previous trials. Note, that only 36 EEG channels are required for this design.

• Level 3: additionally to CSP features, CSPP features were also concatenated. For each patch
form in Fig. 7.1, a generalization error is calculated by 4-fold CV where for each fold: 1)
two to six CSPP and CSP features were calculated on the training set, concatenated, and
used to train the LDA and 2) the test set was spatially filtered by the selected CSPP+CSP
filters and the resulting features classified by the trained LDA. The patch form with the best
generalization error was selected. Finally, CSPP (with the chosen patch form), CSP and
LDA were trained on the whole data set. During the runs, the calculated CSP, CSPP and
LDA are used to calculate the features and for online classification, but the pooled mean in
Eq. 7.6 is adapted after each trial.

Results

On the top of Fig. 7.5, the accuracy obtained by offline-online simulation with the CSPP design is
compared with the online performance. The average across users of the same category is presented.
Each point is the mean over 20 trials, while each bar is the mean over one run. Three colors are
used for the three adaptation levels and two different shades for LAP respectively CSPP design,
light for LAP and dark for CPPP: purple for level 1, turquoise for level 2 and green for level 3.
Note that, in the online design, the adaptation level 1 (subject-independent) extends over the first
three runs, while the CSPP design enters level 2 already in run 2. The subject-independent CSPP
improved the accuracy for all BCI users in run 1. While in the original design Cat. II and Cat. III
users could reach the criterion threshold of 70% just in run 4 and 5, respectively, the CSPP design
allows this to happen within the first three runs by all users except for one. Moreover, in runs 4-5,
CSPP in combination with unsupervised adaptation performs on pair with the CSP+LAP with
re-training supervised adaptation.
For a fair comparison, on the bottom of Fig. 7.5 LAP design is used instead of the CSPP in runs
2-5. In particular, in runs 2-3 the locations of small LAP derivations are chosen by re-training
using all previous trials, while for runs 4-5 CSP features with unsupervised adaptation are used.
It is possible to see that employing level 2 already in runs 2-3 improves a bit the performance
for Cat. II and Cat. III users, but not as much as CSPP does. Interestingly, the accuracy of Cat.
I users decreases, indicating how good Cat. I users can modulate their SMR depending on the
received feedback. The comparison between CSP and CSPP with unsupervised adaptation in runs
4-5 shows that CSPP can still improve the performance for Cat. II and Cat. III users.

7.4 CSPP Online Study

In this section, the application of CSPP in online operation is presented, in order to effectively
assess the suitability of the algorithm to BCI experiments and its performance. In fact, only testing
the algorithms online, their real performance can be assessed, since the online feedback strongly
influences the user, and the effective results can be either better or worse than the offline results,
depending on whether the given feedback is better or worse than that used for the data employed
for the offline analysis.
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Figure 7.5: Performance of the CSPP Design during the first 5 runs of the co-adaptive calibration study
compared with the original performance (top) and with the same CSPP design reproduced with LAP
derivations (runs 2-3) and CSP (runs 4-5) instead of CSPP (bottom). From left to right, performance
of Cat. I, Cat. II and Cat. III users is depicted. Each point is the mean of the accuracy across 20 trials
(thin lines) and across the users of the corresponding category. Each bold line is the mean across 100
trials of the corresponding run. LAP original design: runs 1-3 with subject-independent classifier and
supervised adaptation, runs 4-5 with CSP+small LAP re-selection (supervised adaptation). CSPP design:
run 1 with subject-independent classifier and supervised adaptation, runs 2-3 with small CSPPs re-selection
(supervised adaptation), runs 4-5 with CSPP+CSP (automatic patch form) and unsupervised adaptation.

All parameters, such as adaptation coefficients, trials of each run and number of trials on which
CSPP are re-selected in the adaptation level 2, were offline estimated using the large data set of
80 users. Different values of adaptation coefficients were used for Cat. II and Cat. III, so that the
adaptation was slightly faster for Cat. III users.
The result is a complex and very flexible BCI system, which proves to optimally adapt to the user’s
brain activity. Performance results are compared with the previous performances of the same
users obtained with standard and/or co-adaptive approach.

