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Abstract

Probing consciousness is a major challenge in the evaluation of patients with dis-
orders of consciousness (DOC). Improvement of behavioral scales have led to more
accurate bedside assessments but are still bound to variability due to different factors
such as the subjectivity and experience of the assessor and the fluctuations of the pa-
tient state. Brain imaging techniques such as positron emission tomography (PET)
functional MRI (fMRI), diffusion tensor imaging (DTI) or electroencephalography
(EEG) provide different and complementary information on metabolism, haemody-
namic function, tissue organization and electrical activity of the brain. Measure-
ments obtained from these methods can lead to objective assessments and quan-
tification of correlates of consciousness. This thesis aims at exploring electrophys-
iological markers of consciousness in three different settings. First mechanisms of
consciousness are explored in healthy subjects during ketamine induced loss of con-
sciousness. Second by studying differences in resting state EEG of patients in veg-
etative/unresponsive wakefulness state (VS/UWS) and patients in minimally con-
scious state (MCS). Finally by investigating voluntary control through a Brain Com-
puter Interface (BCI) device.

The thesis is divided in two parts, the first part introduces the anatomy of the
brain and the physiological processes underlying EEG generation, in particular the
hierarchy of the neocortex. Then in chapter 3, the different EEG patterns observed in
DOC are illustrated with the different electrophysiological techniques used to assess
DOC patients such as quantitative electroencephalography (qEEG), event related po-
tentials (ERP) and brain computer interfaces (BCI). Chapter 4 is an non exhaustive
overview of signal processing techniques and their adaptation to qEEG.

In the second part, the three studies conducted during this thesis are presented.
Chapter 5 explores ketamine induced loss of consciousness in healthy volunteers. A
concomitant increase in theta and gamma frequencies at the scalp and source level in
frontal and parietal cortices was observed. Assessment of effective connectivity with
dynamical causal modelling (DCM) showed a difference in intra-cortical connectiv-
ity. In chapter 6, scalp level differences in power spectra and connectivity measure-
ments could discriminate VS/UWS patients from MCS patients. VS/UWS patients
displayed slow oscillations while MCS patients had more power and higher connec-
tivity in higher frequencies. Finally, chapter 7 presents a comparative study between
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source reconstruction based classification of upcoming finger movement and classifi-
cation with common spatial patterns (CSP). The source reconstruction approach did
not improve classification rates achieved with CSP at the scalp level in the studied
dataset.
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VS\UWS : Vegetative State \ Unresponsive Wakefulness Syndrome
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Introduction 1
The inside of your head is not this gray and white matter you were told of. It is a land-

scape of springs and branches, a house of fire, even better : the mighty city of your invention 1

My thesis is about deciphering brain electrical signals, and finding patterns that
correlates with consciousness, "the mighty city of your invention". The goal of the
present thesis is to use electrophysiological features to better comprehend the state
of patients with disorders of consciousness (DOC), to be able to differentiate DOC
states and to provide means of communications for patients with DOC.

This first chapter introduces different neuroimaging techniques and explains
why there is a regain of interest in electrophysiological measurements of the brain.
Then a general definition of consciousness is given based on wakefulness and aware-
ness and different states of consciousness are described accordingly. Finally, the
goals of this thesis are presented as well as the outline.

1.1 Measuring the brain

The brain is the control siege of the human body. It receives inputs from
the peripheral nervous system through the spinal cord and integrates all informa-
tion for decision making. Information is carried throughout the brain in varying
forms, electrical (nerve impulses), chemical (neurotransmitters ), blood flow (hor-
mones). Pathological damage (stroke injury, tumor, anoxia or other diseases such
as Alzheimer) can interrupt information flow hence alter the normal functioning of
the brain, leading to deficits in motor control, cognitive processing, memory impair-
ments and disorders of consciousness. While in most cases the symptoms can easily

1"L’intérieur de votre tête n’est pas cette masse grise et blanche que l’on vous a dite. C’est un paysage
de sources et de branches, une maison de feu, mieux encore, la ville miraculeuse qu’il vous plaira
d’inventer." Paul Nougé, Belgian poet, 1895 1967, freely translated by R.Lehembre



2 Chapter 1. Introduction

be detected, it is often challenging to determine the underlying neurological causes.
Due to the complex and fragile aspect of the brain, a physician can hardly exam-
ine the brain internally without risking further dammage. Nowadays, physicians
have different tools at their disposal to evaluate and measure the structure and brain
functions. All of these tools can provide images of the brain but have very different
spatial and temporal resolution. The following is a non exhaustive description of
current neuroimaging techniques separated in two categories, structural and func-
tional neuroimaging. Features (spatial and temporal resolution, invasiveness and
price/usability) of each technique are depicted in figure 1.1.

1.1.1 Structural neuroimaging

The first class of neuroimaging tools concerns all technique that gives an image
of the structure of the brain. There are thee main structural imaging tools, the Com-
puted Tomography (CT), Magnetic Resonance Imaging (MRI) and Diffusion Tensor
Imaging (DTI).

1. Computed Tomography (CT) CT anatomical scans are slightly invasive as they
require the use of ionizing radiation (X-rays). They deliver precise images
highly useful in the detection of lesions, hematomas and give unique high-
lights on intracerebral calcification. They are mainly used for medical pur-
poses.

2. Magnetic Resonance Imaging (MRI) MRI scans are obtained by placing a sub-
ject in a strong magnetic field. Although this field is 30000 times the magnetic
field of the earth, it is harmless for the human body, hence MRI scans are con-
sidered as non invasive. Although they have similar spatial resolution than CT
scans, they provide better contrasted images suited for examining soft tissues.
They are best used to detect abnormalities in brain tissues such as tumors.

3. Diffusion Tensor Imaging (DTI) DTI images provide information on the flow of
water molecules. Since these molecules are mainly found in axons, DTI reveals
the state of the white matter and connections between brain areas. DTI is non
invasive as it can be obtained in MRI scanner and is useful to assess white
matter injuries such as axonal shearing

1.1.2 Functional neuroimaging

This category of tools includes all the techniques that provide a quantified mea-
sure of the brain such as Positron Emission Tomography (PET), Electroencephalogra-
phy (EEG), Magnetoencephalography (MEG), functional Magnetic Resonance Imag-
ing (fMRI), Near infrared spectroscopy (NIRS), local field potentials (LFP) or single
unit activity (SUA).
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1. Positron Emission Tomography (PET):PET scans provide a three dimensional
image of the brain by measuring the emissions of biologically active molecules
that have been labeled radioactively and are injected into the bloodstream. PET
scans give spatially precise information on the brain metabolism. However the
time resolution is limited and the method is invasive.

2. Electroencephalography (EEG): Although the spatial resolution of EEG is low
compared to other modalities, it still has unmet time resolution (ms) allowing
to track neural dynamics. Furthermore it is inexpensive, non invasive, and is
available worldwide. In this thesis, only EEG is used, multimodal integration
of information from different brain imaging modalities will be the scope of
further research.

3. Local Field Potentials (LFP): Microelectrodes are placed in the extracellular
medium surrounding neurons. The potential created by postsynaptic currents
of a large number of neurons is recorded by the electrode. LFPs provide a
similar measure than EEG with fine spatial resolution but is highly invasive.

4. Single Unit Activity (SUA): Spike potentials of individual neurons can be
recorded by inserting microelectrodes inside the brain. This method provides
a high spatial and temporal resolution but is highly invasive.

5. functional Magnetic Resonance Imaging (fMRI): measures neural activity with
a 2-3 second resolution through the blood oxygen level dependent (BOLD) ef-
fect. Indeed, neural activity calls for increase oxygen supply and oxygenated
hemoglobin increases the MR signal hence providing a map of neuronal activ-
ity.

6. Near infrared spectroscopy (NIRS): measures the activity of targeted brain re-
gions by monitoring blood hemoglobin levels. It is based on the fact that ab-
sorption and transmission coefficients of near infrared light gives information
on hemoglobin concentrations. NIRS is non invasive

1.1.3 EEG meets new challenges

The emergence, in the 1980s and early 1990, of modern neuroimaging tools such
as PET and fMRI has only shadowed EEG for a short time. Indeed while the spa-
tially precise images offered by PET and fMRI give a reliable information on ’where’
an action takes place inside the brain they cannot answer the question of ’when’ this
action occurs. Hence, EEG is regaining interest in the neuroimaging community as
advances both at the hardware and signal processing level are aiming to improve
the spatial resolution with high density EEG and modern feature extraction tech-
niques. We searched in medline the number of publications retrieved for the the
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Figure 1.1 Neuroimaging techniques displayed according to their temporal (horizontal axis)
and spatial (vertical axis) resolution. The color of the square around the name of each methods
indicates it’s price (blue corresponds to the cheapest and red to the most expensive) and the
color of the circle indicates the usability which depends on different factors such as portability,
installation time and surgical operation. Finally the invasiveness of each method is indicated
by the filling color of each circles.

keywords "EEG", "fMRI" and "PET" in two methodologically oriented journals, Hu-
man Brain Mapping and NeuroImage. Interestingly we found similar trends in the
two journals: there is a higher number of PET related publications until 1997-1998
when fMRI related publications take the lead until nowadays. The number of EEG
related publications are trailing behind until 2004-2005 when they exceed PET re-
lated publications and continue to grow until now (see figure 1.1). This shows that
while fMRI might be considered nowadays as the most popular neuroimaging tech-
nique in research, EEG currently meets new challenges with constantly improving
methodology for describing brain signals at the following levels:

1. Time series : EEG holds a large variety of patterns which can describe the state
in which a patient is (see chapter 3). Extracting frequency information from the
time series give quantitative measures for statistical studies. Clinical aspects of
EEG patterns are presented in section 3.2

2. Event related potentials : investigating the timing and waveform of a neural
response to a specific stimulus is achieved by averaging repeated trials time-
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locked to the stimulus onset. ERP enable to probe specific brain function. The
use of ERPs in DOC are presented in section 3.4

3. Connectivity : Brain areas are said to be segregated (resp. integrated) if their
activity is independent (resp. dependent) from other brain areas. Connectiv-
ity measurements between brain areas provide information on the integration
level of cortical networks. An immense collection of connectivity measure-
ments has fostered this last decade providing means of studying networks of
areas. A non exhaustive description of this class of methods is available in
section 4.3

4. Localization : Improving the spatial resolution of EEG measurements rely on
an ill-posed source reconstruction problem. Based on the available sensors
placed on the scalp (current high density nets use up to 256 electrodes), one
can reconstruct the activity of thousands of sources on the cortical mantle. The
different methods for reconstructing source activity are described in section 4.4

5. Brain Computer Interfaces : Control of external devices solely relying on EEG
brain signals is possible with brain computer interfaces. These devices are par-
ticularly useful for disabled persons who cannot rely on traditional communi-
cation pathways. State of the art BCI results in DOC are described in section
3.5.

1.2 What is consciousness ?

1.2.1 General definition

For centuries, men have attempted to find a definition of consciousness. Recently,
a group of neuroscientists stated that it is not possible yet to define consciousness :
"We have no idea how consciousness emerges from the physical activity of the brain
and we do not know whether consciousness can emerge from non-biological sys-
tems, such as computers... Consciousness has not yet become a scientific term that
can be defined. Currently we all use the term consciousness in many different and
often ambiguous ways. Precise definitions of different aspects of consciousness will
emerge... but to make precise definitions at this stage is premature." [1]. While a
precise definition is currently out of hand, it is generally accepted that conscious-
ness requires the presence of wakefulness and awareness. Wakefulness is the con-
dition of being awake. Awareness can be divided in two components : awareness
of self and awareness of the environment. These two components are not simulta-
neously experienced, instead, they activate different anti correlated networks, the
default mode network (DMN) (awareness of self) and the external control network
(ECN) (awareness of the environment) as illustrated in figure 1.3. When the DMN
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Figure 1.2 Number of publications retrieved in medline when searching for the key words
"EEG", "fMRI" and "PET" between 1994 and 2011 for two methodological journals, NeuroIm-
age (top) and Human Brain Mapping (bottom). The first issue of NeuroImage appeared in
1992, and the first issue of Human Brain Mapping appeared in 1996
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is activated, a subject orients his thoughts to his inner self and experiences a state
of "daydreaming", recalling past memories or projecting to future events. When the
ECN is activated, the subject interacts with his environment through all his senses.

1.2.2 Altered states of consciousness

In the absence of wakefulness and/or awareness, a person is in an altered state
of consciousness. Altered state can be normal or pathological. We all experience loss
of consciousness in our every day life when falling asleep. Our wakefulness and
awareness decrease in drowsiness, light sleep, REM and deep sleep. Total loss of
consciousness can be artificially induced in healthy subjects with general anesthesia.
There are different pathological altered state or disorders of consciousness (DOC)
either caused by a trauma or an ischemia 2. After an accident, a patient is often in
coma, neither awake nor aware. Hopefully, the patient might recover and regain a
normal life after a few days. This is however not always the case, and patients might
open their eyes and awake from coma but with impaired cognitive function. The
state in which the patient has no sense of his environment and no self awareness
is termed Vegetative State or Unresponsive Wakefulness (VS/UWS). If the patient
displays minimal sense of awareness of his environment he is in a minimally con-
scious state. A particular case when the injury only affects the brain stem is called
the Locked-in Syndrome (LIS). In this case the patient is conscious but is locked in
his body and generally cannot communicate except with blinks. The different states
of consciousness are illustrated in figure 1.3.

1.3 Contributions of the thesis

This thesis contributes in expanding the palette of applications of EEG signal
processing techniques in the three following cases:

1. Understanding the mechanisms associated with loss of consciousness can be
achieved on an empirical basis with healthy subjects by monitoring brain ac-
tivity under general anesthesia. We therefore investigated electrophysiologi-
cal correlates of loss of consciousness under ketamine sedation not only at the
scalp level and at the source level but also using modern dynamical causal
modelling techniques showing that ketamine sedation preferentially involves
cortico-cortical mechanisms.

2. Clinical EEG recordings of two groups of DOC patients were recorded and an-
alyzed. Quantified measures of power and connectivity in different frequency

2shortage of blood supply to the brain cells, which can be caused for example by a cerebrovascular
accident
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Figure 1.3 States of consciousness are plotted against their wakefulness and awareness com-
ponents. Both awareness and wakefulness are high in wake healthy subjects and locked in
patients. Wakefulness and awareness gradually decrease in healthy subjects going to drowsi-
ness, light sleep, rapid eye movement (REM) and deep sleep. Anesthesia and coma are as-
sociated with quasi inexistent wakefulness and awareness. Vegetative state/Unresponsive
wakefulness syndrome is considered as a wakeful state without awareness and minimally
conscious states are also wakeful states but with a minimum level of awareness.
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band were computed and showed differences between the VS/UWS and the
MCS group. EEG measurements can thus potentially give indications on the
diagnosis and prognosis of DOC patients.

3. Brain Computer Interfaces offer an alternative communication tool for patients
with altered states of consciousness. The quality and usefulness of BCIs is mea-
sured in terms of bit rate, i.e. the quantity of information that a user delivers.
One possible way of improving bit rates in BCIs is to improve the classifica-
tion accuracy of brain features. Extraction of more discriminant features po-
tentially allows better classification rates. We therefore investigated the use of
source reconstruction methods and compared it’s appreciation against state of
the art statistical tool. In the studied BCI configuration, source reconstruction
methods did not yield any improvements.

1.4 Synopsis of the Thesis

The objective of this thesis is to explore electrophysiological mechanisms of con-
sciousness and to provide means of communication to patients in altered states of
consciousness. The thesis is separated in two parts. The first parts introduces elec-
troencephalography (chapter 2) and then describes in chapter 3 the different elec-
trophysiological tools used to assess consciousness in patients with disorders of
consciousness (DOC), these ranges from standard clinical EEG, quantitative EEG,
evoked potentials and Brain Computer interfaces (BCI). An overview of qEEG meth-
ods is presented in chapter 4. In the second part of the thesis, three different appli-
cations are presented. First, mechanisms of consciousness are analyzed in ketamine
induced loss of consciousness in healthy volunteers. Then a study aiming to find
discrepancies between two groups of DOC patients is described (chapter 6). Finally,
a comparison of the use of standard BCI methods with the use of inverse problem
for feature extraction in a finger tapping task is presented in chapter 7.
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Figure 1.4 The first part of the thesis first presents different uses of EEG DOC patients before
overviewing qEEG methods. Three different applications aiming at understanding mecha-
nisms of consciousness are presented in the second part. First the use of source reconstructions
methods for feature extractions in a BCI setting is presented. Then extraction qEEG values
from resting state data is performed aiming to find differences between VS/UWS and MCS
patients. Finally mechanisms of ketamine loss of consciousness are studied using dynamical
causal modelling



Part I

Electroencephalography, clinical
uses and quantitative methods





Electroencephalography 2
Men ought to know that from nothing else but the brain come joys, delights, laughter

and sports, and sorrows, griefs, despondency, and lamentations 1

This chapter is an introduction to the brain and electroencephalography. After
a short history on how our ancestors viewed the brain, the general structure of a
neuron and the different families of neurons are presented (section2.2). Then we will
detail the structure and function of the brain (section2.3). Finally mechanisms of EEG
generation are presented (section 2.4) as well as technical aspects of EEG recording
(section2.5)

2.1 History

Although Hippocrates had foreseen the brain as the center of the body 24 cen-
tury ago, many of his fellows thought that it was the heart or even the liver that was
the center of emotions. The role and functionalities of these three organs remained
unclear and widely debated until the renaissance when practitioners studied their
anatomy in details. It is only in the 17th century, that Nicolas Steno ruled out the
heart from being the siege of emotions by demonstrating that it is solely a muscle
acting as a pump providing blood to the entire body. Leonardo da Vinci provided
detailed drawings made after brain dissections. His aim was to find the siege of the
soul or sensus communis, a place that anatomist Mondino de Liuzzi thought to be in
the center of the brain and that René Descartes thought to be in the pineal gland.
Hence, knowledge on the anatomy of the brain gave indications on where auditory,
visual and mental processing took place but did not provide full understanding on
how it was functioning. Scientists needed an instrument to measure the activity of
the brain while it is functioning. A first step towards this direction came when Luigi

1Hippocrates
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Galvani (1737-1798) discovered that living cells produce electricity, as measured on
frog legs. These results led one century later to the first electrocortical measurements
which are credited to Richard Caton (1842-1926) who placed the electrodes of a gal-
vanometer directly in contact with the cortex of craniotomised animals. But the first
non invasive recording of EEG signals on a human being were made by german neu-
rologist Hans Berger (1873-1941). Originally, Berger was investigating the existence
of mental energy, a form of energy that could be exchanged between persons in a
telepathic way. Instead, his discovery led to a new clinical tool giving insights on
brain processes with a millisecond resolution. His series of reports published under
the title ’On the Electroencephalogram of man’ [2] already described alpha waves,
epileptic discharges, sleep spindles. He is the first having studied fluctuations of
consciousness.

In the following chapter, details on neurons will be provided and the structure of
the brain will be presented. Then the mechanisms of EEG generation will be detailed
and a description of the different EEG waves will be given. Finally the objectives and
outline of this thesis will be given.

