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Resumen 

En los últimos años el modelo de funcionamiento del cerebro ha migrado 

desde la antigua idea localizacionista, generalmente denominada teoría 

frenológica, a la más moderna idea del conectoma. En este nuevo contexto 

las distintas regiones cerebrales, aunque altamente especializadas, tienen 

una alta tasa de comunicación entre ellas, de forma que el cerebro, como un 

todo, realiza las funciones cognitivas. Del mismo modo, diversas 

enfermedades neurológicas han empezado a estudiarse desde este punto de 

vista. Así, enfermedades neurológicas clásicas como la enfermedad de 

Alzheimer o la epilepsia se consideran, a día de hoy, síndromes de 

desconexión o hiperconexión, respectivamente. 

Desentrañar la forma en la que distintas regiones del cerebro se 

comunican no es tarea sencilla. Los métodos actuales se basan en el estudio 

de la conectividad funcional (Functional Connectivity, FC), es decir, la 

dependencia estadística entre la actividad de distintas regiones cerebrales. 

Para el estudio de actividad cerebral medida mediante electrofisiología, como 

es el caso de electroencefalografía (EEG) y magnetoencefalografía (MEG), un 

popular modelo de FC es la conectividad en fase (Phase Synchronization, PS). 

Según este modelo, cuando dos regiones se comunican la fase instantánea de 

las series temporales definidas por su actividad se enganchan. Este modelo 

es altamente plausible, y tiene la ventaja de que la energía necesaria para una 

sincronización en fase es mucho menor que para una sincronización en 

amplitud. 

Un popular método para estudio de la PS es el Phase Locking Value (PLV). 

Este método estima la FC a partir de la PS entre dos series temporales. 

Cuando se analiza señal de EEG o MEG en el espacio de sensores, el sencillo 

calcular el nivel de PLV entre cada par de sensores. No obstante, cuando se 

quiere estudiar la FC en el cerebro la metodología se complica. En primer 

lugar, es necesario mapear la información adquirida en los sensores a las 

fuentes generadoras, localizadas en el córtex. Este mapeo, denominado 

reconstrucción de fuentes, es en general un problema mal condicionado, y las 

señales resultantes son altamente inter-dependientes. En segundo lugar, es 

necesario, por tanto, agrupar conjuntos de fuentes generadoras en regiones, 

y calcular la FC entre regiones cerebrales, en lugar de entre fuentes 

independientes. Por último, este proceso es computacionalmente costoso, 
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por lo que es necesario encontrar formulaciones eficientes que permitan el 

cálculo de la FC cerebral en tiempos razonables. En esta Tesis se intenta 

buscar posibles soluciones a estos tres problemas. 

La presente Tesis Doctoral está organizada como sigue. Los primeros tres 

capítulos corresponden a introducciones y estudio del arte sobre técnicas de 

neuroimagen (Capítulo 1), adquisición y procesado de señales 

electrofisiológicas (Capítulo 2) y reconstrucción de fuentes de actividad 

corticales para señales electrofisiológicas (Capítulo 3). Estos tres capítulos 

sirven para situar al lector en el contexto en que se desarrolla la presente 

Tesis. Tras ello se propone el objetivo principal de la Tesis, que es dividido en 

una serie de objetivos secundarios basados en la confirmación de una serie 

de hipótesis (Capítulo 4). Los siguientes tres capítulos evalúan y proponen 

metodologías optimizadas para la solución de los tres problemas presentados 

anteriormente. El primero evalúa distintos modelos de conducción para EEG 

y MEG, buscando el modelo que ofrezca una mayor precisión con un coste 

computacional reducido (Capítulo 5). El segundo propone un nuevo algoritmo 

computacionalmente eficiente para el cálculo de PLV, que permite reducir en 

un factor de 100 el tiempo requerido para calcular la PS cerebral (Capítulo 6). 

El tercero de estos capítulos propone y evalúa una nueva metodología para 

calcular PS entre regiones cerebrales sin pérdida de información (Capítulo 7). 

Los dos capítulos siguientes evalúan la capacidad de la FC basada en la PS 

entre regiones cerebrales para identificar alteraciones en población preclínica 

en un proyecto de envejecimiento patológico (Capítulo 8) y en población 

adicta al alcohol (Capítulo 9) cuando se comparan con sujetos sanos. Esta 

Tesis termina con unas conclusiones generales, en las que se evalúan las 

hipótesis planteadas y si se han cumplido los objetivos propuestos (Capítulo 

10). 
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Abstract 

Recently, the understanding of the brain function has shifted from the 

classic localizationism, sometimes called phrenological model, to the modern 

model of the connectome. In this new framework the different brain regions, 

although specialized, are highly connected in such a way that the brain, as a 

whole, carries out the cognitive functions. Within this framework, some 

neurological diseases have started to be studied from the viewpoint of 

connectomics. Classic neurological diseases, such as Alzheimer’s disease or 

epilepsy, are nowadays considered as disconnection or hiperconnection 

syndromes, respectively. 

Unraveling the way in which different brain regions communicate is not an 

easy task. The current approaches are based on the study of Functional 

Connectivity (FC), this is, the statistical dependency between the activities of 

separated brain regions. In the special case of electrophysiology, as for 

electroencephalography (EEG) or magnetoencephalography (MEG), a popular 

FC model is the model of Phase Synchronization (PS). According to this model, 

when two regions communicate with each other the instantaneous phase of 

their derived time series locks, instead of locking their amplitudes. This model 

is highly plausible and presents the advantage that a phase lock requires 

much smaller energy than an amplitude lock. 

A popular method for the study of PS is Phase Locking Value (PLV). This 

method estimates the FC from the PS between two time series. When the 

signals under study comes from an EEG or MEG acquisition in sensor space, 

the calculation of the PLV between each pair of sensors is straightforward. 

However, when the objective is to study brain connectivity the required 

methodology becomes more complicated. First, the information, acquired in 

sensor space, must be mapped to the generators, defined as source of activity 

in the cortex. This mapping, termed source reconstruction is generally an ill-

posed problem, and the resulting source-space time series are highly inter-

dependent. In the second place, and due to this inter-dependency, the 

source-space time series must be grouped in brain regions, and the FC must 

be estimated between pairs of regions, instead of pairs of time series. Last, 

these calculations are computationally expensive, and it is paramount to find 

efficient formulations that allow for the estimation of whole-brain FC in 

reasonable times. In this Thesis, we address these three problems. 
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This PhD Thesis is organized as follows. The first three chapters act as 

introduction, describing the state of the art on neuroimaging techniques 

(Chapter 1), acquisition and processing of electrophysiological signals 

(Chapter 2) and reconstruction of the sources of activity of these signals 

(Chapter 3). These three chapters serve to put the reader in the context 

where this Thesis is built. Then, the main objective of the Thesis is formulated, 

along with some secondary objectives based on the confirmation of a series 

of hypotheses (Chapter 4). The next three chapters propose and evaluate 

methodologies aimed to solve the three problems presented above. The first 

one evaluates different conduction models for EEG and MEG, in order to 

identify the model that provides the higher reconstruction accuracy with a 

reasonable computational cost (Chapter 5). The second propose a 

computationally efficient reformulation on the classical algorithm for PLV that 

allows for a speed-up of a factor of 100 in the calculation of whole brain 

synchronization (Chapter 6). The third of these chapters proposes and 

evaluates a new methodology to calculate PS between brain regions without 

information lost (Chapter 7). The next two chapters evaluate the ability of FC, 

based on the calculation of PS between brain regions, to identify altered 

connectivity patterns in preclinical population in a study on pathological aging 

(Chapter 8) and in alcohol-addicted patients (Chapter 9) when compared to 

healthy controls. The Thesis finishes with the general conclusions, in which 

the posed hypotheses are evaluated alongside with the degree of completion 

of the proposed objectives (Chapter 10). 
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Chapter 1.  

 

Introduction to neuroimaging 

According to Aristotle, the heart is the processing center of the human 

body. To him, the brain acted only as a radiator, using its convolutions to cool 

down the blood heated by the rest of the body. It required much more time 

to discover that these convolutions, forming the cortex, are really the home 

of intelligence, personality and behavior. We know now that the brain is really 

the essence of what we are. 

The brain is also home of many neurological, and all psychiatric and 

psychological pathologies that affects the human being. Some of these 

pathologies can be identified by observing the structure and properties of the 

brain, whereas the origins of some others of these pathologies are still 

unknown. Yet, the direct observation of the human brain is problematic. 

The first attempts to study the structure of the human brain were based 

on post-mortem examinations. These studies provided valuable information, 

to define the structure of the healthy brain, and the effects of several 

pathologies on it (Broca, 1861; Brodmann, 1909; Braak and Braak, 1995). 

However, this approach presets two main limitations. On the one hand, as the 

examination is performed over a deceased subject, the brain under study is 

dead. Thus, it is impossible to determine how the brain works from a post-

mortem, but only to study its micro- and macro-anatomy. On the other hand, 

and for the same reason, the information acquired in the study of a given 

brain cannot be used to help its owner. In addition, the extrapolation of the 

findings to different patients with the same pathology is not straightforward, 

as the brain has proven to be a complex organ. Even though these two 

limitations are important, the post-mortem examinations were initially useful 

for the understanding of the human brain. 

There is another way to directly observe the human brain while the patient 

is still alive, and it is by means of surgery. Brain surgery is performed daily in 

modern hospitals, and provides extremely useful information, in addition to 

allowing the correction of some defects. Brain surgery, however, requires the 

opening of a physical hole in the head, breaching its integrity and exposing 
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the brain to the exterior, which is extremely risky, and is only indicated when 

the remaining options have been ruled out. 

Luckily, the advances of science and technology in the last century have 

allowed the design and implementation of several imaging techniques that 

make it possible the observation of the living body at work. In fact, there are 

currently a number of techniques that provide unique information on the 

structure and function of the inner, usually hidden, parts of the body. When 

these techniques are applied to the study of the central nervous system 

(CNS), they receive the joint name of neuroimaging techniques. Neuroimaging 

techniques can be classified attending to different parameters. The main one 

is the nature of the technique itself, the physical phenomenon on which the 

method is based. The different sections of this Chapter will attend to this 

classification. 

However, there exists an important distinction in two broad neuroimaging 

groups: structural and functional neuroimaging. Structural neuroimaging 

mimics the direct observation of the brain, and allows exploring its structure, 

both macroscopically and microscopically. It allows the observation of 

development defects, injuries or lesions (Lauterbur, 1973; Oldendorf, 1978). 

It can also allow the estimation of cellular integrity (Taylor and Bushell, 1985). 

However, it gives not information about how the brain in study works. 

Functional neuroimaging does not provide information about the 

composition of structure of the brain itself, but on how it is working. 

Depending on the technique, it can allow for the observation of cellular 

metabolism (Ido et al., 1978; Ogawa et al., 1990) or neuronal function 

(Berger, 1929; Cohen, 1968). 

This distinction is not a categorical one, since in some cases; the same 

neuroimaging technique can provide both anatomical and functional 

information, depending on the parameters in study. In the next sections, we 

provide a brief description of the most used neuroimaging techniques, and a 

rough assertion of the group on which they could be classified. 

1.1. Brain imaging based on X-rays 

X-rays are a highly energetic kind of electromagnetic radiation, ranging 

between 30 PHz and 30 EHz in frequency, or from 10 pm to 10 nm in 

wavelength. X-rays were first discovered and documented by the German 

physicist Wilhelm Röntgen in 1895 (Röntgen, 1896) while studying the 
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properties of vacuum tubes. This discovery granted him the Nobel Prize in 

Physics in 1901. 

1.1.1. Underlying physics 

Röntgen discovered that some vacuum tubes covered by an opaque layer 

of material were still able to excite some fluorescent material. Fluorescence 

is a physical phenomenon whereby a material absorbs electromagnetic 

radiation (typically light) and emits it at a slightly lower frequency. Röntgen 

hypothesized that the vacuum tube emitted some kind of non-visible 

radiation, whose frequency should be above that of visible light, which was 

somehow able to go through opaque materials. During his first experiments 

he referred to this new kind of radiation as X rays, using the letter X as the 

mathematical unknown. Honoring its discoverer, this radiation is in some 

languages referred as Röntgen rays. 

X-rays are able to go through some materials, but still interact with them. 

Different materials present different absorption rates, property that allows 

distinguishing among tissues. This is the basis of the radiography imaging, 

early referred as Röntgen photography. In this technique, an object is placed 

between the X-ray generator and a photographic plate. Differences in density 

in the object manifest themselves as different patterns of absorption of X-

rays, thereby producing different levels of exposition in the photographic 

plates. This technique became very popular, as it allowed to see through the 

objects without dismantling them. 

1.1.2. Radiography 

The medical application of radiography, referred as radiology, appeared 

soon after the discovering of the X-rays. As bone possesses a higher density 

than soft tissue, bone has also a superior absorption rate of X-rays. Using 

radiography, it is possible to ignore the soft tissue (with very low radiation 

absorption rates) and see the state of the bones. This effect allows the easy 

identification of bone fractures or high-density objects inside the body. Figure 

1.1 depicts the first image of the human body, taken by Röntgen in December 

1895. 

Radiography presents high contrast in distinguishing dense tissues, like 

bones or metals, but has a very low resolution for soft tissue. This limitation 

is due to the lower absorption rate of X-rays by soft tissue, which requires a 

high exposure to get a reasonable signal to noise ratio in the imprint on the 
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photographic plate. However, X-rays are ionizing radiation, and thus can 

modify the chemical structure of the matter, what makes high exposures 

dangerous (Boice et al., 1991; Wang et al., 2002). In addition, X-rays are highly 

energetic, and a high exposure can produce important burns in the tissue. 

Nowadays, the photographic films used in radiography, along with the digital 

radiographers, allow a higher signal to noise ratio with lower expositions. The 

resolution for soft tissue is, nevertheless, much lower than the one achieved 

for high-density tissue. 

1.1.3. Computed Axial Tomography 

The use of radiography as a neuroimaging technique faces an important 

limitation: the brain is surrounded by a thick layer of bone, the skull, with a 

 

Figure 1.1 Hand mit Ringen (Hand with Rings). First published X-ray image of a living human 

being. 

The Figure shows the left hand of Anna Bertha Ludwig, Wilhem Röntgen’s wife. 
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high absorption rate for X-rays. In addition, the radiography is a two-

dimensional imaging technique, where the third dimension of the matter is 

collapsed into the intensity dimension of the image. In the final image, not all 

the tissues are observed at the same level and it is possible to infer the order 

of the stack. 

For simple enough objects, a second image, taken in a plane perpendicular 

to the original one, can add enough information to infer the position of the 

different layers. An example of this procedure can be observed in Figure 1.2. 

However, for objects presenting more complex structures, the number of 

projections needed to reconstruct these structures increases. In addition, the 

integration of an elevated number of projections is not straightforward and 

cannot be performed “on the fly” by the radiologist. 

As the X-rays travel in straight lines, each element in the radiography will 

represent the sum of absorptions of all the tissues travel by the ray, pondered 

by the distance traveled inside such tissue. This can be seen as a straight-line 

integral of the absorption rates of the tissues. From this point of view, each 

radiography can be seen as a Radon projection (Radon, 1917) of the 

radiographed object. With enough projections, the set of radiographies taken 

from an object can be interpreted as the Radon transformation of the X-ray 

absorption profile of such object. It is possible, in theory, to apply the inverse 

Radon transform to recover the original absorption map. 

 

Figure 1.2 Perpendicular Radon projections of two different two-dimensional objects. 

The left part of the Figure shows the Radon projection of a solid circle, taken at 0° and 90°. The 

right part of the Figure shows the Radon projection of a gray-scale version of Da Vinci’s Mona 

Lisa, taken at 0° and 90°. Complex objects require a higher number of projections in order to 

allow reconstruction. 
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The problem of reconstruction from the projections, even using Radon 

transform, is an ill posed one. Evidence of this is that Radon’s formulation 

requires an infinite number of projections to work properly. In addition, 

Radon inverse transform is very sensitive to noise in the projections. These 

limitations were overcome with the introduction of digital computers and the 

increase in processing power, allowing the use of iterative algorithms, much 

more stable in presence of noise but computationally expensive. 

The idea of the reconstruction from radiographic projections set the basis 

for the developing of the Computed Axial Tomography (CAT) imaging 

technique in the 1960s (Oldendorf, 1978). The device consists of a rotating 

set of an X-ray emitter and a digital receptor that orbits the axial plane of the 

patient, as depicted in Figure 1.3. Using the Radon transform (or variants), 

 

Figure 1.3 Parts of a CT scan. 

The Figure depicts the interior parts of a CAT scanner. The X-ray generator is highlighted in 

green, and the X-ray detector in blue. The direction of the rays is drawn in yellow. The assemble 

rotates on the axial axis to obtain different projections of the body. Note that the orange level 

placed on the center of the aperture is not part of the system. 
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the software reconstructs axial slices of the body. With a set of high-density 

slices it is possible to reconstruct a tri-dimensional volume of the structures 

in the body of the patient. 

The CAT scan is extremely useful to explore the body of a patient, but, as 

the technique is based on X-rays, some of the limitations of the radiography 

remain. CAT imaging is very sensitive to changes in the dense tissue of the 

body, especially bone, allowing the detection of small fractures that would be 

otherwise unnoticeable. The resolution for soft tissue is lower, but the high 

dynamic range of the technology allows for some interpretation of 

inflammation and swelling. 

In the case of brain imaging, CAT scan is an anatomical neuroimaging 

technique. It is extremely useful, especially after a head trauma. Looking at 

the high density values it is possible to identify fractures in the skull, or 

displacements in the bone structure (Stein and Ross, 1992). Looking at the 

low density values it is possible to detect inflammation and, specially, swelling 

(Snoek et al., 1979). In addition, the localization of points of high density in 

the low-density brain can indicate calcifications due to tumors. Figure 1.4 

shows some examples of the application of CAT scans for brain imaging. 

1.2. Brain imaging based on gamma radiation 

Gamma (γ) radiation is a kind of electromagnetic radiation with a 

frequency above 10 EHz, or a wave length below 10 pm. Classically gamma 

rays have been considered the radiation category placed in frequencies just 

 

Figure 1.4 CT scans of a head. 

The Figure depicts different visualizations of the same axial slice in a CAT scan. The image on 

the left shows the slice in bone window, used to identify fractures or bone alterations. The 

image on the center shows the slice in soft tissue window, used to visualize the organs. The 

image on the right shows the slice in brain window, where gray matter can be roughly 

distinguished from white matter. 
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above those of the X-rays. However, the differentiating characteristic of the 

gamma radiation is that is produced by atomic nuclear reactions, instead of 

non-atomic phenomena. There are, nevertheless, other phenomena capable 

to produce gamma radiation, but as they are not used in brain imaging, they 

will not be discussed here. 

1.2.1. Underlying physics 

Matter is usually composed of stable elements, in which the nuclear 

interactions are in equilibrium. Unstable atoms can occur, however, both in 

nature and as an effect of human action. The nuclear forces in unstable atoms 

are not in equilibrium, and they tend to decay to another state. By means of 

nuclear decay, an unstable atom can release a subatomic particle, split in two 

smaller atoms, or undergo a combination of both phenomena. For example, 

uranium-238 is an unstable isotope of uranium with 146 neutrons and 92 

protons. When it decays, uranium-238 releases an alpha particle (i.e. a helium 

nucleus, formed by two protons and two neutrons) and becomes thorium-

234, with 144 neutrons and 90 protons. 

Atomic phenomena, such as atomic decay, must be energetically 

balanced. This implies that the amount of energy before and after the event 

must be equal. Due to this conservation of energy, sometimes the nucleus 

resulting from a nuclear decay is in an excited state, and releases this excess 

of energy in the form of a highly energetic photon. This form of atomic decay 

is called gamma decay, and the released photon is a gamma ray. As the 

gamma photon is imprinted with the excess of energy from the original 

nuclear decay, a given reaction will always produce a photon with the same 

energy, and thus the same frequency. 

1.2.2. Single-Photon Emission Computed Tomography 

Single-photon emission computed tomography (SPECT) is an imaging 

technique based on the gamma decay principle. A set of  cameras, calibrated 

to be sensitive to a specific  radiation, can easily be used to detect an 

accumulation of unstable atoms. As these accumulations do not occur in 

nature, they have to be artificially created. In the SPECT imaging, a 

radiopharmaceutical compound is used, a molecule containing an unstable 

atom that will decay, emitting -radiation in the process. 

Radiopharmaceuticals are designed to mimic organic compounds 

absorbed by a given organ, or to show affinity to a given tissue. In both cases, 
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the product will accumulate in the target organ or tissue, and, due to nuclear 

decay, will emit  radiation. If the direction of the emitted photon is adequate, 

the  cameras will capture it, indicating the position of the target. As in the 

case of radiography, the image produced in the gamma cameras is a two-

dimensional projection of the three-dimensional volume of the patience, so 

the camera rotates to acquire a new projection. 

 Cameras usually consist in one or two -sensitive panels that detect  

photons.  Radiation is emitted isotropically, but only the photons that collide 

with the camera will be detected. In addition, in order to correctly identify 

the precedence of the detected photon, only the photons coming from a 

given direction must activate the system. This is achieved by means of a 

collimator, a device similar to a lens that discards the photons whose 

trajectory is different from the desired. This mechanism is depicted in Figure 

1.5 (van Audenhaege et al., 2015). As a result of these limitations, only a small 

fraction of the  photons will be captured by the camera, strongly decreasing 

the signal to noise ratio of the technique. 

1.2.3. Positron Emission Tomography 

Positron emission tomography (PET) is an imaging technique designed to 

overcome the limitations of SPECT. Instead of basing on  decay, PET is based 

on beta (β+) decay. In this phenomenon, the nuclear decay produces not a  

photon but a positive beta particle (positron). The positron is the antimatter 

counterpart of the electron, and will annihilate by matter-antimatter reaction 

the moment it collides with any electron in the surrounding matter. The 

annihilation produces energy in the form of two  photons with an energy of 

 

Figure 1.5 Different types of collimators used in SPECT. 

Left: Parallel-hole collimator, that rejects photons whose trajectory is not perpendicular. 

Center: Fan beam collimator, that rejects photons whose trajectory is not radial. Right: Pinhole 

collimator, that acts like a pinhole camera. Adapted from (van Audenhaege et al., 2015). 
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511 keV each, which corresponds to a frequency of around 12.4 EHz, emitted 

in approximately opposite directions 

The existence of pairs of photons renders unnecessary the use of 

collimators. If the cameras detect both photons, the only possible origin must 

be in the line connecting both detection points. As no collimator is necessary, 

the  cameras can be designed forming a ring surrounding the patient, 

removing the need of a rotating camera. However, the detection area of the 

camera is still limited. Thus, in order to get a successful detection both 

photons must be detected in a short time window. 

1.2.4.  -ray imaging 

 photons are similar to X-rays, and are attenuated by high-density tissues 

as bone. This bias the reconstructed image of SPECT and PET, as deep 

structures, or structures behind a shell of bone, will appear attenuated. It is 

possible to correct this effect creating an attenuation map of the tissues by 

mean of X-ray or CAT imaging and correcting the map for the different 

frequency of the studied photons. Many commercial SPECT and PET machines 

include a CAT scanner, which allows for both attenuation correction and a 

precise anatomical co-registration. 

Both SPECT and PET are broadly used in both research and clinic. An 

example of a SPECT radiopharmaceutical is 99mTc hexamethylpropylene amine 

oxime (Tc-HMPAO) (Holmes et al., 1985), broadly used in neuroimaging 

(Harvey et al., 1993; Ryding et al., 1993). Tc-HMPAO diffuses in the blood 

stream and is taken in a proportional manner to blood. This allows the 

identification of anomalies in the perfusion of different regions in the brain, 

which can be related to brain metabolism. 

The main use of PET is the detection of tumor metastases by means of 18F 

fludeoxyglucose (FDG) (Ido et al., 1978). This molecule mimics the glucose 

molecule, replacing a hydroxyl group replaced by an unstable fluorine atom. 

The molecule is absorbed by highly glucose consuming tissues, as is the case 

of the brain or growing metastases, and remains inside the cellular 

membrane. This allows the detection of growing metastases in the body 

(Yonekura, Benua and Brill, 1982; Chicklore et al., 2013; Vallières et al., 2015), 

and the measuring of brain metabolism (D’Antona et al., 1985; Kato et al., 

2016). 
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Another PET radiopharmaceutical used in neuroscience is the Pittsburg 

compound B (PiB) (Klunk et al., 2004). This molecule presents a high affinity 

for beta-amyloid plaques, also known as senile plaques, one of the main signs 

of Alzheimer’s disease. 

Both SPECT and PET can be used as anatomical neuroimaging techniques 

(for example measuring amount of beta-amyloid with PiB-PET) or as 

functional neuroimaging techniques (for example studying brain metabolism 

by means of FDG-PET, or blood perfusion by means of Tc-HMPAO-SPECT). 

1.3. Brain imaging based on nuclear magnetic resonance 

The nuclear magnetic resonance (NMR) is a quantic phenomenon by 

means of which the nuclei of some atoms, when subject to a static magnetic 

field, are able to absorb electromagnetic radiation. NMR was discovered 

separately by Felix Bloch, from Stanford University, and Edward Purcell, from 

Harvard University, in 1946 (Bloch, 1946; Purcell, Torrey and Pound, 1946). 

This discovery granted them the Nobel Prize in Physics in 1952. 

1.3.1. Quantic mechanics interpretation 

NMR is based on the concept of nuclear spin. When an atomic nucleus has 

an odd number of protons, an odd number of neutrons, or both, it behaves 

like a unique particle with non-zero spin. In the case of only one of the 

particles is odd, e.g. only protons or neutrons, the resulting spin is ½, so, 

according to quantic mechanics, the nuclei can exist in two different energy 

levels. If both types of particles are in odd numbers the resulting spin is 1, and 

the nuclei can exist in 3 different energy levels. For simplicity, we will consider 

only nuclei with spin ½ and two energy levels. 

In the absence of a static magnetic field, all the possible levels have the 

same energy, and are thus equally probable. In the case of nuclei with spin ½, 

half of the nuclei will present one level and half of them will present the other 

one. However, when the nuclei are exposed to a magnetic field, the two levels 

present different energies, and the lower level will be slightly more probable 

than the higher one. However, the ratio between the number of nuclei in the 

lower and the higher level is determined by the (thermal) energy available in 

the system. This ratio is called the thermal equilibrium distribution. 

The difference of energy between both levels depends on the strength of 

the magnetic field and the intrinsic properties of the nucleus. This difference 

is the transition energy between the states and it is given by the equation: 
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 ∆𝐸 =
𝛾ℎ𝐵

2𝜋
 (0.1) 

where 𝐵 represents the magnetic field, 𝛾 is the gyromagnetic ratio of the 

nucleus and ℎ is Plank’s constant.  

It is possible to take one nucleus from the lower level to the higher level 

providing exactly ∆𝐸 electromagnetic energy. However, due to quantum 

mechanics, energy is quantized, and the only way to transmit exactly that 

energy to the medium at once is with a photon with a frequency of excitation 

(𝑓𝑒𝑥) given by the equation of the photon energy: 

 𝐸 = ℎ𝑓 (0.2) 

 𝑓𝑒𝑥 =
∆𝐸

ℎ
=

𝛾𝐵

2𝜋
 (0.3) 

When a medium in a magnetic field is excited with electromagnetic energy 

at the right frequency, some of the nuclei in the lower level will absorb a 

photon and transit to the higher level. If the medium is excited, this 

absorption will continue until the number of nuclei in both levels is the same. 

In that moment the system will be saturated and not more energy will be 

absorbed. The gyromagnetic ratio is unique for a given isotope, thus the 

frequency of excitation will be specific for this isotope. 

Some of the nuclei will, however, fall back to the low energy level, 

eventually going back to the thermal equilibrium. This process is called 

relaxation, by one of two possible mechanisms: spin-lattice and spin-spin 

relaxations. 

In the case of spin-lattice relaxation, the energy is transferred to the 

medium (lattice) in the form of thermal energy. This kind of relaxation 

depends both on the properties of the isotope and on the composition and 

structure of the material surrounding it. The mean spin-lattice relaxation time 

of a nucleus is called T1, and is characteristic of the medium.  

In case of the spin-spin relaxation, some of the energy of a nucleus in the 

higher energy level is transferred to other nucleus in the lower energy level, 

so the number of nuclei in the higher level does not change. The mean time 

of relaxation due to spin-spin interactions is called T2, and depends on the 
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abundance of the target nuclei in the medium and chemical structure of the 

molecules they form. 

1.3.2. Electromagnetic interpretation 

An atomic nucleus with non-zero spin will present an angular momentum, 

and can be seen as rotating. As it rotates, this nucleus will generate a local 

magnetic field. If this nucleus is in the presence of a static magnetic field, the 

axis of this rotation will move so that its own magnetic field is aligned with 

the external one. This alignment is, however, not perfect, and the nucleus will 

present a precession movement around the direction defined by the external 

magnetic field, as shown in Figure 1.6. 

The angle of precession, i.e. the angle between the direction of the nuclear 

magnetic field and the external one, will depend on the energy of the system, 

usually thermal energy. The frequency of this precession movement, named 

Larmor frequency, will be directly proportional to the external magnetic field, 

and will be given by Larmor equation: 

 𝑓𝐿 =
𝛾𝐵

2𝜋
 (0.4) 

where 𝐵 represents the magnetic field and 𝛾 is the gyromagnetic ratio of 

the nucleus, which depends on the nuclear structure. The angle of precession 

can be very small if the nucleus is in a state of repose. However, if it is exposed 

to an alternating magnetic (i.e. electromagnetic) field, perpendicular to the 

static field and oscillating at Larmor frequency, the nucleus will absorb this 

 
Figure 1.6 Hydrogen nuclei aligned with an external magnetic field. 

Left: Nuclei of hydrogen randomly oriented. Middle: In the presence of a magnetic field, the 

nuclei of hydrogen align they rotational axis with this field. Right: When the nuclei are excited, 

their alignment with the external magnetic field is not perfect, and a precession movement 

appears. 
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energy and go to an excited state, where this angle increases. This behavior 

is shown in Figure 1.7. 

As commented, this excited state is, however, unstable, and the excess of 

energy will, if possible, be released by the two mechanisms explained above: 

spin-lattice relaxation and spin-spin relaxation. 

The phenomenon of spin-lattice relaxation is similar to the one described 

in the quantic interpretation. The excess of energy is released to the medium 

(lattice), in such a way that this medium will be able to absorb it. The rate of 

relaxation will, thus, be dependent on the ability of the medium to absorb 

energy, and this ability will depend on the material and the molecular 

 

 

Figure 1.7 T1 and T2 relaxation times in MRI. 

Top: T1 relaxation. The excited nuclei lose energy to the tissue, thus decreasing the precession 

angle and increasing the longitudinal magnetization (Mz). The T1 relaxation time is the time 

constant for this process. Bottom: T2 relaxation. The precession phase of different nuclei goes 

out of sync, thus decreasing the transversal magnetization (Mxy) without increasing the 

longitudinal magnetization. The T2 relaxation time is the time constant for this process. 
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structure of the medium surrounding the nucleus. The mean relaxation time 

by this mechanism is termed T1 time, and is dependent on the composition of 

the medium. The effect is depicted in Figure 1.7. 

Spin-spin relaxation is a more complex mechanism. Once excited, the 

target nuclei of the NMR will generate their own magnetic field, which will be 

aligned with the excitation field. This generates a macroscopic oscillating 

magnetic field at Larmor frequency. Once the excitation field disappears, the 

interaction between the nuclei will misalign these small fields, causing the 

nuclei to fall out of phase. This misalignment will decrease the intensity of the 

macroscopic oscillating field, and thus the NMR signal measured by the coils. 

If the nuclei are close enough, their magnetic fields will interact in a way that 

their magnetic fields will interfere, and will go out of phase. On the other 

hand, if the distance between the target nuclei is big the interaction of their 

magnetic fields will be small. The mean relaxation time by this mechanism is 

termed T2 time, and is dependent only on the abundance and relative position 

of the target nuclei. The effect is shown in Figure 1.7. 

In addition to the spin-spin interaction, a second phenomenon can 

produce T2 decay. If the medium contains some magnetic disturbances, for 

example inhomogeneities, different nuclei will be exposed to different 

magnetic fields, thus oscillating at different Larmor frequencies. This 

difference of frequencies will take apart their phases, causing a decrease in 

the observed NMR signal. As the effect is similar to that caused by spin-spin 

relaxation, but the subjacent mechanism is different, the effect is termed T2*. 

1.3.3. Magnetic Resonance Imaging 

Once the system is relaxed, it can be excited again, so it is possible to 

estimate these relaxation times. It is, then, feasible to use this technique to 

measure the presence and abundance of a given isotope in a sample, along 

with the structure and properties of its environment. This technique is called 

NMR spectroscopy (Aue, Bartholdi and Ernst, 1976). 

NMR spectroscopy can be used to study a homogeneous sample. 

However, in 1973 Paul Lauterbur designed a method to map the NMR-related 

properties of different areas of a sample (Lauterbur, 1973). He used this 

technique to generate a tomographic image of a living mouse, and the 

technique was given the name of Magnetic Resonance Imaging (MRI). The 

method was improved by Peter Mansfield by the end of the decade of 1970 
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(Mansfield and Grannell, 1975). The invention granted them the Nobel Prize 

in Medicine in 2003.  

The basic idea behind MRI relies on the use of gradients in the magnetic 

field, using a spatially variable field instead of the constant field used in NMR. 

As the frequency of excitation depends on the intensity of the magnetic field, 

only a limited region of the sample nuclei will be excited by the narrow band 

radiofrequency energy. This method allows for online selection of slices. Once 

the tissue is excited, it is possible to modify the magnetic gradients again, and 

the precession frequency of the nuclei will change. A correct sequence of 

modifications of the gradients and radiofrequency excitations allows the 

encoding of both the position in the slice and the measured value. Different 

sequences exacerbate different NMR properties of the sample, and are 

named MRI sequences. 

One interesting property of the MRI is that, as the plane of the 

tomographic slice is defined only by the magnetic field gradients, the angle of 

the slice is arbitrary. This is an important difference with CAT where, due to 

the need of being able to place the receptors, the slice must be in the axial 

plane or slight variations or it. 

In its most common form, MRI uses protons (i.e. nuclei of hydrogen) as 

resonant target. Hydrogen is one of the most common elements in the human 

body, and accurately estimating T1 and T2 times can give useful information 

on the structure of the medium and the hydrogen structure, respectively. 

Using the right sequences of magnetic gradients and radiofrequency 

excitations it is possible to get T1- (T1 MRI) or T2-weighted (T2 MRI) images of 

the human body, with different but useful characteristics. 

In a T1 MRI air, bone and water (and water-based fluids) will appear black. 

Muscle and brain matter will appear in an intermediate saturation level, with 

gray matter slightly darker than white matter. Fat, blood and protein-rich fluid 

(as in infection) will appear bright. Paramagnetic substances, as those used as 

contrast agents, will appear bright, and be easily identified. Figure 1.8 depicts 

an example of a T1 MRI slice of a healthy subject. 

In a T2 MRI air and bone will appear dark, along with protein rich fluids. 

Muscle and brain matter will show intermediate saturation levels, with gray 

matter brighter than white matter. Water (and water-based fluids) and blood 

will appear bright. Paramagnetic substances, as contrast agents, will appear 

dark. Figure 1.8 shows an example of a T2 MRI slice of a healthy subject. 
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It is possible to use other MRI sequences than T1 and T2 to focus on other 

tissues types, according to their NMR properties. In all cases, MRI can be used 

to distinguish between different tissues with high concentration of hydrogen, 

as is the case of soft tissue in the human body. In apposition to CAT imaging, 

this technique shows high contrast for soft issue and a poor contrast for dense 

tissue (as bone). MRI techniques constitute different ways to measure the 

chemical composition and structure of the brain, and are thus anatomical 

neuroimaging techniques. 

1.3.4. Functional MRI 

Oxygenated hemoglobin is diamagnetic, whereas deoxygenated 

hemoglobin is paramagnetic. This causes differences in the local magnetic 

field depending on the proportion of these two molecules, affecting the T2* 

relaxation time. This relaxation time can be estimated with specific MRI 

sequences, like Echo-Planar Imaging (Mansfield, 1977). When the ratio of 

both types of hemoglobin changes (i.e. when the oxygen is consumed by the 

tissue) the T2*-weighted image changes, creating the Blood-oxygen-level 

dependent (BOLD) image. The effect was discovered by Seiji Ogawa in 1990 

(Ogawa et al., 1990). 

 

Figure 1.8 T1-weighted and T2-weighted MRI images of a healthy brain 

The Figure depicts the same axial slice acquired with different MRI sequences. The image on 

the left is a T1-weighted MRI, where air, water and bone appears dark, fat appears bright and 

white and gray matter appear gray, with the first slightly lighter than the latter. The image on 

the right is a T2-weighted MRI, where air and bone appear dark, water and fat appear bright, 

and white and gray matter appear gray, with the first darker than the latter. 
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This technique was used by Kenneth Kwong in 1992  to obtain the first 

functional MRI (fMRI) image (Kwong et al., 1992). The basis of fMRI is that 

active brain areas will consume oxygen at a higher rate than inactive ones. 

Comparing the ratio of oxy- and deoxygenated hemoglobin in a brain area at 

a given time with its baseline value, it is possible to estimate the oxygen 

consumption, and with it the level of activity. The first fMRI experiments were 

designed over a visual stimulation paradigm, and the activation of the visual 

cortex could be clearly observed. As the name of the technique indicates, and 

contrary to classical MRI, fMRI is a functional neuroimaging technique. 

1.3.5. Diffusion-weighted MRI 

Water (or water-based liquids) moves in the medium as an effect of 

Brownian motion. In an unconstrained medium this movement is random. 

However, if there is a boundary in the medium, i.e. a forbidden movement 

direction, the Brownian motion will be limited to the available directions only. 