7.4.1 Experimental Setup

Twenty volunteers participated in a single session of MI-BCI. Three were novice BCI users, all the
others participated either in the large study with calibration and feedback (Chapter 3), or in one of
the co-adaptive studies reported in (Vidaurre et al., 2011c) and (Vidaurre et al., 2011b). The data
for these three studies were acquired respectively 3, 3 and 2 years before.
Only participants belonging to Cat. II and III were invited to take part in this session, since
the main goal was to improve the performance of those users, while good performing users are
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supposed to rapidly learn to modulate their SMR. The categorization is assessed based on their
spectra at rest and taking into account the previous studies. In particular, some users who were
initially assigned to Cat. III because of very poor previous performance in the standard approach
but did not exhibit a flat spectra at rest and thanks the co-adaptive approach could improve their
BCI performance significantly starting from the adaptation level 2, were assigned to Cat. II. The
three novice BCI users resulted to belong to one category each (I, II and III) by analysis of their
spectra at rest. The class combination used was chosen either depending on the previous studies,
or by the participants, in case two previous studies used two different class combinations.
The trial design was very similar to the other studies, but the feedback started at t = 2s instead of
t = 1s and was given till maximum t = 6s, i.e. the feedback lasts t = 4s as in the large screening
study. Moreover, the trial was earlier interrupted if the cursor touched the border of the feedback
window and the cursor movement was programmed to be faster for larger classifier outputs and
slower for small ones. These differences were due to the use for the first time of the new python
framework for BCI experiments (Venthur et al., 2010) and were introduced to boost the BCI bit-
rate. Since this cursor control resulted to be suboptimal especially for the experiment beginning
(see the Section 7.4.3), the old type of cursor control was re-introduced in the experiments with
the three BCI novices.
The participants sat in a comfortable chair and were instructed to relax as much as possible but
to stay awake, to deeply breath during the pauses between the trial blocks and to decide the
movements they prefer to imagine. They were also told about the possibility that in the first run
the feedback could fail. Following the results of Chapter 5, they were instructed to relax and breath
out as soon as the trial stops in order to be better prepared to start the MI in the succeeding trial.
The overview of the experiment design is shown in Fig. 7.6. Five runs were acquired in total, run 1
with CSPP fixed features and adaptation level 1 (subject-independent), runs 2-4 with fixed CSP
features, adaptive CSPP features and adaptation level 2 (re-training), and the last run with fixed
CSP and CSPP features and unsupervised adaptation (pooled mean adaptation), to assess the real
classification accuracy as it would be in a real life application. The first run had 80 trials, the others
100. From run to run the system became more complex and flexible. The settings used for each
run are explained in the next section.
For online classification, every 40 ms features were calculated as the log-variance of the band-pass
and spatially filtered data of the last 750 ms and classified by rLDA. At the beginning, after three
runs and at the end of the experiment, a relax recording was carried out, where the user had to
relax and open or close the eyes depending on a vocal instruction. This recording contained 10
trials per condition (eyes open/closed).
EEG was recorded by 62 Ag/AgCl electrodes concentrated on the central areas and mastoid
references were used.

7.4.2 Settings

The subject-independentCSPPfilters and classifiers for the three class combinationswere calculated
as previously done for the offline evaluation.
Settings changed for adaptation level 2. The number of possible patch forms was enlarged to 13.
After each run, the offline machine learning training was repeated to re-calculate CSP. Subject-
dependent parameters, i.e. time interval, frequency band and patch form were eventually re-
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Figure 7.6: Design of the experiment. Run 1: fixed subject-independent small CSPP centered on C3, Cz
and C4 and rLDA with supervised adaptation. Runs 2-4: subject-dependent CSPP, CSP and rLDA in
combination with supervised adaptation by re-training of CSPP and rLDA. Run 5: fixed CSPP and CSP
with unsupervised adaptation.

selected as well. This was done just in case of very low performing users, where 80 or even 180
trials of the first runs were not enough to estimate the parameters properly. For Runs 2 and 3, all
previous trials were used (80 and 180 respectively), while for run 4 just trials from run 2 and 3
were used (200). CSP with 24 channels was calculated for run 2, with 48 channels for runs 3-5. As
in the offline evaluation, the patch-form was selected by 4-fold CV as described in Section 7.3.2.
During the feedback, patch form stayed fixed, but the locations were re-selected by re-training
of CSPP on the last 60 trials and CSPP filters were concatenated to the fixed CSP. The rLDA was
re-trained on the last 60 trials as well.
For the last run with unsupervised adaptation, algorithms were trained using the data from runs
2-4. During the feedback, both CSP and CSPP stayed fixed and rLDA was adapted.