2.2 The neuron

A human brain has an average of 1011 neurons. The understanding of neuron
structure and function is essential for further comprehension of EEG signals, hence
they are described hereunder. Although there are different types of neurons they all
share a common three part structure made of a body cell or soma, dendrites and one
axon. Neurons have important metabolic needs, thus they are surrounded by glial
cells which feed them, provide oxygen and insulation. In most cases, neurons receive
information through the dendrites and send information through the axon. There are
no physical connections between neurons, they communicate by sending chemical
messengers, the neurotransmitters, through a small gap, called the synapse, between
the membrane of the axon terminal (presynaptic membrane) and the membrane of
the dendrite (postsynaptic membrane). Although most synapses are axodendritic
(information flows from the axon of the emitting neuron to the dendrite of the re-
ceiving neuron), there are other types of synapses namely axosomatic, axoaxonal,
dendrodendritic, dendrosomatic and somasomatic synapses.

2.2.1 How neurons communicate

At rest, a neuronal cell has a membrane potential of approximately -65mV. This
potential results from the concentration of potassium (K+) and chloride (Cl−) ions
inside the cell and of sodium (Na+) and calcium (Ca+) ions outside the cells. Ion
channels in the membrane allow ion exchange through the membrane thus polariz-
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ing or depolarizing the cell. Two potentials are to be distinguished, the postsynaptic
potential and the action potential.

The postsynaptic potential A neuron is constantly listening to other neurons and
as neurotransmitters cross the synapse and bind to receptors of the postsynaptic
membrane, they open ions channels which changes the membrane potential and
induce a postsynaptic potential. Postsynaptic potentials can either be excitatory or
inhibitory whether they induce a positive or negative change.

The action potential Post-synaptic potentials have gradual variations, but when
the variation reaches a threshold of about 10 mV (varies according to the neuron
type), it triggers the opening of ion channels leading to a massive influx of (Na+)
ions inside the cell, hence depolarizing the neuron. Due to voltage dependent ion
channel mechanisms, the (Na+) ion channels will then close and (K+) ion channel
will open letting (K+) ions outside of the cell which regains it’s resting membrane
potential. This fast depolarization is called the action potential or spike and will
propagate through the axon of the neuron to reach synaptic junctions with other
neurons, release neurotransmitters in the synapse cleft which will in turn bind with
receptors of the post-synaptic membrane and so on.

2.2.2 Different types of neurons and cortical columns

In order to better understand mechanisms of EEG generation which will be dis-
cussed in section 2.4 and cortical models used in dynamic causal modeling (DCM)
(section 4.3.2), it is useful to review the different types of cortical neurons and the
different types of neurotransmitter they produce. Neurons can be grouped in three
families, afferent, efferent and interneurons. Afferent neurons convey information to
a brain region, as for example sensory neurons which convey informations on tissues
or organs of the body. Efferent neurons send information from a brain region, such as
motor neurons which transmits orders to effector cells. Finally interneurons which
have limited spatial extent, connect principal cells inside a brain region and allow
a higher computational complexity. There are also three main types of neurotrans-
mitters, those with excitatory action such as glutamate, those with inhibitory action
such as γ-aminobutyric acid (GABA), and those with mixed effects. The function of
a neuron depends of it’s location in a cortical column. Cortical columns are vertical
processing unit placed side by side throughout the cortex. Most columns in the cor-
tex share n identical 6-layer structure. Layer I is the outermost layer and is mainly
composed of axons and dendrites from deeper layers. Some of these axons extend
to other neighboring columns. The limited amount of body cells are from inhibitory
interneurons connecting to dendrites of neurons from deeper layers. Layer II, the
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Figure 2.1 Neuron illustration with A) The neuron, a three part cell composed of 1) the soma
or body cell including the nucleus and surrounded by a membrane, 2) dendrites listening to
other neurons at synaptic bridges 3) the axon which is larger than the dendrites and allow a
fast propagation of action potentials to remote neurons B) The synaptic connection showing
neurotransmitters released from the presynaptic membrane in the synaptic cleft and binding
to receptors at the postsynaptic membrane C) Axon detail. This is a file from the Wikimedia
Commons. Commons is a freely licensed media file repository

external granular cell layer and layer III, the external pyramidal cell layer, both con-
tain small pyramidal cells and some interneurons. Neurons in these two layers make
cortico-cortical connections with other cortical columns and project their axons to the
corpus callosum for cross hemispheric connections. Layer IV is the internal granular
cell layer and is composed of excitatory spiny stellate cell and interneurons. Layer
IV is the input layer of signals coming from the thalamus. Layer V is the internal
pyramidal cell layer which mainly hosts large pyramidal cells and some inhibitory
interneurons such as chandelier cells. The axons of pyramidal cells in layer V project
through the white matter and connect to deeper brain regions such as the brainstem
and basal ganglia. Finally layer VI is the multiform layer and is composed of various
neurons, pyramidal cells projecting to the thalamus and interneurons projecting to
other cortical columns throughout the neocortex. Layer VI is also an input layer for
signals coming from the thalamus. Cortical columns are illustrated in figure 2.2.
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I. Molecular layer

II. External granular
  cell layer

III. External 
pyramidal cell layer 

IV. Internal granular
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Golgi stain Nissl stain Weigert stain

Figure 2.2 Three views of a column cell and the 6 layer structure. Body cells and dendritic
arborescence are clearly visible with the Golgi stain while the Nissl stain mainly shows body
cells and proximal dendrites. Note the triangular shaped somata of pyramidal cells in layers
III and V. Finally the Weigert stain reveals axonal projections in the cortical column. Figure
modified from Richard B Wells 2005 unpublished
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Name Family Location in a column type Neurotransmitter

Pyramidal Efferent Layer III & V Excitatory Glutamate

Spiny Stellate cells Interneuron Layer IV Excitatory Glutamate

Basket cells Interneuron Layer II & IV Inhibitory GABA

Chandelier cells Interneuron Layer V Inhibitory GABA

Table 2.1 List of neurons and their specifications in a cortical column

Roughly, a cortical column is made of 65% of pyramidal cells, 20% of spiny stel-
late cells and 15% of inhibitory interneurons such as baket cells and chandelier cells.
Table 2.1 lists the major neurons in a cortical column and their location.

2.3 The brain

The brain is the central part of the nervous system. It receives and process infor-
mation provided by the different sensory inputs of the body in order to take neces-
sary actions. It controls the pace of the heart, triggers motor actions and maintains
homeostasis (the regulation of various body parameters such as temperature, blood
oxygen level etc...). The brain has the ability to learn and memorize information
through changes in synaptic properties.

2.3.1 Structure

The brain receives information from the spinal cord which contains all the nerves
corresponding to the muscles of our body. The spinal cord arrives to the brainstem
which is composed of the medulla oblongata, the pons and the midbrain. The brain-
stem is responsible of all automatic functions for survival (breathing, heartbeat..).
Hence damage to the brainstem is life threatening. Close to the brainstem and situ-
ated in the back of the brain is the cerebellum (little brain in latin) which is the center
of movement coordination. It receives orders from higher levels of the cortex and
processes them in order to give precise controls on every muscle required for move-
ment achievement. Above the brainstem, almost in the core of the brain, sits the
thalamus, acting as relay dispatching information from lower levels structures to the
desired region of the cortex. The hypothalamus is located just under the thalamus
and helps maintain homeostasis. Near the thalamus and hypothalamus, the amyg-
dala analyses information in search of potentially harmful situations and alarms the
rest of the brain in case of danger. The hippocampus is the storing place of short
term memories. Finally, above and around these structures is the cerebral cortex. It
is composed of gray and white matter, the gray matter is composed of body cells
and the white matter of axons and glial cells projecting to other parts of the brain.
Damage to gray matter will disrupt the functioning of corresponding areas while
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white matter lesions will disrupt connections between regions. The most superficial
part of the cortex, closest to the skull is called the neocortex, neo stands for new as
this part developed last according to evolution. The neocortex is 2 to 4 mm thick
and is composed of gray matter, essentially body cells. It is the home of high level
functions. The neocortex is divided in four principle lobes, the frontal, parietal, oc-
cipital and temporal lobes. The frontal lobe hosts language processing abilities, the
parietal lobe includes the sensorimotor area which controls movement, the occipital
lobe contains the primary visual cortex while the temporal lobe is the siege of the
primary auditory cortex. The brain is illustrated in figure 2.3

2.4 Mechanisms of EEG generation

Action potentials do not contribute directly to EEG...But post-synaptic poten-

tials do As we have seen in section 2.2.1, when a neuron fires, it sends an action
potential, a very fast (1ms) spike of high amplitude. This potential propagates along
the axon but also outside of the membrane cells. However it is rapidly attenuated
by extracellular fluids, blood vessels and slow ion movements. The passive neuron
acts like a capacitive low pass filter, hence the attenuation of extracellular currents is
selective and the action potential is heavily attenuated outside the cell. Furthermore,
due to the fast shape of the action potential, the probability that many neurons fire
at the same time is low therefore action potentials from different neurons have little
chance of adding up (except in epileptic pathologies). On the contrary, post-synaptic
potentials vary slowly and gradually, and although they have smaller amplitudes
than action potentials, extracellular currents created by these potentials from a high
number of neurons can add up and become sufficiently high to be measured with
electrodes at the scalp level.

Orientation of cells is important The cortex is folded in gyri and sulcus. Electrodes
can record currents originating from both, but only from neurons with parallel ori-
entation. Hence EEG records mainly activity in gyri as currents originating from
sulcus regions can cancel out (see figure 2.4 ). Since pyramidal neurons are aligned
in parallel, they are the main eeg generators.

2.5 EEG Recording

Conventional EEG recording consists in placing either individual electrodes or
multiple electrodes held together with a cap. Electrode nomenclature and place-
ment is ruled by the 10-20 international system. It is based on anatomical location
and on percentage of distances. Electrodes are named with respect to their position
and have the letter F for frontal, C for Central, P for parietal, O for occipital or a
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Figure 2.3 Illustration of the brain. Top : Cerebral cortex is divided in four lobes, the frontal
lobe, the parietal lobe, the occipital lobe, and the temporal lobe. The motor cortex governs
movements and the sensory cortex treats information coming from the five senses. Bottom :
Internal structures of the brain. Illustration by Lydia V. Kibiuk, Baltimore, MD
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EEG ~ 0 EEG>0 EEG>0

Figure 2.4 Illustration of EEG contributors. Left, currents from dipole in opposite orienta-
tion cancel out resulting in no contribution. Center, mix of opposite dipoles and dipoles in
same orientation although not parallel, small contribution to EEG. Right, optimal orientation
of dipoles, maximum contribution to the EEG

letter combination such as FC for a position between frontal and central. Addition-
ally, letters are followed by a number (even for electrodes on the right hemisphere
and odd for electrodes on the left hemisphere) or by the letter Z (for electrodes on
the midline). The 10-20 system was originally designed for 19 electrodes, but has
been revised to the 10-10 system in order to include more electrodes. The need of
high spatial sampling for a better accuracy of source reconstruction methods yielded
high density recording systems with up to 256 electrodes. Recording a good quality
EEG requires practice and rigorous placement of electrodes and gel. A noise free
environment and cooperative patient are also mandatory as EEG recordings are of-
ten contaminated by biological or apparatus related artefacts. Once recorded, EEG
analysis requires some practice as different references and volume conduction can
lead to differences of interpretation.

Unwanted noises and artefacts The electroencephalogram (EEG) does not only de-
tect electrical fields generated by cerebral activity but also fields generated by mus-
cular activity such as eye or eyelids movements, or fields generated by electrical
apparatus. In clinical environments, patients in altered states of consciousness are
often surrounded by many different electronic equipments withstanding their vital
functions. They have little control of their movements and can be spastic. Further-
more they do not control their level of sudation which can potentially be the cause
of artifacts which should be minimized during the recording. It is of good practice
to simultaneously record respiration, heartbeats, and muscular activity in order to
better track artifacts and eventually remove them from the signal.

Reference The measured signal results from a potential difference between two
electrodes. It is therefore not possible to use only one electrode. Two different kinds
of montages can be used, a bipolar montage in which the electrodes are paired two
by two, or a referential montage where all the electrodes are coupled to a single
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electrode called the reference. In a bipolar montage, it can be considered that the
recorded signal stems from an imaginary position located between the two elec-
trodes. When using a reference, one must check that it is not positioned in a region
where a signal of interest is to be recorded. Common positions for the reference are
the ear lobes, the mastoids, possibly coupled, the nose or a position on the midline.
The choice of the reference electrode has an influence on the shape of the recorded
signal, notably for evoked potentials. Bipolar montages are less sensitive to artifacts
but will not detect events which are common in two coupled electrodes. A referential
montage does not have this drawback but is however more sensitive to artifacts. As
it will be discussed in section 4.3.1, the use of a reference adds artifactual correlations
which can lead to misinterpretation of connectivity measures.

Volume Conduction Propagation of electromagnetic waves in the brain medium is
of the order of 105ms−1 [3]. This implies that potential changes are measured simul-
taneously at any point in the brain. Therefore due to diffusion of currents through
the brain medium, different electrodes measure contributions from the same sources
and have an artificially correlated signal which can lead to misinterpretations espe-
cially in connectivity studies. This is the so called volume conduction problem.
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The brain, the masterpiece of creation, is almost unknown to us 1

This chapter corresponds to a publication to appear in Archives Italienne de Biolo-
gie [4]. It reviews current uses of electrophysiological measurements in deciphering
brain states in patients with disorders of consciousness. First visual patterns ob-
served on EEG traces are enumerated and their prognosis and diagnosis value are
described (section 3.2). We then review the latest developments in the quantifica-
tion of EEG features aiming at characterizing different brain states in DOC (section
3.3). We then address how specific brain functions can be tested using event related
potentials and how active paradigms can unveil voluntary cognitive processing of
DOC patients (section 3.4). When a patient with DOC demonstrates residual cogni-
tive processing but cannot communicate through traditionnal pathways (speech or
movements), brain-based communication tools coined brain computer interfaces are
tested section 3.5.

3.1 Introduction

The electroencephalography (EEG) has a long history of use in the intensive care
unit, and there is a well documented literature on EEG abnormalities in comatose
patients and patients in vegetative state (VS) or newly coined unresponsive wake-
fulness syndrome (UWS) [5]. The use of EEG as a diagnostic tool is subject to con-
troversies [6], but the prognostic value of EEG patterns when combined with the
etiology is well acknowledged [7]. However, the study of patients with disorders of
consciousness (DOC) has experienced an important turn with the definition in 2002
of the minimally conscious state (MCS) as a state "characterized by inconsistent but
clearly discernable behavioral evidence of consciousness and can be distinguished
by coma and VS/UWS by documenting the presence of specific behavioral features

1Nicolaus Steno, 1669
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not found in either of these conditions" [8]. This new definition has triggered the
challenge to untangle VS/UWS and MCS patients. At bedside, behavioral scales
such as the Coma Recovery Scale-Revised (CRS-R) [9] are used to assess patients.
This evaluation can give hints on the prognosis as MCS patients have better recovery
chances than VS/UWS patients. Still, behavioral assessments are subjective and not
always accurate [10] hence the need of objective multimodal assessments covering
all aspects of brain functioning, ranging from the metabolism assessed with positron
emission tomography (PET), the structural images captured with the magnetic reso-
nance imaging (MRI), the hemodynamic response obtained with functional MRI, the
structural changes in the white matter observed with diffusion tensor imaging (DTI)
and the dynamics of cortical activations measured with EEG. In the following only
EEG aspects of coma, VS/UWS and MCS patients will be covered. Aside of standard
clinical measurements, different applications have originated from EEG. For exam-
ple, quantitative EEG (qEEG) consists in numerical computations of parameters from
the EEG such as power spectra, connectivity values or entropy. These parameters of-
fer better validity than visual scoring [11] and subsequently they can be used to train
classifiers in order to separate groups of patients in different states. Next, evoked po-
tentials, allows the assessment of specific cortical functions by measuring responses
to repeated given stimuli. Furthermore, the past twenty years have seen advances
in the field of brain computer interfaces (BCI) using the EEG. Direct communication
from the brain to a computer has been demonstrated [12] [13]. Such devices can
be of great help to assess consciousness in severe brain injured patients with DOC.
In the following, standard clinical EEG patterns in coma and related states will be
reviewed and illustrated. Second, the investigation of qEEG methods will be pre-
sented followed by a description of oscillatory brain activity in response to stimuli,
i.e. event related potentials (ERPs). Finally, advances in brain computer interfaces
and their applications at bedside will also be discussed.

3.2 Standard Clinical EEG

The EEG is often mandatory in the neurological management. A routine clinical
EEG recording lasts approximately seven to thirty minutes. Electrode failure and ar-
tifacts are common issues impeding the quality of the recording; hence its duration
must be long enough to allow the practitioner to determine the background activ-
ity or main rhythm of the patient. Moreover, some physiologic or even pathologic
events could be missed if the recording duration is too short. To unravel some of
these features, clinical EEG often involve provocative tests such as photic, auditory
or painful stimulation. Visual inspection of the EEG traces can give insights on the
origin and severity of the encephalopathy. First of all the clinician must identify the
predominant rhythm. Healthy wake adults display at rest a posterior and symmetric
alpha rhythm which oscillates between 8 and 12 Hz depending on the subject. The
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amplitude of the alpha rhythm increases when the eyes are closed and decreases in
case of stress. The distribution and amplitude of the alpha rhythm can differ be-
tween individuals, some do not exhibit any alpha rhythm (approximately 2% of the
world population [14]), others might have an alpha rhythm of low amplitude. While
most individuals have an alpha rhythm mainly distributed over posterior regions, in
some subjects it can be concentrated on occipital leads and in others it might be more
widely distributed [15]. An irregular beta rhythm (13-30 Hz) of smaller amplitude
can be superimposed on the alpha rhythm, especially when the eyes are opened or
when the subject is attentive to the environment. Those beta rhythms are also of-
ten present in case of benzodiazepine intake. When the subject is tired and drowsy,
slower waves appear, and theta (4-7Hz) becomes the predominant rhythm. In deep
sleep states, the predominant rhythm is delta (0.5-4Hz) (see Figure 3.1.I, 3.1.II and
3.1.III for alpha, theta and delta waves).