This is the case, for example, inside the neuronal axons. A neuronal axon has 

a tubular structure, bounded in two of the three dimensions of space, and 

Brownian motion (i.e. diffusion) can only occur along the axon. 

It is possible to use MRI to estimate the amount of diffusivity between 

slices. When generating tomographic MRI images, all the nuclei inside a slice 

will be exposed to the same magnetic field, and all will have the same Larmor 

frequency. However, in different slices the intensity of the magnetic field will 

be different, and with it the local Larmor frequency. If a slice is excited by 

electromagnetic energy, the diffusion inside the slice will have no effect, but 

the diffusion out of the slice will increase the T2 relaxation due to changes in 

the Larmor frequencies of the excited nuclei. This effect can be exacerbated 

with specific MRI sequences, and is named Diffusion-Weighted Imaging (DWI) 

(Taylor and Bushell, 1985). 

The main application of DWI in brain image is the study of the tracks of 

white matter (i.e. the axons) that connect different parts of the brain 

(Ciccarelli et al., 2008). The image represents the diffusion in a point in the 

direction perpendicular to the slice plane. In order to correctly map the 

diffusivity of the water in the medium, and estimate the presence and 

orientation of the tracts, DWI must be studied in a minimum of 6 directions. 

However, as DWI, and MRI image in general, it is created by very noisy signals, 

a higher number of directions will improve the signal to noise ratio. The 
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Human Connectome Project (HCP) consortium recommends a minimum of 

128 diffusion directions to get excellent DWI data (Glasser et al., 2013). 

DWI is an anatomical neuroimaging technique. However, instead of 

reflecting the microscopic organization of the matter as CAT, SPECT, PET or 

classical MRI, DWI displays a property of the medium: its diffusivity. As a 

result, DWI is considered a structural connectivity technique. 

1.4. Techniques based on electrophysiology 

A number of interlaced cells named neurons forms the CNS, as the rest of 

the nervous system. These neurons work as both wires and processors for the 

nervous signal, transmitting it through the whole body. When working as 

wires, the neurons can be seen as conductors carrying microscopic electrical 

currents (Lorente de Nó and Honrubia, 1966). 0 provides a deeper description 

of the neural system cellular structure and its physiology. 

The word electrophysiology refers to the study of the currents generated 

by the brain activity. As these currents are a sign of the function of the brain, 

all the measures based on electrophysiology are functional neuroimaging 

techniques. 

1.4.1. Measure of the electrical currents generated by the brain 

Although the neural currents are intracellular and travel only inside the 

neurons, physics requires for some reciprocal (secondary) current to close the 

electric circuit. These secondary currents travel through the intercellular 

space, diffusing through the whole body. Following this logic, Hans Berger 

acquired in 1924 the first recording of electrical activity coming from a human 

brain (Berger, 1929). 

The acquisition was performed placing a set of electrodes on the scalp of 

a subject, and measuring the differences of potential between different 

points of the head. As the neuronal activity of the brain generates a flow of 

current in the head, it must necessarily imply a difference of potential 

between points of the scalp. Berger named this technique 

electroencephalography (EEG), as it measures the electrical currents 

generated by the encephalon. 

The main limitation of EEG is that, as the electrophysiological signal is 

measured outside of the head, it is difficult to estimate its true origin. The 

currents recorded on the scalp are generated in the brain, travel through it, 
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diffuse through the cerebrospinal fluid and travel through the bone, always 

following the path of lower resistance. The signal acquired on the scalp is thus 

affected by the electrical properties of the head, and the estimation of the 

followed path is a complicated task. 

It is possible to measure the electrical activity of the brain directly over the 

surface of the cortex. The technique is named electrocorticography (ECoG), 

as the signal measured directly in the cortex. In this case the currents are 

measured locally, and it is possible to estimate its true origin. This technique, 

however, requires a craniotomy, and can only be performed surgically. 

1.4.2. Measure of the magnetic fields generated by the brain 

Ampère’s law dictates that any electric current generates a related 

magnetic field, whose strength is proportional to the current intensity. This 

magnetic field forms loops around the current, and its sign is determined by 

the right-hand grip rule, as depicted in Figure 1.9. 

As the brain activity generates both intra and extracellular currents, all of 

them must generate a magnetic field. Intracellular currents are confined 

inside of the neurons, and are mostly parallel, so their magnetic fields add-up 

together. Extracellular currents are reciprocal to them, but diffuse through 

 

Figure 1.9 Ampère’s law of magnetism. 

The Figure depicts the magnetic field (in red) generated by an infinite straight conductor with 

a constant current (in blue). The magnetic field propagates perpendicularly to the conductor, 

with a circular orientation following the right-hand grip rule. 
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the whole body, so some of their related magnetic fields cancel each other. It 

is possible, with sensitive enough equipment, to measure the magnetic fields 

generated by the brain activity. This technique is named 

magnetoencephalography (MEG), and was first used by David Cohen in 1967 

(Cohen, 1968). 

In the case of MEG, the acquired signal is generated mainly, but not 

completely, by the intracellular currents. As the magnetic permeability of all 

the tissues of the head is similar to that of the vacuum, these magnetic fields 

travel in a straight line from its source to the magnetic sensors. This allows 

for a better estimation of the true origin of the signal than in the case of EEG. 

1.5. Summary of neuroimaging techniques 

In this Chapter we have enumerated several imaging techniques, focusing 

in their use for neuroimaging. This enumeration is not exhaustive, as there is 

a number of techniques that where not detailed, as functional Near Infrared 

Spectroscopy (fNIRS) or echography. However, all the techniques that were 

used in the work leading to this thesis have been enumerated and introduced. 

The techniques have been classified as structural or functional. The idea 

of this classification is to differentiate techniques able to see the structure of 

the brain from techniques able to see its function. However, this distinction 

is weak in some cases, as in the case of PET/SPECT or fMRI, where the 

structure (i.e. the presence of a certain molecule) is used to infer the function. 

With this in mind, it is possible to define a functional neuroimaging 

technique as a technique with temporal resolution. The existence of a 

temporal resolution implies that an image (or signal) is only valid for the 

precise instant it is taken, and successive images in different times will 

provide different information. The temporal resolution, then, is the minimum 

time between two consecutive images for the second one to add new 

information. The temporal resolution can range from minutes or hours (as in 

the case of PET or SPECT) to milliseconds or less (as in the case of EEG or 

MEG). 

In addition to the temporal resolution, all the neuroimaging techniques, 

both structural and functional, present a spatial resolution. The spatial 

resolution is the minimum distance between two elements of an image so 

they can be distinguished. The spatial resolution can range from several 
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centimeters (as in the case of EEG) to a fraction of a millimeter (as in the case 

of CAT). 

The neuroimaging techniques can also be classified according to their 

invasiveness. Invasiveness is a measure of the discomfort caused to the 

subject, along with the risk implied by the method itself. Contrary to temporal 

and spatial resolutions, invasiveness is strongly subjective. However, it is 

possible to establish a rough scale ranging from highly invasive techniques (as 

PET or SPECT, where a radioactive material is introduced in the bloodstream) 

to barely invasive techniques (as MEG). 

Figure 1.10 summarizes the temporal and spatial resolution of the 

functional neuroimaging techniques defined in this Chapter, along with their 

invasiveness. Purely anatomical techniques are not depicted in the graph, as, 

they do not have a defined temporal resolution, and would fall outside the 

axes. 

 

 

 

Figure 1.10 Different functional neuroimaging techniques sorted by spatial and temporal 

resolution. 

The Figure depicts the (maximum) spatial and temporal resolution achieved by different 

functional neuroimaging techniques. Techniques on the left of the graph have higher temporal 

resolution than techniques of the right. Techniques on the bottom of the graph have higher 

spatial resolution than techniques on the top. The color gives a (rough) estimate of the 

invasiveness of each technique. 
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Chapter 2.  

 

M/EEG signal acquisition and processing 

The nervous system is the part of the animals in charge of coordinating its 

actions (Hall and Guyton, 2010). It integrates the information coming from 

the different sensory inputs and generates the adequate responses. Its 

complexity varies between species, from simple stimulus-response 

mechanisms in the most evolutionary simple species to a whole system 

allowing abstractions and imagination in mammals (Griffin and Speck, 2004). 

The functional unit of the nervous system is the neuron. Neurons are 

hyper-specialized cells, evolutionary adapted to receive, process and transmit 

information (Hall and Guyton, 2010). Their evolutionary adaptation is so 

extreme that neurons neglect some of the most common cell functions and 

rely on other types of cell for them. For instance, they rely on glial cells for 

feeding and reparation, and cannot survive without them (Hall and Guyton, 

2010). The neuron doctrine, developed by Santiago Ramón y Cajal at the end 

of the 19th century, describes the neurons as independent, semi-isolated 

processing units, which communicate through chemical signals in the synapse 

(Ramón y Cajal, 1909). This view dictates that an extremely big set of simple 

neurons, with simple stimulus-response mechanisms, can interact in a way 

that produces very complex responses. The development of the neuron 

doctrine granted Ramón y Cajal the Nobel Prize on Medicine in 1906. 

In the case of the vertebrates, the nervous system presents a hierarchy, 

with the CNS in the top, coordinating the behavior of the remaining system 

(Hall and Guyton, 2010). The CNS is not different in nature from the rest of 

the system, and it is formed by neurons and glial cells. It is located in the head 

of the organism, and protected by a thick layer of skull, the cranium. As it is 

enclosed inside the head, the set of organs forming the CNS get the joint 

name of encephalon (from the Greek enképhalos, “inside of the head”), and 

in English it is commonly referred as brain. 

In the case of mammals, and specially humans, the brain is a complex 

organ where conscience and abstraction exists (Griffin and Speck, 2004). It is, 

however, a great unknown, as its structure is complex, and its study, 

complicated. Neuroimaging techniques, as those described in 0, allow the 
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study of the brain structure and function. This thesis approaches some 

problems derived from the study of the human brain, both healthy and 

pathological. More in detail, this work tries to deal with functional brain data 

acquired by means of electrophysiology, and how to use this information, 

obtained extracranially, to infer which processes take place in the brain. 

2.1. Physiological basis of EEG and MEG signal 

As mentioned before, the cell unit of the nervous system is the neuron. A 

neuron is a very specialized kind of cell evolved to receive, process, and 

transmit information, in the form of neural impulses. In order to understand 

the nature of these impulses it is important to understand the nature of the 

cell itself. A neuron is formed by three parts, as depicted in Figure 2.1 (Hall 

and Guyton, 2010): the soma, or body, is the center of the cell, where the 

nucleus resides; the dendrites are the cell entries of information, capturing 

inputs from the neighboring neurons; the axon is the cell output, and it is used 

to send information to the surrounding cells. 

There are several kinds of neurons in the nervous system. In general, they 

present the three parts mentioned above, but in some cases the soma has 

one single projection, that can work as both input and output of information 

(Hall and Guyton, 2010). In addition, the axon can, sometimes, work as an 

input of information to the cell (Cochilla and Alford, 1997). However, most of 

the neurons in the body can be modeled as a soma with one or (usually) 

several dendrites as information inputs and one axon as information output. 

 

Figure 2.1 Parts of the neuron. 

Sketch of a large neuron of the brain. The dendrites act as information input, receiving 

information from surrounding neurons. The axon acts as information output, connecting to 

the secondary neurons through the synapses. Adapted from (Hall and Guyton, 2010). 
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2.1.1. The nervous system 

The nervous system is a characteristic specific to animals. In less complex 

animals, this system is usually constituted by an ensemble of equally 

important neurons, where the output (action) from different inputs (stimuli) 

is either automatic or only basically processed (Ruppert, 2011). As the 

complexity of the animal increases, the complexity of the responses also 

increases, and a higher processing level is required. The nervous system of 

the worm, for example, is constituted by a series of ganglia, ensembles of 

neurons with higher hierarchical level than the rest of the nervous system. 

These ganglia are composed by specialized neurons, which are in charge of 

higher levels of processing. In the case of the vertebrates, these set of ganglia 

are evolved into a bigger ensemble of neurons, with differentiated parts, and 

enclosed in a set of protecting bones (Fritzsch, 1998). This set of protecting 

box is referred as head, and the evolution of the ganglia is referred as 

encephalon or brain. 

In the case of humans, the brain, located on the top of the body and inside 

the cranium (in the interior of the head), is formed by three well-

differentiated parts, with different functions: the cerebrum, the cerebellum 

and the brain stem. These three organs, together with the spinal cord, form 

the central neural system (Hall and Guyton, 2010). The rest of the nervous 

system is named the peripheral nervous system. A schematic version of the 

human nervous system is depicted in Figure 2.2. Herewith I briefly describe 

all these parts of the CNS. 

The spinal cord is a prolongation of the CNS that extends outside of the 

encephalon. As in the encephalon, a protective layer of bone, in this case the 

vertebral column, surrounds it. The main function of the spinal cord is the 

transport of the nerve impulses between the encephalon and the rest of the 

body (Hall and Guyton, 2010). However, as a semi-vestigial function from 

older evolutionary stages, it is in charge of some basic reflexes, like moving 

away a limb in the presence of a sudden unpleasant stimulus (e.g. pain). 

The brain stem is, phylogenetically, the earliest developed part of the brain 

(Fritzsch, 1998). It is in charge of the basic functions of the organism, such as 

controlling the heart and breath rhythms, or controlling the circadian 

rhythms. It is composed by several structures, organized as nuclei, ensembles 

of neurons similar to the ganglia found in more simple animals. Some of these 

nuclei are in charge of the basic responses to ensure the survival of the 
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individual, as the processes related to feeding, fear and reproduction (Hall 

and Guyton, 2010). 

The cerebellum is a structure with a completely different tissue type than 

that of the brain stem. Instead of a cell organization based on nuclei, the 

cerebellum is based on a superficial neuronal structure, with differentiated 

layers (Manni and Petrosini, 2004), in what is called a cortical structure. This 

tissue structure is similar to that of the encephalon, which will be discussed 

more in detail. Due to the organization in layers, an increase in the number of 

neurons in the cerebellum is achieved with an increase in the surface of the 

outermost layer that forms it. As the bounding surface of a sphere is limited 

by the available space, the solution found by evolution to increase the 

number of neurons in the cerebellum is to convolute its structure. Thanks to 

this, the human cerebellum contains around 80 per cent of the total neurons 

in the CNS (Herculano-Houzel, 2010). The functions of the cerebellum is 

mainly related to the motor system, being in charge of coordinate the 

movements to achieve a precise execution (Fine, Ionita and Lohr, 2002). 

Cerebellum seem to be related to some cognitive functions, but this relation 

is not completely understood (Timmann and Daum, 2007; Buckner, 2013). 

 

Figure 2.2 Human nervous system. 

Left: Sketch of the human nervous system, marking the encephalon ((a) cerebrum; (b) 

cerebellum; (c) brain stem), the spinal cord (d) and the peripheral nervous system (in blue 

color). Right: Sketch of the brain, marking the different lobes of the cerebrum, the cerebellum 

and the brain stem. 
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The cerebrum is, evolutionary speaking, the most recent part of the brain, 

and is related to the high cognitive functions (Griffin and Speck, 2004). As the 

cerebellum, it is structured in cortical layers, where the surface of the 

outermost layer is related to the number of neurons, thus its complexity and 

cognitive abilities. The outermost part of the cerebrum is the cortex 

(sometimes termed gray matter for the color of the tissue in post-mortem 

examinations), and is formed by different layers of neuronal bodies 

(Brodmann, 1909; Ramón y Cajal, 1909). Different parts of the cerebrum are 

anatomically connected through tracks of myelinated axons (usually named 

white matter, due to the color of myelin). 

In the same way that the cerebellum, the cerebrum is highly convoluted, 

but as the cortical layer is thicker than in the latter, the number of 

convolutions is lower. As depicted in Figure 2.2, the convolutions in the brain 

define gyri (protuberances) and sulci (depressions). The embryonic 

development of the human brain creates bigger sulci in some parts of the 

cerebrum, which receive the name of fissures (Hall and Guyton, 2010). These 

fissures are used to divide the brain in five lobes: the frontal lobe, in the more 

anterior part of the cerebrum, and with its posterior part in the precentral 

sulcus, just anterior to the central fissure; the parietal lobe, with its anterior 

part in the postcentral sulcus, just posterior to the central fissure, and its 

posterior part just anterior to the parieto-occipital fissure; the occipital lobe, 

posterior to the parietal fissure; and the temporal lobes, one at each side, and 

lateral to the lateral fissures. This division is depicted in Figure 2.2. 

The peripheral nervous system is the more distant part of the nervous 

system and is formed by the ramifications of the nerves emerging from, or to, 

the spinal cord. These nerves are in charge of conveying the information from 

the senses to the CNS, or from the latter to the effectors (e.g. the muscles or 

the organs). 

2.1.2. The action potential 

The transfer and processing of information in the neuron is performed 

electrochemically. Neurons, like other cells in the body, are chemically 

isolated from the surrounding medium by the cellular membrane. A set of 

channels in the membrane allow the transfer of molecules in and out the cell. 

Some of these channels are passive, and only allow for the transfer of 

molecules in favor of the gradient, i.e. from the area of higher concentration 

to the area of lower concentration. Other channels are active and can force 
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the transfer of molecules against the gradient, consuming some energy in the 

process. 

A neuron at rest has a higher concentration of negative ions intracellularly 

that in the surrounding medium, thereby generating a negative trans-

membrane potential of around 65 mV. This means that the cellular 

membrane is the barrier for both chemical and electrical gradients. As the 

membrane is permeable, this gradient may be maintained by means of active 

channels, like the sodium-potassium pump. 

The membrane of the neuron also presents a set of chemically and 

electrically mediated passive channels. These channels are normally closed, 

but when they are open, they allow the transference of ions in favor of the 

gradient, decreasing the trans-membrane potential. This phenomenon is 

known as depolarization and constitutes the basis of the neural processing. 

As stated by Ramón y Cajal (Ramón y Cajal, 1909), the neurons constitute 

independent organisms, which bounded together develop a discontinuous 

network along the body. Neurons are not in contact, but communicate 

through chemical signals that diffuse through the gap of extracellular fluid 

between them. This gap is named synapse (from the Greek synapsis, 

conjunction) (Foster and Sherrington, 1897), and the chemical signalers are 

named neurotransmitters. These neurotransmitters adhere to the membrane 

of the post-synaptic neuron, acting over its chemically mediated channels. If 

the neurotransmitter is excitatory, it will activate the channel, starting a 

process of depolarization. If the neurotransmitter is inhibitory, it will suppress 

the channel response. When the net sum of excitatory and inhibitory 

neurotransmitters exceeds a threshold, the inner mechanisms of the cell 

cannot maintain the trans-membrane potential in the resting level. In this 

case the electrically mediated channels will also open, and the depolarization 

will be successful (Hall and Guyton, 2010). 

The post-synaptic neuron present neurotransmitters receptors all over the 

cell, but the excitation usually occurs in the dendrites, especially in their 

spines (Hall and Guyton, 2010), protuberances in the dendrites with a large 

set of neurotransmitter-mediated channels. The geometry of the spines 

restricts the diffusion of the intracellular fluid with the rest of the neuron, 

thus facilitating the local modification of the ionic concentration and the 

successful depolarization. Once the dendritic spine is locally depolarized the 

opening of electrically mediated channels will create a chain reaction that will 
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propagate through all the dendrite in direction to the soma (Hall and Guyton, 

2010). This phenomenon is called postsynaptic potential. 

The soma presents a geometry that facilitates the diffusion of the fluid, so 

the activation of a single dendrite is usually not enough to achieve a successful 

neuronal depolarization (Magee, 2000). However, when the neuron is 

concurrently excited in several points, the sum of all the inputs can give rise 

to a whole cell depolarization. The structure of the cell causes different 

dendrites to have different effects in this whole cell depolarization. This 

structure weights the different inputs to produce (or not) an output, and 

determines the processing behavior of the neuron (Wang et al., 2013). 

Once the whole neuron is depolarized, the signal is transmitted to the next 

neuron through the axon. Axons are usually longer than dendrites, and the 

transmission of the action potential (AP) is too slow to be useful (Hall and 

Guyton, 2010). To ease this problem, an isolating lipid called myelin usually 

surrounds axons, which avoids the transference of ions from the cell. This 

isolating layer presents regular gaps, called nodes of Ranvier, where the 

interchange of ions through the membrane is allowed (Hall and Guyton, 

2010). The existence of myelin blocks the action of the electrically mediated 

channels, but also of the active channels that keep the polarization of the 

neuron in the state of rest. The result is a conduction, named saltatory 

conduction (from the Latin saltare, to leap), of the AP up to two orders of 

magnitude faster than in axons with no myelin (Brill et al., 1977; Waxman, 

1977, 1980). 

When the AP reaches the end of the axon, it causes a new effect. Axons 

end in the axon terminal or synaptic button, a widening of the axon containing 

a set of vesicles full of neurotransmitters. These vesicles, when mature, are 

placed in the cellular membrane, and open to the extracellular fluid when the 

AP reaches them, liberating its content to the synapse. The neurotransmitters 

diffuse through the extracellular fluid, and reach the next neuron, starting the 

whole process again. According to the type of neurotransmitters, synapses 

(and, by extension, the presynaptic neuron) can be excitatory, if its activation 

contributes to the excitation of the postsynaptic neuron, of inhibitory, if it 

contributes to its inhibition. 

2.1.3. Electrophysiological signal 

The APs in the neuron are based in an interchange of ions between the 

inside of the neuron and its surrounding medium, and there is no movement 
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of free charges involved. However, from a macroscopic point of view, some 

charges are moving, and the process can be seen as an electrical current 

traveling through the neuron. In fact, two currents can be modeled from the 

action potential. The first one is the electrical view of the action potential 

itself, which travels through the inside of the neuron as the ionic 

concentration does. However, a current traveling in one direction would 

imply an accumulation of charges in one extreme of the circuit, until the 

circuit itself runs out of charges and the process stops. This phenomenon 

never takes place, as the active channels of the neuron re-establish the 

previous concentration of ions in a process called repolarization. The second 

current is the electrical view of this repolarization process, that takes place 

outside of the neuron, and as is not confined in the inside of a cell, diffuses 

through all the extracellular space. The first current is usually named primary 

or intracellular current, whereas the second one is name secondary or 

extracellular current (Baillet, Mosher and Leahy, 2001). Both phenomena are 

depicted in Figure 2.3. 

The primary currents are confined inside the neuron, and can only be 

measured by intracellular techniques, such as patch clamp, that can only be 

applied in vitro. The secondary currents, on the other hand, diffuse on all the 

available tissue, and can, theoretically, be measured anywhere in the body. 

The extent of the body where the secondary currents can propagate is called 

the conducting volume. As the encephalon is enclosed inside the poorly 

 

Figure 2.3 Pre-synaptic and post-synaptic currents in the neuron. 

The pre-synaptic current propagates though (usually) myelinated axons, and can be modelled 

as a quadrupole, with low magnetic field. The post-synaptic current propagates though the 

dendrites and can be modelled as a dipole. Both currents are primary currents and are drawn 

in orange hue. The corresponding secondary currents are drawn in yellow color. The magnetic 

field generated by the post-synaptic primary current is drawn in green color. 
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conducting skull, most of the secondary currents will be confined inside it, 

and only a small fraction will go outside. These small currents can, however, 

be measured in the scalp, leading to the neuroimaging technique of 

electroencephalography (EEG, measure of the electrical currents coming from 

the encephalon). As the signal measured in the scalp is only a small fraction 

of the original signal, its signal-to-noise ratio is low. It is possible to implant 

electrodes surgically in the inside of the skull, leading to the technique called 

electrocorticography (ECoG, measure of the electrical currents in the cortex). 

According to Ampere’s law, any current must generate a magnetic field that 

surrounds it, whose strength is proportional to the intensity of the current 

(Geselowitz, 1970). These magnetic fields can be measured outside of the 

head, leading to the technique of magnetoencephalography (MEG, measure 

of the magnetic fields generated by the encephalon). 

In this context, both primary and secondary currents caused by the action 

potentials must generate a magnetic field. However, due to the nature of 

both currents, the magnetic field generated for them are different (Sarvas, 

1987). In the case of primary currents, the strict geometry of the cell forces 

the current to flow in a very concrete direction. In the case of straight 

dendrites and axons, the piecewise contribution of the local currents can add 

up to a global current whose intensity is the sum of the local ones. The 

resulting magnetic field will be equal to the sum of the local magnetic fields. 

In other words, all the primary currents will contribute to a big primary 

magnetic field. On the other hand, secondary currents flow almost 

unbounded, and the local magnetic fields will not add up to a big secondary 

magnetic field. 

According to this, it would be expected that the primary magnetic field 

could be observed, while the secondary magnetic fields would cancel each 

other out. However, this is not the case, as secondary currents do not flow 

completely unbounded; the skull acts as a boundary for much of the currents 

generated in the brain, and the end of the body acts as a complete boundary, 

where no current can escape. 

These boundaries cause the secondary magnetic fields to add up in some 

conditions, the extreme case being a primary current perpendicular to the 

surface in a symmetrical conductor, as the case of a sphere. A radial primary 

current in a spherical conductor would produce a primary magnetic field that 

should be possible to measure outside of the conductor. However, the 

secondary currents diffuse symmetrically in such a way that the sum of the 
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secondary magnetic fields would have the same amplitude, and opposite 

direction, than the primary magnetic field in any point of the space outside of 

the sphere (Sarvas, 1987). Radial primary currents inside a spherical 

conductor do not generate a magnetic field outside of the conductor, and are 

called magnetically silent sources. A similar effect can be observer with other 

symmetrical geometries (Sarvas, 1987). 

The aforementioned phenomenon of silent radial sources only occurs 

when the primary current exist in a completely homogenous and perfectly 

symmetrical conductor. However, the inside of the skull can be seen as quite 

symmetrical, and the conductivity of the tissues is homogenous enough, to 

say that radial currents in the brain are almost magnetically silent 

(Hämäläinen et al., 1993). With this in mind, it is possible to state that, while 

the EEG is sensitive to all current configurations, MEG is only (or mostly) 

sensitive to the component of the primary currents that is tangential to the 

inside of the skull. 

2.1.4. Origin of the measured signals 

 The AP of a single neuron has a very small amount of energy. Both the 

secondary current and the magnetic field generated by the activation of a 

single neuron exist outside the head of the subject, but are so tiny that it is 

impossible to measure them. According to simulations, a minimum of around 

10,000 t 100,000 neurons must activate simultaneously to generate an 

electrophysiological signal that can be measured (Murakami and Okada, 

2006). In order to achieve this, the individual signals must add up both 

temporally and spatially. 

Temporal summation implies that, at a given time, thousands of neurons 

must present an AP. Even with highly synchronized networks, there is always 

a small temporal drift in the activation of the action potential in different cells. 

To overcome this, the action potential must be sustained for some time, at 

least longer than the possible drift in time. Axons are myelinated, and the APs 

are very fast, whereas dendrites are not, thus generating slower action 

potentials. In this situation, it is more likely that the AP of a set of thousands 

of dendrites (the post-synaptic potential) synchronize to generate a big 

enough equivalent current than in the case of thousands of axons. 

Spatial summation implies that the AP must be parallel and in the same 

direction in order to add up. A network of entangled neurons where the 

action potentials flow in random direction will not generate an observable 
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signal, as both the currents and the magnetic fields generated for the 

different neurons will cancel each other. 

The need for temporal and spatial summation requires the origin of the 

electrophysiological signal acquired outside of the head to be in sets of 

neurons with long, parallel dendrites that activates simultaneously. This is the 

case of the pyramidal neurons in the cortex, which present a long apical 

dendrite (Baillet, Mosher and Leahy, 2001; Murakami and Okada, 2006). This 

dendrite is placed perpendicularly to the surface of the cortex, and thus the 

apical dendrites of a set of neighboring neurons will be parallel to each other, 

allowing spatial summation of the generated currents. In addition, the apical 

dendrite is long enough to allow temporal summation. 

Pyramidal cells are common in the brain, and their number and shape 

seem to be tightly related to cognitive ability (Griffin and Speck, 2004), 

making it a fortunate coincidence that the activity of these neurons is the 

main source of electrophysiological signal. This does not imply, however, that 

the pyramidal cells’ activity is the only source of EEG and MEG signal. Due to 

their specific shape and geometry, pyramidal neurons are ideal for the 

generation of electrophysiological signals, but other cells also contribute to 

the measured signal, only to a lesser extent. 

2.2. EEG and MEG signal acquisition 

As indicated in the previous section, the neural activity generates, 

inherently, a current distribution, both inside the neurons themselves and in 

the whole of the conducting volume. It is not possible to measure directly 

these currents, as the measure of the flow of current requires the interruption 

of the conducting line and the insertion of a probe. However, as mentioned 

before, these currents can be in fact measured, and the technique used to 

achieve it is different for EEG and for MEG. 

2.2.1. EEG signal acquisition 

EEG is, theoretically, a direct measure of the secondary currents. As this is 

not possible, EEG uses a detour to measure these currents. According to 

Ohm’s law, the existence of a current in a medium with finite conductivity 

implies the existence of a gradient of potentials proportional to the intensity 

of this current. Thus, a current in the scalp creates, or is created by, a 

difference in electrical potential, flows from a point of higher potential to a 

point of lower potential. The difference in potential that would correspond to 
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the small currents flowing in the scalp would be in the range of micro-Volts, 

but it is possible and, in fact, quite easy, to use modern equipment to measure 

such signals. This is, in fact, the signal acquired by EEG. 

The use of difference of potential to measure indirectly the secondary 

currents brings a consequence. It is not possible to measure the potential in 

a point, as potential is, by nature, a relative quantity. Current flows because 

there is a difference in the potential of two points connected by a conductor. 

Therefore, in order to measure an EEG signal, we need to estimate a 

difference in potential between two points, where one is defined as baseline 

potential or reference. Thus, every measure of EEG activity implies the 

measurement of the difference of electric potential between two points. 

Originally, EEG signal was acquired by Berger using a single channel EEG, 

with only two measuring electrodes (Berger, 1929). In contrast, nowadays 

EEG acquisition, common both in experimental and clinical environments, use 

montages using from the tens to the hundreds of channels (Klem et al., 1958; 

Oostenveld and Praamstra, 2001). As it not practical to use a bipolar montage 

with so many channels, that would imply two sensors per measuring channel, 

multi-sensor EEG arrangements usually rely on unipolar montages, 

designating one sensor as reference and measuring the difference in the 

electrical potential of each one of the other sensors with that of the 

reference. 

In order to allow the comparison of EEG acquisitions from different 

subjects, or event in different sessions, EEG electrodes are placed on the scalp 

in standardized arrangements. The most common of these arrangements is 

the 10-20 system (Klem et al., 1958), where the scalp is divided in sections 

and the electrodes are supposed to take a representative measure of the 

corresponding section. The divisions are taking according to four landmarks: 

the nasion, above the nasal bone; the inion, in the posterior-most part of the 

occipital bone; and the left and right pre-auricular points, just anterior to the 

tragus. The four points are depicted in Figure 2.4. 

The line between the nasion and the inion is split in segments of 10 or 20 

percent (thus the name of the system), each segment named as Frontal polar, 

Frontal, Central, Parietal and Occipital, respectively, as shown in Figure 2.4. 

The names of these segments represent the brain lobes just below them, with 

the exception of the Central segment, that cover the posterior part of the 

frontal lobe. The line between both pre-auricular points is segmented in a 
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similar way, as depicted in Figure 2.4, defining the temporal segment, as it is 

above the temporal lobe. Electrodes are placed in the edges of each segment 

and are named according to the segment and numbered from the zenith to 

the extremes, using the odd numbers for the left half of the scalp, the even 

number for the right half of the scalp, and the letter z (from zero or zenith) 

for the midline. The original 10-20 system defines 19 or 21 electrodes, and in 

the latter years it has been extended with versions named 10-10 (with 81 

electrodes) (Chatrian, Lettich and Nelson, 1985) and 10-5 (with up to 345 

electrodes) (Oostenveld and Praamstra, 2001). A comparison of the three 

standard montages is shown in Figure 2.5. 

An EEG acquisition of N channels requires, even in monopolar montages, 

at least N+1 electrodes. In addition, any signal affecting the value of potential 

at the reference would be simultaneously observed in all the channels. This 

issue, known as the common reference problem, could lead to believe that a 

given activity is global in the brain, when it is local to the surroundings of the 

point of reference. One solution to overcome this problem is to use as 

reference a point where no brain activity should be measured, but still 

connected to the scalp by conducting tissue (Geselowitz, 1998). As secondary 

currents flow through all the available conducting volume, this is, by 

definition, impossible. 

 

Figure 2.4 Placing of the electrodes according to the International 10-20 system 

Left: Anatomical landmarks (nasion, inion and pre-auricular points) and antero-posterior 

segments defined by the International 10-20 system. Right: Superior view of the segments 

defined by the system. 
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Depending to the type of analysis in mind, the reference can vary. In many 

epilepsy studies based on EEG (Flink et al., 2002; Acharya et al., 2016), where 

the localization of the epileptogenic focus is the goal in mind, physicians tend 

to use several dipolar montages to correctly triangulate the origin of the 

anomalous activity. In research, on the other hand, a unipolar montage with 

common (or semi-common) reference is usually preferred (Yao et al., 2005). 

Usual reference points are Cz (the zenithal electrode in the Central area), Fpz 

(the zenithal electrode in the forehead), A1 (left auricular lobe) for the left 

electrodes and A2 (right auricular lobe) for the right electrodes, or an average 

of both auricular electrodes. It is important to note that, even when the 

topological activity maps are independent of the selected reference 

(Geselowitz, 1998), the shape of the acquired signals is strongly dependent 

on it, and two studies with different reference electrodes are not directly 

comparable. 

A better solution is the use of a synthetic reference. The most common 

synthetic reference is the average reference, where the average potential in 

all the electrodes is used to construct a baseline value. For EEG acquisitions, 

the head is usually taken as the conducting volume (i.e. neglecting the 

currents flowing through the neck to the rest of the body). In this framework, 

the boundary conditions in Green’s theorem implies that the integral of the 

 

Figure 2.5 International 10-20 system and its extensions. 

The image on the left shows the original 10-20 system (electrode positions marked as black 

circles) and its 10-10 extension (original plus gray circles). The image on the right shows the 

original 10-20 system (also in black circles) and its 10-5 extension (original plus gray and white 

circles; electrode positions common to 10-10 and 10-5 systems are marked in gray, and new 

electrode positions in white). Adapted from (Oostenveld and Praamstra, 2001). 
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potential around the boundary of the conducting volume (i.e. the scalp) 

should be zero, and if the electrode array is dense and regular enough, it can 

be taken as a sampling of this boundary (Bertrand, Perrin and Pernier, 1985). 

The sum of all the electrodes would then represent the integral around the 

boundary, and would determine a good baseline. However, as mentioned 

above, this is only true when the EEG array is dense enough, with channels 

homogeneously distributed in the scalp (Desmedt, Chalklin and Tomberg, 

1990), and for montages with less than 30 channels the average or the 

electrodes is not a good approximation to the real zero potential. 

Other synthetic reference methods include the surface Laplacian (Hjorth, 

1975; Nicholson and Freeman, 1975), where the Laplacian of the potentials 

on the scalp is used to estimate the underlying currents; and the reference to 

the infinite (Yao, 2001), where the potential of a point in the infinite (i.e. with 

real zero electric potential) is estimated and the data is re-referenced to it. In 

all the cases, when a synthetic reference is used we transform N+1 electrodes 

and N channels providing N useful signals (as the potential of the reference 

electrode respect to the reference is always 0), to N+1 channels providing N+1 

signals. This transformation makes the re-referenced EEG data rank deficient, 

something that must be taken in account in the rest of the analysis pipeline. 

2.2.2. MEG signal acquisition 

In the same way the EEG measures the electric potentials in the scalp 

caused by the secondary currents, MEG measures the magnetic field 

generated by both the primary and secondary currents. Unlike the potential, 

the magnetic field can be measured in a single point, as is thus reference free. 

This is one of the advantages of MEG over EEG. 

However, the main problem with MEG is that the amplitude of the 

magnetic field generated by the synchronous activation of neurons is 

extremely small, in the order of the femto-Tesla. For comparison, the 

geomagnetic field, caused by the rotation of the nucleus of the Earth, has 

amplitude in the order of the tens of micro-Tesla, 10 orders of magnitude 

higher, and the environmental noise is, usually, even higher. This implies that, 

in a normal environment, the signal to noise ratio (SNR) of the MEG signal is 

much smaller than one, as depicted in Figure 2.6. In order to overcome this 
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difficulty, MEG acquisition must be taken in an isolated area, specifically 

inside a magnetically shielded room (MSR). 

An MSR follows an idea similar to Faraday’s cage but adapted to shield 

from magnetic instead of electromagnetic fields. The simplest MSR is a cube 

made of a material with a high magnetic permeability, as is the case of 

specifically engineered alloys as mu-metal (metal with high µ, magnetic 

permeability) or perm-alloy (high permeability alloy). The high permeability 

layer acts as an easy path for the magnetic fields, which travel through the 

walls of the cube instead of going inside the lower permeability interior. This 

main idea of an MSR is depicted in Figure 2.7. Modern MSRs include several 

layers of the high permeability alloy, achieving attenuation factors above 40 

dB even for extremely low frequencies (Gratta et al., 2001). The MSR 

construction is usually completed with one or several high conductivity layers, 

usually aluminum or copper, that act as a real Faraday’s cage, in order to 

isolate the interior from electromagnetic (high frequency) fields as well. 

The first measure of a MEG signal inside a MSR was taken in the University 

of Illinois in 1967 by David Cohen (Cohen, 1968). In this experiment the MSR 

isolated the measurement from the external noise, but the coil used as 

magnetometer had an intrinsic noise several orders of magnitude above the 

expected brain signal, giving an extremely low SNR. To overcome this 

difficulty, Cohen used a montage as the one shown in Figure 2.8, 

simultaneously recording the EEG activity and the magnetic activity for 

several minutes. Then, using the EEG data as guide to define markers, he 

averaged several repetitions of brain activity cycles (the so-called alpha 

 

Figure 2.6 Intensity of the noises affecting MEG data. 