7.4.3 Results

Performance

Fig. 7.7 presents the online performance averaged across user categories. On the top, the data
of the 17 users with previous BCI experience are used, on the bottom, the performance of the
three BCI novice participants is depicted separately. The color convention is the same used for the
offline evaluation (pink for level 1, blue for level 2, green for level 3) and again, each horizontal bar
represents the mean value for one run, while each point is the mean value across every 20 trials. In
every subgroup of people, the performance increased from run to run and most users reached the
criterion threshold (dashed black line) already in run 2, i.e. as soon as the features and parameters
used for the feedback were subject-dependent. All users except for three, reached the criterion
level and most of them felt self-confident with their BCI control.
Unfortunately, despite the very good offline results, the subject-independent CSPP (run 1) did
not let any of the 17 users reach the threshold (the maximum performance reached by one user
was 66%) even if some of them could reach till 80% in single blocks. This was hypothesized to be
due the type of cursor control employed (see Section 7.4.1). In fact, post-study analysis revealed
that in the first run the cursor moved often too fast because of large classifier output, touching
the window’s border so that the trial was abruptly interrupted. In Table 7.1, the number of times
that the trial was earlier interrupted is reported for each user and for each run. In particular, four
digits are reported corresponding to markers S41, S42 (class 1 and class 2 correctly classified), S51
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Figure 7.7:Online performance of the CSPP study for different user groups. Group and number of users
are written on the bottom of each plot. Each bar is the mean of the accuracy in one run (from R1 to R5,
indicated on the x-label). Each point is the mean across 20 trials. Pink, light blue and light green are used
for the three adaptation levels. The black dashed line indicates the threshold criterion of 70%.

and S52 (class 1 and class 2 misclassified). If this would happen just for correctly classified trials,
it would mean that the boosting strategy works, as e.g. for the last user from run 2 on. On the
contrary, it can be observed that this problem happened in run 1 with the same probability for
correctly and misclassified trials and was higher for one of the two classes, indicating a bad bias of
the classifier. For the other runs, this problem almost disappeared.
Using the old cursor control strategy, two out of the three BCI novice users showed a clear learning
reaching respectively 95% and 75% already in the first run (bottom of Fig. 7.7, left and middle
panels). Even the third user (bottom of Fig. 7.7, right panel), with very low chance of successful BCI
control (almost flat spectra at rest with SMR-predictor value 1.7), shows a continuous improvement
in the performance and was able to reach 75% in one block of the last run (the average accuracy of
the last run is 68%).

In Fig. 7.8, the performance obtained by adaptation level 2 (left) and 3 (center and right) are
compared with the one obtained in previous studies by the same users. Each asterisk is one user
and the performance of the new study is better for all points above the black diagonal line. In the
legend, the methods used to give feedback in the previous studies and the runs involved, i.e. how
many runs the participants was already performingMI, are shown. Thus, the average over runs 2-4
in the CSPP study (adaptation by re-train) is compared against 1) in red, the average across runs
4-6 of feedback with CSP without online adaptation following the three ones of the calibration
session in the large study, 2) in light blue, the average across runs 4-6 of the first co-adaptive study,
where feedback was provided by LAP+CSP features and 3) in purple, the average over runs 2-4
of the second co-adaptive study, were feedback was provided by LAP features. In the center, the
performance in the last run of CSPP is compared against the last run of feedback for the three
previous studies (same color convention is used). Since one may argue that just one run with
unsupervised adaptation is performed in CSPP study, immediately after the machine learning
algorithm training, the comparison against the first run after the algorithm training for the other
studies is also shown on the right of Fig. 7.8.
It is clear that CSPP adapts faster and allows a better feedback in a shorter time. Some users, who
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S41, S42, S51, S52
sbj Run1 Run2 Run3 Run4 Run5
VPef 5, 14, 3, 19 -, -, -, - -, 2, -, - -, -, -, - -, -, -, -
VPjb 8, 19, 4, 15 -, 3, 1, - 7, 2, -, - -, 6, -, - -, 7, -, -
VPkq 7, 19, 7, 18 12, 7, 11, 7 3, -, -, - 4, -, -, - -, -, -, -
VPji 6, 5, 8, 7 3, 3, -, 5 3, -, 1, 1 1, -, -, - 3, 1, 1, -
VPld 10, 1, 6, 5 -, 1, -, - 1, 1, -, - 1, 1, -, - -, 1, -, -
VPjv 8, 8, 12, 4 1, 1, -, - 1, -, -, - -, -, -, - -, -, -, -
VPoh 6, 13, 1, 11 6, 3, -, - 1, 1, -, - 1, -, -, - 1, -, -, -
VPik 6, 3, 2, 1 -, -, -, - -, -, -, - -, -, -, - 1, -, -, -
VPle 4, 12, 2, 8 3, 1, 3, - -, 1, -, - 3, -, -, - 4, 4, -, 1
VPio 19, 3, 22, 3 1, 1, 0, - 1, -, 1, - 2, -, -, - 1, -, -, -
VPibe 16, 6, 21, 6 -, -, -, - -, -, -, - 4, -, -, - 3, 4, -, -
VPko 8, 16, 7 ,7 -, 1, -, - 1, -, -, - 1, -, 1, - -, 5, -, -
VPmah 7, 13, 8, 6 -, -, -, - -, - ,- ,- 4, 3, 2, 1 2, 7, -, 2
VPdak 5, 5, -, 4 2, -, -, - 1, -, -, - -, -, -, - 2, -, -, -
VPkn -, -, 1, 10 -, -, -, - -, -, - ,- -, -, -, - 2, 1, -, -
VPke 5, 14, 6, 18 3, -, -, - 3, -, -, - 3, -, -, - 21, -, -,
VPdaj 16, 3, 18, - 9, 11, 1, 1 15, 17, 1, - 16, 6, 1, - 23, 9, 1, 1