Following a brain injury, whether it is of traumatic or anoxic origin, the EEG
can be altered and display abnormalities. A visible main effect is a slowing of the
brain activity proportional to the severity of the injury. If cerebral suffering is dif-
fuse, the predominant rhythm is no longer posterior alpha but diffuse theta or delta.
In some cases of severe brain lesions alpha or theta activity can be observed but
it does not resemble a normal adult alpha activity as it is frontally distributed and
not reactive to stimuli such as eye opening or closing. These rhythms are coined
alpha-coma or theta-coma [16] (see Figure 3.1.VII for an illustration of alpha coma).
Along with the diffuse slowing commonly observed in DOC patients, several addi-
tional patterns have been reported. In case of supratentorial lesions, polymorphic
focal delta rhythm can be visible over the damaged regions [17]. If there is asym-
metric brain damage, the EEG will likely also be asymmetric; the electrogenesis of
one hemisphere can appear almost normal whereas that of the other is severely im-
paired. Still a precise location of a lesion cannot be achieved with the EEG as its
spatial resolution is low. When the lesions are infratentorial, the EEG can display
a close to normal activity as it is sometimes but not always the case in locked-in
patients (LIS) [18] [19] [20] [21] [22] [23]. Another pattern found in DOC patients
is termed burst suppression, where bursts of slow waves mingled with high fre-
quency transients are followed by periods of flat EEG (see figure 3.1.VIII). When the
entire recording is flat or isoelectric, i.e. there is no cerebral activity of more than
two micro volts; the patient can be in a state of electrocerebral inactivity [24] (see
Figure 3.1.IX). In this case, repeated recordings are necessary because an inactive
EEG can be reversible as it is the case after drug intoxication for example. Further-
more, some VS/UWS patients can have an inactive EEG since they no longer have
cortical activity while brainstem electrical activity is not detected by standard EEG
recording [17]. Along with these abnormal patterns, the EEG recording can be very
useful to detect epileptiform activity which can take different forms such as con-
tinuous generalized paroxysmal activity (figure 3.1.VI), paroxystic bursts, periodic
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Figure 3.1 Nine different EEG patterns of five second duration in a "standard zero" bipolar
montage with three electrodes on the right hemisphere (Fp2-C4, C4-T4 and T4-02) and three
electrodes on the left hemisphere (Fp1-C3, C3-T3 and T3-01). I. Alpha waves in a healthy
subject, the eeg is symmetric and there is a posterior distribution of the alpha waves (higher
amplitude at T4-02, T3-01). II. Theta waves of 4 cycles per second showing a general slowing
of the brain electrical activity. III. Delta waves oscillating at one cycle per second. It can
be seen in deep sleep or coma. IV. Triphasic waves, a distinctive but non-specific pattern
linked to a moderate alteration of consciousness. V. Focal epileptiform activity is a sign of
underlying brain lesions; here it is well seen in the fronto-central right hemisphere (Fp2-C4,
C4-T4). VI. Generalized epileptiform activity. Rhythmic spike waves are well visible on all
electrodes. VII. Alpha coma, a pattern of bad prognosis is visible within 72 hours following
the injury. It consists in diffuse irregular waves of 8-12 Hz. VIII. Burst-suppression, a pattern
associated with a poor prognosis corresponds to brief periods of bursts followed by periods
of electrical silence (<10uV). It often precedes cerebral death. IX. Inactivity is described as no
cerebral electrical activity (<2uV). Except in cases of severe intoxication or hypothermia, it is
irreversible.
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lateralized epileptic discharges (figure 3.1.V), or focal sharp waves which can in-
dicate epileptic discharges due to a lesion. In the case of therapeutic hypothermia
after cardiac arrest, the brain activity can be followed in real time and help guide the
treatment [25]. The scoring of an EEG recording is subjective and therefore depen-
dent on the investigator. To assess the severity of the state of DOC patient, Synek
suggested the use of a scale consisting of five grades and including sub-grades [26].
The number of the grade increases with the severity of the injury, grade one being
associated with regular alpha and some theta, while grade two has a predominant
theta that may be either reactive or non- reactive. Grade three includes predominant
delta and/or spindles reactive or non reactive. Grade four is reached when there is
either burst suppression activity or alpha/theta coma or low amplitude activity (<20
µV). Finally grade five corresponds to electro-cerebral silence (<2 µV). Another scale
was introduced by Young and colleagues to improve inter-observer agreement [27].
Furthermore, nomenclatures have been proposed to formalize the reading of an EEG
trace [28]. Establishing a diagnostic solely based on a single standard EEG is diffi-
cult since the patterns are not specific of the etiology and the same subject can have
varying patterns in short intervals. A study based on patients in persistent VS/UWS
concluded that there was no possible diagnostic use of EEG [29] due to its heteroge-
neous and varying aspect. It can still be used to confirm the diagnosis of brain death
and can still be of diagnostic importance in some cases of complete LIS patients. De-
spite the limited diagnostic role of standard EEG recording, a prognosis is possible
but challenging as one specific pattern can be found in encephalopathy of different
origins. Furthermore, the outcome does not depend uniquely on the brain affection
itself but on the overall condition of the patient. EEG information needs therefore
to be backed up by etiology in order to have insights on the prognosis. For exam-
ple, in the case of cardiac arrest coma, reactivity is an important feature for good
prognosis; indeed a recent study showed that in the case of cardiac arrest, 10 out of
11 patients with reactivity evolved positively while only one out of 18 patients that
presented a non reactive EEG had a good outcome [30]. General scales such as the
Synek scale also gave a significant correlation with the variation of the level of cogni-
tive function between admission and after 3 months in traumatic and non-traumatic
patients [31]. In the case of coma due to cardiac arrest, burst suppression patterns are
of bad prognosis [15]. There has been much debate on the prognosis value of alpha
or theta coma. It was found that unreactive alpha or theta coma is of bad prognosis
but a reactive alpha or theta coma can be associated with a better outcome [32]. EEG
variation carries a better prognosis then an unvaried EEG, and the presence of sleep
patterns in night recordings of patients are of better prognosis then if absent [33].
Furthermore, recent unpublished data including 5 VS/UWS and 6 MCS show that
only MCS patients have sleep patterns, more precisely rapid eye movement sleep
and slow waves cycles while the VS/UWS patients did not. Sleep patterns could
therefore be used as a diagnostic tool.
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3.3 Quantitative EEG

Standard EEG scores can be different from one reader to another. Furthermore
not all the information contained in the EEG can be unveiled by visual inspection of
the EEG traces and only qualitative information can be retrieved. With the advent
of digital EEG technology, the computation of complex parameters has been made
possible hence providing objective measures leading to a quantitative analysis of the
EEG (qEEG). For instance, one can compute the power spectral density (i.e. the dis-
tribution of the power of a signal in the frequency domain) at each electrodes thus
giving local power at each frequency. The level of consciousness of a patient can be
monitored with measures of signal complexity such as entropy. Levels of connec-
tivity between electrodes can be assessed with measures of synchronization, coher-
ence or mutual information [34] [35]. Furthermore, using an inverse model, one can
project the information at the sensor level to a source level and hence localize spe-
cific activity in the brain such as epileptic focus. To quantitatively analyze an EEG
trace, a preprocessing step is required. The EEG must be band passed to remove
slow direct current drifts due to gel drying and to remove high frequencies such
as muscle artifacts and line noise. Then, segments containing artifacts such as eye
blinks or other movements are marked for removal. Artifacts removal can be auto-
mated using Independent Component Analysis (ICA) which decomposes the signal
into independent components [36]. A component containing eye blinks or muscle
tone can be removed and the signal rebuilt from the remaining components. The
advantage of using ICA is that segments that would have otherwise been discarded
can be used for further analysis, but the drawback is that it is unknown whether if
neural information is lost in the process. Once artifact free segments of one or more
seconds have been extracted, power or connectivity is computed on each segment
and mean as well as standard deviation values are obtained. Statistical analysis can
then be performed allowing the diagnosis and prognosis of groups of patients. For
an overview of qEEG, see Tong and Takhor [37]. The power spectral density can be
computed with the fast Fourier transform or with a wavelet transform computed on
the extracted segments [37]. It can be expressed in absolute power (µV2) or in rela-
tive power (%) for each individual electrode or on a selected number of electrodes
of a region of interest. In patients with DOC, power in higher bands such as alpha
and beta decreases while power in lower bands such as delta and theta increases in
relationship with the severity of the disorder [38] [39]. Measures of signal complex-
ity such as the bispectral index (BIS, Aspect Medical Systems, Newton, USA) were
initially developed for anesthesia monitoring [40] [41] but can be used to evaluate
consciousness levels in DOC patients. The BIS, a unit less measure ranging from 0
(isoelectric EEG) to 100 (normal activity) derives from a combination of temporal,
frequency parameters and bispectral measures. It can be seen as a black box which
parameters have been empirically set and optimized on a large database of EEG
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recordings during anesthesia [42]. In sleep, BIS values gradually decrease [43]. In
DOC patients, one study found correlations between BIS values and scores of the
Glasgow Coma Scale [44]. However, although statistically significant, these corre-
lations were highly variable and thus difficult to use as a diagnostic tool. Another
study showed that at the group level, VS/UWS patients have significantly lower BIS
than MCS patients although BIS values do not allow the diagnosis of patients at the
individual level [45], still measures of BIS have a prognosis value as patients with
a higher BIS recovered better. Other flexible methods based on entropy have been
designed in order to synthesize the EEG information into one number. The Datex-
Ohmeda S/5 entropy monitoring (GE Healthcare, Helsinki, Finland) for instance
implements a time-frequency balanced spectral entropy which gives an information
on the complexity of the EEG. A recent study showed a 48% reduction of the en-
tropy in VS/UWS patients compared to controls while in MCS patients it was only
reduced by 18% [46]. More importantly, entropy could discriminate VS/UWS and
MCS patients with a specificity and sensitivity of 90% in the acute setting, it is there-
fore a candidate tool for diagnosis. Furthermore this study corroborates the idea that
VS/UWS have a decrease of neural network complexity, as suggested by results pre-
sented with yet another entropy measurement, the approximate entropy (ApEn) [47].
ApEn also showed prognostic capabilities in a group of VS/UWS patients, low val-
ues were associated with bad outcome while higher values led to MCS, partial or
total recovery. Moreover, testing of ApEn under three conditions, eyes closed, au-
ditory and painful stimuli, yielded similar results, and could quantify the degree of
complexity suppression as a function of loss of consciousness [48]. The EEG can also
quantify connectivity between brain regions [49]. Connectivity is disrupted in pa-
tients suffering from DOC [50], it provides complimentary information of diagnostic
and prognostic importance [51]. Coupling parameters between electrodes provide
a connectivity measure between underlying regions. A broad array of methods can
be used to assess this coupling, correlation in the time domain, coherence which is
a linear correlation between two signals as a measure of frequency, or non linear
methods such as mutual information. Such measures require careful interpretation
as they are entailed to two inherent problems of the EEG, the reference problem and
the volume conduction problem. Indeed, a single reference adds a common com-
ponent to all the signals of all electrodes which will subsequently appear coupled.
To address this problem, bipolar montages are used which provide reference free
electrodes with the drawback of reducing the number of available electrodes. Vol-
ume conduction also adds artificial coupling between electrodes. Indeed, electrical
currents produced by neural assemblies diffuse through the cerebrospinal fluid and
the bone and are measured by different electrodes simultaneously, giving rise to cor-
related electric signals. Hence, correlation and coherence measures are affected by
these biases which will typically result in high values of connectivity in neighboring
electrodes. Still, coherence is well-known, and easy to use, it is therefore the most



30 Chapter 3. Electrophysiological correlates of consciousness

used method to assess connectivity in clinical settings. A case study on a VS/UWS
patient with severe asymmetric brain damage revealed a drop of coherence in the
damaged hemisphere [52]. A decrease in coherence has also been observed in MCS
patients [53]. Advanced connectivity methods aiming to answer the volume con-
duction problem and offering more information such as the directionality of the con-
nection have been proposed such as the imaginary part of coherency [54], the phase
lag index [55] or granger causality [49]. A preliminary study using the phase lag
index and the imaginary part of coherency showed that MCS patients had stronger
connections in theta and alpha band than VS/UWS patients at the group level [39].
Likewise, granger causality showed that patients in severe neurocognitive disorders
(SND), an upper boundary of MCS significantly displayed more connections than
MCS patients. Furthermore, a classifier based on the number of connections com-
puted with granger causality achieved a 100% accurate classification into MCS and
SND class of the 16 (7 MCS, 9 SND) patients included in the study [56]. Finally, in
qEEG can also be included approaches that allow the reconstitution of cerebral activ-
ity using source reconstruction methods [57]. These methods are based on models of
ranging complexity, from spherical brain models to realistic models based on mag-
netic resonance images. All parameters computed at the electrode level can also be
computed at the source level, resulting in a better spatial resolution and providing a
3D visualization of the activity of the brain. Source reconstruction techniques require
however a minimum of 32 electrodes, and 64 or more being recommended [57]. A
prospective study including 50 VS/UWS patients showed correlations between the
level of recovery at three months and the power of occipital sources in the alpha
range [58]. Recovery level, either MCS or complete recovery of consciousness could
also be differentiated.

3.4 Event related potentials

Since the electroencephalography (EEG) cannot quantify small changes induced
by sensory, motor or cognitive activities, more subtle functional variations can be in-
vestigated by averaging the EEG activity, according to the onset of a repeated stim-
ulus. Averaging increases the signal to noise ratio therefore revealing activity that
is time-locked to the stimulus while other non-stimulus related activity is averaged
out. Event Related Potentials (ERP) reflects therefore the time course of information
processing from low-level peripheral receptive structures to high-order associative
cortices. ERPs are frequently used in clinical routine and can be classified in two
categories : short latency or exogenous components, and cognitive or endogenous
components [59].
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3.4.1 Short-Latency ERPs

Short-latency ERPs or exogenous ERPs are elicited within a time range between 0
and 100 ms after the presentation of a stimulus. They correspond to the activation of
the ascending pathways to the primary cortex and are affected by the physical prop-
erties of the stimulus. The absence of exogenous components is a marker of poor out-
come [60], most patients who do not present these components bilaterally die or end
their life in a vegetative state. The presence of short-latency ERP is however not suffi-
cient to be a good predictor of recovery since well-preserved potentials are recorded
in patient who never recover. Brainstem auditory evoked potentials (BAEP) are most
often used with sounds ("clicks") using headphone. They are evoked in the first 10
ms revealing the activity from the auditory nerve to the inferior colliculus [61]. The
absence of BAEPs is also a reliable marker of bad outcome when there is no evi-
dence of peripheral auditory injury. However, the presence of normal BAEPs does
not indicate a good outcome [62] [63] [64] [65]. Somatosensory evoked potentials
(SEP) are elicited by sensory electrical stimulation of the median nerve at the wrists.
Bilateral absence of SEPs in coma patients is strongly related with unfavourable out-
come (i.e. death or VS/UWS) especially in patients with hypoxia-ischemia etiol-
ogy [66] [67] [68] [69]. For a large scale review including 2891 patients [70]. All
patients with good outcome have developed normal SEPs but they are also present
in patients with unfavorable outcome [66] [71] [72] [73]. Likewise, middle-latency
auditory-evoked potentials (MLAEPs) appearing between 10 and 50 ms and pos-
sibly related to the activation of primary auditory cortex and thalamus is strongly
associated, when absent, with poor outcome in post-anoxic coma [74]. Finally, vi-
sual evoked potentials, elicited using flashing LEDs, are less used at the intensive
care because these are not systematically present even in healthy subjects [75].

3.4.2 Cognitive ERPs

Cognitive ERPs or endogenous ERPs are obtained after 100 ms of the presentation
of a stimulus and reflect the activity of both cortical and subcortical structures, in-
cluding associative areas [75]. They depend on the psychological significance of the
stimulus and are linked to the level of arousal or attention but also to the experimen-
tal condition. Using passive paradigms, cognitive ERPs assess residual cognitive
functions and with active paradigms, they can be used to detect sign of conscious-
ness in severe brain injured patients. Moreover, ERPs generally appear to be good
predictors of favorable outcome [76]. Five cognitive components have been mea-
sured in DOC patients: the N1 component in response to a stimulus, the mismatch
negativity and the P3 in response to novelty, and the N400 and P600 components in
response to a semantic change.
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3.4.3 Passive paradigms

The N1 component is a negative inflection that appears around 100 ms in re-
sponse to any auditory stimulus [77], showing an activation of the auditory cor-
tex [78]. The presence of a N1 in comatose patients indicates that the primary audi-
tory cortex is functionally preserved. Some studies suggest that the presence of the
N1 component is a good marker of recovery [65] [79] [80]) whereas others suggest
that its absence does not appear to be a predictor of bad outcome [81] [82].

The mismatch negativity (MMN) is another negative component that appears
around 100-250 ms after any auditory change in a monotonous sequence of sounds
(i.e., an oddball paradigm) [83], involving the primary auditory and prefrontal cor-
tices [84]. Its low amplitude implies that many repetitions are needed to observe a
response. As subjects do not need to be attentive to the sound to detect a MMN,
it indicates an automatic response generated by a comparison process between the
afferent input and a memory trace developed by the repetitive stimulation. MMN
is however not present in every healthy subjects. As most of healthy subjects, a few
patients with DOC are likely to process sound deviance, mainly when their state is
not due to anoxia. Many studies showed a high prognostic value for recovery, all
etiology confounded [85] [65] [80] [86] [87] [74]. Using the subject’s own name, an-
other study also showed a prognostic values of the MMN in recovery of conscious-
ness from coma and VS/UWS patients (i.e., 4 of the 5 patients showing a MMN
response recovered to MCS 3 months later, the other 5 patients without MMN re-
sponse failed to show any clinical improvement) [88]. Comparing VS/UWS to MCS
patients, Kotchoubey et al. reported a MMN in 65% and 34% of them respectively,
with complex tones eliciting a MMN more frequently than pure tones [86]. In 10
VS/UWS patients, MMN amplitude has been shown to be increased with recovery
of consciousness, when patients switched to MCS [89]. However, MMN cannot be
used to differentiate between VS/UWS and MCS patients [86] [90].

The P3 is a positive component generated when subjects detect a rare and unex-
pected stimulus in a regular train of standard stimuli (i.e., oddball paradigm) [91].
MMN and P3 are two different brain responses generated by similar stimuli (de-
viant or novel) but they differ by their latency after a stimulus. For a visual po-
tential, P3 appears around 300 ms after the presentation of the stimulus and for an
auditory potential it may appear after 500 or 600 ms. The P3 corresponds to the
activation of a fronto-parietal network [92]. Note again that as the MMN, not all
healthy subjects present a P3. Even if simple sounds can generate a P3 or a MMN,
they can also be produced by more complex stimuli with emotional valence that
influences the amplitude of the evoked potential [93] [94] [79] leading to a larger
number of post comatose patients exhibiting P3 response [95] [96]. For example, the
patient’s own name, which is a salient attention-grabbing stimulus, is more likely
to generate a P3 than a simple sound ("click") [97] [98]). As the MMN, in passive
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paradigms, P3 component does not allow to distinguish between VS/UWS and MCS
patients [86] [97] [75] [90]. Indeed, delayed P3 responses have been observed follow-
ing an own name stimulus in both VS/UWS and MCS patients, suggesting partially
preserved semantic processing in non-communicative brain-damaged patients [97].
The presence of P3 in patients with impaired consciousness in the acute stage seems
also related to a good prognosis [99] [100] [81] [82] [79] [101]. Similarly to the MMN
component, the presence of a P3 component has also been found to correlate with
recovery of consciousness in 34 post-traumatic VS/UWS patients [102].

The last component is the N400 which is a negative potential appearing about
400 ms after the presentation of a word. Its amplitude is increased if the stimu-
lus is discordant (phonological or semantic mismatch) with respect to the context
(word or sentence) [103]. Semantic incongruence can also lead to a P600 which is a
positive inflection 600 ms after the stimulus. Any positive or negative change can
therefore be considered in the treatment of incongruence. Medial and lateral tempo-
ral cortex, as well as the left frontal and parietal cortex seem to contribute to N400
response [104] [105]. These inflections were observed in inattentive healthy subjects
suggesting that like the MMN and the P3, N400 and P600 are also the result of an au-
tomatic process [106] [75]. A N400 response to incongruous words has been reported
in some VS/UWS and in a majority of MCS patients suggesting that semantic pro-
cesses can be relatively preserved in DOC patients [107]. Similarly, recognition of
affective prosody has been observed in 6 of 27 VS/UWS and MCS patients as well as
in three LIS patients [108], suggesting residual detection of affective mismatch due
to violations of emotional context of stimulation in DOC patients.