The Figure depicts the amplitude, in Tesla, of several common sources of noise. Brain magnetic 

signal is typically in the order of the hundreds of fT, several orders of magnitude lower than, 

for example, the Earth magnetic field. 
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rhythm) as captured by the magnetometer. The idea behind this ensemble 

average was that, as observed in the EEG, the brain activity in each repetition 

is the same, or at least similar, but the intrinsic noise of the magnetometer 

must be different. Averaging several repetitions of this rhythm would, 

according to the central limit theorem, render the intrinsic noise to zero, 

without affecting the brain activity. The result of the experiment was a clear 

image of the alpha rhythm as seen by MEG, shown in Figure 2.8, proving the 

possibility to measure the magnetic field generated by the brain activity. 

The measure of the magnetic field generated by the brain, as obtained 

with a common magnetometer, is not useful, as the high level of noise 

requires averaging to observe any activity. Modern MEG systems are based 

in Superconductor Quantum Interference Devices (SQUID), a device 

developed in the decade of 1960 and able to measure extremely small 

magnetic fields. Cohen used for the first time a radiofrequency SQUID 

(Zimmerman, Thiene and Harding, 1970) and a higher quality MSR (Cohen, 

1970) to acquire MEG data from a human subject in the Massachusetts 

 

Figure 2.7 Magnetically shielded room. 

Left: Sketch of an MSR reflecting the magnetic noise. The MSR is constructed with high 

permeability alloys, and acts as an easy path for the magnetic fields, that travel inside the walls 

instead of through it. Right: Real MSR installed in the Center for Biomedical Technology in 

Madrid. 
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Institute of Technology in 1971 (Cohen, 1972), obtaining the signal shown I in 

Figure 2.9. 

A SQUID is a superconducting magnetometer based on a special 

presentation of the tunnel effect. Brian David Josephson postulated in 1962 

that a superconducting wire with a weak link (i.e. a discontinuity in its 

superconductivity) should continue to behave as superconductor for low 

intensities of current (Josephson, 1962). If the current in the wire surpasses a 

critical value (𝐼𝑐) the tunnel would collapse. This effect, known now as 

Josephson effect, was experimentally proven in 1963 (Anderson and Rowell, 

1963), and the weak link is commonly referred as Josephson junction. For this 

 

Figure 2.8 Set-up used for the first MEG acquisition. 

Top left: MSR installed in the University of Illinois and used in the experiment. Top right: Coil 

used to measure the magnetic field generated by the neurons from outside the body. Bottom 

left: Electronic montages used in the experiment. EEG was acquired simultaneously with MEG 

data and used as trigger. Bottom right: Result of the averaging of 10 minutes of Alpha rhythms 

as measured by MEG. Adapted from (Cohen, 1968). 
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discovery Josephson was granted the Nobel Prize in Physics in 1973. There 

exist two main types of SQUID, radiofrequency fed (rf-SQUID) and direct 

current fed (dc-SQUID). The original MEG measurement by Cohen in 1971 was 

made using an rf-SQUID, but modern MEG systems are constructed using dc-

SQUID, so only this type will be discussed here. 

The dc-SQUID is a montage that includes a coil with two weak links, a DC 

fed and a feedback system, as shown in Figure 2.10. The coil is fed with a 

 

Figure 2.9 First MEG acquisition using a SQUID. 

Left: MSR installed in MIT and used in the experiment. Right: Signal acquired using a SQUID 

detector in 1971. Signal is band-pass filtered between 5 and 15 Hz. 

 

Figure 2.10 dc-SQUID. 

The Figure shows the electronic montage of a dc-SQUID. The SQUID is coupled with the 

environment by means of a flux transformer or pickup coil. A feedback coil is used to 

compensate the measured magnetic field and keep the SQUID into its dynamic range. The 

electronic schematic is taken from the description of the Vectorview system (Elekta, AB, 

Stockholm, Sweden). 
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direct current (hence the name) of approximately two times the critical value, 

so the current flowing through each branch of the coil would be just slightly 

smaller to 𝐼𝑐. The intrinsic resistance of the coil creates a DC voltage in the 

system, which is continuously monitored. In presence of a magnetic field, a 

current is induced in the coil, producing an imbalance in the current flowing 

through each branch. As a result, one of the branches will present a current 

above the critical value, and the tunnel will collapse. This modifies the 

intrinsic resistance of the circuit and, with it, the DC voltage. A feedback 

circuit will try to compensate the measured magnetic field with a synthetic 

one, generated by means of a set of correction coils. This feedback circuit 

keeps the SQUID in the adequate functioning range, and dramatically 

increases the dynamic range of the detection system (Williamson and 

Kaufman, 1981). 

The SQUID sensor is able to directly measure a magnetic field, but this 

configuration presents a series of problems, mainly to its small size and poor 

inductance. The size of a SQUID is of a couple of millimeters (Sarwinski, 1977), 

and the output signal depends not on the magnetic field strength, but on the 

magnetic flux that goes through it. As, for a given constant magnetic field, the 

flux is proportional to the sensor area, the smaller the size of the sensor, the 

lower the captured signal. The solution to this problem is to use an 

intermediate flux transformer comprised of two coils on a loop, as showed in 

Figure 2.10. One of the coils is coupled to the SQUID and designed to present 

an inductance that maximizes the signal transfer. The other coil is the pickup 

coil, and is the one in charge of capturing the magnetic field (magnetic flux) 

of interest (Sarwinski, 1977). The flux transformer acts like a lens, focusing 

the magnetic flux in the area of operation of the SQUID. In the same way that 

the SQUID, the flux transformer is made of superconducting material, so the 

system has zero signal loss. However, the inductance of the system depends 

on the configuration of both coils, and the flux transformer assembly must be 

designed to present the right coupling to the SQUID (Sarwinski, 1977; 

Williamson and Kaufman, 1981). The SQUID and the flux transformer in 

modern MEG systems are usually constructed of niobium, a material that 

behaves as a superconductor for temperatures below 7.2 K. The most 

common way to achieve these cryogenic temperatures is to submerge the 

whole montage in liquid helium, which boils at 4.2 K. This need forces the 

sensor array to be held in a Dewar vase, and adds complexity to the design. 

The ensemble of a pickup coil and a SQUID receives the general name of 

magnetometer, as is a system designed to measure magnetic fields. The 
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pickup coil in the system acts like an antenna, capturing the magnetic field in 

its neighborhood and transferring it to the SQUID. As any antenna, this coil 

has a radiation (or, in this case, absorption) profile, that depends only in the 

shape of the coil. For example, as the field generated by a magnetic dipole 

attenuates with the cube of the distance, a distant source will present a 

smooth field distribution in a sensor array, both in direction and magnitude. 

Two magnetometers separated by a small distance will, then, measure a 

similar signal for the source. On the other hand, a close source will produce a 

magnetic field whose intensity and direction would vary rapidly in space, and 

two close sensors will measure different signals. On other words, the spatial 

gradient of the magnetic field in the sensor array will be much stronger for 

near sources than for distant sources (Baule and McFee, 1963; Zimmerman 

and Frederick, 1971). Using this idea, it is possible to build gradiometers, 

extensions of the magnetometers that measure a sampled version of the 

gradient of the magnetic field. These gradiometers can be constructed 

combining the signal acquired by two nearby magnetometers (receiving the 

name of synthetic gradiometers) or, most commonly, can be designed with 

special shapes of the pickup coil, as shown in Figure 2.11. The second way 

presents the advantage that a physical gradiometer only requires a SQUID to 

work, reducing the cost of the system, whereas synthetic gradiometers are 

more flexible, as physical gradiometers are hard wired, and the gradiometer 

configuration cannot be modified. 

Attending to its configuration, gradiometers can be classified as planar or 

axial gradiometers. In the magnetometer frame of coordinates, the coil 

comprising the magnetometer itself is placed in the XY plane, and measures 

the component of the magnetic field in the Z direction. The use of two side-

to-side magnetometers (or a specially designed pickup coil) in the same XY 

plane and with opposite wiring senses, as shown in Figure 2.11, form a planar 

gradiometer (i.e. both parts of the gradiometer are in the same plane). The 

use of two magnetometers in the same XY coordinates but different plane, as 

shown in Figure 2.11, form an axial gradiometer (i.e. both parts of the 

gradiometer are in the same axis). The gradiometers formed by two loops, in 

opposite directions, are classified as first order, but higher order 

gradiometers can be designed. However, the use of higher order 
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gradiometers strongly modifies the inductance of the flux transformer, 

lowering the SNR of the whole system (Williamson and Kaufman, 1981). 

The commercial whole head MEG systems currently available present 

magnetometers (BTi/4D neuroimaging MAGNES system, with 148 or 248 

sensors), axial gradiometers (CTF 275 system, with 275 sensors; Yokogawa 

MEGvision, with 160 sensors; some versions of the BTi/4D neuroimaging 

system), planar gradiometers (Neuromag 122 system, with 122 sensors in 61 

positions) or combinations of magnetometers and planar gradiometers 

(Neuromag/Elekta Vectorview system, with 306 sensors, split in 102 

magnetometers and 204 planar gradiometers in 102 positions). In particular, 

the data used for the realization of this Doctoral Thesis was acquired using an 

Elekta Vectorview system, but should be possible to extend the analysis and 

results to any MEG system. With this in mind, it is important to understand 

the behavior, advantages and limitations of the three sensor types. 

 

Figure 2.11 Different designs for pickup coils. 

The Figure depicts several types of pickup coils. (a): Basic magnetometer. (b): Planar 

gradiometer, measuring the transversal spatial derivative of the magnetic field. (c) and (d): 

Different designs for axial gradiometers, measuring the longitudinal spatial derivative of the 

magnetic field. (e): Second order axial gradiometer. 
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A basic magnetometer measures the magnetic field in the Z direction, 𝑀𝑧, 

or, in other words, the projection of the magnetic field over �̂�, �̂� · �⃑⃑� . As the 

magnetic field in the radial direction is null, a magnetometer is blind to source 

directly under it, as shown in Figure 2.12. The same applies to an axial 

gradiometer, as it measures the gradient of 𝑀𝑧 over �̂�, 
𝜕𝑀𝑧

𝜕�̂�
⁄ , that is also 

null. Other way to see this is to observe that both magnetometers are equally 

blind to this source. 

The planar gradiometer measures the gradient of 𝑀𝑧 over either 𝑥 or �̂�, 

resulting 
𝜕𝑀𝑧

𝜕𝑥
⁄  or 

𝜕𝑀𝑧
𝜕�̂�⁄ . Contrary to the magnetometer or the axial 

gradiometer, the planar gradiometer does not present X-Y symmetry, as the 

gradient of the magnetic field depends on the direction of the source. For a 

source just below the sensor and aligned with the gradient (i.e. a source 

defined by a current in 𝑥 if the sensor measures the gradient over 𝑥), the 

gradiometer is completely blind, as the signal captured by both 

magnetometers will have the same magnitude and opposite signs due to the 

opposite wiring senses. On the other hand, a source directly below the sensor 

and aligned perpendicularly to the gradient will be captured by both 

magnetometers with the same magnitude and the same sign, being this the 

 

Figure 2.12 Absorption profiles of different types of pickup coils. 

The Figure shows the absorption profile for a magnetometer (left column), an axial 

gradiometer (center column) and a planar gradiometer (right column) measuring the spatial 

derivative in the y direction. The closest coil of the assemble is placed in the plane z = 1. The 

upper row shows a cut in the x = 0 plane. The lower row shows the z = 0 plane. 
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only position where the contribution of the field to both magnetometers 

completely adds. Both behaviors can be observer in Figure 2.12. As shown in 

the figure, the planar gradiometer also presents two nulls along the direction 

of the gradient, where the contribution of the field to both magnetometers 

completely cancels. 

Other effect of the use of gradiometers, when compared to 

magnetometers, is that the sensitivity to the magnetic field decays more 

rapidly with the distance. As mentioned before, this is the expected behavior, 

as current in a distant source will produce similar magnetic field in both 

magnetometers, and thus the gradient will vanish. This behavior can be 

observed in Figure 2.12, especially when comparing magnetometers and axial 

gradiometers. These two types of magnetic sensors present a very similar 

radiation (absorption) profile, but the decay in sensitivity with the distance is 

faster in the case of the gradiometer. This effect makes the gradiometer more 

robust against the environmental noise that the magnetometer, allowing 

even the acquisition of magnetic signals outside of a MSR (Brenner, 

Williamson and Kaufman, 1975; Farrell et al., 1980). On the other hand, and 

for the same reason, the gradiometer is less sensitive to deep sources than 

the magnetometer, and its analysis in MEG is usually restricted to cortical 

sources. 

2.3. Signal characteristics 

When Berger first acquired the EEG signal in 1924 he found that the brain 

activity presented an oscillating characteristic, with a frequency of about 10 

Hz (Berger, 1929). This is, the acquired EEG rhythm oscillated 10 times in a 

second, in what was called the Berger rhythm after him (Adrian and 

Matthews, 1934). This rhythm appeared only when the subject was resting, 

with the eyes closed, and rapidly disappeared when he opened eyes or when 

his attention was occupied. As it the first brain rhythm observed by Berger, 

he called this 10 Hz oscillation the Alpha rhythm (after the first letter in the 

Greek alphabet), and the disappearance of such rhythm when the eyes are 

open was termed Alpha blockade (Adrian and Matthews, 1934). He also 

discovered a second, faster set of oscillations, with a frequency of about 20 

Hz, which appear when the Alpha rhythm vanishes, and for the sake of 

continuity he named them Beta waves. 
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The electrochemical activity of individual neurons is based on spikes; both 

the postsynaptic and the APs can be seen as fast spikes of current, as depicted 

in Figure 2.13. This spike-related current exhibits a high frequency profile 

(Murakami and Okada, 2006), but the activity measured in EEG and MEG, as 

mentioned above, is observed as lower frequency oscillations. The translation 

from high frequency and short time spikes to slower frequency maintained 

oscillatory activity is not immediate and needs further explanation. The signal 

observed with EEG and MEG is not the direct effect of single neurons 

activations, but the global activity of big ensembles of neurons. 

The frequency of the observed oscillations is determined by the frequency 

of activation and deactivation cycles of these ensembles, and the acquired 

signal is related to the envelope of the joint activity of the individual neurons 

(Buzsáki, Anastassiou and Koch, 2012). This relation between the neuronal 

activity and the acquired EEG (or, in a same way, MEG) activity is shown in 

Figure 2.15 (Nir et al., 2011). A typical electrophysiological signal from the 

brain present a characteristic distribution of power along the frequency 

spectrum, mainly defined by a density of power inversely proportional to the 

frequency, as shown in Figure 2.14. This distribution is characteristic of the 

noise in EEG and MEG, too, and the brain-related signal can be seen as 

deviations from this distribution. Examples of the frequency distribution of 

power in noise (an empty room MEG acquisition) and brain related (plus 

noise) activity can be observed in Figure 2.14. 

 

Figure 2.13 Action potential in the neuron. 

The Figure shows the action potential in the pre-synaptic (in green hue) and post-synaptic (red 

hue) neurons. Secondary currents are drawn in black. The fast profile of the pre-synaptic 

potential forbids the temporal summation. The post-synaptic potential is slower, making the 

temporal summation easier. 
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As an extension from the studies of Berger, the ranges of frequencies 

where the Alpha and Beta rhythms usually appear in healthy subjects were 

designated as Alpha and Beta bands of frequencies, respectively. As the 

investigation on EEG continued, new characteristic brain waves were 

discovered, and new frequency bands designated, usually continuing the 

nomenclature with Greek letters. The presence of different waves in the EEG 

has been related with different cognitive processes, states of mind or even to 

 

Figure 2.15 Relation between neuronal spikes and EEG activity. 

The activity of assemblies of neurons (in black) generates an EEG activity that follows its 

envelope. Adapted from (Nir et al., 2011). 

 

Figure 2.14 MEG spectrum of real data and noise. 

The yellow line represents the noise in MEG data from an empty-room acquisition. The blue 

line represents the real data from a subject under the resting states condition, with eyes 

closed. 
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some diseases. However, its origin is uncertain, and the physiological 

mechanism relating pathology and acquired brain activity is unclear (Buzsáki, 

2006). 

Delta band covers the lower range of frequencies usually studied in EEG, 

ranging from 0.5 to 4 Hz. Delta waves in the EEG are specially prominent in 

children, and disappear with the development of the brain (Smith, Karacan 

and Yang, 1977). These waves appear again in states of depth sleep (usually 

named slow waves sleep) or under anesthesia (Billard et al., 1997; Amzica and 

Steriade, 1998). Usually, an increase of the activity in this frequency band is 

related with pathologies, for example brain tumors (Oshino et al., 2007), brain 

damage (Spironelli and Angrilli, 2009) or dementia (Fernández et al., 2006). 

The activity in this frequency band also increases under certain cognitive 

tasks, as decision making (Nacher et al., 2013) or attention (Knyazev, 2012). 

Theta band ranges from 4 to 8 Hz. Similarly to Delta band, this is one of 

the main bands of activity in children, reducing with brain maturation (Clarke 

et al., 2001). The activity in this band increases again in elders, being 

considered a biomarker for normal aging (Clarke et al., 2001). An exacerbated 

increase in the activity in this band is closely related to early brain aging and 

dementia (Sanders et al., 2015). Activity in this band has also been related to 

some cognitive processes, as spatial navigation (Bland and Oddie, 2001) and 

memory (Jacobs et al., 2006; Raghavachari et al., 2006). 

Alpha band has frequencies spanning from 8 to 12 Hz, where the alpha 

rhythm usually appears in healthy subjects. This frequency band is the 

dominant band in the healthy adult brain, especially when the subject is 

relaxed and with the eyes closed. As discovered by Berger, the Alpha 

oscillations disappear when the subject opens his eyes or starts performing 

demanding cognitive tasks (Berger, 1929). The localization of this brain 

rhythm is primarily occipital, and, as the occipital part of the brain is known 

to be related to the processing of incoming visual stimuli, has been related to 

visual processing or, better presented, the absence of visual stimuli (Adrian 

and Matthews, 1934). The central frequency of this band varies with brain 

maturation, increasing steadily during childhood until the age of 16 (Marcuse 

et al., 2008), and decreasing again in the late aging (Somsen et al., 1997). 

Similarly to the case of the Theta activity, an exacerbate slowing in the Alpha 

activity is related to disease, especially dementia (Garcés et al., 2013; López-

Sanz et al., 2016). Alpha activation is tightly related to some cognitive 
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processes, especially the suppression of unwanted external interferences 

during highly demanding tasks (Bonnefond and Jensen, 2012). 

Beta band ranges between 12 and 30 Hz or, in some band definitions, 

between 16 and 30 Hz. The distribution of beta activity in the brain is mainly 

parietal or frontoparietal (Kropotov, 2009), and has been classically related to 

motor activity (Pfurtscheller and Lopes da Silva, 1999). Frontoparietal regions 

of the brain are in charge of motor (posterior part of the frontal lobe) and 

somatosensory (anterior part of the parietal lobe) control. Beta activity has 

been shown to decrease in these areas when planning a movement 

(Pfurtscheller and Lopes da Silva, 1999), and to increase as a result of motor 

inhibition (Zhang et al., 2008). Some authors have related the activity in this 

band to attentional processes (Gola et al., 2013; Bressler and Richter, 2015). 

Gamma band usually comprises the higher frequencies studied in EEG and 

MEG, and ranges from 30 to 45 Hz, or sometimes up to 90 Hz. This band of 

frequencies is usually contaminated by noise (e.g. the power line frequency 

is 50 Hz or 60 Hz in different countries), and, due to the poor conducting 

properties of the skull at high frequencies, the SNR in EEG is very low 

(Gudmundsson et al., 2007). However, some studies centered in Gamma 

activity have reported a relation between this band and visual processing 

(Womelsdorf et al., 2006) and attention (Hoogenboom et al., 2010). 

Mu band is a band analogous to Alpha band, ranging from 8 to 12 Hz, but 

is located in frontal or frontoparietal areas instead of occipital ones. The 

behavior of these oscillations is closely related to that of the beta waves, 

disappearing with motor preparation and, in fact, with visualization of motor 

actions (Pineda, 2005). This band is, thus, sometimes identified as part of the 

mirror neuron system, a system in the brain in charge of imaging visualized 

tasks (Oberman et al., 2005). 

As the frequency characteristic of a signal and its temporal presentations 

are related, an electrophysiological signal with a high content of activity in 

one of the bands described above will present a main oscillatory activity with 

a frequency in that band. Figure 2.16 shows examples of these oscillations, 

usually referred by the name of the band (e.g. Delta oscillations for 

oscillations in Delta band). 
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2.4. Preprocessing 

The biological phenomenon producing EEG and MEG is unique, so the 

properties of both biological signals are also similar. However, due to the 

different method of acquisition, the noises present on both signals, especially 

the environmental noises, are quite different between both techniques. In 

particular, MEG equipment is much more sensitive to noise, even inside a 

MSR, than EEG, mainly because external sources of noise are powerful 

enough to generate magnetic fields in the range of those generated by brain 

activity, but usually not to induce current that modify the electric potential 

on the scalp. 

The preprocessing of electrophysiological signal usually takes three steps. 

The first one, only applicable to some MEG system, is the spatial filtering, 

where the environmental magnetic noise is reduced. Then, the signal is band-

pass filtered, in order to remove known unwanted interferences, as the one 

caused by the power lines. Then, the data is observed to identify artifacts, 

pieces of signal where electrophysiological activity is masked by other kinds 

of activity, and, if possible, removed. 

2.4.1. Spatial filtering 

As mentioned above, spatial filtering is a preprocessing step unique to 

certain MEG systems. There are several ways to perform spatial filtering, and 

the most common is the use of a set of reference channels. These sensors are 

usually magnetometers or gradiometers placed far away from the source of 

signal of interest (the head, in the case of the MEG). The idea behind 

 

Figure 2.16 Brain oscillations in different frequency bands. 

Left Typical spectrum in EEG or MEG data, with the classical bands highlighted. Right: 

Oscillations in the classical frequency bands. 
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reference channels is that those will measure only environmental noise, as 

the biological signal coming from the brain would be almost vanished due to 

the distance. Knowing the spatial distribution and orientation of these 

channels, along with the spatial distribution and orientation of the MEG 

sensors, it is possible to estimate the noise at the sensor level, and remove it 

(Vrba and Robinson, 2001). Sometimes a more simple method is used, where 

the signal of the reference channels is directly removed from the MEG signal 

by means of a linear regression. 

Another spatial filtering method, based on a similar principle but without 

the need of reference channels, is the Signal-Space Projection (SSP) (Tesche 

et al., 1995). This method is based on the idea that a noise with a given spatial 

structure (for example, a noise coming from a specific location outside of the 

sensor array) would generate a magnetic field with a characteristic spatial 

structure. The algorithm uses a recording of the noise (usually, but not always, 

an empty room acquisition with the noise of interest) and generates the 

corresponding projection map. With this projection map it is possible to 

construct a synthetic sensor (Tesche et al., 1995), a combination of MEG 

channels that (ideally) captures only the target noise, even in the presence of 

real physiological data. The last step is to use this synthetic sensor as a 

reference channel, removing its activity from the acquired data by means of 

a regression. The method is similar to the use of reference channels, but the 

same set of sensors is used to measure physiological data and to construct 

the synthetic reference channels. 

 The last spatial filtering methods, specific for Elekta Neuromag MEG 

systems, is the Signal Space Separation (SSS) (Taulu, Kajola and Simola, 2004; 

Taulu and Simola, 2006). This method is mathematically more complex than 

the previous ones, and is based in two ideas. The first idea is that magnetic 

fields generated inside of the head (i.e. in the interior of the surface defined 

by the sensor array) would present a different spatial distribution that 

magnetic fields generated outside of the head. As the sensor array is placed 

in a space free of sources, this defines two subspaces: one defined for all the 

sources inside of the sensor array (physiological signal) and other defined for 

all the sources outside of it (interfering noise). According to this, the total 

magnetic field measured in the sensors at position 𝑟 = (𝜃, 𝜑, 𝑟) is: 

 𝐵(𝑟) = 𝐵𝑖𝑛(𝑟) + 𝐵𝑜𝑢𝑡(𝑟) (0.5) 
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The second idea is that, according to estimations (Taulu, Kajola and Simola, 

2004), the maximal dimensionality of the electromagnetic field captured by a 

sensor array more than 2 cm away from the closest source is in the order of 

150 (Taulu, Kajola and Simola, 2004). This is the case for modern MEG systems 

where, due to the needs of cryogenic equipment, the detectors are placed 

several centimeters away from the subject. As modern MEG systems (e.g. 

Elekta Vectorview system or its evolutions) include more than 300 sensors, 

the acquired magnetic field is highly oversampled, and thus the spatial 

frequency of the data must be low. In this case it is possible to represent this 

magnetic field as a series of low order harmonic functions. 

According to Gauss theorem, the magnetic field generated by a set of 

sources inside a closed surface can be perfectly modeled, outside the surface, 

by a set of tangential currents on the surface itself. Combining this fact with 

the two previous ideas, it is possible to define two surfaces (two concentric 

spheres, for the sake of simplicity), one inside of the sensor array, and 

modeling all the magnetic fields generated by physiological sources, and 

other outside of the sensor array, modeling all the magnetic fields generated 

by sources of noise, and model all the sources (physiological and noisy) as 

synthetic currents on either of these surfaces. This theoretical setup is 

depicted in Figure 2.17. In an ideal case, where both sets of currents can be 

defined with absolute spatial resolution, the field captured in the sensor array 

is exactly the same for the real case and for the synthetic currents. 

 

Figure 2.17 Theoretical model for SSS. 

The figure shows the two spheres used to simulate the neural activity in SSS. If the sensors are 

in a space free of charges, the magnetic field generated in any point of space can be modelled 

with this setup. SSS discards the signals that are modelled in the outer sphere. 
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The algorithm defines two sets of magnetic fields, each defined as the 

effect of superficial currents in two concentric spheres. The sensor array is 

placed in the space between both spheres, in a space free of charges. In SSS, 

the currents in the surfaces of the inner and outer spheres are defined by 

harmonic expansions of orders 𝐿𝑖𝑛 and 𝐿𝑜𝑢𝑡, respectively. As the spatial 

frequency of the magnetic field is low, the required order of the expansion is 

also low. In addition, as sources of noise are farther than sources of signal, 

the order required order for the outer expansion is lower than the required 

for the inner one. 

The magnetic field generated by the currents in the inner sphere 

measured in a sensor located at coordinates 𝑟 = (𝜃, 𝜑, 𝑟) is (Taulu, Simola 

and Kajola, 2005): 

 

𝐵𝑖𝑛(𝑟) = −𝜇0 ∑ ∑ 𝛼𝑙𝑚 · ∇ [
𝑌𝑙𝑚(𝜃, 𝜑)

𝑟𝑙+1
]

𝑙

𝑚=−𝑙

𝐿𝑖𝑛

𝑙=1

= ∑ ∑ 𝛼𝑙𝑚 · 𝑣𝑙𝑚(𝜃, 𝜑)

𝑙

𝑚=−𝑙

𝐿𝑜𝑢𝑡

𝑙=1

 

(0.6) 

and the magnetic field generated by the currents in the outer sphere at 

the same position is: 

 

𝐵𝑜𝑢𝑡(𝑟) = −𝜇0 ∑ ∑ 𝛽𝑙𝑚 · ∇[𝑟𝑙𝑌𝑙𝑚(𝜃, 𝜑)]

𝑙

𝑚=−𝑙

𝐿𝑜𝑢𝑡

𝑙=1

= ∑ ∑ 𝛽𝑙𝑚 · 𝑤𝑙𝑚(𝜃, 𝜑)

𝑙

𝑚=−𝑙

𝐿𝑜𝑢𝑡

𝑙=1

 

(0.7) 

where 𝑌𝑙𝑚(𝜃, 𝜑) is the normalized spherical harmonic function of order 𝑙 

and degree 𝑚, 𝑣𝑙𝑚 and 𝑤𝑙𝑚 are the inner and outer magnetic fields 

associated to the function, and 𝛼𝑙𝑚 and 𝛽𝑙𝑚 the weights of the function in the 

inner and outer fields, respectively. The total magnetic field, written in vector 

notation, is: 
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𝐵 = 𝑆𝑥 = [𝑆𝑖𝑛𝑆𝑜𝑢𝑡][𝑥𝑖𝑛𝑥𝑜𝑢𝑡]
𝑇 = 𝑆[𝑥𝑖𝑛𝑥𝑜𝑢𝑡]

𝑇

𝑥𝑖𝑛 = [𝛼1,−1 …𝛼𝐿𝑖𝑛,𝐿𝑖𝑛
]

𝑥𝑜𝑢𝑡 = [𝛽1,−1 …𝛽𝐿𝑖𝑛,𝐿𝑖𝑛
]

𝑆𝑖𝑛 = [𝑣1,−1(𝜃, 𝜑)…𝑣𝐿𝑖𝑛,𝐿𝑖𝑛
(𝜃, 𝜑)]

𝑆𝑜𝑢𝑡 = [𝑤1,−1(𝜃, 𝜑)…𝑤𝐿𝑖𝑛,𝐿𝑖𝑛
(𝜃, 𝜑)]

 (0.8) 

where 𝐵 is the acquired magnetic field, 𝑆 the family of spherical harmonic 

functions and 𝑥 the activity related to each spherical harmonic. 𝑆 is linearly 

independent (Taulu, Simola and Kajola, 2005) and can be computed for the 

desired orders, so it is possible to reconstruct 𝑥 from 𝐵, and thus discriminate 

𝑥𝑖𝑛 from 𝑥𝑜𝑢𝑡: 

 [𝑥𝑖𝑛𝑥𝑜𝑢𝑡]
𝑇 = 𝐵𝑆† (0.9) 

where 𝑆† represents the Moore-Penrose pseudo-inverse of 𝑆. 

The spatial filtering is performed by nulling the contribution of 𝑥𝑜𝑢𝑡 (the 

magnetic field due to sources outside of the helmet array) and reconstructing 

the magnetic measurement: 

 𝐵𝑖𝑛 = 𝑆𝑖𝑛𝑥𝑖𝑛
𝑇 (0.10) 

The resulting 𝐵𝑖𝑛 is a simulation of the acquired signal in absence of the 

noises coming from outside of the sensor array. 𝑥𝑖𝑛 is defined by set of 

currents that precisely mimics the real ones, and the real magnetic field in 

any point of space outside of the inner surface can be precisely simulated 

from it (Taulu, Simola and Kajola, 2005). It is possible to create a synthetic 

sensor array and get a precise simulation of the magnetic field that would be 

acquired by it. One important application of this feature is the movement 

compensation, a suppression of the movements of the subject inside the 

sensor array, as it is possible to simulate a set of sensors that follow these 

movements, remaining static respect to the subject’s head (Taulu, Simola and 

Kajola, 2005). 

2.4.2. Artifacts 

The target signal of MEG and EEG acquisitions is the electrophysiological 

activity of the brain, but both techniques are sensitive to any electric (or 

magnetic) activity, both generated inside of the body (i.e. different 

electrophysiological signals) or not. The interfering signal coming from 
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outside of the body of study can be attenuated by the use of Faraday cages 

(in EEG), MSR (in MEG) and spatial filtering (especially in MEG). However, 

these techniques cannot be used to remove undesired physiological signals 

coming from the subject. These physiological interferences form a kind of 

noise, but are usually referred together as artifacts. 

There are different sources of artifactual activity, some of them common 

to EEG and MEG and some specific to one of the techniques. The main sources 

of artifacts are the eyes, different muscles in the head and neck, the 

heartbeat, the electrodes (in EEG) and the SQUID electronics (in MEG). Eye-

related artifact, in particular, can be separated in eye movements and blinks. 

Muscular artifacts: The muscles are activated by a series of APs, in a similar 

way that the neuronal action potential (Hall and Guyton, 2010). As a result, 

muscular fibers present both intracellular and extracellular currents, and 

related magnetic fields. The muscle contraction is generated by a set of 

specialized neurons, name motor neurons, and is controlled by means of 

bursts of activation. As neuronal action potentials are all-or-nothing (Adrian, 

1914; Hall and Guyton, 2010), the velocity (and strength) of the muscular 

contraction is controlled by the frequency of the motor neuron bursts. Both 

the motor neuron activity and the associated electrochemical current in the 

muscle have, as a result, very high frequency (Criswell, 2011). In the case of 

muscles in the head, these currents are measured by EEG and MEG, 

completely masking the neural activity of high frequency bands, especially 

beta and gamma (Muthukumaraswamy, 2013). This happens especially for 

the masseter muscle, in the jaw, or the sternocleidomastoid muscle, in the 

neck, that can accidentally (or voluntarily) be contracted during the 

acquisition. 

Heartbeat artifact: The heart is a muscle that contracts approximately 

between one and two times per second. The electrical activity of this muscle 

is deeply studied in cardiology by means of the electrocardiography, the 

recording of the electrophysiological signal coming from the heart (Waller, 

1887). The properties of the signal are defined, and the activity is grouped, in 

four mains waves: the P wave, related to the depolarization (contraction) of 

the auricles; the R wave, related to the depolarization of the ventricles; the T 

wave, related to the repolarization of the ventricles; and an unnamed wave, 

related to the repolarization of the auricles but masked by the R wave (Hall 

and Guyton, 2010). The electrical activity of the head is several orders of 

magnitude bigger than that of the brain, and the secondary currents can be 
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observed in any part of the body. Thus, even when the heart is located outside 

and far away from the head, the effect of these secondary currents can be 

observed both in EEG and MEG (Jousmäki and Hari, 1996). The frequency of 

this artifact is mostly condensed below the 12 Hz (Murthy et al., 1978), mainly 

affecting the acquisition of brain activity in delta, theta and alpha bands. 

Eye movements: The eye is formed by several structures. In particular, the 

pair cornea-retina behaves as an electric dipole, where the cornea is 

positively and the retina negatively charged (Croft and Barry, 2000; Joyce, 

Gorodnitsky and Kutas, 2004). This pair behaves like a magnet, creating a 

magnetic field inside of the head. When the eye stays still this causes no 

problem, as static signals are not measured in EEG and MEG, but when the 

eye moves (e.g. when looking sideways) this imaginary magnet also moves, 

creating a varying magnetic field (measured by MEG) and inducing secondary 

currents in the surroundings (measured by both EEG and MEG). The eye 

movement artifacts usually present low frequencies, in the delta and theta 

bands, strongly contaminating them. 

Blinks: The movement of the eyelid over the eye produces a change in the 

conductance of the cornea, and an associated change in the electric charge. 

This change produces a current in the face that propagates through the 

surface of the head (Joyce, Gorodnitsky and Kutas, 2004). The blink lasts from 

200 to 400 milliseconds, and the associated current presents peak-like shape. 

The blink artifact is easily identifiable in the EEG and MEG data, and its 

frequency is usually between 3 and 5 Hz, affecting mainly the theta band. 

Electrode artifacts: The electrodes in EEG are a very sensitive point of the 

acquisition setup, as act as interface between the electrochemical currents 

propagating through the scalp and the electrical currents flowing to the EEG 

amplifier. One critical point in the preparation of the subject is the correct 

adaptation of this interface, especially the attainment of low electrode-skin 

impedances. For this, the skin of the subject must be clean and free of dead 

cells, and the interface is filled with conducting paste. Small variations in the 

state of this interface have a strong effect in the electrode-skin conductance 

and introduce ghost potentials in the acquisition. Examples of artifact related 

to the electrodes are the sweating artifact, where the presence of sweat 

between the electrode and the skin modifies the impedance, or movement 

artifacts, where the electrode moves through the scalp. 
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SQUID artifacts: The SQUID-based magnetometers in MEG are very 

sensitive pieces of equipment. The feedback system must keep the SQUID in 

the right range of values so the magnetic signal can be correctly acquired, or 

otherwise the system would saturate (Williamson and Kaufman, 1981). As the 

output signal of the SQUID behaves nonlinearly, resulting an output related 

to the sine of the acquired magnetic flux (Ryhänen et al., 1989), when the 

feedback system fails to compensate the magnetic field, it “jumps” to the next 

stable state, one oscillation ahead. These artifacts are usually referred as 

jumps and present a sudden change in the acquired activity (a jump in the 

signal, thus the name) in a single channel. The jump is generated by the SQUID 

electronics, in the analog part of the acquisition system, and contains 

extremely high frequencies. When the signal is low-pass filtered in order to 

digitalize it these high frequencies are removed, and the correction of the 

jump is no longer possible. 

Segments of data presenting artifacts are usually discarded, as in general 

it is not possible to discriminate the signal coming from the brain from the 

artifact. In the case of sensor related artifacts, the channels containing several 

artifacts are usually discarded or, if possible, interpolated from the 

surrounding channels. The recording of electrophysiological activity is usually 

completed with secondary physiological channels, as continuous electro-

cardiogram (ECG/EKG) or electro-oculogram (EOG) (Gross et al., 2013). These 

auxiliary channels are placed in a way that capture only (or mainly) the 

artefactual activity, allowing an easy detection of the related artifact. 

2.5. Source reconstruction 

Both EEG and MEG measure the brain activity from outside of the head, at 

the level of the scalp, the first, or some centimeters away from it, the latter. 

Both techniques reveal important information about the underlying brain 

activity, but the real process occurring in the brain is, at first, still unknown. It 

is possible, however, to make some inferences on where the activity read at 

the sensor level is generated. The process of making these inferences is 

termed source reconstruction. 

The process of source reconstruction consists on taking some measures 

that have undergone a (in principle, known) set of processing steps and try to 

reconstruct the original information. By that definition, it falls inside the set 

of inverse problems (Aster, Borchers and Thurber, 2011). In order to solve an 

inverse problem, it is necessary to precisely identify the set of processes that 
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the information has suffered. This set of processes is globally known as the 

direct problem (Aster, Borchers and Thurber, 2011). The specifics of both 

forward and inverse problems and solutions are thoroughly depicted in 0. 