Table 7.1:Number of times that the cursor touched the feedback window’s border and the trial was inter-
rupted. Each column is one run, each row is one subject, the four digits are respectively correctly classified
trials for class 1, class 2 (markers S41 and S42) and misclassified trials for class 1 and class 2 (markers S51
and S52).

could improve their performance passing from the standard to co-adaptive approach, performed
in this study even better and earlier. One user, who had difficulties in both standard and previous
co-adaptive approach, in this study learned already in the first run to modulate his SMR activity.
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Figure 7.8:Comparison of performance obtained by CSPP study (y-axis) and previous studies(x-axis). Each
point is a subject and the performance in the CSPP study is better for all points above the diagonal line.
Left: CSPP+CSP in the runs 2-4 with supervised adaptation. Center and Right: CSPP+CSP in run 5 with
unsupervisd adaptation. Red: CSP feedback runs of study with standard approach (no adaptation). Light
Blue: CSP+LAP with supervised adaptation in the first co-adaptive study. Green: CSP with unsupervised
adaptation in the firt co-adaptive study. Purple: LAP and CSP in the second co-adaptive study.
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Analysis of Spectrum and SMR-predictor

In comparison to the previous studies, despite the suboptimal feedback given in the first run, the
appearance of a weak or strong SMR modulation could be observed already in the first run, except
for two of the three users who did not reach the BCI control. Here, three particular cases are
reported.
In Fig. 7.9, the spectra are visualized, of one user who previously participated in the study with
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Figure 7.9: PSD of one representative channel selected on the data of the last run and averaged for the two
classes. The frequency band used to give feedback in the last run is marked in gray. From top to bottom,
three studies in which the user participated. Type of study and date of recording is reported in the title.
From left to right, the PSD of each run. For the CSPP study, the last plot on the right depicts the PSD of the
relax recording before (blue) and after (purple) the MI session. SMR-predictor values are written in the
corresponding colors. This user exhibits a PSD at rest with a peak in µ.

standard approach and in the second co-adaptive study. For each of the previous studies, the
channel with the strongest r2-value between the class membership and the BP was calculated
using the last run and the reactive frequency band and time interval used to give feedback in the
same run. Then the PSD of that channel, averaged across trials belonging to the same class, is
plotted for each run of the study from left to right. At the bottom of each plot, a bar indicates the
r2-values for each frequency, the scale of which is on the right of the figure (same colorbar for all
runs of the same study). The three rows of Fig. 7.9 depict the sequence of spectra respectively for
the standard approach study, the second co-adaptive study, and the CSPP study. The same y-axis
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range is used for the three studies. The date of the experiment is also reported in the title. The
last subplot of the CSPP study (right on the bottom), presents the spectra of the relax recordings
before (blue) and after (purple) the MI session with the corresponding noise fit (dashed lines)
and SMR-predictor values. The reactive frequency band (which might be different for each study
as well as the representative channel) is marked in gray in all plots. In the first study, the user
exhibited a proper SMRmodulation at 10 Hz during the second and third run of calibration session,
but he was not able to deal with the feedback. He was expected to obtain very soon BCI control
in the co-adaptive study, but again the new system was not that helpful to guide the user to find
the proper strategy to deal with the feedback. In the CSPP study, starting with PSD at rest with a
small peak at 10 Hz, this user was able to modulate the SMR activity already in the first run. The
relax recording prior to the MI session exhibits a very small (SMR-predictor value 1.7) but clearly
visible peak in the µ-band. The last relax recording exhibited a much higher peak and consequently
higher SMR-predictor value (7.9).
In Fig. 7.10 the spectra of one user are presented, who has almost a flat PSD at rest. It is evident
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Figure 7.10: PSD as described in Fig. 7.9 for a second user with almost flat PSD at rest.