3.4.4 Active paradigms

While passive paradigms help to detect residual brain activity in severely brain
injured patients, the use of new active paradigms (i.e. tasks requiring patient’s par-
ticipation instead of passive listening) can help to determine if the patient is con-
scious or not. If the patient is conscious, EEG signal can be used to assess the possi-
bility of a functional communication through brain computer interfaces (BCI) [109]
[110]. The recent case of a 21-year old comatose woman who failed to show any mo-
tor sign of consciousness after 49 days following a basilar artery thrombosis [111] il-
lustrates the practical utility of demonstrating voluntary brain activity in non-clinical
means. Only EEG evoked-potential based on command following (i.e., counting her
own name in a list of names) permitted to make the diagnosis of complete locked-in
syndrome (characterized by tetraplegia, anarthria and paralysis of eye motility). In-
deed, in the active condition, when asking to count her own name, the P3 response
observed was larger than while passively listening. This active own name paradigm
using P3 was also employed on a larger number of DOC patients. Schnakers et
al. studied 22 severely brain injured patients which were instructed to count the
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number of times they heard their own name. Some MCS patients, including patients
only showing visual tracking without behavioral command following, showed an in-
crease of the P3 responses when counting their own name compared to when listen-
ing to the names passively, documenting again command following based on brain
activity only. VS/UWS patients did not demonstrate such responses [98]. Similarly,
EEG-based evidence of conscious processing (i.e., count a deviant sound sequence
in a series of beeps) was demonstrated in 3 out of 4 MCS patients while no voluntary
modulation of evoked potentials was observed in 4 VS/UWS patients [112].

3.5 Brain Computer Interfaces

Brain-computer interfaces (BCI) are systems allowing the brain to communicate
with the outside world without going through the peripheral nerves and muscles.
They convert directly the brain activity into control signals for electronic devices
[12] [113]. BCI based on EEG brain activity can use different components such as
the P3, the sensorimotor rhythms (SMRs) or the slow cortical potentials (SCPs). The
most widely component used in BCI is the P3. The advantage of using the P3 is that
it allows up to 36 different commands with visual stimuli. A visual BCI has been
developed using a matrix composed of letters [114] where the rows and columns
are illuminated one by one. Subjects have to focus their attention on the letter they
want to spell, generating a P3 response after each illumination of the letter. With this
device, users can spell up to 8 letters per minute with an accuracy of 80%. Commu-
nication could be established in 5 out of 6 patients with amyotrophic lateral sclerosis
(ALS). Four of them continued to use this system to communicate with the external
world in a daily routine [115]. This paradigm has also been adapted to the audi-
tory modality (e.g., for blind people), although the performances achieved are lower
and higher concentration is required [116] [117]. Another auditory BCI has been
developed for a binary communication (yes/no answer) [118] where users hear a
sequence of four stimuli (i.e., yes, no, stop, go) presented in a random order. In or-
der to answer a question, participants have to focus on either "yes" or "no" when
hearing the sequence. A stable P3 response corresponding to the answer (yes/no)
has been observed in healthy volunteers but also in ALS patients, with a lower re-
liability [118]. The first BCI study used with DOC patients was also carried out
with this last paradigm in order to test its reliability as a diagnostic tool ("is the pa-
tient conscious?"). Results showed the benefits of the system to improve detection of
consciousness in DOC patients. Two LIS patients were also evaluated, one showed
reliable ability to use the BCI but not the other patient, suggesting that the system
does not confirm the absence of consciousness in case of negative results [119]. Other
auditory BCI for communication have also been proposed for ALS and locked in pa-
tients [117] [120]. A very recent paradigm, the P3-Brain Painting, has been developed
to paint pictures using P3 brain activity only enabling ALS and LIS patients to ex-
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press themselves creatively [121]. Changes in sensorimotor rhythms (SMRs) or mu
rhythms have also been employed in BCIs. SMRs refer to an EEG activity of 8-15 Hz
recorded in the primary sensorimotor cortex [12], usually accompanied by a beta ac-
tivity of 18-26 Hz. This activity can be reduced or desynchronized using preparation,
execution, or imagination of movement, particularly in the contralateral motor cor-
tex. An increase in the rate (or synchronization) occurs after the execution of a move-
ment and during relaxation [122]. The advantage is that these components do not
require the actual execution of the movement but kinesthetic imagination is enough
to make them appear [123]. It is however only possible to integrate two commands,
more commands leading to a decrease in classification accuracy. In healthy subjects,
many BCIs based on SMRs have shown good results for writing words in both vi-
sual [124] and auditory [125] modality. A completely paralyzed patient was also able
to use a BCI based on SMRs to communicate through a virtual keyboard with a set
of letters [126] [127]. To select a letter, the patient had to perform a mental task (i.e.
movement imagery) and after several months, he was able to control the keyboard
with an accuracy of 70%. The SMRs were also used recently with DOC patients
showing the ability of a patient clinically diagnosed as VS/UWS to respond to the
command (imagine squeezing the right hand versus imagine moving all toes) [128].
Finally, slow cortical potentials (SCPs) are the lowest frequencies generated by the
cortex that can be used for BCI. They consist in slow potential shifts lasting 300 ms
to several seconds. Negative SCPs are usually associated with movement involving
cortical activation, while positive SCPs are associated with a reduction in cortical ac-
tivity [129]. Again, this system involves only 2 commands. Subjects learn to control
their brain activity through operant conditioning and are subsequently able to move
an object on a screen [130]. People with ALS in advanced stages have been able, af-
ter training, to use this device to write words by increasing or decreasing their brain
activity to select a target letter [131].
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EEG analysis methods 4
The great topmost sheet of the mass, that where hardly a light had twinkled or moved,

becomes now a sparkling field of rhythmic flashing points with trains of traveling sparks
hurrying hither and thither. The brain is waking and with it the mind is returning. It is
as if the Milky Way entered upon some cosmic dance. Swiftly the head mass becomes an
enchanted loom where millions of flashing shuttles weave a dissolving pattern, always a
meaningful pattern though never an abiding one; a shifting harmony of subpatterns.1

The goal of this chapter is to introduce signal processing techniques to extract
"meaningful patterns" or features of electrophysiological activity. Time frequency
features allows the extraction of the time-varying spectra of the signal at each elec-
trode location (section 4.2). This can also be done at the source level once an inverse
solution has been applied on the scalp data. Functional connectivity features pro-
vide information on the correlation between signals at the electrode level or at the
source level (section 4.3.1). While they are useful to question functional interactions
between regions, they do not give information on what causes the observed data.
This is achieved with effective connectivity, using models of cortical structure to in-
fer parameters on their interactions (section 4.3.2). Finally shifting from scalp mea-
surements to source space is achieved through different families of inverse solutions
based on a priori hypotheses (section 4.4).

4.1 Introduction

Following the discovery of the brain’s electrical activity by Berger [2] in 1929, sci-
entists and clinicians have studied electrical traces visually on paper. However, the
electroencephalogram contains a vast quantity of information that is not discernible
by visual inspection. Advances in signal analysis methods, brain imaging, and com-

1Sherrington, 1942, Man on his Nature
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puter performances have allowed a large palette of technical tools to unveil the hid-
den mysteries of the EEG, these patterns and subpatterns that Sherington poetically
described. This new panel of methods is coined quantitative electroencephalography
(qEEG) [37] and allows feature extraction, classification of EEG signals and statisti-
cal assessments of databases. In this chapter, a non-exhaustive overview of qEEG
will be presented to give the reader a broad perspective of available techniques and
how they relate. First spectral estimation methods can extract power in different fre-
quency bands, starting with spectral estimation methods and time-frequency trans-
forms. Then connectivity methods will be introduced, separated in two families,
functional and effective connectivity. Finally source reconstruction approaches will
be described. We will put an emphasis on the methods used in the three applications
presented in the second part of the thesis.

4.2 Spectral and time-frequency analysis of EEG

Spectral power and how it spatially distributes over the scalp is often used as
a feature in clinical studies and in classification of brain signals in the context of
BCIs. The quality of the spectral estimation is therefore crucial in extracting the most
representative features. Since the EEG has excellent time resolution, tracking the
evolution of spectral content over time can reveal micro states information. In the
following we will first overview time-frequency methods such as short-time Fourier
and Wavelet transform. Then the Hilbert transform will be introduced and a recent
non linear method coined Hilbert-Huang transform. Finally parametric methods
will be described, namely autoregressive modelling. A short discussion on the pros
and cons of these methods will close this section.

4.2.1 Fourier Transform

In the 19th century, French mathematician Joseph Fourier demonstrated that a
periodic function can be decomposed in a linear combination of complex periodic
exponential functions. It is only a century later that this remarkable property could
be exploited with the fast Fourier transform algorithm proposed by Cooley and
Tukey [132]. The Fourier Transform F(ω) of a time evolving function f (t) is defined
as follows :

F(ω) =
∫ +∞
−∞ f (t) exp−jωt dt

f (t) =
∫ +∞
−∞ F(w) expjωt dω

(4.1)

where ω [rad/s] is the angular frequency. Since the integral is taken between minus
and plus infinity, the Fourier transform requires the signals to be stationary. Station-
arity means that the frequency content of the signal does not change with time. This
is not the case with EEG signals. Indeed, the EEG has frequency changes for physio-
logical and technical reasons. First, there is a slow frequency drift due to the slowly
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changing impedance between the electrodes and the scalp because the electrode gel
dries out. Secondly, the EEG changes with the state in which the subject is. Station-
arity can be assumed by using short time sliding windows hence dividing the EEG
into finite time segments that have a close to constant frequency content. The choice
of the windowing function should be made to obtain a narrow bandwidth, the best
signal to noise ratio possible and to avoid side lobes [133]. The short time Fourier
transform can be written as :

S f (u, ω) =
∫ +∞

−∞
f (t)w(t− u) exp−jωt dt (4.2)

where w(t) is a windowing function. It is possible to obtain a time-frequency trans-
form on the entire time scale of the signal by sliding the window function samples
by samples. However the frequency resolution is fixed and determined by the size
of the window and the number of points used for the Fourier Transform. A more
flexible approach is viewed in the next paragraph and is coined the Wavelet Trans-
form.

4.2.2 Wavelet Transform

First mentioned in 1909 in an appendix of Haar’s thesis, the term wavelet gained
important coverage in the 80s with the work of researchers spanning different fields
of interest. The main idea behind the wavelet transform is to use a different and
more flexible basis than the set of sines and cosines used in the Fourier Transform.
Indeed by scaling and translating a mother wavelet, it is possible to gain a desired
resolution in time and frequency. The wavelet transform Wf(s,u) of a time varying
function f(t) is expressed as follows:

W f (s, u) =
∫ +∞

−∞
f (t)

1√
s

ψ∗(
t− u

s
)dt (4.3)

where s and u are the dilation and translation parameters of a mother wavelet ψ∗

Wavelet analysis is most useful when the user has a priori information on a the
waveform to analyze. For instance in ERP analysis, P300 potentials can be seen as a
mexican hat waveform. However in resting state data, wavelets are not necessarily
suited as their resolution change with frequency and this can cause interpretation
problems.

4.2.3 The Hilbert Transform

The Hilbert transform of a time varying signal x(t) is defined as follows:

xa(t) = Hx(t) =
1
π

P.V.
∫ +∞

−∞

x(t′)
t− t′

dt′ (4.4)
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The Hilbert transform provides instantaneous frequency and amplitude mea-
surements. This is achieved by using the concept of analytical signal:

xa(t) = x(t) + jx̂(t) (4.5)

where xa(t) is the complex signal associated with x(t) and x̂(t) is the Hilbert trans-
form of x(t). Understanding of the analytical signal is best made in the frequency
domain as Xa( f ), the Fourier transform of xa(t) is the positive and doubled part of
X( f ), the Fourier transform of x(t):

Xa( f ) = 0 f or f < 0

Xa( f ) = X(0) f or f = 0

Xa( f ) = 2X( f ) f or f > 0

(4.6)

In the time domain, the analytical signal can be viewed as a product of an instanta-
neous amplitude and an instantaneous frequency:

xa(t) = A(t) expjφ(t) (4.7)

In order for the instantaneous frequency to be accurate, the analyzed signal must
have a narrow frequency band. In qEEG studies, the signal at the electrodes will first
be bandpassed in frequency bands of interest before studying there instantaneous
amplitude and phase. The use of the Hilbert transform will be further discussed in
conjunction with coherency measurements in section 4.3.1

4.2.4 The Hilbert-Huang Transform (HHT)

The Hilbert-Huang Transform first introduced by Huang in 1998 [134] differs
considerably from the previous methods in the sense that it does not use predefined
basis functions, instead, it decomposes the data into a sum of finite function empir-
ically calculated. This step is called the empirical mode decomposition (EMD). This
method although not used in the current thesis could prove useful applied to EEG
signals [135] [136].

4.2.5 Parametric modelling

Parametric modelling consists in estimating parameters of a model that will best
fit the data in the time domain. These methods are best suited for the analysis of
short EEG segments. A frequency domain transfer function is computed from the
estimated parameters and gives access to the spectrum of the signal of interest. The
most popular parametric method is the autoregressive (AR) model and is defined
for a single channel EEG signal y(t) as follows:

y(t) = −
p

∑
k=1

aky(t− k) + x(t) (4.8)
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where p is the model order, ak are the parameters to estimate and x(t) white noise
with zero mean and unity variance. Hence, in this model, the current sample is a lin-
ear combination of previous sample values. The number of previous sample values
used is determined by the model order. The autoregressive model can be extended
to the case of multi-channel recordings. It is then called multivariate autoregressive
analysis (MVAR) and is described as follows for multiple channels at time t :

y(t) = −
p

∑
k=1

Aky(t− k) + x(t) (4.9)

Ak is a p ∗ p matrix of coefficients each representing a specific time-lag. As will be
seen in section 4.3.1, the MVAR modelling is a convenient formulation to compute
different measures of connectivity between different electrode sites. Model order can
either be obtained empirically or by using the akaike criterion (AIC). For example,
for a signal of length N, the optimal order p is given by minimizing :

AIC(p) = N ln(ρp) + 2p (4.10)

with ρ the model error variance :

ρp =
N−1

∑
n=0
|ep(n)|2 (4.11)

which is obtained from the model error:

ep(n) =
p

∑
k=0

ap(k)x(n− k) (4.12)

Different algorithms can be used to compute the coefficients of AR or MVAR mod-
els such as Yule-Walker or the Berg methods. For complete details on parametric
modelling, the reader will consult the book by Proakis and Manolakis [137]

4.2.6 Discussion

When taken with default parameters, Fourier, wavelet and Hilbert are compara-
ble [138]. Computing phase relationships can be done with similar results either with
Hilbert Transform or Wavelet transform [139]. The use of either method should be
justified with a priori knowledge of the data under analysis. Indeed specific wave-
forms will be better analyzed with well suited wavelets. In part II of the present
thesis, Fourier transform is used to compute the spectra of EEG data. The Hilbert
transform is used to obtain instantaneous phase and amplitudes of EEG signals in
order to compute connectivity measurements (chap. 6). MVAR models are used in
DCM to derive connectivity patterns (chap. 6).
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4.3 Connectivity

The view that we have of the brain has evolved accordingly to the society we live
in. In the 1940s it was viewed as a telephonic hub where a central operator would
connect requested phone calls to the desired hub. It was then considered as a com-
puter, a highly hierarchized processing unit. Nowadays with the bloom of the inter-
net and the world wide web, it is viewed as a widely connected network with each
connection playing an important role. It is thus crucial to study interactions between
different brain areas. There are three levels (modes) of connectivity in the brain,
structural, functional and effective connectivity. Structural (or anatomical) connec-
tivity evaluates the presence of physical connections, i.e direct links between two
neurons represented by axonal connections. Quantifying these connections at the
microscopic level in terms of synaptic strength is highly invasive and challenging.
Visualizing structural connectivity can be achieved with diffusion weighted imag-
ing or diffusion weighted imaging of the cortico-spinal tract. More recent techniques
such as diffusor tensor imaging (DTI) provide a macro scale tractography displaying
axonal fibers interconnecting two regions. This method is particularly useful in the
diagnosis and prognosis of patients with brain disorders. Although very informa-
tive, anatomical connectivity cannot alone explain all the processes taking place in
the brain. Indeed, the presence of a connection does not imply that information will
be processed through it. Complex mechanisms drive connection recruitment pro-
cesses [140]. Hitherto, connection selection is context dependent, synaptic strengths
can vary according to the task and thus elicit specific pathways. Also, connections
show plasticity as the structure and the transmission properties of a synapse are
subject to change either slowly or rapidly. Connections can be favored with specific
mechanisms such as learning reinforcement [141]. Therefore functional and effective
connectivity complements anatomical connectivity by informing whether or not two
neural sources are truly interacting. The boundaries between functional and effec-
tive connectivity are not always easy to comprehend [142] [143] as these terms are
used for most neuroimaging and electrophysiological techniques in different experi-
mental settings and studying mechanisms having different time and spatial extents.
Nevertheless, two currently formal definitions are stated below.

Functional connectivity is defined as the correlations between spatially remote neu-
rophysiological events [144] [1]. It can be studied with neuroimaging techniques such
as fMRI or with electrophysiological measurements. Functional connectivity gives
an information on the correlation between two time series but does not explain un-
derlying neuronal mechanisms. It is most useful when the experimenter does not
have the control on what caused the data, however results can be difficult to inter-
pret. Methods for measuring functional connectivity with EEG data are described in
section 4.3.1
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Effective connectivity is defined as the influence one neural system exerts over an-
other [145]. This influence can be quantified through the parameters of an explicit
generative model. A flourishing algorithmic literature has provided tools to mea-
sure effective connectivity in neuroimaging and electrophysiological data for differ-
ent experimental settings. One of these tools is coined Dynamic Causal Modelling
(DCM) and uses Bayesian model selection to choose the model that best explains the
data. DCM is described in section 4.3.2

4.3.1 Functional connectivity

Assessing functional connectivity for electrophysiological measurements can be
achieved by computing the connectivity between electrode sites. Although this
might look trivial at first sight, EEG specific peculiarities impede the interpretation
of connectivity measures. Indeed, due to electrical current diffusion, different elec-
trodes pick up redundant information and can appear artificially correlated. The use
of a reference also adds redundancy to the data. To pinpoint the problem of com-
mon sources, a large palette of techniques (see [49] and [146] for reviews) has been
developed in the past ten years to compute connectivity. In the following paragraphs
we review some of these methods, using the classical coherence measure as starting
point.

4.3.1.1 Coherency/Coherence

Coherence is a simple measure of correlation between two signals in the fre-
quency domain. Let x and y be two signals at different electrode location, the coher-
ence between x and y at frequency f , is given by the ratio between the cross-spectrum
of the two signals and their auto-spectra:

Cxy( f ) =
Wxy( f )

Wxx( f )Wyy( f )
(4.13)

The algorithm implemented in matlab’s function ’mscohere’ is based on the compu-
tation of the FFT of the two signals to obtain their frequency representation. How-
ever, as we have seen in section 4.2 there are different ways of computing the spectra
of a signal, each leading to a different measure of coherence, for example wavelet-
coherence, hilbert-coherence or coherence based on autoregressive parameters. If
we now write the signals in term of their analytical signal obtained with the Hilbert
Transform, we can extract their instantaneous phase φ(tk) and instantaneous ampli-
tude A(tk):

z(t) = x(t) + jx̃(t) = A(t)ejφ(t) (4.14)

where x(t) represents the real signal while x̃(t) is the Hilbert transform of x(t), a
complex value. The instantaneous amplitudes and phases were computed directly
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from the real signal and the corresponding Hilbert transform:

A(t) =
√
|x(t)|2 + |x̃(t)|2

φ(t) = arctan( x̃(t)
x(t) )

(4.15)

The cross spectrum can now be written as:

Sxy( f ) =
〈
rxry exp(iδφ)

〉
(4.16)

where 〈〉 denotes the mean over time. Coherency is than expressed as:

C( f ) =

〈
Ax Ayeiδφ

〉√
A2

x A2
y

(4.17)

Most EEG clinical studies use coherence as a measure of connectivity between
electrode sites. However, interpretation of coherence values must be done care-
fully since they can be contaminated by artifactual correlations between electrodes
caused by the reference and by volume conduction. It has been shown that co-
herence values are high for neighboring electrodes then decrease accordingly with
inter-electrode distances [34], [147] [148]. Furthermore, changes in coherence be-
tween two electrodes can be a reflection of power or phase variations at the reference
site [149], [150]. Finally, coherence measures the correlation of both phase and ampli-
tude simultaneously; it is therefore difficult to assess their individual contribution.