2.6. Functional connectivity 

In 1861, Pierre Paul Broca reported the cases of two aphasic patients that, 

in a post-mortem examination, showed brain lesions in the left prefrontal 

area (Broca, 1861). As a result, he hypothesized that this area is in charge of 

language production. This hypothesis was later proven true, and the brain 

area affected in these patients got the name Broca’s area. This finding gave 

an important impulse to the phenology view of the brain, where different 

parts of the brain are in charge of different specific cognitive functions. In the 

following decade Karl Wenicke found in the temporal lobe the region in 

charge of the understanding of language (Wernicke, 1874), supporting this 

theory. This brain area is now known as Wernicke’s area. In 1909 Korbinian 

Brodmann published his studies on the histology of the brain, where different 

brain regions, among them Broca’s and Wernicke’s areas, show specific tissue 

properties, in particular important differences in the thickness of the different 

cortical layers (Brodmann, 1909). This seemed the final proof to assume that 

the phrenological view of the brain was right. 

However, the works of Ramón y Cajal (Ramón y Cajal, 1909) and Lorente 

de Nó (Lorente de Nó and Honrubia, 1966) on neuronal circuits led to a new 

view, developed in the ending years of the 20th century. Instead of separated 

areas that are in charge of specific functions, this new paradigm defends that 

different areas collaborate, in a way that sets of regions (networks) 

temporary join to fulfill the required tasks (Friston, 1994). Under this new 

framework, it is as important to understand the areas involved in the 

completion of a task as to understand how they communicate. The study of 

this communication receives the name of brain connectivity or connectomics, 

and includes two main fields: the anatomical connectivity, the study of the 

tracks of white matter joining different parts of the brain; and the functional 

connectivity, the study of the statistical relation between the activities of 

several brain areas under certain conditions. 

EEG and MEG are techniques of functional neuroimaging and allow the 

observation of the activity of the brain. Using source reconstruction 

techniques, it is possible to reconstruct the activity of several areas and 

estimate its connectivity. The connectivity between two regions cannot be 



60 M/EEG signal acquisition and processing 

calculated, as it would require the complete knowledge of the system, but 

can be estimated by means of the synchronization of their activity. There are 

three main models for synchronizations in the brain that, sorted from more 

specific to more general, are: linear synchronization, phase synchronization, 

and generalized synchronization (Pereda, Quiroga and Bhattacharya, 2005). 

2.6.1. Linear synchronization 

A linear synchronization between two time series implies a linear relation 

between them, this is, one can be modeled as an escalated version of the 

other with the addition of some noise, or both as noisy versions of the same 

subjacent process. As the transformation from one signal into the other is 

completely linear, linear synchronization is easy to compute. For example, 

projecting one signal over the other, by means of the inner product, gives the 

amount of shared energy, this is, the part of one signal that can be explained 

by the other. The ratio of the shared energy and the total energy is a good 

measure of linear synchronization, and is mathematically equal to the 

correlation between both signals. 

The correlation is a good estimate of the linear synchronization between 

two time series, but presents several limitations. The first one is that, as the 

projection is taken sample to sample, the correlation only detects 

simultaneous relations between the time series. This is, if two time series 

have a strong linear synchronization, but one of them presents a slight delay 

respect to the other, the correlation will not detect the relation. One easy 

solution is to calculate the correlation between one of the time series and 

delayed versions of the other. This method is named cross-correlation, and is 

sensitive to delayed linear synchronizations (Gevins and Schaffer, 1980). 

The second limitation is that the correlation compares the whole of the 

information of one signal with the whole of the information of the other. In 

some cases, two signals share only a part of their information, usually at 

specific frequencies, and the rest of the information is independent. One 

possible solution is to filter the signals before the calculation of the 

correlation, but, as the range of frequency whose information is shared is 

unknown, the number of possible filters is too high to be feasible. A more 

useful solution is to calculate the coherency (or coherence) between the two 

signals, which can be identified as an estimation of the correlation dependent 

on the frequency (Nunez et al., 1997, 1999). 
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2.6.2. Phase synchronization 

The phase synchronization model is an extension of the idea of coherency. 

As mentioned above, the electrophysiological signal is composed by a series 

of rhythms that seem to be linked to biological or cognitive processes 

(Buzsáki, 2006). These rhythms present a principal frequency and a 

bandwidth, which represents the slight variations of its instantaneous 

frequency with the time. The hypothesis of phase synchronization states that 

two synchronized oscillations will present a (time delayed) relation between 

their instantaneous frequencies, even when the amplitude of the oscillation 

is not related (Pikovsky, Rosenblum and Kurths, 2003). As brain signals are 

composed by several rhythms, each of the rhythms forming a signal can 

present a synchronization with different other brain signals. As a result, phase 

synchronization cannot be calculated for a whole signal, and only makes 

sense for narrow band (i.e. band-pass filtered) signals, where the band 

includes all the frequency information of a given oscillation. 

In the case of signals formed by a single oscillator, the instantaneous 

frequency can be related to the instantaneous phase, and the latter can be 

estimated by means of Fourier analysis. This estimation is usually performed 

by means of the Hilbert transform (Rosenblum, Pikovsky and Kurths, 2001), a 

version of the original signal delayed exactly 𝜋 2⁄  radians, or a quarter of an 

oscillation. Thus, the relation between the original signal and its Hilbert 

transform can be used to estimate the duration of a cycle, and thus the 

instantaneous frequency (or phase) (Pereda, Quiroga and Bhattacharya, 

2005). 

Once the instantaneous phase of the oscillations is extracted, there are 

several ways to study their relation, usually from the difference of their 

instantaneous phases. One usual approach is based on the first idea that, 

when two oscillations present phase synchronization and noise, their 

difference of instantaneous phase will be constant, plus the effect of the 

noise. If the SNR of the signal is high enough, the effect of the synchronization 

will dominate over that of the noise, and the difference of phases should be 

bounded. As it is not possible to establish a boundary that delimits the extent 

of phase synchronization, a statistical approach is usually used, where the 

amount of phase synchronization is estimated inversely from the range of 

phase differences (Pereda, Quiroga and Bhattacharya, 2005). 
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A popular method to estimate phase synchronization in 

electrophysiological signals is Phase Locking Value (PLV) (Lachaux et al., 

1999). This method is based on defining a polar map, where each instant is 

represented as a vector with unit amplitude and phase equal to the difference 

of phases of the oscillators. Then, the average of all these vectors is 

calculated, as depicted in Figure 2.18, and the algorithm makes use of the 

triangular inequality. If the spread of the phase differences is low (i.e. the 

phase difference is bounded), the average vector will present a magnitude 

close to 1. On the other hand, if the spread of the phase difference spans over 

the whole polar graph (i.e. the phases are independent), the average vector 

will have a magnitude close to 0. 

As oscillatory activity in the brain signals seems to be closely related to 

cognitive processes, the idea of phase synchronization seems to be a good 

model to estimate brain connectivity. In particular, PLV has been broadly used 

as an index to estimate functional connectivity (Gao et al., 2014; López, 

Garcés, et al., 2014; Arnulfo et al., 2015; Zoefel and VanRullen, 2016; Hassan 

et al., 2017), mainly because of the simplicity of the required calculations. In 

addition, this index have proven to be highly reliable in test-retests studies 

(Colclough et al., 2016; Garcés, Martín-Buro and Maestú, 2016). Based on 

that, PLV is the metric that will be used to estimate functional connectivity 

along this work. In fact, Chapter 5 will be centered in a detailed study of this 

 

Figure 2.18 Calculation of PLV from the instantaneous phase difference. 

Left: The instantaneous phase difference is calculated from the instantaneous phase of the 

two signals. Right: Each instantaneous phase difference is plotted as a vector in a polar graph 

(in gray) and the average of these vectors (in yellow) is the PLV vector. The PLV value is equal 

to the norm of this vector. 
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index and its properties, what allows for the creation of some derived indexes 

with interesting properties. 

2.6.3. Generalized synchronization 

Generalized synchronization is a model for synchronization in the broadest 

possible sense. Instead of looking at mathematical relations between the 

signals, as is the case of linear or phase synchronization, generalized 

synchronization looks at simultaneous events. The search for simultaneous 

events is complicated, as the definition of event is not clear: any signal 

characteristic can be considered an event. 

The event here can be related to the concept of state in the nonlinear 

analysis of chaotic systems. These states are extracted using the state space 

analysis, which extracts fundamental nonlinear properties of the signals. The 

more nonlinear is a signal, the higher is the dimension of its state space, and 

the more complicated its definition (Stam, 2005). The advantage of this 

approach is that similar states (events) will appear with a small geometrical 

distance, while dissimilar states will be distant from each other. Similar states 

are named neighbors, as their distance in the state space is small (Quian-

Quiroga, Kreuz and Grassberger, 2002). If two signals present generalized 

synchronization, the instants that are neighbors in one signal must be 

simultaneously neighbors in the other, as shown in Figure 2.19 (Quian-

Quiroga et al., 2002). 

Another approach is to look at repeating patters in one of the signals, 

which are considered as repeating events or, by parallelism to the state space, 

neighbors. The selection on the neighbors is based directly in the Euclidean 

distance between the signal segments’ time series. Another signal that 

presents generalized synchronization with this one should present the related 

event at the same time, so the corresponding estates, in turn, should be 

neighbors. The assessment of the level of event synchronization can be made 

by measuring the distance between the mutual neighbors (i.e. estates in the 

second signal that are simultaneous to the true neighbors in the first one). If 

there is event synchronization, the mutual neighbors must be, at the same 

time, true neighbors. This is the approach taken by Synchronization 

Likelihood (SL) (Stam and Van Dijk, 2002), a measure that has been broadly 

used in the study of connectivity in electrophysiological data (Bajo et al., 

2010; Correas et al., 2015; Babiloni et al., 2016). 
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Measures based on generalized synchronization are extremely powerful 

at detecting relations between the signals, as are simultaneously sensitive to 

both linear and nonlinear effects. The main limitation of these metrics is its 

high computational cost, especially due to the search of the true neighbors. 

However, the required calculations can be reduced by a correct resampling of 

the signal (Stam and Van Dijk, 2002), and some fast implementations of some 

of the algorithms have been made available in the last years (Rosales et al., 

2015; García-Prieto, Bajo and Pereda, 2017). 

2.6.4. Zero-lag synchronization 

EEG and MEG are, in a first step, acquired at the sensor level. Classically, 

the activity acquired in a single sensor has been related to activity in the brain 

area under that sensor (Klem et al., 1958). However, this approach is not 

completely precise, as every sensor in the array is measuring a weighted 

combination of information coming from all the brain. Of course, the activity 

of the area just below the sensor has the greater influence in the weighted 

sum, but an interfering source, if strong enough, can mask this activity. 

According to this, a strong enough source can simultaneously be observed in 

all the sensors, in a phenomenon called volume conduction, for EEG, or 

common source, for MEG (Stam, Nolte and Daffertshofer, 2007). 

 

Figure 2.19 Mutual neighbors in two coupled oscillators. 

The Figure depicts a Rössler oscillator (a) and two Lorenz oscillators (b and c). When the Lorenz 

oscillator is coupled to the Rössler one (b), the neighbor states in the latter correspond to 

neighbor states in the former. On the other hand, when the systems are not coupled (c) the 

neighbor states in the Rössler oscillator do not correspond to neighbor states in the Lorenz 

oscillator. This property can be used to quantify the level of synchronization in complex 

systems. Adapted from (Quian-Quiroga et al., 2002). 
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Many connectivity studies, especially in EEG, are performed in sensor 

space. This can be due to a number of reasons: usually EEG studies present a 

low number of channels, making infeasible the reconstruction of the 

underlying source activity; EEG source reconstruction requires of a precise 

knowledge of the anatomy in the subject, and it is not always available; or the 

computational cost of the source reconstruction makes unviable the 

reconstruction. In any case, the estimation of sensor space synchronization is 

strongly affected by the common source problem, as a strong source, 

observed in all the channels, would increase the measured synchronization 

(Nolte et al., 2004; Stam, Nolte and Daffertshofer, 2007).  

The problem of volume conduction is avoided using source reconstruction, 

as its effects are included in the forward model and thus corrected by the 

inverse model. However, source reconstruction methods are imperfect, and 

can introduce a similar effect, termed source leakage. A source 

reconstruction method tries to infer the activity at the source level using the 

information acquired at the sensor level. If a source has a very high power, 

the interference in the sensor level will be also high, and the source 

reconstruction algorithm will fail to locate it, spreading its activity over a large 

area. A source leaks its activity over the surrounding sources, thus the name. 

Both effects, volume conduction and source leakage, are instantaneous 

for the time scale in EEG and MEG, and can be modeled as a linear projection 

of one signal over the other. This will increase the linear synchronization of 

the sensors, but affects only the instantaneous synchronization, termed zero-

lag synchronization. Time delayed metrics, like is the case of cross-

correlation, are not affected by this effect, if the delay used for the estimation 

is long enough. A similar approach can be used with generalized 

synchronization metrics, comparing a signal with a delayed version of the 

other, and thus ignoring instantaneous projection. 

In the case of the measures for phase synchronization, the solution is not 

trivial. Phase synchronization metrics are able to detect both instantaneous 

and time-delayed synchronizations, and are, a priori, impossible to 

distinguish. However, the definition of the metrics can be modified so the 

instantaneous synchronizations are ignored, avoiding the problem (Nolte et 

al., 2004; Stam, Nolte and Daffertshofer, 2007). There is, however, an 

important associated risk, as brain activity can present real zero-lag 

synchronization that would be discarded as artifact (Kovach, 2017). 
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A recently proposed solution to the zero-lag problem is the mutual 

orthogonalization of the signals. As the problem can be modeled as an 

instantaneous projection of one signal over the other, removing this 

projection (i.e. by regression) will remove the effects of volume conduction  

(Brookes, Woolrich and Barnes, 2012). This will destroy all instantaneous 

linear relation between the signals, but will, in principle, keep the phase and 

nonlinear synchronizations. However, this orthogonalization step seems to 

destroy part of the information content of the signal, as it reduces its test-

retest reliability (Colclough et al., 2016; Garcés, Martín-Buro and Maestú, 

2016). 
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Chapter 3.  

 

M/EEG source reconstruction 

As commented in the former chapter, the electrophysiological signal of 

interest in neurophysiology has its origin in the brain, more precisely in the 

pyramidal neurons of the cortex (Murakami and Okada, 2006). This activity 

cannot be measured, in general, directly at its sources, as the meninges and 

the skull protect the brain. Electroencephalography (EEG) and 

magnetoencephalography (MEG) are techniques developed to measure this 

electrophysiological activity outside the head. Measurements are taken over 

the scalp, in the case of EEG, or a few centimeters away from it, in the case of 

MEG (Cuffin and Cohen, 1979; Hämäläinen et al., 1993). Both techniques 

generate signals with valuable information about the underlying brain 

processes, but the origin of these signals is, at first, unknown. 

Modern EEG and MEG systems are multichannel, mapping the 

electrophysiological activity of the brain simultaneously in several points in 

space (Hämäläinen et al., 1993; Oostenveld and Praamstra, 2001). Combining 

the information from several channels it is possible to locate the origin of a 

given activity, in a process named source reconstruction. This source 

reconstruction is usually performed by means of a spatial filter: the 

information of each source is reconstructed by means of a linear combination 

of the information of the channels (Hämäläinen and Ilmoniemi, 1994; van 

Veen et al., 1997). 

3.1. The forward problem 

The construction of this spatial filter is an inverse problem, and requires 

the previous resolution of the forward problem (Aster, Borchers and Thurber, 

2011). In the case of M/EEG, the forward model consists in the simulation of 

the activity measured at the sensor level by an arbitrary activity at the source 

level. This forward model represents the path followed by the secondary 

currents (or the associated magnetic fields) to reach the sensors. As the 

problem is covered by the field of electromagnetism, it must follow Maxwell’s 

equation. In addition, as the frequency of the electrophysiological signals is 

low, the quasi-static version of these equations can be used (Sarvas, 1987; de 

Munck and van Dijk, 1991; Hämäläinen et al., 1993): 
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∇ ∙ 𝑬 =  
𝜌

𝜀0
⁄

∇ × 𝑬 = 0

∇ ∙ 𝑩 = 0

∇ × 𝑩 = 𝜇0 · 𝑱

 (0.11) 

where 𝑬  and 𝑩 represent the electric and magnetic fields, 𝜀0 and 𝜇0 are 

the electric conductivity and magnetic permeability of vacuum, 𝑱 is the 

density of current and 𝜌 is the density of charge. For example, in the simplest 

case of a dipole in the vacuum, the forward model for MEG can be calculated 

from the Biot-Savart law, where the magnetic fields propagate in straight 

lines, and the inverse problem can be resolved by a simple error minimization 

approach (Arthur and Geselowitz, 1970). 

In the case of electrophysiological signal coming from the brain, simple 

forward models such as the one depicted in the previous paragraph are not 

of use. The neural activity can be interpreted as a primary current that flows 

through the dendrites of the postsynaptic neuron (Murakami and Okada, 

2006), which generates an associated magnetic field captured by MEG 

(Hämäläinen et al., 1993). Due to the law of conservation of charge, this 

primary current generates in turn a secondary current of the same intensity 

and opposite sign, which closes the electrical circuit. This secondary current 

flows through all the available conducting volume, generates secondary 

magnetic fields, captured by MEG, and finally reaches the scalp, generating 

the potentials measured by EEG. 

The density of current in a point in space is the sum of the primary 

imprinted current, 𝑱𝑝, generated in that point, and a secondary Ohmic 

current, 𝑱𝑠, passively generated by other sources. In particular, this Ohmic 

current can be related to the local electric field: 

 𝑱 = 𝑱𝑝 + 𝑱𝑠 = 𝑱𝑝 + 𝜎 · 𝑬 (0.12) 

where 𝜎 is the conductivity of the medium, that for the case of tissues of 

the human body and the frequencies of the electrophysiological signal can be 

considered real (Barnard, Duck and Lynn, 1967). In addition, from the quasi-

static approximation, the electric field can be interpreted as the gradient of a 

scalar potential 𝑉: 
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 𝑬 = −∇𝑉 (0.13) 

 𝑱 = 𝑱𝑝 − 𝜎 · ∇𝑉 (0.14) 

A forward model for M/EEG has to take into account both the primary and 

secondary currents, so it encompasses all the effects introduced by the neural 

activity. The resolution of the forward model gives as a result the direct 

operator or lead field (Hämäläinen et al., 1993), a mathematical operator that 

relates the primary current generated by the neural activity in the cortex with 

the M/EEG measurement: 

 𝐸𝑖 = 𝑳𝑖
𝐸 · 𝑱𝑖 (0.15) 

 𝑀𝑖 = 𝑳𝑖
𝑀 · 𝑱𝑖 (0.16) 

where 𝑱𝑖 is the activity of source of source 𝑖, 𝐸𝑖  (𝑀𝑖) is the electric 

(magnetic) measurement related to this activity, and 𝐿𝑖
𝐸 (𝐿𝑖

𝑀) is the lead field 

operator relating both. 

The previous formulation is only valid for a single source inside the 

conducting volume. However, if the medium has a linear behavior for the 

intensities of current of the problem, as is the case for electrophysiological 

signals, the presence of several sources can be introduced following the 

superposition principle (Geselowitz, 1967): 

 𝐸 = ∫𝑳𝑖
𝐸 · 𝑱𝑖 · 𝑑𝑣 (0.17) 

 𝑀 = ∫𝑳𝑖
𝑀 · 𝑱𝑖 · 𝑑𝑣 (0.18) 

where 𝑣 represents the conducting volume. 

The range of available methods to create forward models goes from 

simple analytical methods that model the head as a series of concentric 

spheres to far more complex methods based on finite elements. It is still an 

open question if the increase in accuracy introduced by the most complex  

methods makes up for the increase in computation required (Hämäläinen and 

Sarvas, 1987; Mosher, Leahy and Lewis, 1999; Henson et al., 2009; Gramfort 

et al., 2010; Stenroos, Hunold and Haueisen, 2014; Vorwerk et al., 2014; Lau 

et al., 2016; Stenroos and Nummenmaa, 2016; Neugebauer et al., 2017). The 
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objective of this chapter is in fact to evaluate this accuracy and establish an 

optimum pipeline to create an accurate enough forward model to reconstruct 

the source space activity generating the M/EEG. 

3.1.1. General formulations 

The resolution of the forward problem for M/EEG requires the calculation 

of the secondary currents in all the conducting volume. As it is a continuous 

medium with infinite positions, the calculation of these currents is, a priori, 

impossible. However, in the case of conducting volumes with high symmetry, 

it is possible to develop analytical formulae to calculate the current profile of 

any point of the conducting volume. 

For the case of a dipolar source in an infinite homogeneous medium with 

isotropic conductivity, the potential and magnetic field at an arbitrary point 

can be obtained from the Poisson’s equation and Biot-Savart law, respectively 

(Geselowitz, 1960; Sarvas, 1987): 

 𝑉∞(𝒓) = 𝑉∞(𝑟, 𝜃, 𝜑) =
1

4𝜋𝜎
· 𝑱 ·

𝒓 − 𝒓′

|𝒓 − 𝒓′|3
 (0.19) 

 𝑩∞(𝒓) = 𝑩∞(𝑟, 𝜃, 𝜑) =
𝜇0

4𝜋
· 𝑱 ×

𝒓 − 𝒓′

|𝒓 − 𝒓′|3
 (0.20) 

where 𝒓 = (𝑟, 𝜃, 𝜑) is the position of the measurement, 𝒓′ = (𝑟′, 𝜃′, 𝜑′) 

is the position of the source and 𝑱 is the density of current of the dipole. 

This solution is not directly applicable to the human head, as it is bounded 

and surrounded by (isolating) air. Therefore, in the case of finite media, some 

boundary condition must be imposed. In particular, as the surrounding 

medium is considered completely isolating, the current flowing outside of the 

boundary (i.e. its component normal to the boundary surface) must be zero: 

 𝑱 · �̂�|𝒔 = −𝜎 ·
𝜕𝑉𝑠
𝜕�̂�

|
𝑠
= 0 (0.21) 

where 𝑠 is the bounding surface and �̂� represents the direction normal to 

it. As the conductivity is dependent on the medium and non-zero, the 

boundary condition only applies to the potential term. 

For the case of a set of multiple compartments with piecewise constant 

conductivity, two more boundary conditions can be imposed, as both the 
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potential and the normal component of the current must be constant along 

the compartment interfaces: 

 𝑉′|𝑠𝑖 = 𝑉′′|𝑠𝑖  (0.22) 

 𝜎′ ·
𝜕𝑉′

𝜕�̂�
|
𝑠𝑖

= 𝜎′′ ·
𝜕𝑉′′

𝜕�̂�
|
𝑠𝑖

 (0.23) 

where the primed values represent the potential and conductivity in one 

compartment, the double primed values represent these values in the 

contiguous compartment, and 𝑠𝑖 represents the 𝑖-th interface surface. 

Applying these boundary conditions, the potential at an arbitrary point 𝒓 on 

any of the interfaces 𝑠𝑖 can be written as (Geselowitz, 1970; Hämäläinen and 

Sarvas, 1987): 

 

(𝜎𝑖
′ + 𝜎𝑖

′′) · 𝑉(𝒓)

= 2𝑉∞(𝒓)

+
1

2𝜋
∑(𝜎𝑗

′ − 𝜎𝑗
′′) · ∫ 𝑉(𝒓′)

𝒓 − 𝒓′

|𝒓 − 𝒓′|3
𝑑𝑠′

𝑠𝑗

𝑚

𝑗=1

 
(0.24) 

where 𝑚 is the number of surfaces defining compartment interfaces, 𝜎𝑖
′  

and 𝜎𝑖
′′ are the conductivities inside and outside the surface 𝑠𝑖, 𝒏𝒓′ is the 

normal to the surface in the point 𝒓′, and the integral is evaluated in every 

point 𝒓′ of the surface. Under this formulation, the solution of the potential 

for the multi-compartment conductor is the combination of the solution for 

a homogeneous conductor plus the effect of some synthetic currents in the 

compartment interfaces. 

3.1.2. Forward models based on analytical solutions 

Due to its symmetry, the simplest conducting volume is a sphere 

surrounded by vacuum. If the coordinate system is defined in such a way that 

the origin of coordinates is the center of the sphere, and the dipole is located 

over the �̂� axis, the problem can be separated into the effect of a radial 

current (𝐽�̂�) and two tangential currents (𝐽�̂� and 𝐽�̂�). In this framework, the 

potential in any point of the sphere with 𝑟 > 𝑟′ can be written as (Frank, 

1952; Arthur and Geselowitz, 1970; Cuffin and Cohen, 1979):  
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 𝑉(𝒓) = 𝑉(𝑟, 𝜃, 𝜑) =
1

4𝜋𝜎
∑

𝒓′𝑛−1

𝑟𝑛+1
· (2𝑛 + 1) · C𝑛(𝜃, 𝜑)

∞

𝑛=1

 (0.25) 

 C𝑛(𝜃, 𝜑) = 𝐽�̂� ·
P𝑛

1(cos 𝜃)

𝑛
· cos𝜑 + 𝐽�̂� ·

P𝑛
1(cos 𝜃)

𝑛
· sin𝜑 + 𝐽�̂�

· P𝑛
0(cos 𝜃) 

(0.26) 

where P𝑛
0 and P𝑛

1 are the associated Legendre polynomials of order 𝑛 and 

degrees 0 and 1, respectively. 

An adequate representation of the human head in origins of M/EEG  

source reconstruction was a set of concentric spheres, each with piecewise 

constant conductivity (Cuffin and Cohen, 1979). Usual representations 

include three spheres, representing the brain compartment, the low 

conductivity skull and the scalp, or four spheres, introducing a high 

conductivity compartment between the brain and the scalp representing the 

cerebrospinal fluid. With the boundary conditions defined in Eq. (0.22) and 

Eq. (0.23), it is possible to calculate the potential generated by a dipole in an 

arbitrary position inside a multi-layer sphere (Cuffin and Cohen, 1979): 

 
𝑉(𝑅, 𝜃, 𝜑) =

1

4𝜋𝜎4𝑅
2
∑ (

𝒓′

𝑅
)

𝑛−1

·
(2𝑛 + 1)4 · (𝑐𝑑)2𝑛+1

Γ

∞

𝑛=1

· C𝑛(𝜃, 𝜑) 

(0.27) 

where 𝑅 is the radius of the outer sphere and C𝑛(𝜃, 𝜑) takes the values 

defined in Eq. (0.26). The values of 𝑐, 𝑑 and Γ depend on the radius and 

conductivity of the different spheres, as described by (Cuffin and Cohen, 

1979). For the especial case of equal conductivities, the values for 𝑐, 𝑑 and Γ 

are 1, 1 and (2𝑛 + 1)3, respectively; and Eq. (0.27) converges to Eq. (0.25). It 

is important to note that, according to this expression, the potential in the 

surface of a multi-layer sphere is the same as the potential in the surface of a 

homogeneous sphere with a different radius and conductivity. 

The previous formula allows the calculation of the potential in any point 

of the conducting volume and, with it, the electric field and the secondary 

currents at any point. Then, Biot-Savart law can be applied to calculate the 

magnetic field generated by the dipole itself and these secondary currents, 

thus resolving the forward problem for MEG (Geselowitz, 1970; Hämäläinen 

and Sarvas, 1987): 
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𝑩(𝒓) = 𝑩∞(𝒓) +
𝜇0

4𝜋
∑(𝜎𝑗

′ − 𝜎𝑗
′′)

𝑚

𝑗=1

· ∫ 𝑉(𝒓′) ·
𝒓 − 𝒓′

|𝒓 − 𝒓′|3
× 𝑑𝑠𝑗

𝑆𝑗

 

(0.28) 

In general, solving the forward problem in EEG allows for the resolution of 

the forward problem in MEG. However, in the case of a highly symmetric 

conducting volume the forward model for MEG can be directly resolved by 

means of analytical formulae. In the case of the magnetic field generated 

outside of a homogenous conducting sphere by a dipole located inside of it is 

(Sarvas, 1987): 

 𝑩(𝒓) = 𝑩(𝑟, 𝜃, 𝜑) =
𝜇0

4𝜋𝐹2
· (𝐹 · 𝑱 × 𝒓′ − 𝑱 × 𝒓′ · 𝒓 · ∇𝐹) (0.29) 

where 𝐹 depends on the relative position of the origin of the sphere, the 

dipole and the measurement point, as described in (Sarvas, 1987). The value 

of 𝑩 in Eq. (0.29) is independent of both the conductivity and the radius of 

the sphere. According to this, the field measured outside a multi-layer sphere 

is the same that the field measured outside a homogeneous sphere. In 

addition, contrary to the case of the EEG forward problem, the MEG forward 

problem for a spherical conductor can be resolver analytically, without the 

need of iterative approximations. 

Looking at the expression in Eq. (0.29) it can be observed that, for the case 

of a radial dipolar source, 𝑱 and 𝒓′ are aligned, and the cross product vanishes. 

This is the origin of the common assertion that MEG is insensitive to radial 

sources. The same phenomenon can be observed, in fact, in any conducting 

volume presenting axial symmetry with respect to the dipolar direction, as it 

is the case of a perpendicular dipole in a single- or multi-layered infinite 

conductor or in a radial dipole in an infinite cylindrical conductor (Sarvas, 

1987). In all these cases, the secondary currents align in such a way that they 

cancel the magnetic field generated by the primary current. However, this 

effect only appears for perfectly symmetrical conductors, and slight 

asymmetries in realistic conducting volumes can allow the recording of 

pseudo-radial dipolar sources. These dipoles are usually termed magnetically 

silent sources. 
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Similar approaches can be used to calculate the potential and magnetic 

field outside other highly symmetrical conductors, as horizontally layered 

conductors (Sarvas, 1987) or confocal ellipsoids (de Munck, 1988; Kariotou, 

2004). In addition, an analytical solution can be developed for conducting 

volumes with spherically symmetric (radial vs. tangential) anisotropy (de 

Munck, 1988). 

3.1.3. Forward models based on boundary element methods 

The head model based on concentric spheres is a fair approximation to the 

real conducting volumes in parietal and occipital regions of the brain. 

However, this model deviates from reality in temporal regions, and is 

especially inaccurate in the frontal area (Hämäläinen and Sarvas, 1989). The 

idea of considering the head as a set of compartments with homogeneous 

conductivity is still valid, and the boundary conditions can still be applied. As 

only the boundaries between homogeneous compartments are considered, 

this approach is termed Boundary Elements Method (BEM). 

Eq. (0.24) can be rewritten in terms of the solid angle for each differential 

of surface as seen from 𝒓 (Barnard et al., 1967; Hämäläinen and Sarvas, 1987): 

 𝑑Ω𝒓(𝒓
′) = ∫

𝒓 − 𝒓′

|𝒓 − 𝒓′|3
𝑑𝑠(𝒓′)

𝑆

 (0.30) 

 (𝜎𝑖
′ + 𝜎𝑖

′′) · 𝑉(𝒓) = 2𝑉∞(𝒓) +
1

2𝜋
∑(𝜎𝑗

′ − 𝜎𝑗
′′) · ∫ 𝑉(𝒓′) · 𝑑Ω𝒓(𝒓

′)
𝑆𝑗

𝑚

𝑗=1

 (0.31) 

These equations cannot be solved analytically, unless some strict 

symmetry is imposed, as shown with the spherical conducting volume. For an 

arbitrary set of interface surfaces, the only available solution is the numerical 

approach. In this approach, the surfaces 𝑆𝑖 are divided in a finite set of 𝑛𝑖 

elements Δ𝑘
𝑖  with area 𝜇𝑘

𝑖 , such that: 

 𝑆𝑖 = ∑ Δ𝑘
𝑖

𝑛𝑖

𝑘=1

 (0.32) 

This allows the discretization of the problem in a set of linear equations 

(Hämäläinen and Sarvas, 1989): 
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 𝑉𝑘
𝑖 = ∑∑B𝑘𝑙

𝑖𝑗
· 𝑉𝑙

𝑗

𝑛𝑗

𝑙=1

+ 𝑔𝑘
𝑖

𝑚

𝑗=1

 (0.33) 

where 𝑉𝑘
𝑖 is the potential per unit of area of element 𝑘 of surface 𝑖, 𝑔𝑘

𝑖  is 

the equivalent potential due to conduction in an homogeneous infinite 

medium and B𝑘𝑙
𝑖𝑗

 accounts for the interaction between element 𝑘 of surface 𝑖 

and element 𝑙 of surface 𝑗: 

 𝑉𝑘
𝑖 =

1

 𝜇𝑘
𝑖
∫ 𝑉(𝒓′) 𝑑𝑠𝑖
Δ𝑘

𝑖
 (0.34) 

 𝑔𝑘
𝑖 =

1

 𝜇𝑘
𝑖
·

2

𝜎𝑖
′ − 𝜎𝑖

′′ ∫ 𝑉∞(𝒓′) 𝑑𝑠𝑖
Δ𝑘

𝑖
 (0.35) 

 B𝑘𝑙
𝑖𝑗

=
𝜎𝑖

′ − 𝜎𝑖
′′

𝜎𝑖
′ + 𝜎𝑖

′′ ·
1

 𝜇𝑘
𝑖
·

1

 2𝜋
∫ Ω

Δ𝑙
𝑗(𝒓) 𝑑𝑠𝑖

Δ𝑘
𝑖

 (0.36) 

It is possible to rewrite Eq. (0.33) in matrix form: 

 𝑉𝑖 = ∑𝐵𝑖𝑗𝑉𝑗

𝑚

𝑗=1

+ 𝑔𝑖  (0.37) 

where the matrix 𝐵𝑖𝑗  is usually named the BEM matrix (or system matrix), 

and the vector 𝑔𝑖 is named the source term. The previous equation, however, 

is not well defined, as the potential can only be calculated up to a finite 

constant. There are infinite solutions that fulfill the equation, given that these 

solutions only differ in a constant. In order to avoid this problem, Eq. (0.36) is 

usually fixed by transforming the matrix 𝐵𝑖𝑗  into a deflated version in a way 

that the solution is unique, and this solution to the fixed equation is also a 

solution for the original one (Lynn and Timlake, 1968b). Usually, this deflation 

solution is equivalent to tune the system matrix so the total potential over 

the outer surface (i.e. the scalp) is zero. 

Until this point, the formulation of the problem is still exact, as it has only 

been rewritten. However, the numerical calculation of the potential requires 

some simplification. In the first place, the surfaces 𝑆𝑖 must be tessellated in a 

finite set of sub-surfaces, discretizing the continuous problem. Then, the 
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values of B𝑘𝑙
𝑖𝑗

, 𝑔𝑘
𝑖  and 𝑉𝑘

𝑖 must be calculated numerically. These problems are 

usually approached by approximating the surfaces by a triangle mesh, as 

there exists an analytical formula to calculate the solid angle of a triangle from 

an arbitrary point (Barnard et al., 1967). 

The triangulation of the surface introduces the first source of error in the 

method. If the surfaces are curved, the tessellation in planar triangles will 

never exactly follow the original surface, and the error will be proportional to 

the size of the triangles, or inversely proportional to their number. In the 

numerical resolution of the problem in BEM, the most computationally 

expensive operation is the construction of the system matrix, whose size 

increases with the square of the number of elements. Duplicating the number 

of triangles will reduce the modeling error of the surface, but will also 

quadruplicate the time required to calculate this matrix. 

The second source of error comes from the calculation of the B𝑘𝑙
𝑖𝑗

 

coefficients, as it requires the evaluation of the solid angle subtended by one 

element in the triangulation as viewed from other. There are two approaches 

to this problem, denominated collocation and Galerkin methods, respectively 

(Mosher, Leahy and Lewis, 1999; Tissari and Rahola, 2003). 

The collocation methods are the simplest approaches. In the constant 

collocation methods, the potential at each element is calculated only at its 

center, and considered constant along the element. In the linear collocation 

approach, the potential is calculated for each node of the element, and 

considered linear along the element. The system matrix B𝑘𝑙
𝑖𝑗

 from element Δ𝑘𝑖 

to element Δ𝑙𝑗 is calculated directly, in the case of constant collocation, or as 

an average of the values at the nodes, in the case of linear collocation.  

In the Galerkin method, the system matrix B𝑘𝑙
𝑖𝑗

 from element Δ𝑘
𝑖  to 

element Δ𝑙
𝑗
 is approximated by numerically sampling the area of Δ𝑘

𝑖  and 

weight adding the sampling points, denominated Gauss-Lagendre integration 

points. For the special case of triangles, the elements are usually sampled in 

3 or 7 points (Tissari and Rahola, 2003). The solid angle subtended from a 

triangle from each of the integration points in the other is calculated using 

the analytical formula. 

In a closed triangular mesh, the number of elements is 2(𝑁 − 2), where 

𝑁 is the number of vertices, so the constant collocation method requires 

almost twice the calculations than the linear collocation. The Galerkin method 
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requires between six and 14 times the number of calculations than the linear 

collocation method to fill the system matrix. 

The constant collocation method considers the potential as constant along 

the element, introducing a high error. The linear collocation method partially 

corrects this problem, considering the potential as linear inside the element, 

but still presents some error, especially for coarse grids. The Galerkin method 

is model-free, as the potential is mapped in different points across the 

element, effectively removing this limitation (Gramfort et al., 2010; Stenroos 

and Nenonen, 2012). Constant collocation is rarely used, and the choice of 

BEM method varies from the faster linear collocation to the more precise 

Galerkin BEM. 

In both methods, the resulting system matrix relates the potential in the 

nodes of the tessellation (the vertices of the triangles), and not the value in 

the elements themselves. In this case the matrix B𝑘𝑙
𝑖𝑗

 has dimension 

𝑚𝑖  ×  𝑚𝑗, where 𝑚𝑖 is the number of nodes in surface 𝑖, and the calculated 

value for each element is equally divided into its nodes. In the same way, the 

source term 𝑔𝑘
𝑖  and the potentials 𝑉𝑘

𝑖 are vectors of 𝑚𝑖 elements. This 

approach is especially useful for EEG, as the position of the electrodes can be 

set as nodes in the outer mesh, so the estimation of the potential in them is 

exact (according to the model). 