that in the previous studies, the user learned from run to run how to modulate his SMR activity
and found a MI strategy who allowed at some point to reach the control. In the CSPP study, a
strong and correct (on Cz) ERD for the foot imagination was visible in the first run and allowed
to obtain a good BCI control already in the second run. This seems not to depend on a better
starting state, since the PSD at rest is flat (as flat was also the PSD at rest in the other studies, not
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shown here). After the MI session, a small peak appeared around 20 Hz and another "hump" in
the reactive frequency band. While in the first co-adaptive study the modulation appeared in a
centro-parietal area, in the second and third study a proper foot pattern was visible (representative
channel is Cz). Reactive frequency bands also change, but it is clear that the earlier appearance of
a peak in the late β band in the CSPP study allows to perform a better band selection, what was
not possible in the second study, where the band selection was done only after run 1 whereas the
SMR modulation in the late β band appears more clearly only in run 4. Finally, Fig. 7.11 shows
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Figure 7.11: PSD as described in Fig. 7.9 for a third user with completely flat PSD at rest.

the spectra of one user whose performance remained stable without any improvement in both
co-adaptive and CSPP study. The spectra at rest is completely flat. Still, it can be observed that
that in the CSPP study a small peak around 20 Hz appears already after the first run, even if no
desynchronization between the two classes occurs. In run 4 a second small peak at 13 Hz is visible.
In the last run he started to modulate the SMR activity although not strong enough to obtain BCI
control. The PSD at rest is flat also after the MI session.
In Fig. 7.12, the PSD is presented, of the BCI novice of Cat. III who reached the threshold of

70% in the last run (performance is depicted in Fig. 7.7, bottom left panel). On the top panel,
the channel CPC2, on the bottom panel the channel CFC4 are visualized. This user found the
I task extremely difficult and had the tendency to visualize the movement instead of feeling it
kinesthetically. Based on run 1, the frequency band 25-29 Hz was selected, but due to the successive
poor performance in run 2, the band was changed in run 3 and α was preferred. As we can see
from the figure, in both bands a desynchronization between the two classes appears, but it is
difficult to say which one is a correct SMR activity, since the position and the band of CPC2 let us
think to a visual imagination and the direction of the ERD in CFC4 is actually the opposite of the
correct one, where a desynchronization for the class Left is expected. Nevertheless, an increase of
the SMR-predictor can be observed and the BCI performance improved from run to run. Probably,
an analysis of the SMR at rest would have helped to choose properly the frequency band ones and
keep it for until the end of the experiment.
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Figure 7.12: PSD as described in Fig. 7.9 for a BCI novice of Cat. III for two different channels.

On the left panel of Fig. 7.13, a comparison between the AUC (roc score, in the title) is shown,
which has been obtained by the same CSPP feature in run 1 (x-axis) and in run 5 (y-axis). In
green, the only Cat. I user, who was also a BCI novice, is indicated. The CSPP feature was chosen
(depending on the highest score) among those calculated on runs 2-4 to give feedback in the
unsupervised run 5. Blue is used for Cat. II, red for Cat. III and a red circle for the Cat. III users
who did not show any BCI performance improvement. This plot shows that for most of users, the
SMR activity captured by this feature was lower in run 1 and increased during the BCI session.
Finally, on the right panel of Fig. 7.13 the SMR-predictor values calculated on the subject-depending
representative channel for the relax recordings before and after the MI session are compared. The
improvement is higher for Cat. II users, whereas Cat. III users SMR-indicator stays almost the
same. Note that, being some PSD curve flat or almost flat, sometimes the model fitting failed, or,
for example, the SMR-indicator was calculated at a frequency outside from the frequency band
used to give feedback. A model with one Gaussian instead of two did not deliver better results.
This might be a reason for low reliability of the SMR value for Cat. III users. On the hand, a
small improvement of the SMR-indicator might mean that a performance improvement is due to
algorithm adaptation and the above mentioned flexibility of the system and the design. However,
it is possible to assess that the SMR-indicator values after the MI session became higher for most
users.