4.3.1.2 Phase Synchrony

Evaluating phase and amplitude separately is done with phase-locking statis-
tics [151]. This method extracts the phase locking values between two signals at
different electrodes sites and tests with repeated conditions the hypothesis whether
or not the two signals are phase-locked to each other. In order to obtain the phase
locking values, the signals are first band-passed before extracting the instantaneous
amplitudes and phase. In [151], this is done by bandpassing the signals s(t) at each
electrode around frequency f and by convoluting the bandpassed signal s(t, f ) with
a Gabor wavelet G(t, f ):

C(t, f ) = s(t, f ) ∗ G(t, f ) with G(t, f ) = exp(− t2

2σ2
t
) exp(j2π f t) (4.18)

The phase and the amplitude are then taken from the real and imaginary part of
C(t, f ) :

A(t, f ) =
√

Re(C(t, f ))2 + Im(C(t, f ))2 (4.19)

φ(t, f ) = arctan(
Im(C(t, f ))
Re(C(t, f ))

) (4.20)
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The phase locking value is then defined as the average value over all trials of the
phase differences ∆φ(t, n) = φ1(t, n)− φ2(t, n)at time t:

PLVt =
1
N

N

∑
1
(exp(j∆φ(t, n))) (4.21)

When two electrodes are consistently synchronized across trials, the PLV value is
close to 1 while it is close to 0 when there is no synchronization. In order to test for
statistical significance, a surrogate data is built by shuffling the data from one elec-
trode, and the two sets of PLV from the real and surrogate data are compared. This
step allows to discard false positives due to background synchronous activity. This
method is intended for event related paradigms where time-locked events are under
study. Hence it cannot be used for steady state responses. Two related techniques
have been proposed, the first one is the Empirical Mode Decomposition phase lock-
ing analysis [152] and used the EMD to extract the phases of the signals, the second
one is coined mean phase coherence [153] and is similar to the phase locking value
albeit that it uses the Hilbert transform to extract the instantaneous phase and am-
plitudes and the average is made over time instead that over the trials at a given
time point. It is suggested that the use of wavelet or Hilbert transform is not a crit-
ical choice and both can be used with similar results [139]. The phase locking value
and the mean phase coherence can take values between 0 (no synchronization) and 1
(perfect synchronization). These two methods provide a more specific connectivity
measure than coherence, as they only use phase as a measure of synchrony. How-
ever they require the signal to be first bandpassed into narrow frequency ranges
using filters that do not alter the phase. They are not adequate to study broadband
synchronizations. Furthermore they do not answer neither the volume conduction
problem nor the reference problem.

4.3.1.3 Imaginary part of coherency (IC)

Reducing the impact of volume conduction is the aim of the measure proposed
by Nolte and colleagues [54]. They introduced a modified measure of coherence that
only takes into account the imaginary part of the coherency (IC). The motivation
under this choice is that the volume conductions are instantaneous i.e. zero-lagged,
in consequence of which they only contribute to the real part of coherency. Therefore
keeping solely the imaginary part of coherency grants that the measured synchronies
are a reflexion of true brain interactions. The drawback however is that some neural
information which is also zero-lagged might be lost in the process of removing the
real part of coherency. The IC can be computed by taking the imaginary part of Eq.
4.17:

IC =

〈
Ax Ay sin(∆φ)

〉√
A2

x A2
y

(4.22)
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One additional benefit of IC over standard coherence is that it is asymmetric. Hence
it provides an additional information on which region of the brain is driving another.
Differences between coherence and imaginary part of coherency are illustrated in
figure 4.1 for the alpha band of a healthy subject at rest. The large circle represents
the head and the triangle represents the nose. Each smaller circle is positioned at an
electrode location and displays the values of coherence between the current electrode
(represented by the dot inside the circle) and all the other electrodes. The effect of
volume conduction is easily seen for the coherence measurements as the values are
arbitrarily high and they decrease with electrode distance. However measures with
the imaginary part of coherency appear more interpretable and allow long range
synchronies. Indeed, frontal electrodes can have the highest connectivity value with
posterior electrodes. IC is used in chapter 6 to find differences in connectivity be-
tween VS/UWS and MCS patients.

Figure 4.1 Resting state connectivity patterns as assessed with coherence (left) and imagi-
nary part of coherency (right). The large circle represents the head and the triangle represents
the nose. Each smaller circle is positioned at an electrode location and displays the values of
coherence between the current electrode (represented by the dot inside the circle) and all the
other electrodes. The effect of volume conduction is easily seen for the coherence measure-
ments as the values are arbitrarily high and they decrease with electrode distance. However
measures with the imaginary part of coherency appear more interpretable and allow long
range synchronies. Indeed, frontal electrodes can have the highest connectivity value with
posterior electrodes. (Figures modified from [54] )

4.3.1.4 Phase Lag Index (PLI)

Another method to minimize the influence of the volume conduction is termed
the Phase Lag Index (PLI) [55]. While, the IC removes common source synchronies
by removing zero-lagged contributions, it still depends on the amplitudes which can
be contaminated. The PLI depends neither on the amplitudes nor on the amplitudes
of the phases and takes only into account non-zero lagged phase coupling. The main
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concept behind the PLI is to consider that the phase distribution of truly interacting
source should be asymmetric. This means that for a given time window, successive
phase differences between two electrode sites should be repeatedly either smaller
or greater than zero. All phases differences that center around zero should be dis-
carded. Mathematically this translates in the following equation:

PLI = 〈sign[∆φ(tk)]〉 (4.23)

The PLI is the mean of the sign of successive phase differences. It is comprised
between 0 (no coupling or coupling with a 0 mod π phase difference) and 1 (perfect
coupling). The directionality of the coupling can be obtained if we don’t take the
absolute value of the PLI. The interpretation of the PLI is straightforward, two re-
gions are perfectly coupled if one region is constantly in phase advance or in phase
delay with another region. Two regions with constant but 0 mod π phase delays are
not considered as coupled. Similarly to the IC, while removing an important part
of artificial coupling due to common sources, the PLI might also remove true brain
interactions. The PLI is used in chapter 6 to find differences in connectivity between
VS/UWS and MCS patients.

4.3.1.5 Partial directed coherence

All the connectivity measures introduced until now only considered coupling
between pairs of electrodes. Using MVAR modelling gives access to the covariance
structure of all available channels. This is particularly useful when the coupling
between two channels is driven by a third signal, hence it provides a better under-
standing of the observed coupling. A multichannel simultaneous coupling analysis
will provide a different but sounder overview of the network then pair by pair anal-
ysis [154].The PDC is obtained by transforming the time domain MVAR representa-
tion of a signal (see eq. 4.9) to the frequency domain:

S( f ) = H( f )∑ HH( f ) (4.24)

where ∑ is the noise covariance matrix, H( f ) is the transfer function matrix and
HH( f ) is the hermitian transpose of the transfer matrix. The transfer function is
obtained from the Fourier transform of the coefficient matrix A : H( f ) = A( f ) =

[I−A( f )]−1. Let ai,j be the i, jth element of A, then the PDC measure from the signal
at electrode j to the signal at electrode i is defined as :

PDC( f ) =
ai,j( f )√

aH
j ( f )aj( f )

(4.25)

Therefore the PDC from signal j to signal i is the relative coupling strength of signal
j to signal i compared to all the connections of signal j with other signals at all the
other electrode locations [155] [156].
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4.3.1.6 Directed transfer function

The directed transfer function is slightly different than the PDC as it is based on
the elements of the transfer matrix H:

DTF( f ) =
Hi,j( f )√

hj H( f )hj( f )
(4.26)

The DTF is computationally more expensive as it requires a supplementary matrix
inversion. While the PDC normalizes the connection strength with respect to all
outflow connections, the DTF normalizes the connection strength with regard to all
inflow connections [157] [158].

The PDC and DTF when computed as above provide spectral connectivity esti-
mations of stationary signal and thus cannot track changes in the EEG as they arrive.
This limitation can be overcome by using adaptive MVAR modelling [159].

4.3.2 Effective connectivity

In this section, we will introduce dynamic causal modelling for electrophysio-
logical measurements. DCM was first introduced for fMRI in 2003 [160] and since
then has been adapted for EEG/MEG for different settings such as event related po-
tentials [161], steady state response [162] or induced response [163]. DCM aims at
finding the model that best explains a given set of data using Bayesian model selec-
tion. Once a model has been chosen, parameter estimation of the selected model can
inform differences between conditions. Models consist in interacting cortical sources
located in different regions of the brain. In most DCM studies a cortical source fol-
lows Jansen’s and Rit model [164] consisting of three layers of cell : inhibitory cells in
agranular layers, excitatory spiny cells in granular layers and excitatory pyramidal
cells in agranular layers. These three layers communicate between them via intrinsic
connections. A cortical source communicates with other cortical sources via extrin-
sic connections. There are three types of extrinsic connections, forward, backward
and lateral. Forward (or bottom-up) connections originate from agranular pyrami-
dal cells and connect to the spiny cells in granular layers. Backward (or top down)
connections connect excitatory pyramidal cells from agranular layers to excitatory or
inhibitory cells from agranular layers. Finally lateral connections originate from ex-
citatory pyramidal cells and connect to any other layer. Connections are illustrated
in figure 4.3.

Neural Model Each subpopulation of neurons inside a column can be viewed as a
block where two operations take place : first p(t), the average pulse density of action
potentials incoming from other subpopulations are transformed to an average post
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synaptic membrane potential, v(t), which is in turn transformed through a second
operation into an average pulse density fired by the neurons of the studied subpop-
ulation. These two steps are enumerated hereunder :

1. The first operation is achieved by a convolution of a parameterized impulse
response function he/i(t) and the arriving input u(t):

v(t) = he/i(t)⊗ p(t) (4.27)

The impulse response function he/i(t) either models an inhibitory synapse (hi)
or a excitatory synapse (he):

he/i(t) = He/iκe/it exp(−tκe/i) (4.28)

where H determines the maximum amplitude of the excitatory or inhibitory
post synaptic potential and κ are the rate constants. The first operation ex-
pressing transfers occurring at the synaptic junction leads to a second order
differential equation of the form:

v̈(t) = He/iκe/iu(t)− 2κe/i v̇(t)− κ2
e/iv(t) (4.29)

which can be rewritten in state space :

v̇t = x(t)

ẋt = He/iκe/iu(t)− 2κe/ix(t)− κ2
e/iv(t)

(4.30)

2. The second operation is non linear since neurons "fire" action potentials only
when the post-synaptic membrane potential reaches a threshold ( cfr. section
2.2.1). This operation is represented by a sigmoid function :

S(v) =
1

1 + exp(−ρ1(v− ρ2))
− 1

1 + exp(ρ1ρ2)
(4.31)

where ρ1 and ρ2 determine the firing threshold and the slope of the curve.

By generalizing Eq. 4.30 to the cortical source of Jansen and Rit [164] described
above, the following equations are obtained for each of the three subpopulation:

1. Membrane potentials of inhibitory cells (v7) in supragranular layers are driven
by 1) excitatory postsynaptic potentials from pyramidal cells in infragaranular
layers mediated by coupling strengths γ3, (intrinsic connection) AB, (backward
connection) and AL (lateral connection). 2) recurrent inhibitory input from the
inhibitory population itself mediated by a coupling strength γ5 . Hence the
state of this subpopulation is the membrane potential v7 and the inputs are the
action potentials S(v6) and S(v7):
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Figure 4.2 Left: the synaptic impulse function, when convolved with firing rate it produces
postsynaptic potentials. Right : Sigmoid function which transforms post synaptic potentials
to firing rates(Figures modified from [165] )

v̇4 = i4

i̇4 = κeHe(AB + AL + γ3)S(v6)− 2κei4 − κ2
e v4

v̇5 = i5

i̇5 = κi Hiγ5S(v7)− 2κii5 − κ2
i v5

v̇7 = i4 − i5

(4.32)

2. The macro column receives exogenous input (u) at the excitatory spiny cell
population. Membrane potentials of excitatory spiny cells (v1) in granular lay-
ers are driven by the exogenous input and excitatory postsynaptic potentials
from pyramidal cells in infragaranular layers mediated by coupling strength
γ1:

v̇1 = i1

i̇1 = κeHe(γ1S(v6) + u)− 2κei1 − κ2
e v1

(4.33)

3. Excitatory pyramidal cells in infragranular layers are driven by: 1) action po-
tentials from excitatory spiny cells (S(v1)) through a connection mediated by
γ1 and by backward and lateral connections mediated by AB and AL from
pyramidal cells of other columns. 2) inhibitory inputs (S(v7)) from interneu-
rons mediated by γ4

v̇2 = i2

i̇2 = κeHe((AB + AL)S(v6) + γ2S(v1))− 2κei2 − κ2
e v2

v̇3 = i3

i̇3 = κi Hiγ4S(v7)− 2κii3 − κ2
i v3

v̇6 = i2 − i3

(4.34)
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These equations can be resumed in a state-space formulation:

ẋ = f (x) + Bu

y = Cx + Du
(4.35)

As stated in section 2.4, pyramidal neurons are the main EEG generators, hence
the output y of our state-space formulation corresponds to the membrane po-
tential of pyramidal neurons (v6). The hidden variables are included in x
(v1, v2, v3, v4, v5, v6, v7, i1, i2, i3, i4, i5). From this point we are only interested in a
steady state response DCM applied on resting state data as used in chapter 5. The
non linear part f (x) in Eq. (4.35) is due to the sigmoid function. If we consider
the system’s dynamic behavior around a specific operating point corresponding to
S(0)=0, the mean firing rate is zero when the membrane potential is zero. Hence the
states have resting values x0 of zero. The dynamics around this point depend on the
slope of S(0):

δS(0)
δv

=
ρ1 exp ρ1ρ2

(1 + exp ρ1ρ2)2 = g (4.36)

where g is coined the sigmoid gain. We can now linearize (4.35):

ẋ = Ax + Bu

y = Cx + Du
(4.37)

We can obtain the system transfer function with the Laplace Transform:

sX(s) = AX(s) + BU(s)

Y(s) = CX(s) + DU(s)
(4.38)

which leads to:
X(s) = (sI − A)−1BU(s)

Y(s) = H(s)U(s)
(4.39)

with
H(s) = C(sI − A)−1B + D (4.40)

Evaluating at s = jω gives the frequency output of the system. Given that the cross-
spectrum for two signals i and j is defined as Sij = YiYj and that inputs to the system
are seen by both sources, we can write the output cross-spectral density as

Sij = Hi H∗j |Uj| (4.41)

Model inversion The equations described above provide a generative model of
cross spectral features of local field potentials. To invert the model it is necessary
to obtain cross-spectral features from the data. This is achieved by using parametric
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Figure 4.3 Illustration of the different types of connection. First intrinsic connections allow
communication inside a cortical column between the three subpopulation of cells. Second,
cortical columns can communicate between each other via three types of extrinsic connec-
tions. Forward (or bottom-up) (in red continuous lines) connections originate from agranular
pyramidal cells and connect to the spiny cells in granular layers. Backward (or top down con-
nections) (in blue dashed lines) connect excitatory pyramidal cells from agranular layers to
excitatory or inhibitory cells from agranular layers. Lateral connections (in black dotted lines)
originate from excitatory pyramidal cells and connect to any other layer.
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modelling as described in section (4.2.5). Let gy be the cross-spectral density es-
timated from the data and ϑ the unknown parameters of model m. Inverting the
model requires to estimate the conditional density p(ϑ|gy, m) which can be achieved
through variational Bayes as described in Friston et al. 2007 [166]. Variational Bayes
approximates the conditional density p(ϑ|gy, m) of some model parameters ϑ, given
a model m and data gy. Furthermore, it provides the evidence of the model p(gy|m).
The conditional density is approximated by the variational density q(ϑ) obtained by
maximizing the free energy F defined as follows:

ln p(gy, m) = F + D(q(ϑ)||p(ϑ)||gy, m)

F = 〈L(ϑ)〉q − 〈ln (q(ϑ)))〉q
L = ln p(gy, ϑ)

(4.42)

where 〈L(ϑ)〉q is the expected energy and − 〈ln (q(ϑ)))〉q is the entropy. The log
evidence p(gy, m) is used for model selection.

4.3.3 Discussion

Functional connectivity measures are useful when there are no possible assump-
tions on what neuronal mechanisms caused the observed data. Standard coherence
measurements are widely used in clinical studies [167] [35] [168] [169] [170], they
require careful interpretation as they do not necessarily represent true neuronal con-
nectivity but artificial connectivity caused by volume conduction and the reference.
Specific methods have been developed in an attempt to avoid these pitfalls. Mea-
sures such as the IC and the PLI are not affected by the volume conduction problem
but they might remove non zero lagged neuronal information. When recording at
multiple electrodes site, it is recommended to use PDC or DTF as they take into ac-
count all the signals simultaneously instead then two by two [171] [172]. When a
specific assumption can be made on the observed data, models of underlying neu-
ronal mechanisms can be used to assess effective connectivity between neuronal as-
semblies. This can be achieved with DCM.

4.4 Inverse problems

There are plenty of occurrences of inverse problems in nature. For example, the
study of seismic activity with seismographs (surface activity) allows to measure with
precision the location of the epicenter of an earthquake. Similarly, measuring the
electrical activity of the brain with electrodes placed on the surface of the scalp can
lead to measures of the entire brain volume. The first attempts to describe the rela-
tion between surface voltages and dipoles date from the early 1950s with a forward
interpretation by Wilson and Bayley [173]. Their article derived the electric field
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produced by a dipole inside a sphere. This contribution paved the way to the first
attempts to compute an inverse solution from the scalp measurements. These first
attempts consisted in computing the localization and strength of a single dipole (a
moving dipole) [174] from the scalp measurements. This was also done by Schnei-
der in his PhD thesis [175] and described in an article published in IEEE transactions
on biomedical engineering [176]. These simple models were used to identify neu-
ral sources that accounts for evoked potentials, for example, in [177], the authors
identify one or a few equivalent dipoles responsible for visual evoked potentials.
Although they acknowledge the fact that these representations may have no rela-
tionship with physiological processes underway, they show the feasibility of such
reconstructions. Spherical models were used until 1987 when [178] described a re-
alistic head model based on the Boundary Element Method (BEM). Tested with a
single moving dipole solution, it proved to be more accurate than a spherical model.
A few years later Cuffin [179] built 3 realistic head models based on modern imaging
techniques such as MRI on three subjects. Once more these models proved to offer
better localization accuracies. Until then, only localization of a limited number of
dipoles had been studied, this limitation was overcome with the paper by Pascual-
Marqui et al. [180] introducing a distributed linear inverse solution that computes a
current distribution throughout the brain volume. The following decade foresaw a
full palette of different techniques for improving, the head model, the localization
of limited dipoles and imaging techniques with distributed models. In the follow-
ing section we will describe briefly the forward model of EEG generation and how
sources are reconstructed.