Contrary to the spherical problem, in BEM the EEG forward problem must 

be solved and then Eq.(0.28) must be applied to solve the MEG forward 

problem (Hämäläinen and Sarvas, 1987). In the same way that for the 

resolution of B𝑘𝑙
𝑖𝑗

, the density of current on the elements can be calculated 

using collocation or Galerkin approaches, thus rendering different 

computational complexities and accuracies. 

Forward methods based on BEM usually model the subject’s head as three 

or four homogeneous compartments, similarly to the analytical model based 

on concentric spheres. The definition of the compartments is usually 

extracted form a MRI or CT anatomical image of the subject, but sometimes 

a template is used, if the real anatomy of the subject is not available. These 

compartments are the brain as a whole, including white and grey matter; the 

highly conductive cerebrospinal fluid, the mainly isolating skull; and the scalp. 

When three compartments are used, the cerebrospinal fluid is included in the 

brain compartment. In these models, the sources are located in the inner 

compartment, usually termed source compartment, and the EEG electrodes 
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can be placed in any of the surfaces (Gramfort et al., 2010), preferably in the 

position of a mesh node. 

The numerical approach taken in BEM presents, under some conditions, 

an issue. In particular, the numerical precision of the solution can lead to 

serious errors in the presence of strong changes in conductivity. This is the 

case of the transition from the brain compartment (or cerebrospinal fluid 

compartment) to the skull, defined by the inner skull boundary, and with 

conductivity ratios of around 1 to 100 (Gramfort et al., 2010). A proposed 

method to correct this numerical error is the isolated source approach (ISA) 

(Hämäläinen and Sarvas, 1989), where the solution is divided in two terms: 

one with the inaccurate resolution of the original BEM problem; and a 

correction term, representing the potentials measured in the head if the skull 

was a perfect isolator. This correction seems to strongly increase the accuracy 

of BEM methods based on linear collocation (Mosher, Leahy and Lewis, 1999; 

Gramfort et al., 2010; Stenroos and Sarvas, 2012). 

These models have, however, three serious limitations. The first one is 

derived from the definition of the problem, as BEM requires the studied 

parameter (the potential) to behave according to Green’s theorem in each 

compartment. The method is, thus, not adequate for other scenarios, for 

example compartments with variable or anisotropic conductivities. The 

second limitation is related to the properties of the boundaries themselves. 

For the BEM model to behave like the real boundary, the modeled surfaces 

have to be smooth, so a smoothly curved set of triangles can faithfully follow 

it. The last limitation, related to the previous one, is that the sizes of the 

triangles have to be small in relation to the size of the problem. In particular, 

both the distance between the surface of the inner (source) compartment 

and the closest source and the separation between the different layers have 

to be bigger than the element size, so the rapid changes in potential can be 

correctly modeled. 

3.1.4. Forward models based on finite element methods 

The BEM approach cannot be used when the conducting volume does not 

fulfill the conditions of Green’s theorem. This is the case, for example, when 

the model includes the anisotropy found in the conductivities of the white 

matter and the skull. White matter measures show conductivities 9 times 

higher along the axon fibers than across them (Nicholson, 1965). In the case 

of the skull, its structure is usually developed as multi-layer, with two thin 
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layers of compact, low conductivity bone, surrounding a thicker layer of 

spongy bone with higher conductivity. The main effect of this multi-layer 

structure can be modelled as an anisotropic conductivity, with values 10 times 

lower in the perpendicular direction than in the tangential direction (Rush and 

Driscoll, 1968). Other scenarios, like the existence of holes in the skull after 

surgery, or the inhomogeneous structure of the skull in the fontanels of 

newborns, makes in many cases infeasible the direct application of BEM (Lau 

et al., 2016). 

In these cases, it is still possible to use the discretization approach to 

calculate the potential in the head. However, as Green’s theorem cannot be 

applied, the potential in all the volume, and not only in the interface surfaces, 

have to be modeled. In this scenario, the conducting volume is divided into a 

set of homogeneous sub-volumes, and the potential in each element can be 

estimated from the neighboring elements and their conductivities. As the 

whole volume, and not only the surfaces, is discretized into a finite set of 

elements, this approach receives the name Finite Elements Method (FEM). 

FEM is a generalization of BEM where the mesh in study is tridimensional 

instead of bidimensional. In the same way, BEM can be considered a 

simplified version of FEM where only the potential in the surfaces between 

interfaces is modeled. 

In FEM, mesh nodes are placed along the whole volume, and the mesh 

elements are geometrical objects. The simplest element for a FEM mesh 

generation is the tetrahedron, a triangular pyramid with four faces, four 

nodes and four edges. The tetrahedron is the tridimensional natural 

extension of the triangle, and is broadly used as there are a number of 

software tools able to create a tetrahedral mesh from an arbitrary volume 

definition (Si, 2015). Other broadly used element in FEM meshes is the 

quadrilateral hexahedron, a cuboid with six faces, eight nodes and ten edges. 

One of the advantages of the hexahedron is that, as MRI and CT images are 

usually based in cuboidal voxels, the discretization of the anatomy of the 

subject is straightforward (Wolters et al., 2007). 

We can re-write Eq. (0.14) as differential equation (de Munck, Wolters and 

Clerc, 2012): 

 ∇ · (𝜎 · ∇𝑉(𝒓)) = −∇ · 𝐽𝑃 (0.38) 
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This equation can be solved using the Galerkin (Lynn and Timlake, 1968a) 

method using a piecewise differentiable basis function ℎ: 

 ∫(∇ · (𝜎 · ∇𝑉(𝒓))) · ℎ(𝒓) 𝑑𝒓 = ∫(∇ · 𝐽𝑃) · ℎ(𝒓) 𝑑𝒓 (0.39) 

Integrating by parts the left side and applying the boundary condition in 

Eq. (0.22) and Eq. (0.23): 

 −∫(𝜎 · ∇𝑉(𝒓)) · ∇ℎ(𝒓) 𝑑𝒓 = ∫(∇ · 𝐽𝑃) · ℎ(𝒓) 𝑑𝒓 (0.40) 

In order to solve the forward problem numerically, we need to discretize 

the volume: 

 𝑉(𝒓) ≅ ∑ 𝑉𝑛ℎ𝑛(𝒓)

𝑁

𝑛=1

 (0.41) 

 − ∑ 𝑉𝑛 ∫(𝜎 · ∇ℎ𝑛(𝒓)) · ∇ℎ𝑚(𝒓)𝑑𝒓

𝑁

𝑛=1

= ∫(∇ · 𝐽𝑃) · ℎ𝑚(𝒓) 𝑑𝒓 (0.42) 

where 𝑁 is the number of discrete elements in which the volume is 

divided, and ℎ𝑛 is equal to ℎ in element 𝑛 and zero otherwise. This equation 

writes the potential in any element 𝑚 of the discretized volume as a function 

of the potential in the rest of the volume. 

It is possible to write Eq. (0.42) in matrix form: 

 𝐴 · 𝑉 = 𝑏 (0.43) 

 𝐴𝑚𝑛 = −∫(𝜎 · ∇ℎ𝑛(𝒓)) · ∇ℎ𝑚(𝒓) 𝑑𝒓 (0.44) 

 𝑏𝑚 = ∫(∇ · 𝐽𝑃) · ℎ𝑚(𝒓) 𝑑𝒓 (0.45) 

where 𝐴𝑗𝑖  relates the potential in element 𝑖 and 𝑗, and 𝑏𝑗 is the 

perturbation in the system introduced by the source affecting element 𝑗. The 

matrix 𝐴 is usually termed FEM system matrix or stiffness matrix and. 𝐴 is 

non-zero only were both ℎ𝑛 and ℎ𝑛 are simultaneously non-zero, this is, in 
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neighboring elements, so it is highly sparse. In addition, as the potential 

changes are bidirectional, the matrix is symmetrical. 

The effect of the perturbation is estimated by solving: 

 𝑉 = 𝐴−1 · 𝑏 (0.46) 

Similarly to BEM, the potential can only be solved to an additive constant, 

and 𝐴 must be deflated in order to get a unique solution. This deflation usually 

consists in forcing the potential in one of the nodes to be zero. Also similarly 

to BEM, the MEG lead field can be calculated from the distribution of 

potentials in the discretized volume (Wolters, Grasedyck and Hackbusch, 

2004). 

One of the main problems of FEM is the fact that the system matrix relates 

the potential among the nodes of the model. In this framework, a dipolar 

source should be modeled as a current source plus a current sink, namely two 

contiguous nodes of the volumetric mesh, separated by an infinitesimal 

distance. There are two possibilities: first, the element size should be 

extremely small, so the edge size can be considered infinitesimal; or second, 

only some edges of some elements should be small, resulting in element of 

irregular shape. In addition, the element definition, and with it the system 

matrix, should be re-defined every time the source location (or orientation) 

changes (Yan, Nunez and Hart, 1991). 

A popular solution to this problem is based on Saint Venant’s principle 

(Bauer et al., 2015), where a point-like force far enough of the observation 

point can be modeled as blurred around the real position. According to this, 

and if the distance between the source and the measuring point is long 

enough, the dipolar source can be modeled as a weighted contribution of 

potential in the nodes neighboring the real source position. This approach is 

sometimes termed blurred dipole (Vorwerk et al., 2014). 

3.2. The inverse problem 

The inverse problem, in the case of M/EEG, is the reconstruction of the 

primary currents in the brain that originated the activity measured at the 

sensors. Gauss’ theorem indicates that any current distribution in the interior 

of the conducting volume can be exactly modeled as a current distribution in 

the surface, so both the real distribution and this superficial distribution are 

solutions to this inverse problem. In addition, there exist source distribution 
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that do not generate any activity in the sensors, thus named silent sources, 

that can be added to any solution to create a new plausible solution 

(Hämäläinen and Ilmoniemi, 1994). 

In fact, due to the nature of the problem, there are infinite current 

distribution that can equally be a solution for an arbitrary sensor 

measurement (Hämäläinen et al., 1993). The source reconstruction problem 

is, then, ill posed, and it is not possible, a priori, to solve it. However, the 

number of solutions can be reduced to only one if we impose a series of 

biologically plausible constrains. Several sets of constrains have been 

proposed, giving as result different inverse algorithms. The three main 

families of algorithms are the algorithms based on individual dipoles, the 

algorithms based on distributed sources and the algorithms beamformers. 

3.2.1. Inverse solutions based on dipole fitting 

The simplest constrain is the assumption that all the activity measured at 

the sensor level is generated by a unique elemental dipole plus added noise. 

Under this assumption, there is typically only one solution to the inverse 

problem, so it is no longer ill posed. It is well known that, in general, brain 

activity is distributed over a given area, rendering this approach invalid. 

However, for some special cases, like the epileptogenic activity in focal 

epilepsy (Barkley and Baumgartner, 2003), or some very local activations like 

somatosensory activity (Hari et al., 1984; Kawamura et al., 1996), the 

supposition is accurate. 

This method is named single dipole, equivalent current dipole or dipole 

fitting (Williamson and Kaufman, 1981). The total activity is modelled as 

generated by a single dipole, with unknown position, orientation and 

amplitude. The inverse problem consists in solving the values for six 

unknowns, i.e. three for the position, two for the orientation and one for the 

amplitude, so at least six sensors are necessary. The problem is then treated 

as a minimization problem, where the parameter to minimize is the difference 

between the activity generated by the simulated source and the real 

measurement. This difference is usually handled in the form of residual 

variance (the variance of the measurement not explained by the simulation), 

and the quality of the fitting can be indicated in terms of goodness of fit (GoF): 

 𝐺𝑜𝐹 = 1 − 𝑅𝑉 (0.47) 
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where 𝑅𝑉 stands for the relative residual variance, in per-one units. The 

goodness of fit ranges between zero (no variance explained) and 1 (perfect 

fit). 

It is possible to use this method to fit simultaneously several dipoles, but 

the computational cost escalates rapidly with the number of dipoles. The 

solution is accurate when the assumption are fulfilled, and this method is, in 

fact, the only one approved for clinical use (Bowyer et al., 2003). 

3.2.2. Inverse solutions based on distributed sources 

In the case of a big number of dipoles, the dipole fitting solution cannot be 

used, as the iterative algorithm is computationally expensive. In this case, 

distributed solutions are employed, where a set of biologically plausible 

dipoles are provided as possible solutions. As the main generators of EEG and 

MEG activity are the pyramidal neurons in the cortex, these dipoles are 

generally placed only in gray matter. With low density of dipoles, the 

orientations are fixed by placing three perpendicular dipoles in each position, 

covering all the possible orientations. For higher densities the dipoles are 

usually oriented perpendicularly to the cortical surface (Lin, Belliveau, et al., 

2006), as this is the orientation of the dendrites in the pyramidal neurons. 

Once a set of candidate sources is defined, the lead field of these sources, 

this is, the activity, at the sensor level, generated by them, can be computed. 

If the lead field construction is correct, and the whole set of candidate sources 

is spanned, the measurement can be written as a function of the underlying 

source activity: 

 𝑀 = 𝐿 · 𝐽 (0.48) 

 𝐽 = 𝑊 · 𝑀 (0.49) 

where 𝑀 is the measurement (𝑉 or 𝑩), 𝐿 is the lead field, 𝐽 is the 

(unknown) current distribution and 𝑊 is the inverse operator. Here, 𝐿 is the 

combination of the lead field of the candidate sources, a 𝑚 × 𝑛 matrix, where 

𝑛 is the number of sources and 𝑚 the number of measurements. 

 𝐿 = (𝐿1, 𝐿2, … 𝐿𝑛) (0.50) 
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Again, as the inverse problem is ill-posed, Eq (0.49) has many possible 

solutions. The Moore-Penrose pseudo-inverse of 𝐿 gives us the solution with 

the minimum source variance: 

 𝐽 = 𝐿† · 𝑀 (0.51) 

As this produces the solution with the minimum 𝐿2 norm, it is termed 

minimum norm solution or minimum norm estimate (MNE) (Hämäläinen and 

Ilmoniemi, 1994). Its inverse estimator, 𝑊𝑀𝑁𝐸, is given by: 

 𝑊𝑀𝑁𝐸 = 𝐿† = (𝐿𝑇 · 𝐿)−1 · 𝐿𝑇 (0.52) 

If we take into account the noise, the original problem becomes: 

 𝑀 = 𝐿 · 𝐽 + 𝑛 (0.53) 

If, instead of just the variance of the solution, we want to minimize the 

reconstruction error, we can write the problem as a minimization problem: 

 min(‖𝑊 · 𝐽 − 𝑀‖2) (0.54) 

Using a Bayesian approach (Dale and Sereno, 1993) the optimal inverse 

operator is given by: 

 𝑊𝑀𝑁𝐸,𝐵𝑎𝑦𝑒𝑠 = 𝐶𝑆 · 𝐿𝑇 · (𝐿 · 𝐶𝑆 · 𝐿𝑇 + 𝐶𝑀)−1 (0.55) 

where 𝐶𝑀 is the measurement covariance matrix and 𝐶𝑆 the source 

covariance matrix. In the case of uncorrelated noise both covariance matrices 

are the identity matrix, and 𝑊𝑀𝑁𝐸,𝐵𝑎𝑦𝑒𝑠 converges to 𝑊𝑀𝑁𝐸. This approach 

allows, in addition, introducing some a priori information of the source 

distribution, in the form of the source noise covariance matrix. This Bayesian 

operator is the one used nowadays when computing minimum norm 

estimates, and is usually termed simply MNE (Hämäläinen, Lin and Mosher, 

2010; Gramfort et al., 2013). 

As the magnetic field generated by a dipole attenuates rapidly with the 

distance, deep sources require much more energy to generate a 

measurement than shallow sources, so the minimum norm solution usually 

estimates false superficial sources when deep activity is measured (Uutela, 

Hämäläinen and Somersalo, 1999). However, several algorithms have been 
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proposed to deal with this localization bias (Dale et al., 2000; Pascual-Marqui, 

2002; Lin, Witzel, et al., 2006). 

3.2.3. Inverse solutions based on beamformers 

Beamformers are methods developed in the radar and antenna design 

field, where a set of simple antennae are used to create a joint 

electromagnetic radiation (or absorption) profile (van Veen and Buckley, 

1988). This technique was later extended to the study of electrophysiological 

signals, especially for MEG (van Veen et al., 1997). 

Beamformers are spatial filters, maximizing the sensitivity of the whole 

sensor array in one direction, and selectively rejecting the rest of directions. 

In principle, this spatial filter is built using only the sensitivity profile of each 

sensor to the desired direction, this is, the lead field from the source to the 

array of sensors. Ideally, the activity coming from the source of interest 𝑖 

should be reconstructed without error, so the matrix product of the 

beamformer spatial filter and the lead field must be the identity matrix: 

 𝑊 · 𝐿𝑖 = 𝐼 (0.56) 

where 𝐿𝑖 is the lead field matrix for the source 𝑖, 𝑊 are the weights of the 

spatial filter that recover the activity of that source from the sensor array, and 

𝐼 is the identity matrix. It is important to notice that in beamformer, contrary 

to MNE, the activity of each source is reconstructed separately from other 

possible sources. 

If (as is the case in electrophysiological signals) the data is spatially 

oversampled, many values of 𝑊 fulfill Eq. (0.56). Beamformer solution is the 

least square solution to the inverse problem, given by the Moore-Penrose 

pseudo-inverse of 𝐿𝑖: 

 𝑊𝐵𝐹 = 𝐿𝑖
† = (𝐿𝑖

𝑇 · 𝐿𝑖)
−1

· 𝐿𝑖
𝑇 (0.57) 

In cases where a powerful undesired source is present, the result can be 

strongly affected for the interference. Figure 3.1 shows a simplified example 

of this case in a two-dimensional scenario. For this more general case, an 

adaptive spatial filter can be designed, so it selective removes the interfering, 

while keeping the sensitivity to the original source untouched. In order to 

achieve this, the algorithm must generate a spatial filter that reconstruct the 

source activity with the minimum energy available (minimum source 
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variance), constrained to not modifying the reconstruction of the activity 

coming from the source of interest (linear constrain). This algorithm is termed 

linearly constrained minimum variance (LCMV) beamformer (Frost, 1972; van 

Veen and Buckley, 1988). 

 

If 𝑊 is the spatial filter used to reconstruct the signal at the source of 

interest, and 𝐶𝑀 is the measurement covariance matrix, the source 

covariance matrix, 𝐶𝑆, is given by: 

 𝐶𝑆 = 𝑊𝑇 · 𝐶𝑀 · 𝑊 (0.58) 

The minimization problem is, then: 

 min (𝑊𝑇 · 𝐶𝑀 · 𝑊)|𝑊𝑇·𝐿𝑖=𝐼 (0.59) 

If we solve the minimization problem using the method of Lagrange 

multipliers, the solution is: 

 𝑊𝐿𝐶𝑀𝑉 = (𝐿𝑖
𝑇 · 𝐶𝑀

−1 · 𝐿𝑖)
−1

· 𝐿𝑖
𝑇 · 𝐶𝑀

−1 (0.60) 

 

Figure 3.1 Example of beamformers in two dimensions. 

The Figure depicts the original non-adaptive beamformer (upper row) and the LCMV 

beamformer (lower row) designed to capture a signal coming from the direction 0° (yellow 

line). The red line represents an interference in the direction 26° that is rejected by LCMV but 

not by the original formulation. In both cases the amplitude of the signal coming from the 

desired direction is untouched (linear constrain). 
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Similarly, it is possible to create a frequency-dependent adaptive filter 

replacing the covariance matrix in Eq. (0.60) by the cross-spectra density 

matrix at the desired frequency. This methodology is termed Dynamic 

Imaging of Coherent Sources (DICS) (Gross et al., 2001). 

Theoretically, the sensor noise would ensure that 𝐶𝑀 is full rank, and thus 

invertible. However, several processing steps (like signal space separation, 

signal space projection or independent component removal) would reduce 

the rank of the matrix. In these cases, the covariance matrix must be 

regularized, usually using Tikhonov (diagonal load) regularization. It is 

straightforward to notice that increasing regularization factors would make 

the adaptive filter less sensitive to the interference. A hypothetical infinite 

regularization factor would replace 𝐶𝑀
−1 by 𝐼, and 𝑊𝐿𝐶𝑀𝑉 in (0.60) would be 

identical to 𝑊𝐵𝐹 in Eq. (0.57). 

3.2.4. Comparison of inverse solutions 

The three methods described above give equally likely solutions to the 

inverse problem in M/EEG, and none of them provides the absolute truth. In 

the case of highly focal sources, the use of dipole fitting is recommended, 

while for distributed sources, minimum norm or beamformers give suitable 

results (Hincapié et al., 2017). For the latter case, it is important to take in 

account that the minimum norm estimate tries to explain all the activity 

acquired at the sensor level with a distribution of currents at the source level, 

while beamformer is a mere special filter, and only reconstructs the activity 

coming from the source of interest. As a result, minimum norm solution is 

invertible, and the activity at the sensor level can be reconstructed from the 

sources, while this is not possible with beamformers. On the other hand, the 

presence of artifacts or a strong spatial noise will affect the reconstruction 

with minimum norm, whereas beamformers are more robust to these 

problems. 

 





 89 

Chapter 4.  

 

Objectives and hypotheses 

4.1. Main objective 

The main objective of this thesis is to stablish an optimal pipeline to 

estimate whole-brain source-level connectivity from 

electroencephalography (EEG) and/or magnetoencephalography (MEG). 

In order to achieve this ambitious yet very relevant goal, we decompose it 

in a set of secondary objectives, working over a series of hypotheses. In the 

five studies that comprise this work we aim to attain these secondary goals, 

whose completion will imply that of the main one. 

4.2. Secondary objectives and working hypotheses 

4.2.1. First secondary objective and related hypotheses 

The first secondary objective of this thesis is to find an optimal source 

reconstruction algorithm to be used with M/EEG. This objective will focus on 

of the optimal forward model to use, considering as optimal the forward 

model with the best cost-effectiveness. 

The first hypothesis is: Forward models based on finite element methods 

(FEM) are superior to forward models based on boundary element methods 

(BEM) in the analysis of EEG data. This hypothesis is based on the better 

definition of the convoluted cortical surface of FEM compared to BEM. 

The second hypothesis is: Forward models based on FEM will not be 

superior to forward models based on BEM in the analysis of MEG data. This 

hypothesis is based the lesser impact of the definition of the volume 

conductor in MEG as compared to EEG. 

The third hypothesis is: The improvement in quality introduced by forward 

models based in FEM will not compensate for the increase in the work and 

computational time required for the construction of the model. 
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4.2.2. Second secondary objective and related hypotheses 

The second secondary objective of this thesis is to find a multivariate 

extension of the phase synchronization index Phase Locking Value (PLV) that 

correctly estimates functional connectivity between pairs of cortical regions. 

The first hypothesis is: An approach based on the combination of the 

pairwise PLV values between all possible pairs of between-areas time courses 

will be superior to approaches based on representative time courses. 

The second hypothesis is: The use of the three dimensions of the 

reconstructed source activity will prove superior to the projection over the 

main direction. 

The third hypothesis is: It is possible to find an efficient reformulation of 

PLV that allows for the computation of large amounts of pairwise PLV indexes, 

making possible the calculation of the whole-brain pairwise PLV matrix in 

reasonable times. 

4.2.3. Third secondary objective and related hypotheses 

The third secondary objective of this thesis is to prove that the pipeline 

proposed as optimal is useful to identify differential patterns of inter-area 

synchronization in pathological or pre-clinical brains. 

The first hypothesis is: It is possible to identify the effects of pathological 

aging in the brain functional connectivity patterns using multivariate PLV 

approaches. 

The second hypothesis is: It is possible to identify the effects of alcohol 

consumption in the brain functional connectivity patterns using multivariate 

PLV approaches. 
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Chapter 5.  

 

Study 1: Comparison of forward models for EEG and 

MEG 

5.1. Introduction 

The forward problem is the determination of the measure that would be 

acquired in the sensor array by an arbitrary source-space distribution. In the 

case of the electrophysiological signals, the forward problem is the 

determination of the effect that brain activations (i.e. the activity of a set of 

neurons or, more precisely, the primary current resulting of the summation 

of a set of postsynaptic potentials) would have in the sensors. The forward 

model can be used to make simulations of the measures under some 

hypothetical brain activity. 

To solve the forward model, it is necessary to understand the effects that 

an arbitrary activation (a primary current) causes in the medium. As 

mentioned in 0, the primary current is confined inside the dendrites of the 

postsynaptic neurons. However, the secondary currents, with the same total 

intensity, are distributed through all the conducting volume. If the electrical 

characteristics of the conducting volume are perfectly known, it is possible to 

precisely estimate the path followed by these secondary currents and, with 

it, the distribution of the currents in the scalp. This distribution is the forward 

model for EEG for a given primary current. The solution of the forward model 

for EEG entails the calculation of all the currents in the conducting volume, 

and from them it is straightforward to calculate the magnetic field related to 

them. This magnetic field is the forward model for MEG for the same brain 

activation. 

The conductivity profile of the human head is highly irregular. The signal 

of interest for M/EEG originates in the gray matter, a soft tissue mainly 

formed by neuronal bodies, dendrites and non-myelinated axons. This tissue 

presents a fair isotropic conductivity. Different regions of gray matter are 

connected by tracts of white matter, a soft tissue formed by myelinated 

axons. White matter presents an anisotropic conductivity profile, with 

conductivities similar to that of gray matter in direction longitudinal to the 

axons, but much lower in the transversal direction. Together, gray matter and 
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white matter form the brain. A layer of highly conductive cerebrospinal fluid, 

with isotropic conductivity profile, surrounds these soft tissues. The skull, a 

rigid body of bone, protects the brain. The electrical conductivity of bone is 

low, so most the current generated in the brain is confined in the inside of the 

skull. Lastly, a layer of soft tissue, formed by muscle, fat and skin, with a fair 

approximately isotropic conductivity, surrounds the skull. 

The single most important boundary is that between the interior of the 

skull and the skull itself. The currents are generated inside the skull, and only 

a small fraction of them escapes it. For MEG, it is possible to ignore it, and 

model the head as a compact mass of soft tissue formed by the gray and white 

matter and the cerebrospinal fluid surrounded by vacuum. This model is 

usually termed single shell, as only one interface is taking in account. For EEG, 

the effect of the skull and the surrounding soft tissue must be accounted for, 

so at least two new interfaces must be considered, the interface between the 

skull and the soft tissue, and the interface between the scalp and the 

(isolating) exterior of the head. This model is usually termed three shells 

model. This model can be extended adding the interface between the gray 

matter and the highly conductive cerebrospinal fluid, creating a four shells 

model. These models only take in account the interfaces between tissues and 

can be solved numerically using boundary element methods (BEM). 

In order to avoid numerical instabilities, the surfaces used in BEM must be 

smooth. This is problematic for the interface between the skull and the 

cerebrospinal fluid, as the highly convoluted structure of the cortex requires 

a high definition in the creation of the surface meshes. In addition, BEM only 

allows for homogeneous isotropic compartments. In order to overcome these 

problems more complex solutions, such as those based on finite element 

methods (FEM), must be used. These methods discretize the entire 

compartment, instead of only the surface, and allow the assignation of 

different conductivity profiles to each discrete element. However, both the 

generation of the model and the calculations required are more tedious. 

The objective of this study is to evaluate the errors associated to the 

different forward model approaches in EEG and MEG, and the cost/benefit 

relation of each additional step. This error can be split in method-related error 

and model-related error. In order to study both types of error, we calculated 

the forward model for the same conducting volume using different methods, 

and using the same method for head models with different levels of 

complexity. Then, we generated set of synthetic EEG and MEG measurements 
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using the most precise model available, and used a dipole fitting algorithm to 

reconstruct the underlying activity. We defined the error as the difference 

between the simulated activity and the reconstructed one. 

5.2. Materials and methods 

5.2.1. Head models 

The first head model we evaluated is the concentric spheres model, with 

tree compartments of radii 80, 90 and 100 mm, and electrical conductivities 

𝜎1 = 𝜎3 = 1 3⁄  𝑆/𝑚 and 𝜎2 = 1 240⁄  𝑆/𝑚, respectively. The surface-based 

mesh for BEM methods was generated using a recursively partitioned 

icosahedron (Gagarinov, 2017) with different partition levels. The EEG 

sensors were placed in the nodes. The MEG sensors were placed 20 mm 

above the nodes, oriented towards the origin of the spheres. As this head 

model has an analytical solution for M/EEG forward models, it is possible to 

evaluate the accuracy of the numerical methods for different mesh 

resolutions. Figure 5.1 shows examples of surface- and volume-based head 

models. 

The second model consisted of a three compartment, piecewise constant 

realistic head model, based on MRI and CT images of a real subject. The three 

 

Figure 5.1 First head model and sensor positions. 

The Figure shows the three concentric spheres used for the first head model. The green dots 

represent the EEG sensor positions taken from a real EEG acquisition. The blue dots represent 

the MEG sensor positions taken from a real MEG acquisition. 
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compartments were the brain compartment, bounded by the dura and 

extracted from the MRI segmentation; the skull compartment, consisting in 

bone defining the cranium and extracted from a CT; and the scalp 

compartment, extracted from the MRI. The conductivities where fixed to 

𝜎𝑏𝑟𝑎𝑖𝑛 = 𝜎𝑠𝑐𝑎𝑙𝑝 = 1 3⁄  𝑆/𝑚 and 𝜎𝑠𝑘𝑢𝑙𝑙 = 1 240⁄  𝑆/𝑚. The EEG lead field for 

this head model was calculated for the real digitalization of a 70 channels EEG 

cap. The MEG lead field was calculated for the real head position inside a 

Neuromag Vectorview MEG system, with 102 magnetometers and 204 planar 

gradiometers. An outline of the head model and the sensor positions is shown 

in Figure 5.2. 

The third head model we evaluated consisted of a modified version of the 

previous one, which included the effect of cerebrospinal fluid (CSF). In order 

to include the effect of CSF, the boundary of the brain compartment was set 

as the surface of the pia, as extracted by FreeSurfer (Dale, Fischl and Sereno, 

1999; Fischl et al., 2002). The space between this new surface and the dura 

was considered CSF, and its conductivity was fixed to 𝜎𝑐𝑠𝑓 = 1.79 𝑆/𝑚 

(Baumann et al., 1997). The remaining conductivity values were kept as in the 

second model. 

 

Figure 5.2 Second head model and sensor positions. 

The Figure shows the inner skull, outer skull and scalp surfaces used for the second head 

model. The green dots represent the EEG sensor positions taken from a real EEG acquisition. 

The blue dots represent the MEG sensor positions taken from a real MEG acquisition. 
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5.2.2. Forward models 

The first forward model we used was the analytical solution for the 

concentric spheres head model in M/EEG. For the case of EEG, the lead field 

was calculated using a modified version of (Cuffin and Cohen, 1979), as 

included in Fieldtrip toolbox (Oostenveld et al., 2011), calculating the 

spherical expansion terms up to an order of 100. The MEG lead field was 

calculated using the direct formula proposed by Jukka Sarvas (Sarvas, 1987). 

This forward model only was used in combination with the first head model. 

The second model  was a realistic modified sphere solution for MEG 

(Nolte, 2003), where the solution for the spherical head model is modified by 

a series of spherical harmonics in order to accurately match the inner skull 

surface. This method converges to the spherical solution for the first head 

model, so it only was not used with the first head model. This forward model 

was used in combination with the second head model. In addition, this 

solution is only available for MEG. 

The third model  was a BEM method based on linear collocation extracted 

from MNE-Python toolbox (Gramfort et al., 2013). This method was used both 

with and without the ISA correction, and with different levels of resolution for 

the construction of the surface grids. As MNE-Python only supports one or 

three shells BEM models, this forward model was used in combination with 

the first and second head models. 

The fourth model was a BEM method based on symmetric BEM and linear 

Galerkin without ISA correction using OpenMEEG toolbox (Gramfort et al., 

2010). This method was used with different levels of resolution in the 

construction of the surface grids. This forward model was used in 

combination with the three proposed head models. 

The last forward model we used was a FEM method based on tetrahedral 

meshes generated with TetGen (Si, 2015) and solved using NeuroFEM toolbox 

(Fingberg et al., 2003). The sources were placed using the blurred dipole 

approach (Bauer et al., 2015). This method was used for different levels of 

resolution in the construction of the surface grids and the volumetric meshes. 

This forward model was used in combination with the three proposed head 

models. 
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5.2.3. Simulated sources 

For the first head model, sources were placed in random azimuth and 

elevations using George Marsaglia’s approach (Marsaglia, 1972). We created 

50 sets of 100 random points forming concentric spherical clouds spaced 1 

mm, with radii from 30 to 79 mm and centered in the origin. For each point, 

we defined the radial direction and one random tangential direction, so each 

point consisted on one radial and one tangential dipole. 

For the second and third head models, we created a set of anatomically 

realistic dipolar sources. The dipoles were placed in the interface between 

gray and white matter, as defined by FreeSurfer, and oriented normally to 

this interface. Only those points labelled as part of one the 68 cortical areas 

defined in the Desikian-Killiani atlas (Desikan et al., 2006) were taking in 

account. Then, we randomly took a subsample of 10,000 points of this 

interface, together with their anatomical label. 

In both cases, the reconstruction error was calculated in terms of position, 

orientation and amplitude. The error in position was calculated as the 

distance, in meters, between the simulated dipole and he reconstructed one. 

The error in orientation was calculated as the area of the triangle defined by 

the orientations of the simulated dipole and the reconstructed one and is 

equivalent to the cosine of the angle defined by them. The error in amplitude 

was calculated as the ratio between the amplitudes of the simulated dipole 

(always one) and the reconstructed one, minus one. All three metrics would 

ideally be zero when the reconstruction is perfect. 

5.3. Results 

5.3.1. Concentric spheres  

In this section, we compared the different numerical approaches for a 

head model consisting in a multi-layer sphere. The numerical approximation 

to the sphere was generated by iterative partitions of an icosahedron. The 

number of iterations varied from 2 to 4, generating spheres of 162, 642 and 

2,562 nodes uniformly distributed on the surface. The BEM head model was 

directly generated from these approximated spheres. For the generation of 

the FEM head model, we generated a tetrahedral mesh using the 

approximated spheres as boundaries, using a maximum volume constrain of 

1, 5, 10, 50 and 100 cubic millimeters. 
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When using FEM forward models for EEG, the results improved 

consistently when increasing the resolution, both in volume (for FEM) and in 

surface (for both FEM and BEM). Figure 5.3 shows the errors for the FEM head 

models using a surface resolution of 162 nodes and different volume 

resolutions. The results are, in general, similar for tangential and radial 

dipoles. However, when the dipoles are close to the inner surface (80 mm) 

the error in amplitude increases. 

 

 

Figure 5.3 Reconstruction error for EEG using a FEM forward model with a surface resolution 

of 162 nodes. 

The Figure shows the errors in position, orientation and amplitude for FEM forward models 

with different resolution in volume. Upper row: Errors for a tangential dipole as a function of 

the distance to the origin. Lower row: Errors for a radial dipole as a function of the distance to 

the origin. Left column: Error in position, in meters. Middle column: Error in orientation. Right 

row: Error in amplitude, in per-one units. The dashed line represents the results obtained with 

the analytical solution. The solid line represents the average error, and the shadow represents 

the standard error. 
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This behavior also appears for higher surface resolutions, as can be seen 

in Figure 5.4. The error in position is approximately independent of the 

distance to the origin, while the error in orientation increases with this 

distance. The error in position improves until volume resolutions of 10 mm3, 

and then stabilizes. The error in orientation improves with the volume 

resolution, but especially with the surface resolution. Las, the error in 

amplitude only improves increasing the surface resolution and is 

approximately independent of the volume resolution. 

 

 

Figure 5.4 Reconstruction error for EEG using a FEM forward model with an element size of 1 

mm3. 

The Figure shows the errors in position, orientation and amplitude for FEM forward models 

with different resolution in volume. Upper row: Errors for a tangential dipole as a function of 

the distance to the origin. Lower row: Errors for a radial dipole as a function of the distance to 

the origin. Left column: Error in position, in meters. Middle column: Error in orientation. Right 

row: Error in amplitude, in per-one units. The dashed line represents the results obtained with 

the analytical solution. The solid line represents the average error, and the shadow represents 

the standard error. 
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The results for MEG are slightly different, as depicted in Figure 5.5. In MEG 

the errors are, in general, smaller than in EEG, and the values are independent 

of the volume resolution for dipoles close to the origin. When the distance 

from the origin is greater than 60 mm the models with higher volume 

resolution increase their errors, what seems counterintuitive. On the other 

hand, increasing the surface resolution consistently improves the results. For 

the highest surface resolution (2,562 nodes) the performance is almost 

identical than for the exact forward model. 

 

 

Figure 5.5 Reconstruction error for MEG using a FEM forward model. 

The Figure shows the errors in position, orientation and amplitude for FEM forward models 

with different resolution in volume and surface. Upper row: Errors for different resolutions in 

volume as a function of the distance to the origin. Lower row: Errors for different resolutions 

in surface as a function of the distance to the origin. Left column: Error in position, in meters. 

Middle column: Error in orientation. Right row: Error in amplitude, in per-one units. The 

dashed line represents the results obtained with the analytical solution. The solid line 

represents the average error, and the shadow represents the standard error. 
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The forward models based on BEM present, in general, better behavior. 

Figure 5.6 shows the results for EEG with a surface resolution of 162 nodes, 

where forward model based on OpenMEEG outperforms both the rest of the 

BEM methods and the best FEM method. In the case of MNE, the use of IPA 

clearly improves the results, but the errors are still larger than in the models 

based on OpenMEEG. 

 

 

Figure 5.6 Reconstruction error for EEG using BEM forward models. 

The Figure shows the errors in position, orientation and amplitude for different BEM forward 

models. Upper row: Errors for a tangential dipole as a function of the distance to the origin. 

Lower row: Errors for a radial dipole as a function of the distance to the origin. Left column: 

Error in position, in meters. Middle column: Error in orientation. Right row: Error in amplitude, 

in per-one units. The dashed line represents the results obtained with the analytical solution. 