7.5 Discussion

In this chapter, the CSPP has been presented as a new spatial filter optimized to reduce the BCI
inefficiency. In the offline evaluation, it has been shown that in a classical BCI machine learning
approach with training and test set, CSPP, unlike CSP, only needs very few data to be tuned. In
comparison with previous approaches to the problem of small training sets (Krauledat et al., 2008;
Ang et al., 2008; Kayagil et al., 2009; Kang et al., 2009; Lu et al., 2009), which use 128 channels,
this study evaluates also the performance of the methods depending on the number of channels
and trials, giving a hint about the minimum number of channels necessary to obtain a robust
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Figure 7.13: Left: Comparison of the ROC scores obtained by the same CSPP feature on data of run 1
(x-axis) and run 5(y-axis). The CSPP feature was calculated from the data of runs 2-4 and used, with others,
to give feedback in run 5. A different color is used for each user category. Right: Comparison between
SMR-predictor values before (x-axis) and after (y-axis) the MI session.

classification result. Moreover, a large data base of 80 users with feedback performances ranging
from chance level to 100% was used for the validation. Results show that CSPP always outperforms
Laplacian filters, at the little expense of recording about 2 minutes of data. In larger multi-channel
recordings, it also outperforms CSP and R-CSP which can be considered the state-of-the-art
methods.
CSPP is then offline evaluated on the data of the first co-adaptive study reported in Vidaurre
et al. (2011c) where Laplacian derivations were initially used, before enough training data for CSP
were recorded. Indeed, improving the classification accuracy for Cat. II and Cat. III users, the
CSPP suitability to online adaptation also in combination with a subject-independent classifier
has been demonstrated. The improvement of CSPP in comparison to Laplacian filtering might be
not surprising, since CSPP filters make use of class information while the calculation of Laplacians
does not (but the classifier does). Still, in case of very artifactual data, Laplacian might prove to
be more stable. Moreover, CSPP was also superior to CSP in offline simulation of unsupervised
adaptation even once enough training data were available. This demonstrates that the brain activity
continues to change and local filters can track these changes better than global ones.
Finally, the benefit of a feedback given by CSPP is assessed by an online study with 20 participants.
Seventeen were selected from Cat. II and III, because they had difficulties or were not able to reach
BCI control in previous studies. The other three were BCI novice, one of them resulted to be a Cat.
I user, one was Cat. II and the other Cat. III. All 17 participants could improve their performance
in comparison to previous studies, except for three who, as in the previous studies, were not able
to reach the threshold criterion. Participants could obtain BCI control earlier and maintain it until
the last run with unsupervised adaptation.
Moreover, the only Cat. I user started already by 70% in the first 20 trials, while the average of
good performing users (already BCI experienced) in Vidaurre et al. (2011c) started from 60% and
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BCI novice participants in Vidaurre et al. (2011b), who resulted also to be good performing users,
also did not perform on average so well in the first run (first block accuracy was 62%, first run
accuracy was 73% against 80% in this study). Neither in Vidaurre et al. (2011c) nor in Vidaurre
et al. (2011b) Cat. II users were able to reach 70% in the first run as in this study happened for
the Cat. II novice user. Finally, the clear learning effect visible in the performance of the third
BCI novice user, it has never been shown before for a BCI novice with no peak in the α band over
the motor areas at rest. It is important to note that this performance increase in the third user is
probably due to the continuous adaptation of the algorithms, since the SMR improvement cannot