4.4.1 Head models and the forward problem

Head models can have ranging complexities. Depending on the application and
on availability of the subject’s MRI data, one can use simple models consisting on
one to four concentric spheres or realistic head models based on the MRI images of
the subject’s head and brain. Once the source space has been defined, a lead field
matrix needs to be computed. The lead field matrix is the operator which transforms
the current at the source level to scalp potentials value. It is obtained by solving the
quasi static approximation of the Maxwell’s equation taking into account regions
with different conductivities of the brain. The forward model is then given by :

e = Lj + ν (4.43)

Where e is the data vector at a given time of size m, L a m × n matrix is the lead
field, j are the n sources and ν some additive noise. The inverse problem is ill-posed
since the source space is between 10 and 1000 times bigger then the scalp space.
Therefore, at one time instant, different configurations of sources can explain the
measured potential at the scalp surface.
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4.4.2 Inverse solutions

There are two main families of inverse solutions. Parametric methods assume
that a limited number of dipoles are active at the same time. The goal of these meth-
ods is to find the location, orientation and amplitude of the limited number of active
dipoles. The second family of inverse methods are coined imaging or distributed
methods since their aim is to represent the entire brain activity with distributed
sources throughout the brain volume. In imaging methods, the location of dipoles
is fixed but not their location and amplitude. Dipoles located in the gray matter can
have a restricted orientation perpendicular to the cortex to mimic pyramidal neurons
(see section 2.4). In these cases the only unknown is the amplitude of the source. Still,
since typical imaging methods involve 10 to 1000 times more sources than electrodes,
finding the amplitude of the sources requires solving an underdetermined problem.
Hence prior assumptions on the data must be taken to favor plausible solutions. The
first proposed solution to Eq. 4.43 is the minimum norm method which favors the
solution with the minimum overall activity. It favors weak and localized surface ac-
tivity. Yet the constraint of minimum activity has no physiological validation hence
a regularization term needs to be added to input a priori information on the sources.
Such a priori can be achieved with the Tikhonov regularization problem [181]:

ĵ = minj(||e− Lj||2 + λ2||Hj||2) (4.44)

where H is the regularization matrix and λ the regularization parameter. In the
minimum norm method H is an identity matrix. Priors can be introduced in H in
order to favor regions or voxels of interest. Minimizing the right hand side of Eq.
4.44 involves setting it’s derivative to zero, which gives the following estimate ĵ:

ĵ = (LTL + λ2HTH)−1LTe (4.45)

Equation 4.44 can also be obtained through a Bayesian inference problem formu-
lation which offers also the advantage of estimating a goodness of fit of the solution.
Following Bayes rule we have:

p(j|e) = p(e|j)p(j)
p(e)

(4.46)

where p(j|e) is a posteriori probability of observing the sources j knowing the mea-
surements e. p(e|j is the likelihood, the probability of obtaining the measures e given
the source activity j p(j) is the a priori probability of having a given source distribu-
tion j. Finally p(e) is the evidence, the probability of measuring e. The evidence can
be fixed arbitrarily to 1. It is trivial to expect that the most realistic solution would
be the one with the maximum likelihood and the maximum a priori, hence also the
maximum a posteriori (MAP estimator):

ĵ = argmaxj[p(e|j)p(j)] (4.47)
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which can be rewritten using the log-likelihood:

ĵ = argminj[− ln(p(e|j))− ln(p(j))] (4.48)

To solve Eq. 4.48 we need to define the likelihood and the a priori:

� The likelihood is linked to the noise which is most often expressed as a gaus-
sian distribution with zero mean and covariance matrix Cη :

(p(e|j)) = 1√
2πCη

exp (−1
2
(e− Lj)TCη(e− Lj)) (4.49)

The log-likelihood can now be written as:

ln(p(e|j)) = 1√
2πCη

exp (−1
2
(e− Lj)TCη(e− Lj)) (4.50)

the log likelihood is then:

ln(p(e|j)) = − 1
2Ceta

||e− Lj||2 + cte (4.51)

� the a priori can also be expressed as a gaussian with zero mean and covari-
ance matrix Cj:

ln(p(j)) = − 1
2Cj
||j||2 + cte (4.52)

If we write C−1
j = σ2HTH the source estimate ĵ is given by the minimization of

the following expression:

ĵ = argminj(C−1
η ||e− Lj||2 + σ2||Hj||2) (4.53)

which leads to the following linear solution:

ĵ = (LTC−1
η L + σ2HTH)−1LTC−1

η e (4.54)

when Cη = σ2
η I we obtain the same result as in Eq. 4.45:

ĵ = (LTL + λ2HTH)−1LTe (4.55)

with λ2 = σ2
ν σ. Constraints on the solution are introduced in H:

� H = I, we obtain the minimum norm solution

� H = diag( 1
||Li ||

) compensates the small contribution of deep sources. Hence,
they receive a stronger weight which can be given by the norm of the column
of the lead field matrix [182].

� H is a laplacian matrix which imposes a smoothness constraint on the
sources hence avoiding sparse focal activity.
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� H is a diagonal matrix which elements reflect the a priori that the experi-
menter has on the source. This favors any desired source.

Interestingly, Eq. 4.55 can be partly precomputed since

pL = (LTL + λ2HTH)−1LT (4.56)

does not depend on the data, but only on the lead field and the constraint matrix.
Hence inverting incoming data at time n only requires a matrix multiplication.

In this thesis, a source reconstruction approach is used in chapter 5 and in chap-
ter 7. In chapter 5, a source reconstruction on realistic head models of 6 healthy
volunteers is achieved to find differences at the source level between wakeful state
and ketamine induced loss of consciousness. In chapter 7, the use of a four shell
approximation of the brain is studied in a BCI setting and compared to scalp-based
BCI methods.
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Part II

Applications





Electrophysiologic

correlates of ketamine

induced loss of

responsiveness

5

Essentially, all models are wrong, but some are useful 1

This chapter presents an exploratory study (under submission [183]) on neural
correlates of ketamine loss of responsiveness. Anesthetic agents provide a unique
opportunity to study correlates of consciousness on an experimental basis hence po-
tentially leading to a better understanding of brain states of patients with disorders
of consciousness.

5.1 Introduction

Ketamine is a dissociative anesthetic agent whose molecular targets are very dif-
ferent from classical hypnotics. Ketamine is seldom used in clinical settings because
of its side effects (hallucinations, out of body experiences). However it offers numer-
ous advantages, which makes it an ideal field anesthetic. Indeed, it does not require
ventilation; it can be administered in different forms and its effect can be controlled
through its dosage [184]. Furthermore reports have shown that it could work as an
antidepressant [185] and is also effective as a therapy for alcoholism [186]. Ketamine
acts as a NMDA receptor antagonist and at sub anesthetic doses has a negative ef-
fect on attention and memory [187]. Its effect on clinical EEG has been described in
the literature. After injection of Ketamine, three phases can be observed in the EEG,
in phase I, the alpha waves are suppressed, in phase II theta waves are observed
and in phase III delta waves [19]. While the increase in theta waves is well docu-
mented [188] even at sub-anesthetic doses [186], studies also report a concomitant
superimposed fast rhythm in the beta and/or gamma band. Monitoring the level of

1Box and Draper 1987
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anesthesia under ketamine with EEG features such as entropy has proven difficult
due to the high frequency component [189] [190] [191]. The influence of Ketamine on
brain metabolism has been described with Pet studies and tend to favor a hyper ac-
tivation of frontal areas [192] [193] [194], and at sub-anesthetic levels of ketamine, a
higher activity was detected in the frontal, parietal and thalamus [195]. Specific brain
processes have also been studied under ketamine such as mismatch negativity [196],
visual oddball task [197], and auditory steady state response [198]. A recent study
modelling the effect of ketamine [199] predicts an increase in theta and gamma os-
cillations. Our objectives in this prospective study were to explore resting state EEG
under ketamine at the scalp and source level and to infer effective connectivity be-
tween frontal, parietal and thalamus using Dynamic Current Modelling (DCM).

5.2 Materials and methods

5.2.1 Subjects

This study was approved by the Ethics Committee of the Faculty of Medicine of
the University of Liege, and written informed consent was obtained from all partic-
ipants. The subjects were recruited through advertisement in an internet forum and
underwent a medical history and physical examination before participating in the
study. Women were tested for pregnancy the day of the experiment (urine test) and
were asked if they were using contraception. None of the subjects had a history of
head trauma or surgery, mental illness, drug addiction, asthma, motion sickness, or
previous problems during anesthesia. All volunteers received financial compensa-
tion for inconvenience and time lost during the experiment. Subjects fasted 6 h for
solids and 2 h for liquids prior to sedation. Fifteen-minute spontaneous 60-electrode
EEG recordings (Nexstim’s eXimia TMS-compatible 60-channel EEG unit) were ac-
quired in 6 subjects (mean age (years) 24,72 ± 2,64, 2 males) in 3 different states:
normal wakefulness, LOC with clinical unconsciousness (no response to command,
Ramsay scale score 5), and recovery of consciousness. The subject was asked to
strongly squeeze the hand of the investigator. She/he was considered fully awake
or having recovered consciousness if the response to verbal command (squeeze my
hand!) was clear and strong (Ramsay 2); in sedation if the response to verbal com-
mand was clear but slow (Ramsay 3); and in LOC if there was no response to ver-
bal command (Ramsay 5-6). For each consciousness level assessment, Ramsay scale
verbal commands were repeated twice. The most comfortable supine position was
sought to avoid painful stimulation related to position
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Subject # Experience

1 Out of room experience - Did not have the impression of being in LOC -
Travelled with the anesthetic agent through the catheter

2 Spatial navigation, feelings of being immortal, traveling
in it’s own body vessels

3 Acute sensory experiences, spatial navigation and body
image (viewing itself in other rooms), feelings of enlightenment and pleasure

4 Dreamy-like stage, spatial navigation, real sensation
of beauty, body image

5 Spatial navigation, heroic fantasy-like experience

6 Spatial navigation, picturing himself as a box in chain of boxes.
Table 5.1 Subjective experience of volunteers during ketamine LOC

5.2.2 EEG

The EEG was first manually checked for bad channels exclusion, and then all
channels were high passed filtered with a cutoff frequency of 0.5 Hz before being
low-passed with a 40Hz cutoff frequency. A Butterworth filter of order 5 was used
for both filtering operations. Subsequently the EEG was down sampled to 200Hz
and re-referenced to a common average. Ocular channels were automatically in-
spected and all activity above three standard deviations was marked as artifacts.
Continuous data were epoched and windows lasting 4 seconds outside of ocular ar-
tifacts were extracted with a 50% overlap. Each epoch was then carefully inspected
and rejected if it contained remaining artifacts.

5.2.3 Source Modelling

An anatomical MRI scan was obtained for each subject and a cortical mesh of 8196
vertices was created. Electrode position was digitized to match the subject’s scalp.
Coregistration was achieved with 3 fiducials, the nose, the left and the right tragus.
A boundary element model (BEM) was used as a forward model on which the lead
field matrix was computed. The sources were reconstructed with a minimum norm
solution with smooth priors, as implemented in SPM8.

5.2.4 DCM

A dynamic causal model was used to assess the connectivity between two sources
that presented the most differences between wake and ketamine induced loss of con-
sciousness. These two sources were chosen based on statistical differences at the
source level in the theta band and were located in the superior frontal gyrus and in
the inferior parietal lobule. A steady state response DCM modelling was used to
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assess connectivity between the two regions of interest and three different models
were tested to explore the influence of the thalamus in ketamine induced loss of con-
sciousness. The first model only included the frontal and parietal source connected
by frontal and backward connections. The second model included a hidden thala-
mus connected with frontal and backward connections to the two sources. The third
model consists in two hidden thalamus modules with identical properties which are
separately connected to the two sources (cfr. figure 5.1.A). In order to perform the
bayesian model selection at the group level, we use the fixed effects assumption that
the optimal model is identical for all subjects [200]. Physiologically, this implies that
the effect of ketamine will not vary accross the subject.

Figure 5.1 A) Three models for DCM, the first one models forward and backward connec-
tions between a frontal and a parietal source. The second model includes an additional thala-
mus with forward and backward connections to the two sources. In the third one, the thala-
mus has independent connections to the two sources. B) Bayesian model selection under the
fixed effects assumption shows that model 2 is the most probable model.

5.3 Results

5.3.1 Subjective experience under ketamine induced loss of respon-

siveness

While provoking a total loss of clinical responsiveness (Ramsay scale score 5),
ketamine infusion induced in our volunteers a vivid visual and emotional mental
imagery state, combined with a total sensory disconnection from the environment
(Table 5.1). None of the subjects reported any awareness of experimental events
having occurred during the sedation. Ketamine thus induced a dissociated state
with preserved internal awareness and altered mentation combined with a total loss
of awareness of the environment.
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5.3.2 Higher amplitude of slow and fast waves in ketamine induced

loss of consciousness versus wake

During wakeful resting, the EEG of all but one subject resembles that of nor-
mal waking adults as widely acknowledged in the literature. Subjects display alpha
waves oscillations between 8-12 Hz with a higher amplitude in the posterior regions.
The mean power spectra averaged for the 6 subjects is displayed in figure 5.2.B and
the alpha peak is clearly visible and centers around 10Hz. Under ketamine, visual
inspection of the EEG reveals high amplitude slow theta waves oscillating around
5-7Hz mingled with slow waves and faster oscillations with an overall higher power
in frequencies over 30Hz. The topography of the theta waves displays a posterior
distribution with some activity in anterior regions; it is similar to the one of the al-
pha waves at rest. Finally, the EEG during recovery is less structured than during
wake. As it is displayed in figure 5.2.D the alpha peak is attenuated compared to the
rest condition before injection of ketamine. However it also displays a peak at higher
frequencies 26-29 Hz in posterior regions. In order to extract statistical differences
between the three conditions, one tail t-tests were performed. Figure 5.2.C displays
in green significant results (p<0.05). The top row shows the distribution of higher
power in rest versus ketamine condition. Significant differences are found in the
alpha band in posterior and anterior regions. The second row shows the distribu-
tion of higher power in ketamine versus wake condition. Significant differences are
found frontal posterior and occipital regions on the scalp in delta, theta and gamma
bands. Similar results are found in the Ketamine > recovery setting. Testing for
higher power in the recovery settings over wake does not yield any results.

5.3.3 Higher activation in theta parietal and frontal sources in

ketamine- induced loss of consciousness versus wake

Results at the source level follow the same line as on the scalp level. Higher acti-
vations are found in wake in occipital and parietal sources at the voxel level (p<0.05)
while during ketamine, there is an increase in theta power, and in gamma power
(p<0.05) (Figure 4). No effect is seen during recovery. At the cluster level, the supe-
rior frontal gyrus of the left hemisphere and the inferior parietal lobule of the right
hemisphere display a significant increase of theta power (p<0.001 family wise error
corrected) (Table 5.2). In the gamma band the same two sources have higher activa-
tions but they do not stand out at the cluster level (Figure 5.4).

5.3.4 Higher intrinsic frontal connectivity as assessed with DCM

Bayesian model selection under the fixed effect assumption showed that model
2 has the highest probability (cfr. figure 5.1.B). Subsequently, connections strengths
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Figure 5.2 A) EEG traces of a subject on electrode Pz in the three conditions (from top to
bottom , wake, ketamine and recovery). B) Log of power in rest (blue), ketamine (red) and
recovery (green) conditions averaged for electrode Pz. C) Significative (p<0.05) differences
(in green) for one tail t-tests assessing wake >ketamine (top), ketamine > wake (middle),
wake>recovery (down) in 5 frequency bands. D) Topographic plots in five frequency bands
for the three conditions (W,K,R)

Center of gravity NoV side lobe AS BA Cp Vp
X Y Z

Theta -28 22 50 1729 Left Frontal SPG BA8 0.001 0.027
54 -30 48 1755 Right Parietal IPL BA40 0.001 0.245
26 -2 46 810 Right Premotor MFG BA6 0.021 0.266

Table 5.2 Three clusters show significative (p<0.05 family wise error correction) increase
in theta band power during ketamine versus wake. The center of gravity (in cartesian co-
ordinates), number of voxels (NoV), side and lobe of the clusters, anatomical structure (AS),
Brodmann area (BA), cluster p-value (Cp) and voxel p-value (Vp) are indicated. The 3 clus-
ters are located in the superior frontal gyrus (SFG), the inferior parietal lobule (IPL) and the
middle frontal gyrus (MFG)
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Figure 5.3 Two sets of clusters at the source level in the theta band show higher activations
in ketamine versus wake at p<0.001 under family wise error correction. The first source is
located in a centro-parietal region of the right hemisphere (displayed on the left of the figure
with associated power spectra). The second source is located in a frontal region of the left
hemisphere (displayed on the right of the figure with associated power spectra).

Figure 5.4 Voxels with statistically higher activations (p<0.05) in the five frequency bands
and for three different statistical tests: 1) wake versus ketamine 2) ketamine versus wake 3)
wake versus recovery.
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in model 2 were examined and a higher intrinsic frontal connectivity was observed
in all six subjects (p<0.05 corrected) with an average increase of 24% in the ketamine
state compared to wake. A trend of higher connection strength in ketamine versus
wake(p<0.05 uncorrected) was also observed in the intrinsic parietal connectivity
and in the forward connection from the parietal source to the thalamus. During
recovery a drop in connection strength is observed (p<0.05 uncorrected).

Figure 5.5 Changes in intrinsic frontal, parietal and thalamus connection strengths between
wake, ketamine and recovery conditions. Statistically different conditions are marked by a
star (p<0.05) or by two stars (p<0.05 corrected for multiple comparisons).
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5.4 Discussion

5.4.1 Concomitant increase in slow (theta) and fast (gamma) os-

cillations

Ketamine-induced disconnected state was associated with an increase in theta,
high beta and gamma power originating in lateral frontal and posterior regions. Un-
derstanding the role of gamma oscillations is a recurring subject in many studies.
Gamma was associated with consciousness [201], but has also been found in anes-
thesia induced loss of consciousness with propofol [202]. In our case, it appears
that the increase of gamma oscillations in lateral cortex is linked to impaired cortical
function, since it is associated with loss of external awareness.

5.4.2 Intra-frontal cortical loop

Dynamical causal modelling analyses suggested an instrisic mechanism for ex-
plaining these changes in power spectrum. Increased intrinsic connectivity in the
frontal cortex matches previous findings showing increased metabolism in frontal
regions [194] [193] during ketamine infusion as compared to wakefulness. Inter-
estingly, this differs from a study using propofol where thalamus was involved in
mild sedation. This suggests that loss of consciousness can be triggered by differ-
ent mechanisms. It has been demonstrated that gamma oscillations are produced by
fast spiking cells while activation of pyramidal neurons only triggers low frequency
oscillations [203]. The observed concomitant increase in slow and fast oscillations
would therefore be due to the activation of two distinct cell types. More complex
DCM models could differentiate that. DCM models specifically designed to pin-
point the effect of ketamine on NMDA receptors might give better insights on the
biophysical mechanisms underlying this frontal intrinsic excitability [204].

5.5 Conclusion

Ketamine sedation induced a total disconnection from the environment, paired
with preserved dream-like mentation (internal content). In line with this phe-
nomenon, source reconstruction results revealed that ketamine preferentially altered
oscillatory activity in lateral frontoparietal cortices (involved in ’external’ aware-
ness) [205], while default network function (involved in ’internal’ awareness) was
relatively preserved. Our DCM findings corroborate previous studies showing in-
crease in metabolism in frontal regions [194] [192] during ketamine infusion as com-
pared to wakefulness. Interestingly, in contrast to results previously obtained dur-
ing propofol-induced loss of consciousness [206], ketamine-induced power spectral
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changes and decrease in responsiveness seem not to involve changes in thalamo-
cortical interactions, but rather to be linked to an intra-cortical action mechanism.
Further studies should include a larger population and use more specifically de-
signed DCM models.
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It is important to distinguish patients in MCS from those in coma and VS/UWS because
preliminary findings suggest that there are meaningful differences in outcome.1

This chapter presents results published in Functional Neurology [39]. The aim of
this study was to look for differences in the power spectra and in EEG connectiv-
ity measures between patients in the vegetative state (VS/UWS) and patients in the
minimally conscious state (MCS). We showed that (VS/UWS) patients had increased
delta power but decreased alpha power compared with the MCS patients. Connec-
tivity measures revealed that patients in the VS/UWS state had significantly lower
connectivity than MCS patients in the theta and alpha bands. This study demon-
strates that standard EEG recorded in clinical conditions could be used as a tool to
help the clinician in the diagnosis of disorders of consciousness.