The solid line represents the average error, and the shadow represents the standard error. 
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Figure 5.7 shows the effect of increasing the surface resolution in forward 

models based on OpenMEEG. As expected, the error improves consistently 

with the resolution. 

 

 

Figure 5.7 Reconstruction error for EEG using OpenMEEG. 

The Figure shows the errors in position, orientation and amplitude for OpenMEEG forward 

models with different resolutions. Upper row: Errors for a tangential dipole as a function of 

the distance to the origin. Lower row: Errors for a radial dipole as a function of the distance to 

the origin. Left column: Error in position, in meters. Middle column: Error in orientation. Right 

row: Error in amplitude, in per-one units. The dashed line represents the results obtained with 

the analytical solution. The solid line represents the average error, and the shadow represents 

the standard error. 
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For MEG, the results are similar, as shown in Figure 5.8. As in EEG, 

OpenMEEG outperforms the rest of the methods. One interesting difference 

with EEG is that in this case the use of IPA in the MNE forward model does 

not improves the results. In addition, all the BEM forward models behave 

comparatively or better than the FEM forward model with volume resolution 

of 1 mm3. 

 

 

Figure 5.8 Reconstruction error for MEG using BEM forward models. 

The Figure shows the errors in position, orientation and amplitude different BEM forward 

models and OpenMEEG forward models with different resolutions. Upper row: Errors for 

different methods as a function of the distance to the origin. Lower row: Errors for different 

resolutions in volume as a function of the distance to the origin. Left column: Error in position, 

in meters. Middle column: Error in orientation. Right row: Error in amplitude, in per-one units. 

The dashed line represents the results obtained with the analytical solution. The solid line 

represents the average error, and the shadow represents the standard error. 
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5.3.2. Realistic head model with three compartments 

For the second part of this study we built a realistic three-shell head model 

based on the MRI and CT of a real subject. As gold standard, we generated a 

forward model using FEM, with a surface resolution of 50,000 nodes and a 

maximal volume per element of 0.2 mm3. In the first experiment a FEM 

forward model with high volume resolution behave almost as well as the best 

BEM head model, and it is not possible, due to memory and computational 

constrains, to generate a BEM head model with 50,000 nodes per surface. 

This forward model was used to simulate the effect of 10,000 cortical 

sources, placed in realistic positions and orientations, in 70 EEG channels and 

102 MEG channels placed in realistic positions. The MEG data simulated 

contains 306 magnetic sensors, with 102 magnetometers and 204 planar 

gradiometers, but it was not possible, due to memory constrains, generate 

more than 102 measured signals from the ultra-high resolution forward 

model. 

Then, the head model was simplified to generate several test forward 

models. We generated six three-shell models with 1,000, 1,500, 2,000, 2,500, 

3,000 and 3,500 nodes per surface. Then we used each one of these head 

models to generate: A three-shell BEM model, using OpenMEEG; A three-shell 

BEM model using MNE with IPA; And a FEM model with three different 

compartments and a volume resolution of 1 mm3. In addition, for the MEG 

data we generated: A single-shell BEM model, using OpenMEEG; A single-shell 

BEM model, using MNE; and a single-shell forward model based on a modified 

spherical solution. 

The error for each head model was evaluated only on terms on the 

position error; this is, the distance from the simulated dipole to the 

reconstructed one. In order to avoid issues related with the definition of the 

grid used for the initial guess, the initial guess for each dipole was placed on 

the simulated position, and then iteratively move until the goodness-of-fit 

was minimized. This approach gives a very informative perspective of the 

accuracy of the forward model in test, when compared to the high-resolution 

model. 
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Figure 5.9 shows the results of the dipole-fitting algorithm for EEG data. In 

all the cases, the position error improves when increasing the surface 

resolution. The results for the three forward methods are similar, with the 

models based on MNE showing a slightly worse behavior. For the models 

generated using FEM and BEM based on OpenMEEG, over 75% of the dipoles 

have less than 3 mm of error when the number of nodes per surface is 1,500 

or higher. In order to get similar results with BEM models based on MNE the 

number of nodes per surface must increase to 2,500. 

 

 

 
Figure 5.9 Position error for EEG using forward models with three compartments. 

The Figure shows the errors in position, in meters, for three different forward models with 

different surface resolutions. Upper row: FEM models. Middle row: BEM models based on 

OpenMEEG. Lower row: BEM models based on MNE with IPA. Note the logarithmic scale in the 

vertical axis. 
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Figure 5.10 shows the results for MEG data when using three-

compartment head models. The result is similar to the previous case, with 

error improving with higher resolutions, and FEM models and BEM models 

based on OpenMEEG behaving slightly better than BEM models based on 

MNE. In all cases, the errors are lower than in the EEG case, what once again 

agrees with the first part of this study. In all the cases more than 75% of the 

dipoles show errors bellow 1 mm. 

 

 

 

 
Figure 5.10 Position error for MEG using forward models with three compartments. 

The Figure shows the errors in position, in meters, for three different forward models with 

different surface resolutions. Upper row: FEM models. Middle row: BEM models based on 

OpenMEEG. Lower row: BEM models based on MNE with IPA. Note the logarithmic scale in the 

vertical axis. 
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Last, Figure 5.11 shows the results for MEG data when using head models 

with only one compartment. This approach is broadly used in MEG, as the 

conductivity of the skull is much lower than the conductivity in its interior, 

and the currents flowing outside of the inner skull compartment can, 

allegedly, be neglected. The results show that there is an important decrease 

in accuracy when using a single-shell head model, compared with three-shell 

head models. The results are, in fact, slightly worse than for EEG, when using 

BEM models, and the error seems independent on the surface resolution. 

Surprisingly, when using a forward model based on a modified spherical 

solution, the results improve appreciably. 

 

 

 
Figure 5.11 Position error for MEG using forward models with one compartment. 

The Figure shows the errors in position, in meters, for three different forward models with 

different surface resolutions. Upper row: BEM models based on OpenMEEG. Middle row: BEM 

models based on MNE with IPA. Lower row: Forward models based on a modified spherical 

solution. Note the logarithmic scale in the vertical axis. 
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The error in position is not evenly distributed over the brain. Figure 5.12 

shows the error for each dipole, both for EEG and MEG, when using the FEM 

model generated from a head model with 3,500 nodes per surface. The errors 

in EEG are, in general, larger, as the effect of errors in the head model are 

greater in the forward model. The errors seem to distribute smoothly over 

the brain, suggesting that the effect of the dipole orientation is small. It is 

noteworthy that both for EEG and for MEG the errors are lower in parietal 

and occipital regions, and higher in the frontal and temporal poles. The results 

are similar for other forward models (not showed). 

5.3.3. Realistic head model with four compartments 

For the second part of this study we built a head model based on the 

previous one, but we included the pial surface extracted by FreeSurfer as the 

boundary between the brain and the cerebrospinal fluid. The gold standard 

forward model was constructed using FEM with a surface resolution of 50,000 

nodes per surface and a maximum volume per element of 0.2 mm3. The 

source model was similar to the one used in the previous experiment, with 

10,000 dipoles distributed over the cortex. We simulated data for 102 MEG 

magnetometers and 70 EEG electrodes in realistic positions taken from a real 

recording on the subject. 

 

 
Figure 5.12 Distribution of errors in the cortex. 

The Figure shows the errors in position, in meters, for each dipole, when using a FEM forward 

model based on a head model with 3500 nodes per surface. Upper row: Error in position for 

EEG. Lower row: Error in position for MEG. Note that the errors are plotted over the inflated 

brain, and the convolutions cannot be observed. 
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Then, the original head model was simplified to generate several test 

forward models. We generated seven four-shell models with 1,000, 1,500, 

2,000, 2,500, 3,000, 3,500 and 10,000 nodes per surface. We used each of 

these head models to generate a four-compartment FEM with a volume 

resolution of 1 mm3 and evaluated the error in function of the surface 

resolution. In order to quantify the error introduced by neglecting the effect 

of cerebrospinal fluid, we repeated the analysis with the three-compartment 

FEM models used in the previous experiment. 

The results for the EEG simulations are shown in Figure 5.13. For the four-

compartment models the error is slightly higher than in the previous 

experiment, most likely because of the difficulty to follow the convoluted pial 

surface with a reduced number of nodes. In fact, the error clearly improves 

when increasing the surface resolution, and for the model with 10,000 nodes 

per surface almost all the dipoles show errors bellow 3 mm. On the other 

hand, when using a three-compartment model the errors are higher, and 

apparently independent on the surface resolution. 

 

 
Figure 5.13 Position error for EEG using forward models with three and four compartments. 

The Figure shows the errors in position, in meters, for two different forward models with 

different surface resolutions. Upper row: FEM model with four compartments. Lower row: 

FEM model with three compartments. Note the logarithmic scale in the vertical axis. 
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Figure 5.14 shows the results for the MEG simulations. The errors for the 

four-compartment models are smaller than for EEG, indicating that the exact 

shape of the pial surface has less impact for MEG than for EEG. When 

considering only three compartments the error increases, and, like in the 

previous case, this error seems independent on the surface resolution. 

However, approximately 75% of the dipoles show errors smaller than 3mm 

when using a three-compartment model. 

These results shed light on the influence of the head model in the source 

reconstruction. However, there is no information on the ability of forward 

models based on BEM to correctly define a complex head model. In order to 

evaluate this, we generated a set of BEM forward models, based on 

OpenMEEG, from the four-shell head models with surface definitions 1,000, 

1,500, 2,000, 2,500, 3,000 and 3,500 nodes. It was not possible, due to 

memory constrains, to generate BEM models from head models with higher 

resolutions, as the BEM system matrix increases with the square of the 

resolution. In order to better define the highly convoluted surface of the brain 

we built a seventh, non-homogeneous, head model with a resolution of 7,500 

nodes in the pial surface and 2,000 nodes in the rest of surfaces. 

 

 
Figure 5.14 Position error for MEG using forward models with three and four compartments. 

The Figure shows the errors in position, in meters, for two different forward models with 

different surface resolutions. Upper row: FEM model with four compartments. Lower row: 

FEM model with three compartments. Note the logarithmic scale in the vertical axis. 
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The results for the BEM models are depicted in Figure 5.15. As expected, 

the error in position is larger in EEG than in MEG, and in both cases this error 

decreases when improving the surface resolution. When using the same head 

model, the errors attained using the BEM models are slightly larger than those 

for FEM models. 

5.4. Discussion 

In this work we have evaluated the accuracy of FEM and BEM forward 

models built from different head models. The first head model was a 

simplistic multiple concentric spheres model, which has the advantage of 

having an analytical solution. This allows for the direct comparison of the 

analytical and the numerical solutions. However, the spherical head model is 

very simplistic, and is not a good model for the human head. To evaluate the 

behavior of the different head models in more complex scenarios, we built a 

high-resolution FEM model and compared several forward models with it. 

 

 
Figure 5.15 Position error for EEG and MEG using BEM forward models with four 

compartments. 

The Figure shows the errors in position, in meters, for BEM forward models based on 

OpenMEEG with different surface resolutions. Upper row: Error in position for EEG 

simulations. Lower row: Error in position for MEG simulations. Note the logarithmic scale in 

the vertical axis. 
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The results for the spherical head model show that, for simple enough 

scenarios, BEM models based on OpenMEEG (Gramfort et al., 2010) are 

superior to the rest of the forward models. BEM models based on MNE 

(Gramfort et al., 2013) show good behavior in MEG simulations, but for EEG 

simulations the use of IPA seems mandatory. Even with IPA, MNE falls behind 

when compared with OpenMEEG, confirming results obtained in similar 

studies (Gramfort et al., 2010; Stenroos and Nenonen, 2012). The superiority 

of OpenMEEG is based on two improvements over the original BEM 

formulation. In the first place, OpenMEEG uses a symmetric BEM formulation, 

where both the potential and the normal current are considered in the 

boundaries. The inclusion of this current in the formulation allows for a more 

stable numerical solution when the conductivity changes abruptly, rendering 

unnecessary the use of IPA. The second improve of OpenMEEG is the use of 

adaptive integration, where the surfaces are iteratively subdivided to 

improve the accuracy of the solution. This approach refines the boundary 

surfaces only when required (thus the name adaptive), improving the solution 

but minimizing the computational cost. 

In the spherical head model, models based in FEM perform almost as well 

as the OpenMEEG solution. In general, the increase in the volume resolution 

of the model carries higher accuracies, but for simulations of MEG data the 

results for higher resolutions are slightly worse than for lower resolutions. 

One possible explanation is that spherical models for MEG strongly rely on 

symmetry, and the discretization of the volume breaks this symmetry. When 

using large elements the asymmetries are, usually, far from the dipolar 

source, and their effect is reduced. On the other hand, when the element size 

is small the asymmetries are closer to the source, and its effect is important. 

This reveals the main limitation of FEM models: as the whole space, and not 

only the boundaries, is discretized, numerical errors in this discretization can 

deteriorate the solution. 

When using realistic head models, the results are slightly different. Like in 

the simplistic head model, the results for BEM methods based on OpenMEEG 

and FEM methods is quite similar, but FEM shows slightly lower errors. BEM 

methods based on MNE give acceptable results for three-shell head models, 

but the error is noticeably higher than in the other two models. Interestingly, 

it was not possible to evaluate the MNE method using a four-shell head 

model, as the implementation of the solver in MNE-Python software 

(Gramfort et al., 2013) only allows one or three shells. However, it should be 
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trivial to extend the definition of IPA to the four-shell scenario  (Stenroos and 

Nenonen, 2012). 

The discrepancy between the results in the simplistic and the three-

compartment realistic head models is interesting. In the simple scenario 

OpenMEEG is slightly, but consistently, better than FEM, but in the realistic 

scenario the results are opposite. There are several possible explanations. In 

the first place, the shape of the boundaries between tissues is complicated, 

and FEM is known to behave better in complicated geometries. This is, in fact, 

the main advantage of FEM, as can, in theory, model arbitrary geometries (de 

Munck, Wolters and Clerc, 2012). Figure 5.12 shows that the error is larger in 

anterior areas of the brain (frontal and temporal poles), areas close to the 

frontal and nasal sinuses. Stenroos and colleagues (Stenroos, Hunold and 

Haueisen, 2014) found similar results when comparing a high-quality BEM 

model with purposely flawed models. These areas are, from the conductivity 

point of view, holes, and thus difficult to model. It is likely that the superiority 

of FEM in complicated geometries allows for a better modelling of this areas, 

a thus a better accuracy. 

A second explanation for this discrepancy would be the similarity of the 

models. As the high-resolution model is a FEM model, the test models based 

on FEM can probably generate more similar solutions than the test models 

based on BEM. According to the results from the first experiment, the BEM 

model generated with OpenMEEG should be the gold standard, but it was not 

possible to generate a high-resolution BEM model. FEM models are 

comprised by a big number of elements, but their system matrix is highly 

sparse, as only two neighbor nodes have a non-zero entry in this matrix. 

Thanks to this sparsity, the number of non-zero entries of the FEM matrix 

increases linearly with the number of elements. In addition, the use of 

conjugate gradient methods (Hestenes and Stiefel, 1952) allow for a solution 

of the FEM problem without the need of an explicit inversion of this matrix. 

On the other hand, the BEM system matrix is a full matrix, and its size 

increases with the square of the number of elements. As a result, the 

construction of high-resolution models with FEM is more memory-efficient 

than with BEM. On the other hand, if the gold standard was a BEM model and 

the BEM model showed better behavior than the FEM model it would be 

impossible to separate the effect of similarity from the effect of accuracy. 

For the special case of MEG, the use of single-shell models seems a 

reasonable approach. The performance of this models is poorer than that of 
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methods based on three compartments, but, for the case of the modified 

spherical solution (Nolte, 2003), the error is below 3 mm for 75% of the 

dipoles. This error is similar to the one attained in EEG with three-shell 

methods but using a much simpler model. It is noteworthy that the results for 

the modified spherical solution are noticeably better than for the single-shell 

BEM solutions. These results have previously been found in the literature 

(Stenroos, Hunold and Haueisen, 2014), and seem to be related to the abrupt 

boundary condition in BEM. The solution for the modified spherical solution, 

on the other hand, is continuous, and produces more natural current 

distributions. 

In the last part of this work we evaluated the model error, by introducing 

the effect of cerebrospinal fluid in the high-resolution model but neglecting it 

in the test models. As would be expected, neglecting the effect of 

cerebrospinal fluid increases the error, especially for EEG. Previous studies 

have found that the effect of cerebrospinal fluid is higher in EEG than in MEG 

(Rice et al., 2013). Interestingly, the error in position seems to be independent 

on the surface resolution both in EEG and MEG. The use of single-shell BEM 

models in the three-compartment scenario gave similar results, suggesting 

that the use of incomplete head models introduce errors that are insensitive 

to improvements in resolution. 

Las, we evaluated the ability of BEM methods to accurately describe the 

highly convoluted pial surface. The results are impressive, as the error in 

position, even when using very coarse pial meshes, is noticeably low. When 

using a surface resolution of 2500 nodes per surface the error in position was 

below 3 mm for 75% of the dipoles in EEG and almost all the dipoles in MEG. 

This value is below the typical realignment error (approximately 5 mm), 

rendering this method appropriate in most of the situations. 

With respect to the computational and memory cost, the generation of 

the forward model for FEM requires around 5 GB of RAM and 3 GB of disk 

space, taking a computation time of approximately one hour, per subject. The 

generation the four-shell BEM forward model with OpenMEEG, using a 

surface resolution of 2500 nodes per surface, requires 2 GB of RAM and 2 GB 

of disk space, and takes a computation time of 11 minutes, per subject. 
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Chapter 6.  

 

Study 21: Development a new algorithm to efficiently 

calculate phase connectivity 

6.1. Introduction 

Following the so-called phrenological doctrine, for a long time the brain 

was considered an organ, or rather a set of organs, with distinct parts taking 

care of distinct duties. However, in recent years some researchers have begun 

to departure from this traditional approach. Instead, they argue than 

cognition, thought and action are supported by the collective action of sets 

of brain areas (networks) (Friston, 1994). In this paradigm, the brain areas 

form a network (the connectome), entwined by white matter tracts 

(anatomical connectome), in which different sub-networks communicate 

dynamically with each other to perform different functions (functional 

connectome). 

Whereas the anatomical connectome is assessed from diffusion tensor 

imaging (DTI) (Le Bihan et al., 2001), the functional connectome is 

constructed from neuroimaging techniques such as functional magnetic 

resonance imaging (fMRI) and electro- and magneto-physiology (Friston, 

Harrison and Penny, 2003; Brookes et al., 2011). In the latter case, however, 

the description of the connectome is not straightforward, as the underlying 

mechanics of the brain are unknown. Instead, we must trust on measures of 

brain activity at different recording sites. In this framework, functional 

connectivity (FC) is defined as the existence of statistical dependence 

between the activities in two or more sites above chance level, a dependence 

that can be evaluated in different ways. 

In the case of signals such as M/EEG, one of the most studied connectivity 

hypothesis is that of phase synchronization (PS) (Lachaux et al., 1999; López, 

                                                           
 

 

1 This study have been published as a paper in Journal of Neural Engineering 
(Bruña, Maestú and Pereda, 2018). 
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Bruña, et al., 2014; Fries, 2015; Garcés, Martín-Buro and Maestú, 2016). 

Under this scenario, two brain areas show the activity of different oscillators 

and, in the case of connectivity between different regions, their oscillatory 

properties (i.e. phase or frequency) should be related. If this relation can be 

mathematically evaluated, we get an estimator of phase connectivity. 

Of the many PS measures available in the literature, one of the most used, 

mainly due to its simplicity, is the Phase Locking Value (PLV, (Lachaux et al., 

1999)), sometimes called Mean Phase Coherence (MPC) (Mormann et al., 

2000). This measure evaluates the instantaneous phase difference of the 

signals under the hypothesis that connected areas generate signals whose 

instantaneous phases evolve together. In this case, the phases of the signals 

are said to be “locked”, and their difference is therefore constant. However, 

real-world signals are inherently noisy, and real measurements of completely 

phase-locked signals diverge from this definition. 

The problem is solved by allowing some deviation from the condition of a 

constant phase difference. Thus, PLV evaluates the spread of the distribution 

of phase differences, and the connectivity estimation is linked to this spread. 

The narrower the distribution of the phase difference, the higher the PLV 

value, which ranges between zero (no phase dependence) and one (complete 

phase dependence). We will elaborate on the mathematics behind the 

estimation of the PLV in the next section. Here we will provide a brief 

description the main steps involved.  

The most common method to calculate PLV is based on the instantaneous 

phase of the signals obtained using the Hilbert or the wavelet transforms. In 

both cases, the calculations are fast and reliable, which has undoubtedly 

contributed to its use. The calculation of the phase difference and its spread 

is also mathematically simple, and, in theory, not very time-consuming, but 

the computational cost grows with the square of the number of signals. This 

is especially important in the case of M/EEG distributed source-space 

analysis, where the number of signals ranges from the thousands to the 

hundreds of thousands. 

In this study, we start from the original PLV formulation of Lachaux 

(Lachaux et al., 1999) and re-write it to obtain an equivalent expression that 

is much easier to compute, reducing the required time for the PLV calculation 

up to a factor of 100. Furthermore, we also show that this new formulation is 

closely related to that of coherency, thereby allowing an interpretation of this 
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well-studied function in terms of the PLV. In addition, such interpretation 

allows for the formulation of two PLV-based zero-lag-insensitive measures: 

the imaginary PLV (iPLV) and the corrected iPLV (ciPLV), both of which can be 

used as alternatives to the imaginary part of the coherency (Nolte et al., 2004) 

and its corrected version (Ewald et al., 2012), in the assessment of direct PS 

from M/EEG data. 

6.2. Methods 

6.2.1. Computational optimization 

In their original paper, Lachaux and colleagues (Lachaux et al., 1999) 

defined the PLV as a time-dependent connectivity measured tailored to study 

evoked activity. The idea behind their definition is that the stimulus resets the 

phase of the neural oscillators so that signals connected in a given time should 

have a stable phase-difference along trials. Its mathematical formulation 

reads: 

 𝑃𝐿𝑉𝑖,𝑗(𝑡) =
1

𝑁
|∑ 𝑒

−𝑖(𝜑𝑖(𝑡,𝑛)−𝜑𝑗(𝑡,𝑛))

𝑁

𝑛=1

| (1.1) 

where 𝑁 is the number of trials and 𝜑𝑖(𝑡, 𝑛) is the instantaneous phase 

for signal 𝑖 in trial 𝑛 at time 𝑡. 

This definition can be extended to resting-state data, by assessing phase 

locking as a stable phase-difference over time, obtain the so-called MPC 

(Mormann et al., 2000): 

 𝑃𝐿𝑉𝑖,𝑗 =
1

𝑇
|∑𝑒

−𝑖(𝜑𝑖(𝑡)−𝜑𝑗(𝑡))

𝑇

𝑡=1

| (1.2) 

where 𝑇 is the data length. Here we will refer to both metrics as PLV, using 

the form 𝑃𝐿𝑉𝑖,𝑗(𝑡) for Lachaux’ definition and the form 𝑃𝐿𝑉𝑖,𝑗 for Mormann’s. 

In either case, one must extract the instantaneous phase 𝜑(𝑡) of each 

signal. Moreover, for the phase to be physically meaningful, it is necessary 

that only one oscillator is present in each signal. This is achieved, e.g., by 

means of a narrow-band pass filtering or, equivalently, the convolution with 

a narrow band complex wavelet such as that of Morlet (Bruns, 2004).  
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After the filtering process, we obtain a band-pass version of the Hilbert 

analytical signal: 

 𝑐𝐵𝑃{𝑥(𝑡)} = 𝑥𝐵𝑃,𝐻(𝑡) = 𝑥𝐵𝑃(𝑡) + 𝑖�̃�𝐵𝑃(𝑡) = 𝐴(𝑡) · 𝑒−𝑖𝜑𝑖(𝑡) (1.3) 

where �̃� represent the Hilbert transform of 𝑥, and BP stands for band pass. 

The instantaneous phase is the angle between the real and the imaginary 

parts of the Hilbert analytical signal, or the angle between the original (band-

pass) signal and its Hilbert transform. 

The instantaneous phase is usually extracted from this analytical signal, 

the phase difference estimated and, finally, the exponentiation calculated to 

get the unit phase difference vector. However, these two operations (phase 

extraction and exponentiation) are computationally expensive, but, as we will 

show, they can be easily circumvented by using the well-known properties of 

exponentials. 

First, let us obtain the oscillatory part of the analytical signal by 

normalizing Eq. (1.3): 

 �̇�𝐵𝑃,𝐻,𝑖(𝑡) =
𝑥𝐵𝑃,𝐻,𝑖(𝑡)

|𝑥𝐵𝑃,𝐻,𝑖(𝑡)|
=

𝐴𝑖(𝑡) · 𝑒−𝑖𝜑𝑖(𝑡)

𝐴𝑖(𝑡)
= 𝑒−𝑖𝜑𝑖(𝑡) (1.4) 

From this, we easily derive the exponential of the phase difference: 

 
�̇�𝐵𝑃,𝐻,𝑖(𝑡) · (�̇�𝐵𝑃,𝐻,𝑗(𝑡))

∗
= 𝑒−𝑖𝜑𝑖(𝑡) · (𝑒−𝑖𝜑𝑗(𝑡))

∗

= 𝑒−𝑖𝜑𝑖(𝑡) · 𝑒𝑖𝜑𝑗(𝑡) = 𝑒
−𝑖(𝜑𝑖(𝑡)−𝜑𝑗(𝑡)) 

(1.5) 

where (·)∗ represents complex conjugate. Thus, expression Eq. (1.2) can 

be rewritten as: 

 𝑃𝐿𝑉𝑖,𝑗 =
1

𝑇
|∑�̇�𝐵𝑃,𝐻,𝑖(𝑡) · (�̇�𝐵𝑃,𝐻,𝑗(𝑡))

∗
𝑇

𝑡=1

| (1.6) 

or, using vector algebra: 

 𝑃𝐿𝑉𝑖,𝑗 =
1

𝑇
|�̇�𝑖 · �̇�𝑗

𝑇| (1.7) 
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where �̇�𝑖 is a vector version of �̇�𝐵𝑃,𝐻,𝑖(𝑡) and �̇�𝑇, its transpose conjugate 

of �̇�. This calculation is computationally very efficient and allows a 

considerable speed up of the estimation, with low memory penalization. The 

calculation efficiency is discussed in the Results section. 

The efficient formulation can be extended to Lachaux’s 𝑃𝐿𝑉𝑖,𝑗(𝑡) by 

constructing the vectors with the 𝑡-th sample of each trial: 

 𝑃𝐿𝑉𝑖,𝑗(𝑡) =
1

𝑇
|�̇�𝑖,𝑡 · �̇�𝑗,𝑡

𝑇 | (1.8) 

6.2.2. Relation to coherence 

If we expand Eq. (1.1) using the oscillatory part of 𝑥, we get: 

 PLVi,j(t) =
1

N
|∑ e−iφi(t,n) · (e−iφj(t,n))

∗
N

n=1

| (1.9) 

Phase synchronization only makes sense for signals composed of a single 

oscillatory component. However, it is mathematically possible to calculate 

the PLV from both a broadband signal and an arbitrarily narrow band one, 

even when these calculations do not have, in principle, physical sense. 

If we take the extreme case of a single oscillator whose spectrum is non-

zero only at a given frequency, 𝑓𝑜, the signal can be written as an out-of-phase 

cosine, where the phase at the initial time is equal to the Fourier phase, and 

the phase at any other time is uniquely determined by the delay and the 

frequency. 

 𝑥𝑓(𝑡) = 𝐴 · cos(2𝜋𝑓𝑜𝑡 + 𝜑) = 𝐴 · ℜ{𝑒−𝑖(2𝜋𝑓𝑜𝑡+𝜑)} (1.10) 

 𝑋𝑓(𝑓𝑜) =
𝐴

2
· 𝑒−𝑖𝜑 (1.11) 

where 𝑋(𝑓) is the Fourier transform of 𝑥(𝑡) at 𝑓𝑜 and ℜ{𝑥} stands for the 

real part of 𝑥. In this case, Lachaux’s definition of PLV is no longer time 

dependent, and its formulation can be simplified as: 
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𝑃𝐿𝑉𝑖,𝑗 =
1

𝑁
|∑ 𝑒−𝑖𝜑𝑖(𝑛) · (𝑒−𝑖𝜑𝑗(𝑛))

∗
𝑁

𝑛=1

|

=
1

𝑁
|∑

𝑋𝑖(𝑓, 𝑛) · (𝑋𝑗(𝑓, 𝑛))
∗

|𝑋𝑖(𝑓, 𝑛)| · |𝑋𝑗(𝑓, 𝑛)|

𝑁

𝑛=1

| 

(1.12) 

This formula closely resembles that of coherence (Nunez et al., 1997). In 

fact, coherence can be rewritten as: 

 

𝐶𝑂𝐻𝑖,𝑗(𝑓) =
|∑ 𝑋𝑖(𝑓, 𝑛) · (𝑋𝑗(𝑓, 𝑛))

∗
𝑁
𝑛=1 |

√∑ |𝑋𝑖(𝑓, 𝑛)|2𝑁
𝑛=1 · ∑ |𝑋𝑗(𝑓, 𝑛)|

2𝑁
𝑛=1

=

|∑ |𝑋𝑖(𝑓, 𝑛)| · |𝑋𝑗(𝑓, 𝑛)| ·
𝑋𝑖(𝑓, 𝑛) · (𝑋𝑗(𝑓, 𝑛))

∗

|𝑋𝑖(𝑓, 𝑛)| · |𝑋𝑗(𝑓, 𝑛)|
𝑁
𝑛=1 |

√∑ |𝑋𝑖(𝑓, 𝑛)|2𝑁
𝑛=1 · ∑ |𝑋𝑗(𝑓, 𝑛)|

2𝑁
𝑛=1

 

(1.13) 

With this formulation, it becomes clear that coherence is a weighted 

average of the unit phase vectors, i.e., a version of PLV weighted by the joint 

amplitude of the signals at a given frequency. Alternatively, coherence can be 

a regarded as a version of PLV weighted by the signal-to-noise (SNR) ratio of 

each trial, because if the environmental conditions (noise) are stable, the 

amplitude of a signal is proportional to its SNR. However, this is only right if 

the level of noise is stable, as a sudden increase in the noise level could lead 

to higher overall amplitudes. In any case, coherence and PLV are tightly 

related, and both are different formulations of the same principle. 

It can be argued that PLV and coherence are inherently different, as the 

PLV must be calculated over a whole oscillator (i.e. a frequency band) and 

coherence is calculated independently for each frequency. However, 

following the previous logic, it is trivial to understand that PLV in a given band 

is related to the average coherence in the frequency range encompassed by 

the band weighted by their relative amplitude. Following this logic, it is 

possible to define a temporal version of coherence, where the phases in 

comparison are not frequency-related (i.e. Fourier or wavelet) phases, but 

temporal (i.e. Hilbert) phases: 
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 ℎ𝐶𝑂𝐻𝑖,𝑗(𝑡) =
|∑ 𝑥𝐵𝑃,𝐻,𝑖(𝑡) · (𝑥𝐵𝑃,𝐻,𝑗(𝑡))

∗
𝑇
𝑡=1 |

√∑ |𝑥𝐵𝑃,𝐻,𝑖(𝑡)|
2𝑇

𝑡=1 · ∑ |𝑥𝐵𝑃,𝐻,𝑗(𝑡)|
2𝑇

𝑡=1

 (1.14) 

We term this version of coherence the Hilbert coherence (hCOH). The only 

difference between hCOH and PLV is the weighting, as in PLV all the time 

samples has the same influence in the output, while in hCOH the influence of 

a given temporal sample is weighted by its amplitude. 

We will elaborate further on the relationship between PLV and coherence 

in the Results section. 

6.2.3. Zero-lag insensitive version 

Despite its popularity, the PLV presents an important limitation when used 

to assess functional brain connectivity: its sensitivity to volume conduction 

(Stam, Nolte and Daffertshofer, 2007) and source-leakage effects. Indeed, in 

the case of M/EEG data at the sensor level, several sensors can 

simultaneously pick up the activity from the same source (volume 

conduction). On the other hand, at the source level and due to the low spatial 

resolution of the data, different neighboring sources may share some activity 

(source leakage).  

Fortunately, due to the low capacitance of the tissues of the head for the 

physiological frequencies and the small distance that the currents have to 

travel, the propagation of the signals of interest can be considered 

instantaneous (Nolte et al., 2004; Stam, Nolte and Daffertshofer, 2007). 

Under this assumption, volume conduction/source leakage occurs with zero-

lag propagation. In other words, the phase difference of the part of the signals 

related to such spurious connectivity must be zero.  

Following this logic, Cornelis Stam (Stam, Nolte and Daffertshofer, 2007) 

and Guido Nolte (Nolte et al., 2004) came with two different PS metrics that 

discard zero-lag connectivity and therefore are insensitive to volume 

conduction. They are the phase lag index (PLI) and the imaginary part of 

coherency, respectively. Due to the tight relation of PLV with coherency, it is 

possible to extend the imaginary part of coherency to PLV to obtain a PLV-

based measure insensitive to volume conduction effects, which, for 

symmetry, we will term imaginary PLV (iPLV): 



122 Study 2 

 𝑖𝑃𝐿𝑉𝑖,𝑗,𝑡 =
1

𝑇
ℑ{�̇�𝑖,𝑡 · �̇�𝑗,𝑡

𝑇 } (1.15) 

where ℑ{𝑥} stands for the imaginary part of 𝑥. This measure is insensitive 

to zero-lag effects, as it removes the contribution of the zero phase 

differences that, due to the complex exponentiation, give real PLV values. 

However, Eq. (1.15) is not normalized, as its upper bound, corresponding to 

two signals with a phase difference 𝜑>0, is sin(𝜑). This can be corrected 

analogously to what Pascual-Marqui (Pascual-Marqui, 2007) and Ewald and 

colleagues (Ewald et al., 2012) did for the imaginary part of coherency, to 

define a corrected imaginary PLV (ciPLV): 

 𝑐𝑖𝑃𝐿𝑉𝑖,𝑗,𝑡 =

1
𝑇 ℑ{�̇�𝑖,𝑡 · �̇�𝑗,𝑡

𝑇 }

√1 −
1
𝑇ℜ{�̇�𝑖,𝑡 · �̇�𝑗,𝑡

𝑇 }
2
 (1.16) 

This definition of ciPLV is similar to the definition of lagged coherence as 

introduced by Pascual-Marqui and colleagues (Pascual-Marqui et al., 2011). 

6.3. Materials 

6.3.1. Real data 

In studying the behavior of the proposed formulation of the PLV algorithm, 

we calculated PLV using three different implementations for different data 

lengths and number of signals. For the sake of fidelity, we used real source-

space data, even when the computation is completely deterministic and any 

data set with the same characteristics would produce the same results. 

Test data consisted of five minutes of eyes-closed resting-state 

magnetoencephalographic (MEG) activity acquired using a 306-sensors Elekta 

Vectorview system (Elekta, AB, Stockholm, Sweden), located inside a 

magnetically shielded room (VacuumSchmelze GmbH, Hanau, Germany) at 

the Laboratory for Cognitive and Computational Neuroscience (Madrid, 

Spain). Data was acquired with a sampling rate of 1000 Hz (anti-alias band-

pass filter of 0.1-330 Hz) and filtered using a spatiotemporal signal space 

separation method (Taulu and Simola, 2006).  

Data were segmented in 20 four-second artifact-free segments and band-

pass filtered in the classical alpha band (8 to 12 Hz) using a 2000th order FIR 

filter in two passes with 2 seconds of real data as padding on both sides. The 
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instantaneous phase of the signal was determined using Hilbert’s analytical 

signal. To avoid edge effects, the analytical signal was calculated prior to the 

removal of the padding. Additionally, to get usable timescales for the original 

implementations, data was downsampled by a factor of ten. 

We then placed 2459 dipoles inside the head of the subject, in a 1 cm 

homogeneous three-dimensional grid. Source-space data was calculated 

using a realistic single shell as a forward model (Nolte, 2003) and a Linearly 

Constrained Minimum Variance beamformer as inverse method (van Veen et 

al., 1997). The obtained spatial filter was applied to the sensor-space data to 

obtain up to 2459 time series in source-space. As no orientation constrain 

could be applied, the three-dimensional source reconstruction was projected 

over the maximum power direction, obtaining a unique time series per 

source. Finally, we calculated the all-to-all PLV connectivity matrix for 

different number of sources, ranging between 500 and 2459. We calculated 

PLV using Matlab (The Mathworks Inc., Natick, Massachusetts) and three 

different implementations. Time and memory performances were measured 

using Matlab’s tic/toc and FieldTrip’s (Oostenveld et al., 2011) 

memtic/memtoc functions, respectively. 

The first tested implementation is the most commonly used, with a set of 

two loops spanning all passible pairs of signals but taking advantage of the 

symmetry of the PLV matrix. The second implementation makes use of 

Matlab’s vector implementation to speed up the calculations. The third 

implementation used the algorithm proposed here. Matlab codes for all three 

implementations are available in Appendix A. 