be considered enough to explain it.
Considering that 19 of these participants belonged to the 40% of users (17.5% Cat. II and 22.5%
Cat. III) who could not reach the BCI control in the standard approach study with 80 participants,
this study reduces the BCI inefficiency to only 6%.
A part from this strong reduction, one important observation should be added to those already
done in the discussion of Chapter 3 about the rhythmic activity of these users. The analysis of
the PSD in Section 7.4.3 and the comparison with previous studies and with the PSD of the relax
recording reveals that users with strong difficulties have in common the complete absence of
the µ-rhythm at rest. They might have irregular rhythmic activity which produces on average a
small "hump" (i.e., not a peak) in the β band, or exhibit a completely flat spectrum. Some users
exhibit a small but visible peak in the µ-rhythm. Based on the experience collected in this study,
they can achieve good performance by finding a new MI strategy, improving their concentration
and receiving stable feedback and proper instructions. With the standard approach, this was not
possible because of the absence of the feedback in the first three runs. In the co-adaptive approach
with Laplacian channels, this was possible for most users and in the CSPP study, an improvement
in the features led to a better feedback and allowed to find earlier the proper MI strategy. The users
without µ-rhythm, are strongly helped by the co-adaptive approach to develop new rhythms and
the CSPP and the previous co-adaptive studies show that this is possible within one session. These
new rhythms are not around 12 Hz, but more in the β band and often change from run to run,
before becoming stable, probably because reinforced by a proper feedback. More interestingly, one
of these users with flat PSD at rest, who developed a proper foot pattern in the last runs of the
second co-adaptive study, exhibited again the same pattern (but with stronger modulation) in the
same frequency band (late β) in the CSPP study two years later and already in the first run. This
phenomenon requires further experiments and analysis to understand whether it is really caused
by the CSPP feedback, but it demonstrates anyway that also these users can achieve a stable BCI
control after few BCI sessions and that MI feedback has high capacity to induce neuroplasticity.
This has been also recently observed in a study with patients after stroke (Varkuti et al., 2012),
where the employment of MI in the upper-extremity rehabilitation treatment produced better
results than a motor-assisted rehabilitation. In the same study, the functional connectivity at rest
was measured by fMRI before and after the treatment (which lasts 12 weeks) and correlates with
the intra-subject improvement variability.
A future direction for further improvement is an online detection of artifactual trials in order
to adapt the algorithms only on artifact-free trials. In fact, CSPP might be sensible to artifacts,
as some isolated drops in performance show. This problem affects in general the co-adaptive
calibration system, because the system is adapted after each trial, even if it contains artifacts. From
this point of view, CSPP is more sensitive than Laplacian, because it uses class information and
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adapts faster.
A second, but not less important point, is a better exploration of the EEG at rest, maybe by long
recordings in a separate session. This would allow to understand better how stationary the EEG
rhythmic activity is and to select in advance the reactive frequency band. The BCI session can
then start giving directly a subject specific feedback in the correct band and facilitate in this way
the modulation of the SMR in that band. Finally, multiple sessions for the same user and the
comparison with long recordings of EEG at rest would allow to analyze those brain plasticity
or re-organization phenomenona that happen during co-adaptive training and/or across years
between BCI sessions and to further understand the differences among several users.