6.1 Introduction

Patients emerging from coma can go through varying states of consciousness.
The vegetative state / unresponsive wakefulness syndrome (VS/UWS) [5] is charac-
terized by wakefulness but absence of both self and environmental awareness [207]
’The minimally conscious state (MCS) is a condition of severely altered conscious-
ness in which minimal but definite behavioral evidence of self or environmental
awareness is demonstrated’ [8] The importance of a correct diagnosis of these two

1J.T. Giacino et al. [8]



72
Chapter 6. Differences between VS/UWS and MCS patients from an EEG connectivity

and EEG spectral power viewpoint

states is two-fold. First, MCS have better recovery chances than VS/UWS patients
[208]. Secondly, different treatments are needed depending on the state of the pa-
tient. In clinical practice, several scales [209] are used to evaluate the state of con-
sciousness of a patient based on behavioral reactions to different stimuli. The Glas-
gow coma scale [210] is widely used however recent studies show that for chronic
patients, more advanced scales such as the coma recovery scale revised (CRS-R) [9]
improves considerably the diagnosis of patients emerging from coma [10]. Still, bed-
side evaluation is difficult, requires expertise and can be dependent to the subjectiv-
ity of the assessor. Thus, an automated method providing a paraclinical measure al-
lowing a correct diagnosis of VS/UWS and MCS patients would prove helpful [90].
Several steps have been achieved towards this goal using external stimulations in
passive and active paradigms with different imaging and neurophysiologic tools.
Studies based on passive stimulation have shown that MCS patients have bigger and
wider activations than VS/UWS patients [211], [212], [89], [86], [76]. Still VS/UWS
patients can also display significant activations showing that they retain some is-
lands of preserved cognitive function [213]. Proof of higher level cognitive function
can be assessed with active stimulation [214], [215], [98] but in this case the absence
of activation is not a proof of absence of cognitive function as it is not possible to
know if the patient tried to achieve the task or not. Hence, researchers are exploring
resting-state activity, which is stimulus independent and therefore does not depend
on the reaction of the patient. One step has been achieved toward this goal using
the bi-spectral index, which was found lower for VS/UWS patients than for MCS
patients [45]. These results are promising, still they only provide a general measure
but no physiological details, thus a logical step forward would be to identify more
precisely correlates of consciousness in the EEG signal.

The objective of this study is to investigate the possible differences in low-density
EEG of MCS and VS/UWS patients recorded in resting state conditions. In the fol-
lowing, we present demographic and clinical data, the pre-processing steps and the
studied electrode montages. Three main results are presented, the comparison be-
tween MCS and VS/UWS, the etiology analysis and the longitudinal analysis.

6.2 Materials and Methods

We prospectively studied 31 brain-damaged patients with disorders of conscious-
ness (DOC). Patients were free of sedative drugs at the time of the recording. Three
MCS patients were excluded due to movement or ocular artifacts (only patients
showing at least 10 artifact-free 4 second-epochs were included). We assessed the
effect of time, comparing 15 patients studied in the acute/subacute phase (i.e., <3
months post-injury) and 13 patients studied in the chronic phase. The effect of eti-
ology was assessed by comparing the 15 non-traumatic with 13 traumatic patients.
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Finally, the influence of clinical diagnosis compared the 18 MCS (15 males, aged 39±
11 years; 10 chronic (>3 months post-injury); 8 non-traumatic) with the 10 VS/UWS
patients (6 males, 50 ± 13 years; 5 chronic; 8 non-traumatic). The study was ap-
proved by the Ethics Committee of the Medical School of the University of Liege.
Informed consent was obtained from the legal surrogate of the patients. All the
patients were evaluated in the University hospital of Liege, Liege, Belgium. The
diagnosis of patients was based on repeated Coma Recovery Scale - Revised assess-
ments [216]. Table 6.1 shows clinical and demographic data.

Fifteen minutes of EEG were recorded in resting state conditions at 500Hz sam-
pling rate using a Vamp amplifier (Brain Products GmbH, Munich, Germany). Ten
cephalic EEG recording (using the 10-20 positioning system Fz, F3, F4, Cz, C3, C4,
Pz, P3, P4, Oz; referenced to the nose) and 2 electrooculogram (EOG) and chin elec-
tromyography (EMG) were obtained. EEG recordings were visually inspected for
artifact removal using the FASsT toolbox [217] and band-passed into three frequency
bands: delta [0.5-4Hz], theta [4-8Hz], alpha [8-12Hz], using a first-order Butterworth
filter. A low-order filter was chosen to minimize phase distortions due to filtering.
Artifact-free epochs lasting at least 4 seconds were extracted and power spectra, co-
herence, imaginary part of coherency [54] and phase lag index [55] were computed
for each epoch and next averaged over all data for each subject and for different
combinations of electrodes. Power spectra of EEG and EMG were computed for
each epoch with a frequency resolution of 1Hz. The average power spectra were
then taken over all the epochs for each subject and for each frequency band. A
multitaper method [218] was used with 7 discrete prolate spheroidal sequences as
data tapers. Relative power values were obtained for each band by computing the
fraction of power at each band divided by the sum of power across 1-48 Hz. We cal-
culated mean relative power spectra for frontal (i.e., F3 C3 P3), posterior (F4 C4 P4),
left-hemisphere (F3 C3 P3) and right hemisphere (F4 C4 P4) derivations. Connectiv-
ity studies measured coherence (C), imaginary part of coherency (IC) [54] and phase
lag index (PLI) [55] as described in section 4.3.1. These measures were computed
for each epoch (values were next averaged over all epochs) for each frequency band
and for each subject. All three connectivity measures were bounded between 0 (no
connectivity) and 1 (total connectivity). The aim of using the IC and the PLI was to
diminish the influence of common sources due to the volume conduction effect [34]
(see sections 4.3.1.3 and 4.3.1.4).

For connectivity assessments, data were analyzed with four constructed bipo-
lar montages, avoiding influence of the reference, assessing (i) left-right inter-
hemispheric (employing F3 C3 P3, F4 C4 P4), (ii) front-to-back (i.e., F3 Fz F4,P3 Pz
P4) and (iii) left-hemisphere (F3,C3,P3) and (iv) right hemisphere (F4,C4,P4). Av-
erage connectivity values were computed on all these subsets for the different fre-
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State n◦ Age G CRS-R Etio ISI AfS VfS Mfs OfS CS AS

VS 1 62 M 6 A 260 AS N FW ORM N Eo
2 35 F 7 A 125 AS BtT FW ORM N Eo
3 45 F 4 CVA 77 AS N AP V N Eo
4 47 M 3 A 7 AS N N ORM N EoWS
5 54 M 4 A 169 AS N AP ORM N EoWS
6 61 M 4 E 16 AS N FW ORM N EoWS
7 37 M 7 A 262 AS F AP ORM N Eo
8 31 M 3 T 184 N N AP ORM N Eo
9 69 F 3 T 8 AS N AP ORM N EoWS
10 61 F 5 A 34 N N FW ORM N Eo

MCS 11 28 M 11 T 2299 RMC VP FW ORM N Eo
12 31 M 11 A 604 AS VP AP V N Eo
13 28 F 11 T 800 RMC VP FW V N Eo
14 48 M 18 CVA 43 RMC OR AMR V NF Eo
15 35 M 9 T 8602 AS VP FW V N Eo
16 62 M 8 T 66 N PEM FW ORM N Eo
17 31 F 11 CVA 44 LtS PEM FW V N Eo
18 36 M 6 T 340 N VP N ORM N Eo
19 48 M 14 T 16 RMC VS LNS IV F Eo
20 24 M 8 T 71 N VP FW ORM N Eo
21 46 M 21 CVA 569 CMC OR AMR IV NfI A
22 24 M 8 T 318 RMC VP FW ORM N Eo
23 41 M 12 A 47 RMC VP N V NfI Eo
24 37 M 11 T 128 RMC VP FW ORM N Eo
25 38 M 10 A 4542 N VP AMR ORM N Eo
26 44 F 10 CVA 80 AS VP FW V N Eo
27 58 M 9 T 56 AS VP FW ORM N Eo
28 35 M 14 T 24 RMC VP OM V N Eo
29 53 F 12 T 80 RMC VP FW ORM NfI Eo
30 42 F 15 CVA 23 RMC VP FW ORM NfI Eo
31 21 F 10 T 743 AS VP FW V N Eo

Table 6.1 Demographic and clinical information encompassing age (years), gender (G),
coma recovery scale - revised total score (CRS-R), Etiology (Etio; A=anoxic; T=traumatic;
CVA=cerebrovascular accident; E=encephalitis), interval since insult (ISI : in days), Auditory
function Scale (AfS; CMC = consistent movement to command; RMC=reproducible move-
ment to command; LtS = Localization to Sound; AS=auditory startle ; N = none), Visual func-
tion Scale (VfS; OR = object recognition; VR = Visual Pursuit; F = fixation; BtT=blink to threat),
Motor function Scale (MfS; AMR = automatic motor response; OM = object manipulation; FW
= flexion withdrawal; AP = abnormal posturing; N = none), Oromotor/Verbal function Scale
(OfS; IV = intelligible verbalization; V = vocalization ; ORM = oral reflexive movement), Com-
munication Scale (CS; NfI = non functional : intentional; N = none) and Arousal Scale (AS; A
= attention; Eo = eye opening without stimulation; EoWS = Eye opening with stimulation).
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quency bands. Averages were made for all relevant connections. Bipolar montages
are illustrated in figure 1.

Figure 6.1 Bipolar montages representation for inter-hemispheric, front to back connectivity
(top left and top right figures) and for connectivity in left and right hemispheres (bottom left
and right figures).

Statistical analyses were performed in Matlab R2007b (MATLAB version 7.5 Nat-
ick, Massachusetts: The MathWorks Inc., 2007). Permutation testing (10000 per-
mutations) compared relative power spectra for frontal, posterior, left and right
averaged electrodes and connectivity measures for back-to-front, left-right inter-
hemispheric, left-hemisphere and right-hemisphere montages, looking for the effect
of time (acute/subacute vs chronic), etiology (traumatic vs non-traumatic) and di-
agnosis (MCS vs VS/UWS). Since most of the VS/UWS patients are non traumatic,
the effect of etiology is only assessed on MCS patients. Results were thresholded for
significance at p<0.05 and corrected for multiple comparisons.

6.3 Results

Relative power spectra were higher in VS/UWS patients as compared to MCS
patients in the delta band in all electrodes. There was a marked difference in right
hemisphere electrodes (0.223 +/- 0.04; 0.165 +/- 0.07; p<0.05**). Relative power
spectra were higher in MCS patients as compared to VS/UWS patients in the al-
pha band for all electrodes with a marked difference in right hemisphere electrodes
(0.0173 +/- 0.007; 0.0106 +/- 0.006; p<0.05 **). None of the frequency bands in
EEG and EMG showed any difference between acute/subacute DOC patients and
chronic patients. No differences were found between traumatic and non-traumatic
DOC patients. Connectivity measures (C, IC and PLI) showed no differences be-
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tween acute/subacute and chronic DOC patients and between traumatic and non-
traumatic etiology. Connectivity assessments based on classical coherence showed
no difference between diagnostic groups for any frequency band. There was a higher
front to back connectivity in MCS as compared to VS/UWS groups in the theta band
as measured by the PLI (0.127 +/- 0.03; 0.103 +/- 0.03; p<0.05 **) and the IC (0.134 +/-
0.02; 0.108 +/- 0.03; p<0.05 **). The PLI also identified a higher alpha connectivity
between hemispheres (0.0995 +/- 0.01; 0.0869 +/- 0.009; p<0.05 **). An illustration of
the power and connectivity results is given in figure 6.2.

**

**

*

*

*

Figure 6.2 Power spectra (at Back location), coherence, imaginary part of coherence and
phase lag index (of the left hemisphere) in patients in minimally conscious state (MCS; n=18;
in black) and vegetative/unresponsive state (VS/UWS; n=10; in white). Values are means and
standard deviations. * uncorrected p < 0.05 ; ** p < 0.05 corrected for multiple comparisons.

6.4 Conclusion

Quantitative analysis of the EEG of 28 DOC patient revealed that the relative
power in the delta band is higher for the VS/UWS group than for the MCS group.
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PLI IC

MCS VS sig MCS VS sig
Inter Hemisphere

Delta 0.133 +/- 0.02 0.151 +/- 0.04 - 0.138 +/- 0.02 0.149 +/- 0.02 -
Theta 0.108 +/- 0.02 0.108 +/- 0.03 - 0.118 +/- 0.02 0.111 +/- 0.02 -
Alpha 0.0995 +/- 0.01 0.0869 +/- 0.009 ** 0.114 +/- 0.02 0.0994 +/- 0.01 *

Front to Back
Delta 0.144 +/- 0.02 0.133 +/- 0.03 - 0.147 +/- 0.02 0.127 +/- 0.03 *
Theta 0.127 +/- 0.03 0.103 +/- 0.03 ** 0.134 +/- 0.02 0.108 +/- 0.03 **
Alpha 0.101 +/- 0.02 0.0918 +/- 0.03 - 0.114 +/- 0.01 0.103 +/- 0.03 -

Left Hemisphere
Delta 0.155 +/- 0.03 0.155 +/- 0.03 - 0.137 +/- 0.02 0.122 +/- 0.03 *
Theta 0.136 +/- 0.03 0.113 +/- 0.02 * 0.12 +/- 0.03 0.1 +/- 0.02 *
Alpha 0.114 +/- 0.02 0.1 +/- 0.02 * 0.107 +/- 0.01 0.0971 +/- 0.02 -

Right Hemisphere
Delta 0.158 +/- 0.03 0.157 +/- 0.03 - 0.128 +/- 0.01 0.121 +/- 0.02 -
Theta 0.135 +/- 0.03 0.124 +/- 0.03 - 0.114 +/- 0.02 0.104 +/- 0.02 -
Alpha 0.114 +/- 0.02 0.104 +/- 0.03 - 0.103 +/- 0.02 0.0966 +/- 0.02 -

Table 6.2 Connectivity comparisons between MCS and VS/UWS. Values are means and
standard deviations of the phase lag index and imaginary part of coherency in three frequency
bands (delta, theta, alpha) for all bipolar montages (inter-hemisphere, front to back, left and
right hemisphere). * uncorrected p < 0.05 ; ** p < 0.05 corrected for multiple comparisons.

However a drop in alpha power is observed in VS/UWS patients compared to MCS
patients. Connectivity measurements showed that MCS patients had a better con-
nected network in the theta and in the alpha band. No differences were found in
the acute/chronic or in the trauma /non trauma patients. However, both of these
results are subject to limitations. Indeed the etiology study only compared MCS pa-
tients since the VS/UWS group had unbalanced etiologies (80% non traumatic). It
should also be stressed that the study on the effect of time looked for between-patient
variability and not for within-patient changes in the acute and subacute phase. Fur-
ther longitudinal studies should aim to quantify the temporal dynamics of the EEG
changes and neuronal plasticity in the recovery of consciousness after coma and re-
lated disorders. The results based on the relative power in the delta band are in line
with a previous study [38] which compared a group of MCS patients and patients
with severe neurocognitive disorders (SND) showing that the power in the delta
band increased with the severity of the disorder while it decreased in higher fre-
quency bands. VS/UWS patients thus have a more important slowing of the brain
electrical activity than MCS. Such observations have already been acknowledged
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Comparison MCS-VS

MCS VS sig
Front
Delta 0.172 +/- 0.07 0.22 +/- 0.04 *
Theta 0.0523 +/- 0.02 0.0412 +/- 0.03 -
Alpha 0.0142 +/- 0.005 0.011 +/- 0.006 -

Back
Delta 0.171 +/- 0.06 0.224 +/- 0.04 *
Theta 0.0648 +/- 0.03 0.0435 +/- 0.03 *
Alpha 0.0176 +/- 0.008 0.0115 +/- 0.005 *

Left Hemisphere
Delta 0.173 +/- 0.07 0.221 +/- 0.04 *
Theta 0.0589 +/- 0.03 0.0409 +/- 0.03 -
Alpha 0.0154 +/- 0.007 0.0109 +/- 0.005 *

Right Hemisphere
Delta 0.165 +/- 0.07 0.223 +/- 0.04 **
Theta 0.058 +/- 0.02 0.0409 +/- 0.03 *
Alpha 0.0173 +/- 0.007 0.0106 +/- 0.006 **

EMG
Delta 0.113 +/- 0.08 0.0848 +/- 0.09 -
Theta 0.0348 +/- 0.02 0.0272 +/- 0.02 -
Alpha 0.0166 +/- 0.01 0.0211 +/- 0.01 -

Table 6.3 Power spectra and significance between MCS and VS/UWS in front, back, left and
right hemisphere and EMG. Values are means and standard deviations. * uncorrected p < 0.05
; ** p < 0.05 corrected for multiple comparisons.
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by clinical EEG inspection [17] [219], and delta activity is known to be a malig-
nant pattern in VS/UWS [86]. Furthermore, EEG connectivity showed that MCS
patients have better connected networks than VS/UWS. This result goes in the same
direction as a recent study which stated that SND patients consistently displayed a
higher number of connections than MCS patients [56] thus the level of connectivity
could be related to the severity of the disorder. It is interesting to note that theta
and alpha connectivity in MCS have different locations. This finding should be fur-
ther investigated but it could be due to the limited number of electrodes (i.e., inter-
hemisphere and front to back bipolar montages share four out of six electrodes). A
previous study reported that EEG could be used to diagnose DOC patients using the
bi-spectral index [45], which is originally used to monitor the level of anesthesia and
provides a unit-less number between 0 (death) and 100 (fully awake). The advantage
of the approach presented herein is that it offers features that can be interpreted from
a physiological point of view and thus can provide a better understanding of the
underpinning brain electrical activity. The IC and the PLI had never been used pre-
viously with DOC patients, they succeeded in finding differences between MCS and
VS/UWS while standard coherence did not. Still, these results have been obtained
at the group level, and further work has to be done to disentangle VS/UWS and
MCS patients at the individual level. Further improvements will include a higher
density electrode cap to allow the use of source reconstruction techniques for better
localization of the brain activity.
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A BCI is a communication system in which messages or commands that an individual
sends to the external world do not pass through the brain’s normal output pathways of
peripheral nerves and muscles 1

In the preceding chapter we saw that it was possible to differentiate VS/UWS
patients and MCS patients with electrophysiological measurements. Once that a
patient demonstrates signs of consciousness, the next step is to establish a commu-
nication mean with a brain computer interface (BCI). The quality of a BCI is judged
on the information transfer rate it can achieve. Improving the information transfer
rate requires improving feature extraction for better classification accuracies. In this
chapter we investigate the use of source reconstruction methods to extract features
possibly offering more discriminative power than features extracted from scalp mea-
surements.