6.3.2. Simulated data 

To evaluate the behavior of the coherence and the PLV in signals with a 

known degree of coupling, we used a pair of coupled chaotic systems: a 

Rössler system and a Lorenz one (Quian-Quiroga, Arnhold and Grassberger, 

2000). In this setup, the Rössler system acts as driver and an oscillation 

frequency can be defined from it. The slave Lorenz system is driven by the 

Rössler to an extent determined by the coupling parameter ranging from zero 

(completely independent systems) to one. The mathematical definition of the 

coupled systems is: 
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{ 

𝑥1̇ = −𝑎 · (𝑦1 + 𝑧1)

𝑦1̇ = 𝑎 · (𝑥1 + 0.2 · 𝑦1)

𝑧1̇ = 𝑎 · (0.2 + 𝑧1 · 𝑥1 − 5.7 · 𝑧1)

{ 

𝑥2̇ = 10 · (𝑦2 − 𝑥2)

𝑦2̇ = 28 · 𝑥2 − 𝑦2 − 𝑥2 ∗ 𝑧2 + 𝐶 · 𝑦1
2

𝑧2̇ = 𝑥2 · 𝑦2 − 8
3⁄ · 𝑧2

 (1.17) 

where subscripts 1 and 2 refer to the Rössler and the Lorentz system, 

respectively, 𝑎 is a scaling parameter determining the fundamental frequency 

of the Rössler oscillator and 𝐶 is the coupling parameter. The scaling 

parameter was set to 10, establishing the oscillatory frequency at 0.585·π 

radians per sample, and the oscillatory band was set to 0.570·π to 0.600·π 

radians per sample. With this setup, we generated 50 pairs of signals of 

20,000 samples for different values of C ranging between zero and one. PS 

between the systems was finally estimated using the first variable of each 

chaotic system 𝑥. 

 

Figure 6.1 Execution time and RAM use of the three evaluated PLV algorithms. 

Upper part of the figure indicates the execution time. Lower part of the figure indicates the 

RAM use. The plotted values for each data point are mean and standard deviation of the 

execution time and RAM use over 50 executions. The proposed algorithm achieves a 100-fold 

speed-up with a small increase in memory use. Note the logarithmic scale of the y-axis, and 

the uneven spacing of the x-axis for less than 500 signals. 
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6.4. Results 

6.4.1. Computational cost 

Firstly, we estimated the CPU time and RAM consumption for the 

calculation of PLV using the three evaluated algorithms. Figure 6.1 shows the 

results of the performance test using different numbers of signals. Every 

configuration was evaluated 50 times, and the figure shows the mean and the 

standard deviation.  

For less than 1000 signals, the memory use as measured by 

memtic/memtoc functions seems unreliable, probably due to the use of pre-

allocated memory by Matlab. For numbers of signals between 1000 and 2459, 

the proposed algorithm uses around 50 % more memory than the original 

definition and around 20 % more than the optimized version. The numerical 

results are shown in Table 6.1. The difference is statistically significant in all 

four cases. However, this increase in the memory use can be alleviated 

calculating the PLV matrix by parts. However, this method probably will 

account for a small loss in CPU time. 

Regarding CPU time, the proposed algorithm is always faster than the two 

algorithms based on the original definition. For the special case of less than 

Table 6.1 RAM use for each PLV algorithm. 

Number 
of signals 

Original 
algorithm 

Optimized 
algorithm 

Proposed 
algorithm 

2-way ANOVA 

1 vs. 2 1 vs. 3 2 vs. 3 

10 0 ± 0 0 ± 0 0 ± 0 - - - 

20 0 ± 0 0 ± 0 0 ± 0 - - - 

50 0 ± 0 0 ± 0 0 ± 1 - - - 

100 0 ± 1 0 ± 1 0 ± 3 - - - 

200 0 ± 2 1 ± 4 1 ± 6 - - - 

500 1 ± 10 2 ± 11 3 ± 18 - - - 

1000 195 ± 1 215 ± 6 275 ± 0 p < 10-9 p < 10-9 p < 10-9 

1500 360 ± 2 437 ± 15 526 ± 0 p < 10-9 p < 10-9 p < 10-9 

2000 563 ± 1 736 ± 26 855 ± 0 p < 10-9 p < 10-9 p < 10-9 

2459 783 ± 0 1075 ± 13 1223 ± 1 p < 10-9 p < 10-9 p < 10-9 

RAM use (MB) of the three evaluated PLV algorithms for a different number of signals and 20 

trials over 50 executions. A hyphen (-) means that the 2-way ANOVA was not significant. n.s. 

mean that the post-hoc pair comparison was not significant. 
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50 signals, the original implementation is significantly faster than the 

optimized one. This fact likely results from the amount of overhead. As 

anticipated, for more than 50 signals, the optimized version is faster than the 

original. The numerical results are shown in Table 6.2. It is worth pointing out 

that the proposed algorithm is always between 60 and 90 times faster than 

the optimized algorithm, but the improvement in CPU time ranges from a 

factor of 9 for 10 signals to a factor of 300 for 2459 signals when compared 

to the original. This can be explained because the CPU time required by the 

original formulation of PLV escalates approximately with the square of the 

number of signals. On the other hand, for both the optimized and the 

proposed algorithms the overhead part of the processing, which escalates 

linearly with the number of signals, dominates. 

Table 6.2 Execution time for each PLV algorithm. 

Number 
of signals 

Original 
algorithm 

Optimized 
algorithm 

Proposed 
algorithm 

2-way ANOVA 

1 vs. 2 1 vs. 3 2 vs. 3 

10 
0.04 

± 0.00 
0.28 

± 0.00 
0.00 

± 0.00 
p < 10-9 p < 10-9 p < 10-9 

20 
0.13 

± 0.02 
0.42 

± 0.07 
0.01 

± 0.00 
p < 10-9 p < 10-9 p < 10-9 

50 
0.80 

± 0.13 
0.78 

± 0.12 
0.01 

± 0.00 
n. s. p < 10-9 p < 10-9 

100 
2.97 

± 0.44 
1.73 

± 0.23 
0.03 

± 0.00 
p < 10-9 p < 10-9 p < 10-9 

200 
11.77 
± 1.42 

5.39 
± 0.96 

0.08 
± 0.01 

p < 10-9 p < 10-9 p < 10-9 

500 
85.05 

± 10.83 
27.25 
± 1.46 

0.38 
± 0.07 

p < 10-9 p < 10-9 p < 10-9 

1000 
334.03 
± 20.43 

115.64 
± 4.89 

1.34 
± 0.30 

p < 10-9 p < 10-9 p < 10-9 

1500 
792.24 
± 55.75 

259.42 
± 10.04 

3.15 
± 0.52 

p < 10-9 p < 10-9 p < 10-9 

2000 
1489.20 
± 135.41 

456.64 
± 14.57 

5.66 
± 0.65 

p < 10-9 p < 10-9 p < 10-9 

2459 
2296.12 
± 115.64 

691.38 
± 15.90 

7.69 
± 1.53 

p < 10-9 p < 10-9 p < 10-9 

Execution time (s) of the three evaluated PLV algorithms for a different number of signals and 

20 trials over 50 executions. A hyphen (-) means that the 2-way ANOVA was not significant. 

n.s. mean that the post-hoc pair comparison was not significant. 
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These results show that the proposed algorithm can achieve a dramatic 

speed-up in the calculation of the PLV values. The algorithm even allows the 

calculation of PLV from non-downsampled data, calculating the full 

connectivity matrix of 2459 time-series in an average of 113 seconds, using 

an average of around 8 GB of RAM memory, over 100 executions. 

Extrapolating the speeding-up results shown in the previous paragraph to this 

case, even with the optimized implementation this execution would take 3 

hours. 

6.4.2. Comparison of PLV and coherence 

As noted in the Methods section, both PLV and coherence are phase-

synchronization estimation algorithms. Both metrics measure similar 

properties of the data, but while coherence gives one result per frequency, 

PLV gives one result per frequency band. This difference arises from the fact 

that coherence estimates phase synchronization from Fourier’s phase, 

whereas PLV estimates it from Hilbert’s phase. In the extreme case of an 

infinitely narrow band, both phase definitions converge, but in a normal case 

where the band is finite, the results of coherence and PLV would diverge. 

Figure 6.2 shows the value of synchronization estimated by PLV and 

coherence for different values of coupling. In an ideal scenario where the 

evolution of the synchronization with the coupling was linear, the expected 

graph would be a straight line from a value of zero when there is no coupling 

to a value of when there is perfect phase synchronization. However, the 

behavior of the PLV is non- linear with the coupling. In general, the ideal case 

would be a monotonously increasing line, taking values close to zero for low 

values of coupling and close to one for high values of coupling. 

To obtain a band-wise coherence value, we adopted two different 

approaches using either the maximum or the mean value of coherence over 

the evaluated band. The values of PLV and the different coherence 

approaches are shown in Figure 6.2 (a). In either case, PLV and coherence 

evolve closely with increasing coupling, with coherence values slightly 

overestimated for low couplings. This overestimation is due to the lower 

number of phases used for the coherence calculation as compared to PLV or 

hCOH. Indeed, for the calculation of coherence data was split into 400 

samples segments with 200 samples of overlapping, giving a total of 99 

segments, and 99 independent phases. For the calculation of PLV, with a 

bandwidth of 0.030·π radians per sample, there is three effective sample for 
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every 100 samples, giving a total of 600 effective samples, and thus 600 

independent phases. 

To address this problem, Figure 6.2 (b) shows the results using a smaller 

window for the coherence calculation. In this case, with 100 samples windows 

and 50 samples overlap, coherence is calculated using 399 phases. The 

overestimation for low coupling is visibly lower than in the previous case, but 

the maximal value of coherence drops to 0.85. Consequently, the reduction 

in the calculated synchronization can be explained from the frequency 

smoothing associated with a shorter time window. Due to the narrowness of 

the frequency peak of the Rössler oscillator, a larger amount of frequency 

smoothing forces the determination of coherence from phases coming from 

both the peak itself and the surrounding frequencies.  

The effect is similar when evaluating the mean coherence over a band, as 

coupled frequencies are averaged together with non-coupled ones. However, 

PLV and hCOH do not show this effect, since the instantaneous phase of the 

signal is calculated over the whole band and not from an average of 

 

Figure 6.2 Values of phase synchronization calculated with each algorithm with different levels 

of coupling. 

The Figure depicts the synchronization indices calculated for a pair of Rössler and Lorenz 

systems with different levels of coupling. The solid lines represent the mean value over 50 

executions; the shadow areas represent the standard deviation. (a) PLV, maximal and average 

coherence for the band between 0.570·π and 0.600·π radians per sample. Coherence was 

calculated using a Hamming window of length 400 with 200 samples of overlapping. (b) The 

same that in (a), using a window length of 100 samples with 50 samples of overlapping. Note 

that only coherence-based metrics are affected by this change. 



Study 2 129 

frequencies. We might conclude that in this instance, PLV is superior to 

coherence, as the position and narrowness of the oscillator over the observed 

band are not relevant. PLV could even handle an oscillator with varying 

frequency, given that the oscillatory frequency never goes outside of the 

observed band. On the other hand, maximal coherence would only return the 

coupling at the most common frequency, ignoring the coupling at other 

frequencies, and mean coherence would dramatically underestimate the 

connectivity. 

Note that PLV and hCOH produce very similar results, even though both 

formulations are slightly different. In the special case in study the amplitude 

of the synthetic data is approximately constant, so the formulations given in 

Eq. (1.6) and Eq. (1.13) converge. This would not be true in a general case, 

where the different normalization would give rise to differences in the 

estimated connectivity. 

6.4.3. Effects of volume conduction 

As previously noted, one of the main criticisms to PLV and coherence when 

applied to brain signals is their sensitivity to volume conduction. It can be 

modeled as an instantaneous projection of one signal onto the other, giving 

rise to zero-lag synchronization. As shown in the Methods section, Guido 

Nolte’s proposed imaginary part of coherency (Nolte et al., 2004; Ewald et al., 

2012) can be extended to the PLV, giving a set of zero-lag insensitive 

measures. Thus, to evaluate the behavior of these PLV derived metrics, we 

used the same pair of chaotic systems defined in the previous section. The 

systems show nonzero-lag phase synchronization, and the volume 

conduction can be introduced using instantaneous linear mixing (Haufe et al., 

2013; Porz, Kiel and Lehnertz, 2014): 

 
�̃� = 𝑥 + 𝑉 · 𝑦
�̃� = 𝑦 + 𝑉 · 𝑥

 (1.18) 

where 𝑉 is a parameter determining the amount of mixing. 

Figure 6.3 shows the synchronization estimated between the signals 

described in the previous section using the PLV, iPLV and ciPLV, and values of 

𝑉 of 0, 0.1 and 0.2.  In an ideal scenario, where the estimated synchronization 

is independent of the level of volume conduction, the synchronization 

estimated should be similar to that in Figure 6.2. Thus, the effect of volume 

conduction can be observed as a deviation from this ideal behavior. 
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Figure 6.3 (a) shows the estimated synchronization for V=0 (without zero 

lag mixing), measured with PLV, iPLV and ciPLV. Values of PLV and ciPLV are 

almost identical, indicating that the synchronization of the pair of chaotic 

oscillators is nonzero lag. However, iPLV values are slightly lower, especially 

for high couplings, therefore indicating that the lag between both signals is 

almost, but not exactly, one-quarter of a cycle, so that the PLV complex vector 

has a small real component. 

Figure 6.3 (b), corresponding to V=0.1, shows the effect of 10% volume 

conduction between the signals, introducing low spurious zero-lag 

synchronization. PLV values increase especially at lower couplings, whereas 

iPLV and ciPLV values remain unaffected. iPLV shows lower synchronization 

 

Figure 6.3 Values of phase synchronization calculated with each algorithm with different levels 

of coupling in the presence of linear mixing. 

The Figure depicts the synchronization indices calculated for a pair of Rössler and Lorenz 

systems with different levels of coupling in the presence of linear mixing. The solid lines 

represent the mean value over 50 executions; the shadow areas represent the standard 

deviation. (a) Synchronization estimated using PLV, iPLV and ciPLV. (b) The same that in (a), 

after adding a 10% of linear mixing to the signals. (c) Idem after adding a 20% of linear mixing. 
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values that ciPLV, which remains almost identical to the V=0 case. This is 

because the complex PLV vector now has an important real component that 

is completely ignored by iPLV. This shows that ciPLV is superior, as it uses this 

real component to normalize the imaginary one. Figure 6.3 (c) shows the 

effect of 20% volume conduction, with similar results, but exacerbating the 

estimation errors in PLV and iPLV. ciPLV, however, continues to extract the 

correct synchronization value. 

From the results above, it might be deduced that, while iPLV is under-

estimated in the presence of volume conduction, ciPLV is insensitive to it. To 

test this hypothesis, we calculated the values of PLV, iPLV and ciPLV for three 

 

Figure 6.4 Values of phase synchronization calculated with each algorithm with different levels 

of linear mixing. 

The Figure depicts the synchronization indices calculated for a pair of Rössler and Lorenz 

systems with different levels of linear mixing for three different levels of coupling. The solid 

lines represent the mean value over 50 executions; the shadow areas represent the standard 

deviation; the grey line represents the ideal value, i.e. the PLV value obtained with no volume 

conduction. (a) Synchronization estimated using PLV, iPLV and ciPLV when the oscillators 

present a value of coupling of 0. (b) The same that in (a), for a value of coupling of 0.4. (c) Idem 

for a value of coupling of 0.6. 
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fixed values of coupling (C=0.0, C=0.4 and C=0.6) and varying values of volume 

conduction, from 0 to 0.99999. Note that, as follows from Eq. (1.18), at a value 

of volume conduction of 1 both signals are exactly equal, so the numerator 

and the denominator in Eq. (1.16) would become zero, raising an 

indetermination. 

The results for these simulations are shown in Figure 6.4. For the three 

values of coupling studied, PLV and iPLV rapidly deviate from the ideal value, 

the first one increasing, and the second one decreasing. This is, in fact, the 

expected behavior: PLV is sensitive to volume conduction, thus the PLV value 

must increase with the amount of linear mixing; On the other hand, iPLV 

removes from the result the part due to volume conduction, strongly 

underestimating synchronization, especially for high values of linear mixing. 

ciPLV is also affected by the level of volume conduction, slightly 

overestimating the synchronization with increasing amounts of it, but the 

deviation is much smaller than in the other two cases. It is not possible to 

state that ciPLV is completely insensitive to volume conduction, but the error 

introduced by its presence is clearly much smaller than in the other two 

metrics. 

6.5. Discussion 

The formulation of PLV described in this paper allows for a speedup of two 

orders of magnitude in its calculation. This result is particularly relevant for 

the study of EEG/MEG source-space connectivity. Source-space models based 

in volumes, as the one used in the Results section above, typically include 

around 2500 sources for the whole brain and around 1500 for gray matter. In 

the case of sources based in surfaces, which  are normally used in minimum 

norm estimates (Pascual-Marqui, Michel and Lehmann, 1994; Gramfort et al., 

2013), the number of sources ranges between 1000 and 10000 per 

hemisphere. In both cases, even with subsampling, a whole brain connectivity 

study would take up to several hours per subject (and band). 

The usual approach in those cases is the parcellation of the brain and the 

extraction of a representative time course per parcel (Korhonen, Palva and 

Palva, 2014; Farahibozorg, Henson and Hauk, 2018). This reduces the number 

of time courses to the order of the hundreds, thereby allowing the estimation 

of whole-brain connectivity in a reasonable amount of time. However, this 

method forces the definition of homogeneous parcels, characterized by one 

unique time series, thus discarding some information associated to inter-area 
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variability, which may have a significant impact on the connectivity results 

(Dimitriadis et al., 2018). With the proposed algorithm, the calculation of 

source-to-source PLV would take only a few minutes per subject (and band), 

allowing the estimation of whole-brain connectivity for a whole study in a 

matter of hours. 

In addition, our reformulation of the original PLV definition stressed the 

similarities between PLV and coherence. The comparison of both metrics, as 

applied to a pair of chaotic systems with different coupling levels, showed 

that PLV and coherence values are closely related, with PLV showing a better 

behavior in the (very realistic) situation where the coupling takes place over 

a whole (possibly narrow) band instead of at a single frequency. However, this 

is not a flaw of coherence, but the direct effect of its definition. PLV seems 

best to evaluate synchronization over a whole band, whereas coherence does 

to evaluate it at fixed frequencies. 

Finally, we evaluated the behavior of PLV in the relevant case of volume 

conduction/source leakage as simulated by instantaneous linear mixing of the 

signals corresponding to the two systems. Analogously to coherency (Nolte et 

al. 2004; Ewald et al. 2012), we introduced the imaginary part of PLV and its 

corrected version. Both algorithms proved insensitive to volume conduction, 

but iPLV was flawed by the effect of a real component of the complex PLV 

vector. As for the imaginary part of coherency, iPLV only reaches the maximal 

value when the phase difference of the two signals is exactly π/2 radians, 

whereas it drops to almost zero when the phase difference is small but 

consistently nonzero. ciPLV corrects this behavior in a similar way to the 

lagged coherence or corrected imaginary part of coherency (Pascual-Marqui 

et al., 2011; Ewald et al., 2012), being both unbiased and insensitive to 

volume conduction/source leakage effects. 

These two metrics mimic the corresponding metrics derived from the 

coherence and inherit their advantages. However, in the same way that PLV, 

the use of Hilbert’s phases instead of the Fourier’s one allows the direct 

estimation of the synchronization over a whole frequency band, instead of a 

single frequency. This is especially important in cases where the frequency of 

a single oscillator varies within a certain frequency band, as is the case of high 

frequency bands of brain activity (high beta or gamma). 

Both sensor and source space EEG/MEG connectivity must deal with the 

burden of zero-lag connectivity. Zero lag connectivity between two sensors is 



134 Study 2 

usually interpreted as the effect of a common source in MEG and an effect of 

volume conduction in EEG. At the source level, it is usually interpreted as an 

effect of source leakage. Both interpretations are based on the idea that brain 

signals cannot travel instantaneously between different parts of the brain, 

and any real connectivity entails the existence of a delay (Stam, Nolte and 

Daffertshofer, 2007). Even when some scenarios allow zero-lag connectivity 

in the brain (Kovach, 2017), it is not possible to distinguish real zero-lag 

connectivity from volume conduction or source leakage. 

Several measures have been developed to deal with this problem. The 

most notable of these measures is the imaginary part of coherence and its 

corrected variant. However, even when coherence is effectively a phase-

synchronization measure, the results do not completely fit in the phase 

synchronization hypothesis in the brain. PLI is another measure developed to 

estimate phase connectivity ignoring the contribution of zero lag (Stam, Nolte 

and Daffertshofer, 2007), but the metric has showed a low test-retest 

reliability (Colclough et al., 2016; Garcés, Martín-Buro and Maestú, 2016). 

The variations of PLV proposed in this paper mimic their coherence 

counterparts and have proved effective to remove zero-lag connectivity while 

keeping intact nonzero-lag connectivity. This allows the study of sensor or 

source space EEG/MEG connectivity evaluating only real synchronizations, 

and completely ignoring volume conduction or source leakage ghost 

synchronizations. As discussed, this method, is not perfect (Kovach, 2017), 

but in the same fashion that imaginary coherency (Nolte et al., 2004) it allows 

for the evaluation of real connectivity without the influence of zero-lag 

interference. 

Nonetheless, according to the latest results in the literature (Palva et al., 

2018; Wang et al., 2018), no bivariate FC index (whether zero lag insensitive 

or not) is free from the effect of spurious detection of connectivity due to 

source leakage. Yet, when it comes to the detection of true connectivity, we 

believe that both iPLV and especially ciPLV are excellent choices that can be 

very efficiently estimated using the algorithms we introduced here. 
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Chapter 7.  

 

Study 3: Multivariate extension of phase 

synchronization aimed to estimate region-to-region 

source space connectivity 

7.1. Introduction 

The brain is a complex organ; build from different structures with different 

tissular and histological properties. As already commented, for a long time, 

the scientific consensus was that these differentiated, highly specialized areas 

worked separately to create what is termed brain function. However, the 

model of the connectome (Sporns, Tononi and Kötter, 2005) does not picture 

the brain as a set of isolated areas, but as a network with highly specialized 

nodes (Friston, 1994). In fact, many brain diseases have been identified as 

disconnection syndromes, where not the brain areas themselves, but the 

communications between these areas, is impaired (Geschwind, 1965; 

Mesulam, 2015). 

In this sense, functional neuroimaging have migrated from the study of the 

activity of isolated areas (Kwong et al., 1992) to the study of brain connectivity 

(Biswal et al., 1995). Following David Hume’s reasoning, functional 

connectivity cannot be directly measured, as this would require a profound 

knowledge of the underlying mechanisms originating this connectivity 

(Stanford, 2002). This is, connectivity only can be deterministically measured 

if it is already known. 

Brain connectivity can, however, be estimated, usually by means of 

synchronization. The synchronization is the statistical interdependence 

between signals, and only when two signals are synchronized to an extent 

higher than chance can we infer that their generating processes can be 

connected. In these terms, functional brain connectivity can only be studied 

as brain synchronization or, more precisely, synchronization of brain activity 

time series. 
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7.1.1. Phase synchronization 

Synchronization can be evaluated from different frameworks. When there 

is a linear relation between to time series, an increase in one would, 

statistically, be associated to an increase or (in the case of negative relation) 

a decrease in the other (Galton, 1888; Pearson, 1920). As this lineal relation 

is bidirectional, we say that both signals are correlated. Correlation is the 

simpler type of synchronization, and the easier to measure. It has been widely 

used to study brain synchronization by means of functional MRI (Damoiseaux 

et al., 2006; Smith et al., 2013) or electrophysiological measurements (Brazier 

and Casby, 1952; Guevara and Corsi-Cabrera, 1996). However, correlation can 

(in principle) only measure instantaneous synchronizations and is limited to 

linear interactions. 

As already described in study 2, phase synchronization (PS) is a type of 

synchronization where the instantaneous phase of oscillatory processes, 

instead of their direct amplitude, is synchronized. PS was introduced by 

Rosenblum and colleagues in 1996 (Rosenblum, Pikovsky and Kurths, 1996), 

and was quickly accepted as a synchronization model for the brain (Lachaux 

et al., 1999; Mormann et al., 2000). One important point in favor of PS as a 

model for brain synchronization is that a phase lock can be stablished with a 

minimal amount of energy, whilst an amplitude lock requires a larger amount. 

We recall here again one of the most intensively used metrics to study PS 

in the brain is phase locking value (PLV) (Mormann et al., 2000). Remember 

that PLV is a bivariate PS metric, that gives a value, between zero and 1, 

quantifying the level of phase lock of two time series. Mathematically, PLV is 

calculated as: 

 𝑃𝐿𝑉 =
1

𝑇
|∑𝑒

−𝑖(𝜑𝑥(𝑡)−𝜑𝑦(𝑡))

𝑇

𝑡=1

| (2.1) 

where 𝑇 is the length of the signals in samples, 𝜑𝑥 is the instantaneous 

phase of signal 𝑥, and 𝜑𝑦 is the instantaneous phase of signal 𝑦. For the value 

of PLV to make sense, 𝑥 and 𝑦 must be narrow-band signals originated by an 

oscillatory process. The properties of PLV were thoroughly studied in Chapter 

1. 
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7.1.2. Whole-brain synchronization 

When studying functional synchronization in the brain we need to take in 

account all the possible interactions between all possible sources of activity. 

For example, in the case of functional MRI, each voxel of gray matter has its 

own BOLD signal, and the number of such voxels is around 500,000. 

 When the measured activity comes from neurophysiological techniques 

as electroencephalography (EEG) or magnetoencephalography (MEG), the 

signal is originally acquired in the exterior of the body of the participant, and 

the sources of activity must be reconstructed using an inverse method. The 

number of reconstructed sources ranges between the thousands and the tens 

of thousands, depending on the inverse method employed. 

M/EEG signal is acquired simultaneously in hundreds of 

sensors/electrodes. As a result, the brain sources are highly correlated, and 

the information is redundant. In order to solve this problem, and at the same 

time reduce the amount of information in the problem, neighboring sources 

are grouped into areas, a process termed parcellation. These areas are usually 

defined using anatomical atlases (Tzourio-Mazoyer et al., 2002; Desikan et al., 

2006). After this grouping, whole-brain synchronization can be measured as 

synchronization between pairs of areas, instead of pairs of sources. The use 

of these atlases carries an extra advantage, as the number of regions in the 

atlas is the same for all participants, making comparison of results easier. 

7.1.3. Multivariate extensions of bivariate synchronization 

When using a region-based approach to evaluate brain synchronization, 

the algorithms must be evaluated between pairs of groups of signals, instead 

of directly between pairs of signals. As synchronization algorithms are, 

typically, developed to calculate pairwise synchronization, cannot be directly 

used. 

One possible solution to overcome this problem is to reduce its 

dimensionality. In particular, the dimension of the data in each brain area is 

reduced to a single time series, comprising as much information of the 

original data as possible. Popular approaches are: the use of a single source, 

placed on the centroid of the brain area (Luckhoo et al., 2012); the use of the 

source whose time series is more correlated to the rest of the sources in the 

area (Garcés, Martín-Buro and Maestú, 2016; López-Sanz, Garcés, et al., 

2017); the use of the component, as calculated with PCA, that explain the 
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larger amount of variance of the whole area (Friston et al., 2006; King et al., 

2015); or the average of the time series in the area (Craddock et al., 2012; 

James, Hazaroglu and Bush, 2016). 

In a more direct approach, some synchronization metrics have been 

expanded to the case of multivariate data, for the special case of the 

calculation of synchronization between two sets of 𝑁 and 𝑀 (with 𝑁 not 

necessarily equal to 𝑀) time series. Correlation have been expanded by 

means of canonical correlation (Hotelling, 1936), which finds the set of 

projections from 𝑅𝑁 and 𝑅𝑀 to 𝑅1 that maximize the correlation, reducing 

the problem to a bivariate correlation. A similar approach can be used to 

extend the corrected imaginary part of coherence (Pascual-Marqui, 2007) to 

a multivariate scenario (Ewald et al., 2012). However, no multivariate 

extension exists, at the moment, for PLV. 

A third approach bases on the algebraic properties of the pairwise 

synchronization matrix. This matrix has dimension 𝑁𝑥𝑀, and contains entries 

for all the bivariate synchronizations between all passible pairs of time series, 

one from each set. This method is, for example, used to extend the Phase 

Slope Index (Nolte et al., 2008) into its multivariate counterpart (Basti et al., 

2018). 

In this study we will evaluate different approaches to extend the definition 

of phase synchronization, as measured by PLV, to a multivariate scenario. 

First, we will create a set of simulations, where the underlying truth is known, 

and calculate multivariate PS with different approaches. Then, we will 

evaluate the approaches in real data, using a data set of simultaneously 

acquired EEG and MEG. Parting from the hypothesis that the underlying truth 

is the same for both EEG and MEG, we will compare the PS for both 

techniques as calculated with different approaches. 

7.2. Materials and methods 

7.2.1. Multivariate PS approaches 

In this study, we evaluate the ability to extract true inter-area PS of several 

classical approaches: the source closer to the centroid of the brain area; the 

first component of the sources, using PCA; the source with the higher power; 

and the average time series for the brain area. 
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In addition, we will evaluate two purely multivariate approaches based on 

the multivariate synchronization matrix. The first one will be the average of 

all the bivariate PS values, this is, the average of the inter-area 

synchronization matrix. The second one will be the extension of the cluster 

analysis for multivariate data to inter-area synchronization. Some 

multivariate PS metrics have been described previously (Allefeld and Kurths, 

2004; Al-Khassaweneh et al., 2016) to extract a global synchronization index. 

The idea is to apply cluster analysis to the pairwise PS matrix, identifying 

both the clusters themselves and the participation coefficient of each source 

in each cluster (Allefeld and Kurths, 2004). This can be achieved by means of 

eigen-decomposition of the pairwise PS matrix, where the eigenvectors 

indicate the participation coefficients of each source in each cluster, and 

eigenvalues indicate the global variance explained by the cluster (Lohmann et 

al., 2010; Groth and Ghil, 2011). A global measure can be obtained from the 

root-mean-squared of the normalized eigenvalues: 

 𝐺𝑃𝑆 = √∑(
𝜆𝑖

𝐿
)
2𝐿

𝑖=1

=
1

𝐿
√∑𝜆𝑖

2

𝐿

𝑖=1

 (2.2) 

where 𝐺𝑃𝑆 is a global PS index, and 𝜆𝑖 is the 𝑖-th eigenvalue of the 𝐿 by 𝐿 

pairwise PS matrix. From this definition, GPS is the normalized Frobenius 

norm of the pairwise PS matrix. 

Other approach is to use hyperdimensional geometry to jointly account 

for all the pairwise PS values in the matrix (Al-Khassaweneh et al., 2016). 

Defining the vector of phase differences in hyperspherical coordinates, 

instead of polar coordinates, it is possible to define a global synchronization 

index, named hyperspherical PS (HPS): 

 𝐻𝑃𝑆 = √
1

𝐿
∑𝑃𝑆𝑖−𝑟

2

𝐿

𝑖=1

 (2.3) 

where 𝑃𝑆𝑖−𝑟 is the bivariate PS calculated between time series 𝑖 and a 

reference time series 𝑟. The selection of the reference oscillator pays an 

important role in the stability of HPS. In order to avoid this issue, we can 
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replace the original definition of HPS by the average HPS using different time 

series as oscillators: 

 𝐻𝑃𝑆 = √
1

𝐿
∑

1

𝐿
∑𝑃𝑆𝑗−𝑖

2

𝐿
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𝑖=1

=
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𝐿
√∑∑𝑃𝑆𝑗−𝑖

2

𝐿

𝑗=1

𝐿

𝑖=1

 (2.4) 

This is, our re-defined HPS is equal to the root-mean-squared of the 

pairwise PS values. This definition is, once again, the normalized Frobenius 

norm of the pairwise PS matrix, and GPS and HPS are equivalent. 

As the Frobenius norm can be calculated for rectangular nonsymmetrical 

matrices, it is possible to extend the GPS/HPS definition to get an index of 

inter-area PLV: 

 

𝑃𝐿𝑉𝐺𝑃𝑆
𝐴−𝐵 = √
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(2.5) 

where 𝑁𝐴 is the number of sources in area 𝐴, and 𝐴𝑖  is the 𝑖-th source of 

area 𝐴. This is the last approach we will use to estimate inter-area PLV. 

7.2.2. Simulations 

In order to evaluate all approaches, we need to part from a synchronized 

system whose ground truth is known. In this study, we simulated different 

sets of synchronized sources as seen by MEG sensors placed in real positions.  

The simulated brain activity consisted in groups of 3 Lorenz oscillators 

slaves to a hidden Rössler oscillator. The equation defining the system is: 
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{ 

𝑥1̇ = −1 · 𝑦1 − 𝑧1

𝑦1̇ = 𝑥1 + 𝑎 · 𝑦1

𝑧1̇ = 0.1 + 𝑧1 · (𝑥1 − 8.5)

{ 

𝑥�̇� = 10 · (𝑦𝑖 − 𝑥𝑖)

𝑦�̇� = 𝑏𝑖 · 𝑥𝑖 − 𝑦𝑖 − 𝑥𝑖 ∗ 𝑧𝑖 + 𝐶𝐿 · 𝑦𝑖
2

𝑧�̇� = 𝑥𝑖 · 𝑦𝑖 − 8
3⁄ · 𝑧𝑖

 (2.6) 

where the sub-index 1 indicates the master oscillator, the sub-index 𝑖 

indicates the 𝑖-th Lorenz oscillator, 𝑎 is a scaling parameter determining the 

frequency of the Rössler oscillator, 𝑏𝑖 is a parameter determining the 

frequency of the 𝑖-th Lorenz oscillator, and 𝐶𝐿 is the coupling. For our 

simulations, 𝑎 was fixed to 0.293, 𝐶 was fixed to 0.19 and the values of 𝑏 for 

each of the three slave systems were 23, 24 and 25. This generated a set of 

three highly synchronized Lorenz oscillators, that create a cluster in the 

simulation. 

In order to achieve multivariate synchronization, the Rössler master 

systems were pairwise synchronized too. The synchronized Rössler oscillators 

are given by the equation: 

 

{ 
𝑥1̇ = −1 · 𝑦1 − 𝑧1 + 𝐶𝑅 · (𝑦2 − 𝑥2)
𝑦1̇ = 𝑥1 + 𝑎 · 𝑦1

𝑧1̇ = 0.1 + 𝑧1 · (𝑥1 − 8.5)

{ 

𝑥2̇ = −1 · 𝑦2 − 𝑧2 + 𝐶𝑅 · (𝑦1 − 𝑥1)
𝑦2̇ = 𝑥2 + 𝑎 · 𝑦2

𝑧2̇ = 0.1 + 𝑧2 · (𝑥2 − 8.5)

 (2.7) 

where 𝐶𝑅 indicates the coupling between the two Rössler oscillators, and 

ranges between 0 (completely independent clusters) and 0.18 (completely 

synchronized clusters). 

The coupling between the two Rössler oscillators is bidirectional and 

symmetrical, thus the difference of phase is zero. The coupling between the 

Rössler and the Lorenz oscillators is unidirectional, and the Lorenz oscillators 

follow the Rössler one. As both sets of systems are identical, the Lorenz 

oscillators from different clusters also present a zero-phase difference. In 

order to avoid high correlations, that would affect the quality of the 

beamformer reconstruction (Widrow et al., 1982), the time series of the 

clusters were shifted by two samples. 
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The head model consisted in a realistic single shell (Nolte, 2003) 

delimitating the brain compartment of a real subject as segmented by SPM12 

(Ashburner and Friston, 2005) from a T1 MRI of a real subject. The MEG 

sensors were simulated in real positions coming from a recording of the same 

subject, taken in an Elekta Vectorview system with 306 sensors (102 

magnetometers and 204 planar gradiometers). As the simulations are 

interference-free, only the magnetometers were used. 

We created a three-dimensional homogenous grid of sources, spaced 10 

mm, in MNI space, and labelled each source according to the Automatic 

Anatomical Labeling atlas (Tzourio-Mazoyer et al., 2002). Only those sources 

placed in gray matter were taken in account. We selected four areas of 

interest: the bilateral temporal poles, with nine sources each; and the 

bilateral occipital poles, with six sources each. The position of the sources of 

interest is depicted in Figure 7.1. We split the areas of interest in sub-areas of 

three continuous sources, that will form a cluster and show similar behavior 

in the simulations. 

We transformed the grid to the subject space using a linear transformation 

based on the T1 MRI and calculated the lead field at each source position. 

Then, we simulated several distributions of sources oriented according to the 

maximal radiation direction of each source, in order to maximize the output 

power. This activity was reconstructed using a Linearly Constrained Minimum 

Variance (LCMV) beamformer (van Veen et al., 1997) with no constrain in the 

direction of the dipoles, and the solution was projected over the principal 

direction. Last, we used the different multivariate PLV approaches to 

calculate multivariate PS and compared the results with the ground truth. 

 

Figure 7.1 Position of the simulated sources in the simulated brain. 

The simulated sources include: Two clusters of sources (blue and red) in the left temporal pole; 

Two clusters of sources (yellow and purple) in the right temporal pole; one cluster of sources 

in the left occipital pole (green); and one cluster of sources in the right occipital pole (cyan). 

The sources of either area that are not part of a cluster are displayed as smaller gray dots. 
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7.2.3. Simultaneous EEG and MEG recordings 

The second part of this study is the evaluation of the different approaches 

to calculate multivariate PS in real data. In this case there is no ground truth, 

so the procedure for the comparison is slightly different. 

We acquired simultaneous EEG and MEG data from 11 participants (age 

77.9 ± 6.4, mean ± standard deviation, 8 women), using an Elekta Vectorview 

(Elekta, AB, Stockholm, Sweden) system placed inside a magnetically shielded 

room (VacuumSchmelze GmbH, Hanau, Germany) at the Center for 

Biomedical Technology in Madrid (Spain). The MEG data was acquired using 

the 306 sensors in the system (102 magnetometers, 204 planar gradiometer). 

EEG data was acquired using a 32 electrodes EasyCap (Brain Products GmbH, 

München, Germany) with reference to the average of both earlobes. In 

addition, two pairs of bipolar electrodes were used to capture the 

electrooculographic and electrocardiographic artifacts. The montage was 

completed with the placement of four head position indication (HPI) coils, 

two in the forehead and two in the mastoids. The anatomical land marks at 

the preauricular points and the nasion, the HPI coils position and the 

electrode position were acquired using a 3D FASTRAK digitizer (Polhemus, 

Colchester, Vermont). In addition, over 200 head shape points were also 

acquired to work as an aid in the realignment of the head model. 