113





8 Summary and Conclusions

In this thesis, the BCI inefficiency problem is investigated for BCIs based on the modulation of
sensorimotor rhythms (SMR) in order to identify the causes and successfully tackle them.
First of all, a large scale study was needed in order to collect the data of enough poor performing
users and be able to deeply analyse their brain signals. Therefore, a study with 80 BCI novice
volunteers and the machine-learning standard approach, i.e. calibration and feedback sessions,
have been recorded. A part from the BCI session with motor imagery (MI) tasks, one relax, two
motor observation (MO) and one motor execution (ME) runs were carried out. This allowed the
categorization of the BCI users in three groups, depending on the classifiability of the SMR activity
in their MI runs. Cat. II and Cat. III users could not achieve the criterion threshold of 70% of
accuracy in the feedback runs. The grand average analysis in each single run of the SMR activity
and the classification accuracies obtained under different parameter settings revealed many aspects
that need a special attention. Among others, changes in the location of SMR modulation and/or
in the reactive frequencies passing from calibration to feedback and algorithm overfitting when
too few trials are available. Common peculiarity for poor performing users, is a flat or almost flat
spectrum at rest. Indeed, a more or less pronounced peak in the spectrum of the EEG data at rest
can predict the BCI performance with a certain reliability.
Newly developed machine-learning tools allowed to explore the feature space prior to CSP spatial
filtering (i.e. after artifact rejection) and to investigate to what extent the low classification accu-
racy is due to too low information content relevant for the classification, or, on the contrary, to a
large intra-subject variability caused by non-stationarities as can be, e.g. the changes in the brain
patterns, which might be captured increasing the number of training trials. Results show that the
performance obtained on the calibration data highly correlates with the intrinsic noise and that
the data dimensionality is actually very low for poor performing users. This means, on one hand,
that CSP extracts the maximum possible information from the data, and, on the other hand, that
the complexity of the problem is low and more training trials would probably not improve the
performance. Moreover this might lead to overfitting if too complex algorithms are used to solve
it.
Investigation of the pre-stimulus SMR activity addressed an MI strategy related point: the disen-
gagement of the motor areas, thus the relaxation during the inter-trial interval and the consecutive
beta rebound. In particular, it was shown that trials with high pre-stimulus SMR can be better
classified because the ipsilateral hemisphere exhibits higher ERS and that beta rebound can strongly
influence the classification at the beginning of the trial. These effects were investigated just for
Cat. I users and interestingly, the influence on the ERS was higher for medium BCI performers
(around 70-80% feedback performance). These results indicate that attention should be payed to
proper instruct the participants about the trial timing and how to deal with it and that also the
trial design itself can be improved.
Statistical analyses on the fluctuation of the classification accuracy on the feedback data depending
on the number of training trials and electrodes used, quantifies and supports the previous obser-
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vations about the importance of matching the algorithm complexity with the quality of the data.
In fact, in contrast to the common assumption, that CSP requires many channels to work properly,
results show that smaller channel sets, and thus less parameters to fit and lower complexity for
CSP, are preferred for poor performing users or when few training trials are available. The best
channel set across all 80 users and with 150 training trials consists of 48 channels distributed over
the motor cortex. Clearly, even less channels are necessary and would be better for each single
subject (especially for poor performing users), but when considering all users together, a high
spatial resolution allows to capture the brain patterns of each user and this configuration ensures
less risk of overfitting as well as the necessary spatial resolution when no previous subject-specific
information is available.
The co-adaptive calibration approach was then designed to counteract the standard approach

problem regarding the changes in the SMR rhythms from calibration to feedback. In this new
experimental design, feedback is given from the first run and user and machine jointly adapt
resulting in a highly improved final BCI performance. Although this approach was successful
for good performing people, other users could benefit from it just after 2-4 runs. Based on the
previous results and with the aim to further improve the co-adaptive calibration approach, a new
optimized spatial filter was then developed, called CSP patches (CSPP) because it applies CSP
analysis on small channel sets. In this way, the complexity of the CSP analysis is exponentially
decreased with the number of channels. Nevertheless, being possible to automatically select the
patch locations on the scalp, the complexity of the whole problem is still taken into account, but
part of it is shifted to the feature selection level, which happens in a space already cleaned by
CSP. Similarly, it can be recognized that CSPP is local, property useful for the online adaptation,
but also global. Offline simulations showed that CSPP can be used very early in the experiment
and performs better, under broad parameter settings, than CSP and one of the regularized CSP
versions which can be considered the state-of-the-art. Moreover, CSPP contributes technically
by making the co-adaptation calibration procedure even more efficient. Finally, an online study
was recorded with 20 users, 17 of which previously participated to one or two BCI sessions two or
more years before and belonged to Cat. II or Cat. III. Three were BCI novice. All 20 users except
for three reached the BCI control and could improve their previous performance. In particular, is
has been noticed that the users could earlier develop the proper SMR patterns and even the users
with flat or almost flat spectrum at rest exhibited new SMR rhythms which were then visible also
in the spectrum at rest recorded after the MI-BCI session.

This work represents the first attempt to give an overview on the BCI inefficiency problem for
SMR-BCIs, locating the shortfalls from the neurophysiological and algorithmic point of view in
the experimental standard approach, offering aim-oriented algorithmic solutions, screening again
the same users under the new co-adaptive approach with a task-optimized spatial filter. The work
can be seen as an alternation of diagnosis and adapted therapy over four years and that results in a
strong reduction of the BCI inefficiency incidence, the isolation of single difficult cases and the
indication of future steps. The most important message of this work is that, despite the intrinsic
brain properties which until two or three years ago made the BCI community believe that no
solution can lead some Cat. II and all Cat. III users to obtain BCI control, this thesis shows that,
providing an improved feedback, the development within one BCI session of new brain rhythms
which can be used as control signal should not be excluded and occurs, indeed, more often than
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expected. This indicates that our SMR-BCI system is a promising tool for motor rehabilitation
and our machine-learning techniques are a powerful approach to speed up neurofeedback-based
therapies.
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