7.1 Introduction

The last two decades have foreseen an increasing interest in Brain-machine inter-
faces (BMI) or Brain computer interfaces (BCI). Different modalities have been used
to obtain reliable signals from which commands can be derived. These modalities
can be seen as corresponding to three hierarchical levels in the brain [220]. First,
macroscopic level, with the EEG, from which one can have a blurred and spatially
filtered electric activity of the brain, then the mesoscopic level which corresponds
to local field potentials (LFP) measured with local intra-cranial electrodes (Electro-
corticograms - ECoG). Finally the microscopic level can be investigated with arrays

1J.R. Wolpaw et al. [12]
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of micro electrodes that are inserted in the neo-cortex and allow the measurement
of multiple spike activity (MSA). Direct measures at microscopic and mesoscopic
levels are promising but highly invasive. Furthermore, there are physical limita-
tions to the use of long-term intra-cranial micro-electrodes since they tend to oxide
and to be rejected by body cells. It is possible to improve the spatial resolution of
recordings at the scalp level by using an inverse solution. Extracting features from
the source space instead of the scalp space might improve BCI performances. To
date, five contributions have been made in this direction. In [221], the author use the
inverse problem as classifier. Parametric and imaging methods are tested. Classifi-
cation rates are 78,9% for the first case and 80,6% for the second. In [222] results are
80% for four subjects. Both of these results are not compared with electrode-based
methods. In [223], the use of an inverse problem shows improvements compared to
electrode-based methods. However the latter are not optimal. Similarly in [224] the
use of the inverse problem elicits better results on a benchmark dataset, but again
the electrode based method is not optimal and gives weaker results than the ones
obtained in the literature. These results therefore raises the question whether or not
the inverse problem can truly improve classification rates compared to standard BCI
electrode-based methods. Indeed although these methods can be seen as alternatives
to current state of the art methods, they add complicated parameter tuning except
in [225] where the use of the inverse problem leads to an untrained classifier. The fol-
lowing study is thus a comparison of the common spatial patterns (CSP) approach,
a well-known method in the BCI community, and inverse solutions.

7.2 Materials

7.2.1 Data : Dataset IV from BCI competition 2003

The data is provided by the Berlin brain computer interface lab and can be down-
loaded online on the BCI competition pages. It was provided during the BCI com-
petition 2003. The dataset consists of one subject that has to type on a computer
keyboard with his index and little fingers. The typing is done at a rate of one key
every second in a ’self-paced key typing’ paradigm. For the BCI competition, the
organizers kept 416 epochs of 500ms ending 130ms before movement onset. This is
to avoid EMG artefacts in the EEG and make sure that the analyzed feature is the
movement preparation. The 416 epochs were divided in 316 training trials and 100
trials for testing purposes. While the competition was running, labels were available
only for the training trials and the participants had to submit the labels on the test set
for the competition. Once the competition was closed and final results announced,
the labels for the test set were posted on line. The data was recorded at 1000Hz than
downsampled to 100Hz. The EEG was recorded with a 28 channel cap according to
the 10-20 system [226].
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7.2.2 The Bereitschaft Potential (BP)

The first report of a potential change measured consecutively a finger movement
dates back to 1951, when Bates and colleagues demonstrated a contralateral desyn-
chronisation [227] following movement. This interesting result was confirmed ten
years later and complemented with the observation that a slow drift occurs pre-
ceding movement onset [228]. This slow drift is termed the bereitschaft potential
(BP), the german word for readiness potential as it was discovered by a german
team. One interesting feature of this potential is that it is increased by intentional
engagement. The BP is composed of an early part starting up to 1.5 seconds be-
fore movement onset and a later part centering around 0.5 seconds before the move-
ment [229] [230] [231] [232]. The BP is a low frequency potential (0.4 - 3.5 Hz) belong-
ing to the family of slow cortical potentials (SCP). Features extracted from SCPs can
be used to classify finger movement or imagination [233] [234]. Finger movement or
imagination do not only involve the BP but also other complex processing involv-
ing alpha, beta and gamma oscillations [235]. In the present study, only features
extracted from the BP will be used.

7.3 Methods

7.3.1 Preprocessing and filtering

This part is common to the two approaches, first the signal is re-referenced to a
common average reference. Then, since the movement related signal appears near
the end of each trial, each trials are multiplied by a one-sided cosine function :

w(n) = 1− cos(nπ/128) for n = 0, ..., 99 (7.1)

Then the signal is zero-padded in order to apply a 512 points fast Fourier transforma-
tion, followed by an inverse fast Fourier transformation, keeping only the coefficient
between 0.4 and 3.5 Hz.

7.3.2 Electrode-based analysis

7.3.2.1 Common Spatial Patterns(CSP)

The CSP approach to discriminating two events in EEG recordings has been pre-
sented in [236] and consists in maximizing the differences between two conditions.
The spatial filters are built from the joint diagonalization of two covariance matrices
which result in eigenvectors (which are the spatial filters) that are a linear combi-
nation of all the electrodes available. The selection of these filters is made based
on their corresponding eigenvalue. These values are comprised between 0 and 1. A
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value close to 0 or 1 indicates a good discrimination between classes. A value close to
0.5 indicates no discriminability. This method is widely used in the BCI community
and has been derived in multiple variants where temporal and spectral aspects are
included. For example, the common spatial subspace decomposition (CSSD) [237],
the common spatio spectral patterns (CSSP) [238], the common spatio temporal pat-
tern (CSTP) [239] used in a P300-speller BCI and extracts the spatio-temporal pattern
of a P300. The CSP algorithm and it’s different variants has received great success in
all the BCI competitions that have taken place until now. Recently Grosse-Wentrup
and Busse [240] showed the relationship between CSP and the minimal classifica-
tion error in the framework of information theoretic feature extraction (ITFE). They
proved that in a 2-class problem, the CSP algorithm is equivalent to ITFE and can be
considered as optimal. In practical however, CSP suffers from a main drawback, it is
sensitive to artefacts. Indeed, when computing the spatial filters from training data,
artefacts in the signal can cause a misplaced spatial filter. This problem could be
overcome by computing a ratio of medians as described in [241]. Another solution
presented by [242] would be to build the filters using predefined regions of interest
(ROI) based on real anatomical a priori given by a head model. This way, the filters
are not built from training data but can be built once and for all for any head model
and corresponding lead field matrix. The following steps will describe the CSP algo-
rithm briefly. In order to use the CSP method,the signal is centered and scaled : Let
Xband−pass ∈ <X×T be the band passed EEG signal of a trial with X the number of
electrodes and T the number of trials. The centered and scaled signal X is obtained
as follows :

X =
1√
T

Xband−pass(IT − 1T1t
T) (7.2)

Where IT is a T ∗ T identity matrix and 1T is a T-dimensional vector of ones. Then
the Common Spatial Patterns is a 3-step operation :

1. Compute the covariance matrix for each class :

Cl =
1
n ∑ XiXt

i (7.3)

2. Compute the simultaneous diagonalization of C1 and C2

wTC1w = D1 (7.4)

wTC2w = D2 (7.5)

3. Filter EEG with W :

XCSP = wTX (7.6)



7.3 Methods 85

7.3.2.2 feature extraction

Once the spatial filters (w) have been computed, the best filters maximizing the
variance of one condition versus the other are kept and features are taken as the
mean over 5 time windows of the signal. These features are then classified with a
Proximal Support Vector Machine (PSVM) algorithm

7.3.3 Inverse Problem-based analysis

7.3.3.1 Head model

A four shell head model was used to represent the brain, the cerebro spinal fluid,
the skull and the scalp [243] . The radius of the scalp was set arbitrarily to 100mm.
The number of dipoles were set to 400 since it gave the best results on the validation
set of a previous study [224]. Dipole orientation was fixed perpendicular to the sur-
face in order to mimic orientation of pyramidal cells. Dipoles are located 2mm under
the surface of the scalp, inside the gray matter. They have equiangular distribution
(see Fig. 7.1).

Figure 7.1 Dipole position illustration. Dipoles have equiangular distribution and are
placed 2mm below the cortex surface

7.3.3.2 Inverse solutions

In the following, two inverse solutions were tested, the minimum norm source
reconstruction approach and the minimum norm with a laplacian prior.

7.3.3.3 Spatial prefiltering before using an inverse solution

In order to carry out a thorough comparison between electrode analysis and in-
verse problem analysis we need to follow a similar approach. Logically, CSP should
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be applied at the scalp level and identically at the source level. However, the simulta-
neous diagonalization step of the CSP algorithm becomes computationally demand-
ing when the size of the matrices increase. Hence a CSP filtering step is introduced
before the source reconstruction. This is implemented by building a single spatial
filter encompassing the activity corresponding to left and right movement. This can
be interpreted as denoising the signal from activity not related to the movements of
interest. This filter is computed as follows :

f = [w1...wiwN−i...wN ] (7.7)

where wi are the best filters corresponding to the first class and wN−i the best filters
corresponding to the second class. All filters wi are normalized so as to have equal
weights. The inverse solution procedure is then carried out by computing :

si(t) = G× f× fT × s(t) (7.8)

7.3.3.4 Feature extraction with the inverse problem

Since the inverse problem yields a much higher dimensional feature space, a sup-
plementary feature selection step is needed to extract the most relevant features.
These features consist in the mean over 5 time windows over all the voxels. The
method used is termed Discriminant Power (DP) presented by [9]. It ranks all the
features (mean of voxels over each time window) along their capacity to discrimi-
nate two tasks. The DP is computed once and for all during a training phase and
consists in computing the number of true positives yielded by each single feature
separately, knowing that the false positives are set to zero. The DP is given by the
following equation :

DP =
card(a < bmin) + card(b > amax)

card(a) + card(b)
× 100 (7.9)

where a (resp. b) is the feature vector for class A (res. B). card(.) stands for the
number of elements in a set.

7.4 Results

The data available for the BCI competition is already partitioned in a training set
of 316 trials and a testing set of 100 trials. All results presented below are acquired
by training the classifier with a ten fold cross-validation. Once the training step is
achieved, the trained classifier is used on the test set.

7.4.1 Results with electrodes

There is only one parameter to tune which is the number of spatial filters used.
Between 2 and 6 features, the results are comparable and yield a 85% accurate classi-
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fication on the test set. Training and validation are slightly better with 6 filters (table
7.1).

filters validation test

1 83,51 ± 11,39 83

2 84,19 ± 10,94 85

3 84,16 ± 6,61 85

6 84,54 ± 9.30 85
Table 7.1 Classification results of electrode-based bereitschaft potential features when in-
creasing the number of CSP filters.

We also used a method to prevent outliers into the filters. This method provides
median filters [241]. Results using median filters are comparable with results ob-
tained with normal CSP filters (table 7.2 )

filters validation test

1 84,49 ± 9,40 83

2 84,49 ±8,06 85
3 83,22 ±6,65 85

6 84,20 ± 13.05 86
Table 7.2 Classification results of electrode-based bereitschaft potential features when in-
creasing the number of CSP median filters.

7.4.1.1 Discussion

Only Bereitschaft potential features were used and classification results are com-
parable to the best results obtained by the winner of the competition (84%) who used
bereitschaft features combined to frequency features with a CSP filtering. Further-
more these results outperform those obtained by [224] who used a conjoint Bere-
itschaft and frequency features ranked by mutual information. However, [224] did
not use any spatial filtering. Furthermore, the results presented by [244] based on
frequency features ranked by the DP are better (87 %), however they did not use the
downsampled version of the dataset but the original 1000Hz data which seemingly
yields better frequency features than the downsampled version. We can expect that
adding frequency features to our analysis will improve the results. Furthermore,
using normal filters or median filters does not seem to influence much the results.
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7.4.2 Results with the inverse problem

The introduction of inverse problem methods into BCI applications adds three
more parameters to tune. First, the method itself (Minimum Norm, Tikhonov Reg-
ularization with or without Location Priors, Laplacian etc..). Then the parameter λ

which gives the degree of confidence in the model or in the data. Finally, the last
parameter is the number of features sent to the classifier. The results are surpris-
ingly quite insensitive to the first two parameters. Furthermore, very few features
are needed to achieve comparable results to the one obtained with the electrodes.

7.4.2.1 Minimum Norm

We try here to assess the influence of CSP filtering before applying a linear inverse
transform. Therefore we computed the Minimum Norm inverse method with and
without a CSP filtering

Minimum Norm Features extracted from sources obtained with a minimum norm
solution yielded 83% accuracy. Interestingly, five voxels are sufficient to obtain this
result (Table 7.3)

voxels validation test

5 85,05 ± 11,45 83
10 84.14 ± 8,10 83

20 82,93 ± 9.85 83

30 83,54 ± 7.72 83

40 80,67 ± 10.23 82

50 76,63 ± 12.14 66
Table 7.3 Classification results of bereitschaft potential features extracted from source re-
constructed data with a minimum norm solution. The varying parameter is the number of
voxels used based on their discriminant power

Minimum Norm with CSP filtering We tested the Minimum Norm when refiltering
the scalp data using 3 CSP filters. The results obtained are similar to those obtained
with the electrodes. A small number of voxels is sufficient to achieve a good accuracy
(Table 7.4).
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voxels validation test

5 84,53 ± 10,28 83
10 84,50 ± 9,52 85

20 83,55 ± 11,86 84

30 83,51 ± 8,38 86

40 81,64 ± 10,71 81

50 74,38 ± 11,93 69
Table 7.4 Classification results of bereitschaft potential features extracted at the source level.
Minimum norm solution is used after CSP filtering of scalp data. Varying parameter is the
number of voxels used based on their discriminant power

7.4.2.2 Laplacian

Using a laplacian prior adds an additional parameter λ. Varying λ has little influ-
ence on the classification results. The best classification obtained with this method is
84% using 20 voxels and λ = 1000 (Table 7.5).

voxels validation test λ

10 83,85 ± 10,43 84 0.01

10 83,52 ± 10,11 84 100

10 83,54 ± 10,87 82 1000

20 83,88 ± 11,13 82 0.01

20 83,83 ± 10,34 84 100

20 84,45 ± 9,92 84 1000
Table 7.5 Classification results of bereitschaft potential features extracted at the source level
using a laplacian inverse solution.

7.5 Conclusion

Classification of bereitschaft potential features extracted both at the scalp and at
the source level were computed. Spatially filtered features at the scalp level yielded
similar and better results (85% correct classifications) than the winner of the BCI
competition (84% correct classifications). At the source level, both the minimum
norm solution and the laplacian solution gave similar results on the training and val-
idation set but underperformed by 2% classification accuracy compared to the scalp
analysis. Interestingly, when spatially filtering the data with aggregate CSP filters
of both classes, classification rates improved at the source level. Although results
obtained with the source reconstruction approach is comparable to the best result at
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the time of the competition, no improvement could be demonstrated over the tra-
ditional and widely used CSP method. This can be explained by the coarse head
model approximation which was used and by the limited number of electrodes used
for the recording. Furthermore, the transformation from the scalp space to the source
space, while possibly generating more discriminant features, increases considerably
the amount of data thus requiring an additional feature selection step. These results
are also limited by the fact that only bereitschaft potential features were used. In-
cluding features such as band power might have added further improvements. Data
from only one subject was analyzed, consistency of the results should be assessed on
a larger database. In the current study, the discriminant power approach should be
replaced by state of the art machine learning techniques. While this could improve
classification accuracy, it might however increase the complexity and computational
load of source reconstruction approach which therefore might not be suited for real
time BCI approaches. Finally, CSP is optimized for two-class problems but there are
currently no equivalent of CSP for n-class problems (n>2). In such cases, classifica-
tion accuracies might benefit from a source reconstruction approach.



Conclusions and future

work 8
Cerebellum-type organization can never give rise to conscious experience, no matter the

size. On the other hand, the cerebral cortex, with its self-organized, persistent oscillations
and global computational principles, can create qualities fundamentally different from those
provided by input-dependent local processing. It may turn out that the rhythms of the brain
are also the rhythms of the mind1

In this thesis we have presented our work on electrophysiological correlates of
consciousness in DOC patients and healthy subjects.

First, we investigated mechanisms of ketamine induced loss of consciousness in
healthy subjects. Indeed anaesthetic agents provide a unique opportunity to fol-
low in real time fluctuations of consciousness. Our study, using state of the art dy-
namical causal modelling, demonstrated that loss of consciousness under ketamine
seemingly involves a frontal intra-cortical loop. Interestingly this mechanism differs
from propofol induced loss of consciousness which was associated with changes in
thalamo-cortical interactions [206]. Hence, there is no single substrate for conscious-
ness which can be viewed as an integrated global network requiring correct func-
tioning of all it’s part. Breaking down parts of the network breaks down the entire
network, only leaving islands of preserved functional networks.

Second, power spectra and connectivity patterns were extracted from resting
state EEG of 31 DOC patients. The power spectra measurements confirmed visual as-
sessments in the sense that patients with minimal consciousness displayed faster os-
cillating patterns than patients in vegetative/unresponsive wakefulness. VS/UWS
patients had slower oscillations. Connectivity assessments could also disentangle
VS/UWS from MCS patients at the group level, MCS patients displaying stronger
connections in the alpha and theta band in front to back and inter hemispheric con-
nections. Although these results are encouraging, individual classification of pa-
tients is not yet possible. Further improvements will require multimodal measure-

1György Buzsáki, Rhythms of the Brain, 2006 [245]
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ments taking advantage of the spatial resolution of fMRI and PET, and the time
resolution of HD-EEG. Integration of features extracted from these brain imaging
techniques will provide a unique window for brain assessments, double-crossing
underlying physiological mechanisms, the haemodynamic response, the metabolic
activity and electric current generation. We contributed to a first attempt towards
this goal by comparing results obtained with the three modalities in two case studies
of patients with asymmetrical brain damage [246].

Finally, the use of source reconstruction methods were investigated and com-
pared to CSP, a renowned method in the BCI field. Results obtained with the two
approaches gave similar results but the CSP approach is easier to use and seems
more suited. However, high density EEG recordings, recommended for better accu-
racy of the source reconstructions were not used. Moreover state of the art machine
learning approaches could have improved feature extraction and classification in the
source space. These improvements should be examined in the future.

Interestingly, while localization of brain function with a source reconstruction ap-
proach helped us identify regions involved during ketamine loss of consciousness,
it did not improve classification rates in a brain computer interface application. We
explain these seemingly contradictory results by the inherent differences in the two
study. Indeed, in the ketamine experiment we used the source reconstruction ap-
proach to localize brain function while in the BCI task the aim was to classify brain
function. Furthermore, while ketamine induced visually drastic changes in the EEG
of the subject, movement preparation as studied in the BCI task only induces very
subtle changes. Finally, even if results were not improved compared to CSP, the
source reconstruction approach presented in chapter 7 is computationally viable as
it mainly involves a multiplication of the data with a precomputed matrix. Hence it
offers an alternative to the CSP approach.

Epilogue

EEG is an interdisciplinary field that can hardly be entirely self taught. Correct
interpretation of results require a sound understanding of a large panel of skills. The
modern EEG user should have knowledge of the rich oscillatory content of EEG sig-
nals and of their underlying physiological basis, apprehend parameter tuning of the
qEEG method used and a strong statistical background to find significant attributes
deciphering the different states of consciousness. Furthermore, integration of the
different brain imaging modalities into a multimodal assessment will also require
knowledge of fMRI and PET. Therefore a unifying course on the brain and the differ-
ent windows to view it’s functionalities should and hopefully would yield interest
for students from different backgrounds.
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As discussed in section 4.3, the view that we have of the brain is inspired by the
society we live in. In future years, with the advent of cloud computing we could
imagine not only studying neuron networks, but also brain networks ! BCIs might
become Brain to Brain Computer Interfaces and in a sense fulfill the dream of Berger
to find a mental energy allowing direct communication between human brains.
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