Two sessions of 5 minutes of resting state data with eyes closed were 

acquired for each participant. The acquisition set up was the same for MEG 

and EEG, using an anti-alias band-pass filter between 0.1 and 330 Hz and a 

sampling rate of 1000 Hz. MEG data was pre-processed using the temporal 

extension of the Signal Space Separation (tSSS) method (Taulu and Simola, 

2006) using 10 s as window length and 0.9 as correlation limit. Continuous 

head position was active during the recording and used to off-line correct 

head movements of the participants. For a better consistency, the second 

session of each subject was transformed to the initial head position of the 

first session. 

Data underwent automatic artifact selection using Fieldtrip (Oostenveld et 

al., 2011), and the findings were confirmed by a MEG expert. After artifact 

removal, we applied Second Order Blind Identification (SOBI) separately for 

EEG and MEG in order to remove cardiographic, oculographic and noise-

related components. For MEG, only the data from the magnetometers was 

used, as after tSSS the sensor-space data is highly redundant (Garcés et al., 
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2017). Resulting data was segmented in epochs of 4 s of artifact free data. Of 

the original 22 sessions, 3 were discarded due to high noise, resulting a total 

of 19 sessions with 63.5 ± 9.5 epochs, (minimum of 42). Data is described in 

Table 7.1. 

All the participants had anatomical images (T1 MRI or CT), which we 

segmented using SPM12 (Ashburner and Friston, 2005) into brain (the union 

of gray matter, white matter and cerebrospinal fluid), bone and soft tissue. 

We used these segmentations to create a set of surface interfaces with 

iso2mesh (Fang and Boas, 2009), and then a realistic boundary element 

method (BEM) head model using OpenMEEG (Gramfort et al., 2010). As 

source model, we used a homogeneous three-dimensional grid with a spacing 

of 10 mm defined in MNI space. Each source position was labelled using the 

Automatic Anatomical Labeling (AAL) atlas (Tzourio-Mazoyer et al., 2002), 

and only those sources labelled as part of one of the cortical areas of the atlas 

were used. The lists of areas in the atlas is depicted in Appendix B. Finally, the 

defined grid was linearly transformed to subject space using the individual 

anatomical image. The head model and the source model were realigned to 

MEG space using the anatomical landmarks and the digitized head shape as 

guide, and then used to create a set of individual lead fields separately for 

EEG and MEG. These lead field were used as forward models, and as inverse 

Table 7.1 Sociodemographic data of the participants. 

 Gender Age 
Trials 

Session 1 Session 2 

mq_01 Female 64 74 73 

mq_02 Male 77 61 - 

mq_03 Female 82 69 69 

mq_04 Male 79 42 64 

mq_05 Female 84 74 68 

mq_07 Female 72 56 56 

mq_08 Female 72 - 65 

mq_09 Female 78 - 69 

mq_10 Male 82 67 72 

mq_11 Female 84 56 49 

mq_12 Female 83 72 50 

The table shows gender and age of each of the 11 participants included in the experiment. Last 

two columns indicate the number of clean trials in each session; a hyphen (-) in either one 

indicates no clean data for that participant and session. Participant mq_06 was discarded due 

to an elevated amount of noise and is not shown. 
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solution we used a LCMV beamformer (van Veen et al., 1997) with a 

regularization factor of 10 % for the data covariance matrix. 

In order to evaluate the different multivariate PS approaches, we 

calculated brain synchronization separately for EEG and MEG in the classical 

bands. As the underlying sources are the same for both techniques, and 

supposing the source reconstruction is adequate, the multivariate PS should 

be similar for EEG and MEG. This was considered the ground truth. The 

evaluation of the different approaches was, thus, based on the similitude of 

both solutions. 

7.3. Results 

7.3.1. Simulations 

We tested seven different models with different connectivity patterns, as 

depicted in Figure 7.2. The active clusters of sources are represented with a 

dot, and the active couplings are represented with a line connecting the 

coupled clusters. In order to avoid sparseness in the source solution, those 

sources not part of an active cluster were simulated as white noise. In the 

cases of connectivity, the coupling parameter was varied in ten steps, from 0 

 

Figure 7.2 Different scenarios tested for multivariate phase synchronization. 

The Figure depicts the seven scenarios tested for multivariate phase synchronization. The 

image on the left is the original scenario, presenting an inter-hemispherical connection 

between left and right temporal poles. The other six images show different variations over the 

original scenario. A dot indicates the existence of an active cluster. A solid line between to dots 

indicates the presence of a coupling between the related clusters. The blue solid line indicates 

the inter-temporal link under evaluation. 
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(no connection) to 0.18 (complete connection). In the rest of this section, 

instead of directly using the coupling parameter we will discuss the resulting 

connectivity, in ten steps from 0% to 100%. We created ten simulations for 

each coupling, in order to get information about the variability of the metric. 

For the first model, where only the inter-hemispheric temporal connection 

is present, all the metrics behave adequately. Figure 7.3 (a) shows the 

resulting synchronization matrices for the RMS of the bivariate PLV, and 

Figure 7.3 (b) shows the inter-temporal synchronization for each approach 

and coupling. The increase of the measured synchronization with the coupling 

is almost linear in all cases. It is possible to observe three groups of metrics: 

the average PLV, the root-mean-squared (RMS) of the PLV and the 

synchronization between centroids increase up to synchronization values of 

around 0.3; the synchronization of the principal components (PCA) increases 

up to around 0.5; and the synchronization between the average time series 

increases up to around 0.8. The synchronization of the sources with the 

 

Figure 7.3 Estimated multivariate PS for different couplings in scenario 1. 

(a) Multivariate PS matrix between the four areas considered. The left side shows the 

theoretical model. The right side shows the multivariate PS matrix calculated using the RMS 

approach for ten levels of coupling from 0% to 100%, in reading order. (b) Multivariate PS 

between left and right temporal poles estimated with every approach for ten levels of 

couplings from 0% to 100%. 
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higher power has a behavior similar to PCA, but its variability is much higher, 

suggesting this approach could be unreliable. 

The second model includes secondary foci of activity in the temporal 

poles, but not connected to any other region of the brain. The interest of this 

new model is that the temporal poles have sets of sources with different 

activities, simulating heterogeneous brain regions. Figure 7.4 (a) shows the 

behavior of the principal component. PCA fails to detect the connectivity 

 

 

 

Figure 7.4 Estimated multivariate PS for different couplings in scenario 2. 

(a) Multivariate PS matrix between the four areas considered. The left side shows the 

theoretical model. The right side shows the-multivariate PS matrix calculated using the PCA 

approach for ten levels of coupling from 0% to 100%. (b) Multivariate PS between left and right 

temporal poles estimated with different PCA-based approaches for ten levels of coupling from 

0% to 100%. (c) Same as (b) using the six different approaches. 
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between the two temporal poles or, more precisely, detects a very weak 

synchronization. This behavior can be explained if we take in account that 

each temporal pole contains two sets of activity, and the principal component 

only describes one of them. In this case the non-connected signal seems to 

present higher power, so the first component describes it, discarding the 

information related to the inter-temporal connection. 

It is possible to avoid this problem taking several components, instead of 

the first one. Figure 7.4 (b) shows the measured inter-temporal 

synchronization using the first component, the root-mean-square of the first 

two components (2PCA), and the root-mean square of the components 

explaining 95% of the variance of the area. In this case, the two first 

components explain more than 95% of the variance of the brain area (PCA95), 

so the second and first approach gives exactly the same result. In a more 

general scenario, the use of a threshold in variance would be superior, as it 

does not require any a priori knowledge of the number of signals of interest 

in each area.  

Figure 7.4 (c) depicts the inter-temporal synchronization as measured 

using each approach for each level of coupling. The source with the higher 

power, once again, seems to behave inconsistently. After these two 

scenarios, we considered the source with the higher power as an unreliable 

representative source, and we excluded it. In the rest of the cases, PCA95 and 

RMS behave closely to the first scenario, while the rest of the approaches 

present a drop in the measured synchronization. 

The next scenarios include one or both temporo-occipital links. Figure 7.5 

(a) to Figure 7.5 (c) show the correlation of the inter-temporal 

synchronization with the coupling in scenarios 3, 5 and 7. It is important to 

note that, in order to reduce the dimensionality of the simulated data, the 

value of the coupling for the temporo-occipital connection was the same that 

for the inter-temporal one. The behavior of the average PLV and RMS are 

similar in all the scenarios. The methods based on PCA95 and the average 

time series gives similar results when either temporo-occipital connections is 

present but drops in the scenarios where both connections appear 

simultaneously. On the other hand, the synchronization of the centroids 

drops when the right temporo-occipital connection is active. This suggest that 

the right centroid might be more affected by this connection, implying that 

this approach could be unreliable in some scenarios. 



Study 3 149 

Finally, Figure 7.6 shows the value of inter-temporal synchronization in the 

seven analyzed scenarios for couplings 56% and 100%. It is noteworthy that 

the approaches based on the root-mean-squared and the average of the 

bivariate PLV matrix are stable across the scenarios, while other approaches 

vary. In particular, the approach based on the average time series of the area 

 

 

 

Figure 7.5 Estimated multivariate PS for different couplings in scenarios 3, 5 and 7. 

(a) Multivariate PS between left and right temporal poles estimated with every approach for 

ten levels of coupling from 0% to 100% in scenario 3. (b) Same as (a) but for scenario 5. (c) 

Idem for scenario 7. 
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gives very different inter-temporal synchronization values for the first 

scenario than for the rest. 

7.3.2. Simultaneous EEG and MEG recordings 

In the second part of this study, we analyzed whole brain inter-area PS 

calculated with different approaches for a series of simultaneous EEG and 

MEG recordings. From the results of the simulations we decided to use three 

approaches: the PS between a representative source, selecting the source 

closest to the centroid of each area; the PS of the average source of each area; 

the PS between the principal component, as calculated by PCA, of each area; 

the average of the pairwise PS; the RMS of the pairwise PS. 

As MEG is, allegedly, only sensitive to cortical sources, we considered only 

the cortical areas of the AAL atlas. The result for the inter-area PS is a 76 by 

 

 

Figure 7.6 Estimated multivariate PS for fixed values of coupling in different scenarios. 

(a) Multivariate PS between the left temporal pole and the right temporal pole estimated with 

the six different approaches for 56% couplings in several scenarios. (b) The same as (a) but for 

100% coupling. 
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76 symmetrical matrix, where the diagonal is an indicator of the inter-area 

PS.  The final data consists of 2850 inter-area PS connectivity values and 76 

inter-area connectivity values separately for EEG and MEG, and for every one 

of the five approaches used. Parting from the hypothesis that EEG and MEG 

should show the same sources of activity, we correlated the values of PS 

calculated from EEG and MEG for each link and for each approach. 

 

Figure 7.7 Distribution of correlation coefficients between EEG and MEG for PLV in each band. 

The Figure shows the correlation between PLV calculated with EEG and MEG using different 

approaches: Blue: Mean PLV; Red: RMS; Yellow: PCA; Purple: Centroid; Green: Averaged time 

series. Left side of the figure represents the inter-area PS. Right side of the matrix represents 

the intra-area PS. Dashed line marks the signification threshold with 5% alpha level. 
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Figure 7.7 shows the distribution of values for this correlation for each 

approach using PLV. In this case, we used the more widespread approach for 

the calculation of the source activity; this is, projecting each tri-dimensional 

Table 7.2 Ratio of statistically significant correlations between EEG and MEG multivariate PS 

using each approach. 

  
Mean 
PLV 

RMS PCA Centroid 
Average 

time 
series 

Mean 
PLV 

(intra) 

RMS 
(intra) 

PLV 

Theta 9.6% 9.6% 6.6% 8.3% 7.1% 2.6% 4.0% 

Alpha 32.4% 33.3% 14.7% 18.0% 12.9% 6.6% 6.6% 

Low 
Beta 

13.4& 13.6% 11.5% 10.9% 8.9% 6.6% 7.9% 

High 
Beta 

16.6% 16.1% 10.4% 12.3% 9.3% 6.6% 7.9% 

Gamma 15.6% 15.2% 11.8% 12.7% 9.7% 9.2% 9.2% 

ciPLV 

Theta 48.9% 52.1% 17.4% 14.1% 16.4% 40.8% 44.7% 

Alpha 83.5% 86.0% 49.7% 48.9% 48.5% 67.1% 68.4% 

Low 
Beta 

10.8% 11.5% 6.5% 6.7% 7.1% 11.8% 13.2% 

High 
Beta 

26.6% 31.2% 13.1% 11.3% 12.2% 22.4% 22.4% 

Gamma 19.4% 19.8% 9.6% 9.9% 8.5% 19.7% 17.1% 

PLV 
3D 

Theta 18.4% 18.2% 7.4% - 9.2% 10.5% 11.8% 

Alpha 63.2% 62.1% 16.7% - 11.9% 15.8% 10.5% 

Low 
Beta 

18.1% 16.8% 9.0% - 9.5% 5.3% 6.6% 

High 
Beta 

20.0% 19.1% 8.7% - 9.5% 4.0% 7.9% 

Gamma 22.5% 21.6% 10.4% - 10.2% 9.2% 10.5% 

ciPLV 
3D 

Theta 86.3% 87.2% 18.4% - 14.6% 63.2% 68.4% 

Alpha 91.3% 92.4% 48.1% - 40.1% 71.1% 72.4% 

Low 
Beta 

11.1% 11.6% 6.7% - 6.5% 13.2% 15.8% 

High 
Beta 

34.8% 38.7% 13.5% - 7.1% 19.7% 22.4% 

Gamma 34.8% 36.4% 10.0% - 8.1% 21.1% 26.3% 

The Table shows the ratio of statistically significant correlations between EEG and MEG using 

different multivariate PS approaches. The five first columns show the inter-area multivariate 

PS. The two last columns show the intra-area multivariate PS. 
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source over the maximal activity direction. We show the correlation between 

EEG and MEG as violin plots for each one of the studied approaches, where 

the dashed line marks the (positive) statistically significance threshold at a 5% 

alpha level. For the intra-area PS, only those approaches based on the 

pairwise PS matrix are shown, as the PLV between a representative source 

and itself is always 1. In addition, Table 7.2 shows the ratio of statistically 

significant (positive) correlations for each approach. 

The approaches based on the pairwise PS matrix outperform the 

approaches based on representative sources in all the frequency bands. For 

all the approaches, the number of significantly correlated links in alpha band 

are clearly higher than in the rest of bands, what can be related to the higher 

signal-to-noise ratio (SNR) of this band in recordings of resting with eyes 

closed. In Alpha, high Beta and Gamma bands the number of significantly 

correlated links for the mean and the RMS of the pairwise PS matrix is more 

than three times what would be expected by chance. 

As the effect of source leakage is different for EEG and MEG, we repeated 

the analysis using ciPLV (descripted in Chapter 1 and (Bruña, Maestú and 

Pereda, 2018)) instead of PLV. ciPLV is insensitive to zero-lag synchronization, 

and thus insensitive to source leakage. The violin plots for the correlations 

between EEG and MEG using the five approaches, along with the significance 

threshold, are depicted in Figure 7.8. The number of statistically significant 

correlations for each approach and band are shown in Table 7.2. Using ciPLV 

instead of PLV clearly improves the results, getting more than 80% of 

significant links in Alpha band when the mean or the RMS of the bivariate PS 

matrix are used. In all the cases the approaches based on the mean or the 

RMS of the bivariate PS matrix outperform the approaches based on a 

representative source. 

All the results improve with respect to the use of PLV, and all the 

tendencies are similar, except for the case of the theta band. When using PLV, 

Theta band performs only slightly better than chance, with less than two 

times the number of significant links that could be expected from random 

data. However, when using ciPLV the number of significantly correlated links 

dramatically increases, with around a 50% of significantly correlated links for 

the two approaches based in the bivariate PS matrix. 

In the data presented until now, only the principal component of each 

three-dimensional source is used. This is similar, in some extent, to the use of 
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a representative time series to summarize the information of the real source 

activity. From the previous results, we expect that using a representative time 

series entail a loss of information. In order to avoid this effect, we repeated 

the calculations using all the information for each source. For the case of EEG, 

each source was modelled as three independent dipoles. For the case of MEG, 

as the technology is insensitive to radial sources, each source was modelled 

 

Figure 7.8 Distribution of correlation coefficients between EEG and MEG for ciPLV in each 

band. 

The Figure shows the correlation between ciPLV calculated with EEG and MEG using different 

approaches: Blue: Mean ciPLV; Red: RMS; Yellow: PCA; Purple: Centroid; Green: Averaged time 

series. Left side of the figure represents the inter-area PS. Right side of the matrix represents 

the intra-area PS. Dashed line marks the signification threshold with 5% alpha level. 
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as two tangential independent dipoles. Each dipole was treated as a 

separated source. Then, we used the same approaches to calculate 

multivariate PS, except for the centroid, as it is not possible to define a unique 

 

Figure 7.9 Distribution of correlation coefficients between EEG and MEG for three-dimensional 

PLV in each band. 

The Figure shows the correlation between three-dimensional PLV calculated with EEG and 

MEG using different approaches: Blue: Mean PLV; Red: RMS; Yellow: PCA; Green: Averaged 

time series. Left side of the figure represents the inter-area PS. Right side of the matrix 

represents the intra-area PS. Dashed line marks the signification threshold with 5% alpha level. 

The data for representative time series based in the centroid was not computed, as the three-

dimensional time series for the centroid is not unique. 
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dipole that works as a centroid when using the whole three-dimensional 

source reconstruction. 

Figure 7.9 and Figure 7.10 show the violin plots of the correlation 

coefficients for approach and band, respectively for PLV and ciPLV. Table 7.2 

 

Figure 7.10 Distribution of correlation coefficients between EEG and MEG for three-

dimensional ciPLV in each band. 

The Figure shows the correlation between three-dimensional ciPLV calculated with EEG and 

MEG using different approaches: Blue: Mean ciPLV; Red: RMS; Yellow: PCA; Green: Averaged 

time series. Left side of the figure represents the inter-area PS. Right side of the matrix 

represents the intra-area PS. Dashed line marks the signification threshold with 5% alpha level. 

The data for representative time series based in the centroid was not computed, as the three-

dimensional time series for the centroid is not unique. 
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summarize the number of significant correlated links. The results for the two 

approaches based on representative time series are similar to the previous 

case. On the other hand, the results for the two approaches based on the 

bivariate PS matrix improves consistently for the inter-area PS and in most of 

the bands for the intra-area PS. 

7.4. Discussion 

7.4.1. Simulations 

The results of the simulations for the basic scenario show that, in the naïve 

case of areas perfectly homogeneous in their activity, all the approached 

evaluated perform adequately. However, the PS calculated using the source 

with the higher power as representative of the whole area showed 

inconsistent results. This seem to indicate that the selection of this 

representative time series is strongly affected by noise and should thus be 

avoided. 

The (commonly chosen) use of the first PCA as representative time series 

for the whole area behaves correctly for the basic scenario, but when the 

brain areas show a more complex mixture of activities fails. This is expected, 

as the first PCA successfully extracts only one of the activities in the region, 

ignoring the rest. This limitation can be overcome using the root-mean-

squared value of several components, but this approach requires the 

selection of an arbitrary threshold. In fact, in the extreme case where we take 

all the components, the result should converge to the RMS of the bivariate PS 

matrix. 

Analyzing individually each scenario, all the approaches (except for the 

source with the higher power) show a high correlation with the coupling. 

However, when comparing the same coupling in different scenarios the 

calculated synchronization varies considerably for the approaches based on 

representative sources. On the other hand, both the mean and the RMS of 

the bivariate PS matrix show high consistency across scenarios. This 

consistency desired or not, depending on the interpretation assigned to 

multivariate PS. If multivariate PS should represent the net amount of 

synchronization between both areas, similar couplings in different scenarios 

should give the same levels of synchronization, as in the case of the mean or 

the RMS of the bivariate PS matrix. On the other hand, if multivariate PS 

should represent the fraction of activity of a source synchronized with other 

source, its value should vary in different scenarios, as in the case of the 
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synchronization between average time series. Both interpretations are 

equally valid, but we will take part the first one. 

Other property of the multivariate open to interpretation is the amount of 

synchronization in the simulated scenarios. In our case, we selected two areas 

(both temporal poles) with nine sources each and defined a cluster of activity 

comprising three contiguous sources. When the coupling was set to the 

maximum value, it could be argued that the expected synchronization should 

be one third, as one third of the sources of one brain area are connected to 

one third of the sources in the other. The RMS of the bivariate PS matrix 

seems to give a result close to that. On the other hand, PCA95 calculates the 

root-mean-squared of a reduced bivariate PS matrix, where each element 

represents the synchronization between components, and the information of 

how many sources take part of this component is low, giving as a result a 

higher synchronization value. Again, both interpretations are valid, but we 

will take part for the first one. 

According to the results, and based on our interpretation of inter-area 

synchronization, the simulations support the use of the approaches based on 

the bivariate synchronization matrix. In particular, the approach that gives 

results more similar to those expected is the RMS of the values in this matrix. 

7.4.2. Simultaneous EEG and MEG recordings 

The results from the real recordings were similar to those from the 

simulations. The defined brain areas do not comprise functionally 

homogeneous sets of sources, and the approaches based on representative 

time sources are not able to correctly summarize the activity. The approaches 

based on the pairwise PS matrix perform in all cases equally or better than 

those based on representative time series. It is interesting to note that both 

the mean and the RMS of the bivariate PS matrix show similar results, what 

could be related to their consistent behavior in different scenarios seen in the 

simulations. 

The correlation between EEG and MEG is, in all the cases, higher in Alpha 

than in any other band. This could be related to the higher SNR of Alpha 

activity, as it is the dominant brain rhythm in resting with eyes closed. In 

addition, the activity in Alpha seem to consist in one or several oscillators, and 

the phase synchronization model adapts well to it. This is supported by the 

fact that low Beta, where no separated oscillator can be (in general) observed, 

show the worst performance, while high Beta (where there is usually a clear 
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oscillator, see for example Supplementary material in (Bruña, Maestú and 

Pereda, 2018)) gives better correlation results. 

When using ciPLV instead of PLV as PS metric, the correlations generally 

improve. This result could be expected, as EEG and MEG show different 

sensitivities to source leakage. Due to the greater effect in EEG of 

imperfections in the head model (see Chapter 5), EEG source reconstruction 

is probably more sensitive to source leakage than MEG. When removing the 

effect of zero-lag synchronization the effect of source leakage is suppressed 

(Nolte et al., 2004; Stam, Nolte and Daffertshofer, 2007; Brookes, Woolrich 

and Barnes, 2012; Bruña, Maestú and Pereda, 2018), and the results for EEG 

and MEG should become more similar. This improvement can be observer in 

Theta, Alpha, high Beta and Gamma bands, what seems to confirm that low 

Beta do not present coupled oscillatory activity. 

When using the whole pairwise PS matrix, the correlation values improve 

when using the three-dimensional structure of the source activity, instead of 

its projection. This projection can be interpreted as the extraction of a 

representative time series per source position, and it implies discarding some 

of the source information. For the case of EEG, when the three-dipole 

orientations are recorded, up to a 66% of the information can be discarded, 

while for the case of MEG, insensitive to the radial orientation, the discarded 

information can be up to 50%. The use of approaches based on the whole PS 

matrix, together with the consideration of all the dipolar orientations, gives 

the higher correlation values. 

The main limitation for the use of the whole pairwise PS matrix is that the 

computational cost escalates rapidly when compared to the approaches 

based on representative sources. Using the AAL, and focusing only on the 76 

cortical brain areas, the number of PLV pairs for these approaches is of 2850. 

On the other hand, using a 10 mm uniform grid these 76 areas comprise 1176 

sources, and over 690,000 pairs. When considering all the possible dipolar 

directions, this number increases to more than 6,200,000 for EEG and 

2,750,000 for MEG. However, using the fast PLV approach described in 

Chapter 1 (Bruña, Maestú and Pereda, 2018), the time required for the 

calculation of the pairwise PLV matrix using 1000 Hz as sampling rate and 50 

trials of 4 seconds, is less than two minutes per subject and band in an average 

computer, as shown in Table 7.3. When down-sampling the data to 100 Hz 

after band-pass filtering, the whole required times goes down to 30 seconds 

per subject and band. With this, the calculation of the whole-brain PS for a 
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cohort of 200 subjects in the 5 classical bands should take no more than one 

and a half days of computation, or no more than 10 hours if the data is down-

sampled after band-pass filtering. 

From the results obtained from this study, we strongly recommend use 

the whole pairwise PS matrix to describe the synchronization between brain 

areas, using the mean or the RMS of all the possible pairs of sources joining 

both areas. Using an approach based on representative time series carries the 

risk of losing information that could help to understand the underlying brain 

dynamics. 

Table 7.3 Execution time for each step of the multivariate PS calculation for different scenarios. 

 Band-
pass 
filter 

Spatial 
filter 

Complex 
PLV 

Trial 
averagin

g 

RMS of 
PLV 

matrix 

Total 

Magnetometers 
1000 Hz 

1.7 ± 0.1 0.8 ± 0.0 12.6 ± 0.1 1.3 ± 0.1 0.1 ± 0.0 16.4 ± 0.1 

Magnetometers 
100 Hz 

1.7 ± 0.1 0.1 ± 0.0 2.0 ± 0.0 1.3 ± 0.1 0.1 ± 0.0 5.1 ± 0.1 

Magnetometers 
3D - 1000 Hz 

1.7 ± 0.1 2.4 ± 0.1 81.1 ± 0.6 12.7 ± 4.2 0.1 ± 0.0 98.0 ± 4.2 

Magnetometers 
3D - 100 Hz 

1.7 ± 0.1 0.2 ± 0.0 14.7 ± 0.1 12.7 ± 4.2 0.1 ± 0.0 29.4 ± 4.2 

Magnetometers 
1000 Hz 

5.0 ± 0.1 1.6 ± 0.1 12.6 ± 0.1 1.3 ± 0.1 0.1 ± 0.0 20.5 ± 0.1 

Magnetometers 
100 Hz 

5.0 ± 0.1 0.2 ± 0.0 2.0 ± 0.0 1.3 ± 0.1 0.1 ± 0.0 8.5 ± 0.1 

Magnetometers 
3D - 1000 Hz 

5.0 ± 0.1 4.2 ± 0.1 81.1 ± 0.6 12.6 ± 4.2 0.1 ± 0.0 103.1 ± 4.2 

Magnetometers 
3D - 100 Hz 

5.0 ± 0.1 0.4 ± 0.0 14.7 ± 0.1 12.6 ± 4.2 0.1 ± 0.0 32.9 ± 4.2 

The Table shows the execution time (in seconds, mean ± SD over 100 executions) for each step 

in the calculation of multivariate PS using the RMS of the bivariate PLV matrix. The data 

consisted on 50 epochs of 4 seconds of resting state data sampled at 1000 Hz (4000 samples 

per epoch). The different steps are: Band-pass filter using a 2000th order FIR filter with 2000 of 

real data at each side as padding; Calculation of the source activity using a pre-computed 

beamformer filter; Calculation of the complex PLV for each epoch using the algorithm defined 

in Chapter 1 and (Bruña, Maestú and Pereda, 2018); Calculation of PLV or ciPLV from the 

complex PLV matrix and trial averaging; Calculation of the inter-area PS from the root-mean-

squared of the multivariate PLV/ciPLV matrix. Last column indicates the total time for each 

scenario. In the scenarios where the data was down-sampled to 100 Hz the down-sampling 

took place after the band-pass filter. 
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In addition, the results obtained when comparing EEG and MEG are 

interesting. MEG is almost blind to radial sources, as the secondary currents 

create a destructive interference in the magnetic field (see, for example, 

Chapter 5). In order to avoid reconstructing noise, in this work we projected 

the MEG source data over the main directions, in such a way that at least 99% 

of the variance is explained. This implies that, while in EEG all three 

components of each source are considered as independent sources, in MEG 

data usually only two components are taken. If all the directions were 

equiprobable, only a 66% of the information in EEG could be explained by 

MEG. However, Figure 7.10 for Alpha band show that, at least for non-zero 

lag PS, almost all the information in EEG can be explained by MEG data. This 

is indeed surprising, but could be explained by the fact that most of the 

neurons in the brain are located in the sulci, and thus constitute tangential 

sources. This would mean that, while it is true that MEG is almost blind to 

radial sources, the loss of information derived from this flair is small. 
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Chapter 8.  

 

Study 41: Source-space connectivity changes related 

to pathological aging 

8.1. Introduction 

In the last decades, the life expectancy across the world has increased 

considerably. While this is indeed, positive, the increase in older adult 

population has been related to an increase in the cases of dementia 

(Brookmeyer et al., 2007). Of all the possible causes of dementia, Alzheimer’s 

disease (AD) is the most common, accounting for 60 to 80% of the cases 

(Barker et al., 2002; Wilson et al., 2012). While its etiology is unknown, the 

main observable effect of AD in the brain is the presence of Amyloid-β (Aβ) 

plaques and tau-protein tangles (Braak and Braak, 1995), although it remains 

unclear they are cause of effect of the observed neurodegeneration. AD does 

not have, at the moment, a cure, but the intervention in early stages of the 

disease seems the most promising way to reduce its effects (Imtiaz et al., 

2014). 

Current consensus describes AD as a continuum, starting up to 20 years 

before the patient shows the first symptoms (Jack et al., 2011). Mild cognitive 

impairment (MCI) is considered a prodromal stage of AD, in which the 

symptoms have already started to materialize, but the patient is still 

independent (Petersen, 2004). In fact, MCI patients have a greater rate of AD 

conversion than healthy individuals, with an annual conversion rate of 8 to 

16%, while the conversion rate in the healthy population is of 1 to 4% 

(Petersen, 2016). Many studies have found AD-related pathology in MCI 

patients (Tabatabaei-Jafari, Shaw and Cherbuin, 2015; Villemagne and 

Chételat, 2016), suggesting that the neurodegeneration could be in an 

                                                           
 

 

1 This study have been published as two separated papers in Journal of 
Neuroscience (López, Bruña, et al., 2014) and Frontiers in Aging Neuroscience (López-
Sanz, Bruña, et al., 2017). 
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advanced stage. Subjective cognitive decline (SCD) might represent a previous 

step on the AD continuum, in which the individuals do not show any 

symptoms of the disease, but subjectively report that their cognitive 

performance is worsening, even when their scores lie in the normal range 

(Jessen et al., 2014). While this is not uncommon in the elderly, SCD 

individuals are at greater risk for developing MCI or AD than healthy 

individuals of similar age (Jessen et al., 2010; Reisberg et al., 2010; Mitchell et 

al., 2014). That would suggest that the first neurodegenerative processes of 

the AD continuum could already be affecting this population. 

The study of AD from the point of view of functional connectivity (FC) has 

recently become a topic of interest, as it has been proved useful to quantify 

some of the neurological damages caused by the disease (Dubois et al., 2016). 

AD has consistently been reported as a disconnection syndrome (Delbeuck, 

van der Linden and Collette, 2003; Gili et al., 2011; Teipel et al., 2016), 

probably related to the toxicity of Aβ deposits to the synapses (Garcia-Marin 

et al., 2009). 

The first part of this study will try to characterize the FC patterns of SCD in 

order to assess if there is a neurological affectation. The second part of this 

study will focus on the use of FC to predict the progression of MCI patients to 

AD. In both cases we will use magnetoencephalography (MEG) to estimate 

whole-brain FC under the hypothesis of phase synchronization (Rosenblum, 

Pikovsky and Kurths, 1996). Based on previous literature studying the AD 

continuum with electrophysiology (Huang et al., 2000; Adler, Brassen and 

Jajcevic, 2003; Rossini et al., 2006; López-Sanz et al., 2016) we have focused 

our interest in Alpha band. 

8.2. Materials and methods 

8.2.1. Subjects 

The sample used in this study was recruited from three different origins: 

The Neurology Department of the “Hospital Clínico San Carlos”; the “Center 

for Prevention of Cognitive Impairment”; and the “Senior Centers of the 

District of Chamartin”. All three centers are located in Madrid (Spain). All the 

recruited subjects were right handed and native Spanish speakers. 
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For the first experiment, we selected a sample of 131 participants. 51 

participants were diagnosed as MCI patients (MCI), while the other 80 were 

determined healthy. From the latter, we made two differentiated groups: 39 

participants showed no concern about their cognitive performance and were 

classified as healthy controls (HC); 41 participants did show concerns about 

their cognitive state and were classified as subjective cognitive decline 

subjects (SCD). Table 8.1 summarizes their demographic data. 

For the second experiment, we selected a sample of 98 MCI patients which 

underwent a two-years follow up, with clinical evaluation every six months. 

After these two years, they were divided in two groups, according to their 

clinical status: Stable MCI (sMCI) patients, when the diagnosis did not change 

in the two years of follow up; or progressive MCI (pMCI) patients, where the 

diagnosis changed to AD. After the two years, 78 participants fell in the sMCI 

group, 19 participants fell in the pMCI group and one participant developed 

frontotemporal dementia and was discarded. In order to even the sample of 

both groups, we selected a random subset of 30 participants from the sMCI 

Table 8.1 Demographic, neuropsychological and neurophysiological data for each group in the 

first experiment. 

 Mean ± SD p-value 

 HC SCD MCI HC - SCD HC - MCI 
SCD - 
MCI 

Age 70.4 ± 3.7 71.6 ± 4.5 73.0 ± 3.7 n.s. 5.3·10-3 n.s. 

Gender 
(M/F) 

1.7 ± 0.5 1.8 ± 0.4 1.6 ± 0.5 n.s. n.s. n.s. 

MMSE 29.0 ± 1.1 28.9 ± 1.1 27.4 ± 2.0 n.s. 1.7·10-6 5.8·10-6 

GDS 0.9 ± 1.1 1.4 ± 1.2 2.7 ± 2.1 n.s. 5.9·10-7 2.3·10-4 

Direct digits 8.5 ± 1.9 8.8 ± 2.1 7.1 ± 2.1 n.s. 2.8·10-3 2.5·10-4 

Inverse 
digits 

6.2 ± 2.1 5.7 ± 2.0 4.4 ± 1.5 n.s. 1.1·10-5 3.0·10-3 

BNT 53.0 ± 8.7 50.9 ± 6.3 44.7 ± 8.6 n.s. 4.7·10-6 7.9·10-4 

Hippoc. 
volume 

5.0·10-3 ± 
0.5·10-3 

5.0·10-3 ± 
0.7·10-3 

4.4·10-3 ± 
0.7·10-3 

n.s. 5.8·10-6 4.0·10-5 

The Table shows mean ± SD (standard deviation) of demographic information, some 

neuropsychological scores and neurophysiological data for each group. The last here columns 

of the table show the p-values resulting of the ANOVA comparisons between groups. Non-

significant p-values (p > 0.05) were replaced by “n.s.”. M: Males. F: Females. MMSE: Mini 

Mental State Examination. GDS: Geriatric Depression Scale - Short Form. BNT: Boston Naming 

Test. Hippoc. volume: Hippocampal volume. 
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group, ensuring that the resulting groups are similar in age, gender and 

educational level. The resulting conversion rate was of 19%, not dissimilar to 

the numbers found in literature (Petersen, 2016). In addition, as the follow-

up period was of only two years, the members of the pMCI group can be 

considered fast converters (Okello et al., 2009). Table 8.2 depicts the 

sociodemographic data of the sample. 

Table 8.2 Demographic, neuropsychological and neurophysiological data for each group in the 

first experiment. 

 Mean ± SD 
p- value 

 sMCI pMCI 

Age (years) 74.03 ± 5.34 76.68 ± 5.28 n.s. 

Gender (M/F) 14/16 8/11 n.s. 

Educational level 2.79 ± 1.26 2.68 ± 1.00 n.s. 

MMSE 27.9 ± 1.86 27.40 ± 1.96 n.s. 

GDS 3±0 3±0 n.s. 

FAQ 1.91 ± 1.78 1.82 ± 2.75 n.s. 

GDS-SF 3.83 ± 3.08 3.50 ± 3.82 n.s. 

Immediate Recall 20.70 ± 8.17 10.00 ± 4.98 3.26 x 10-6 

Delayed Recall 8.63 ± 7.39 1.78 ± 2.21 7.18 x 10-5 

BNT 50.41 ± 10.69 46.32 ± 9.36 n.s. 

Left hippocampal volume 
0.002217 ± 

0.0005075 

0.001992 ± 

0.0002537 
n.s. 

Right hippocampal 

volume 

0.002197 ± 

0.0004656 

0.001965 ± 

0.0003882 
n.s. 

The table shows mean ± SD (standard deviation) of the demographic information, 

neuropsychological scores and neurophysiological data for each group. The last column of the 

table shows the p-values resulting of the statistical comparison between groups (Wilcoxon-

Mann-Whitney test for continuous variables, Fisher’s exact test for gender). Non-significant p-

values (p > 0.05 for age, gender and educational level, p > 0.008 for the rest of the data, after 

FDR correction) were replaced by “n.s.”. Educational level was grouped into five levels: 1: 

illiterate, 2: primary studies, 3: Elemental studies, 4: High school studies, 5: University studies. 

M: Males. F: Females. MMSE: Mini Mental State Examination. GDS: Global Deterioration Scale. 

FAQ: Functional Activity Questionnaire. GDS- SF: Geriatric Depression Scale Short Form. BNT: 

Boston Naming Test. 



Study 4 167 

8.2.2. Diagnostic criteria 

In order to assess the cognitive and functional status of the participants, 

we used a series of screening tests: The Mini-Mental State Examination 

(MMSE) (Lobo et al., 1979); The Geriatric Depression Scale (GCD) in its short 

form (Yesavage et al., 1982); The Hachinski Ischemic Score (HIS) (Rosen et al., 

1980) and the Functional Assessment Questionnaire (FAQ) (Pfeffer et al., 

1982). After the screening, all the participants underwent a thorough 

neuropsychological assessment, including: Direct and Inverse Digit Span Test 

(Wechsler Memory Scale, WMS-III) (Wechsler, 1997); Immediate and Delayed 

Recall (WMS-III) (Wechsler, 1997), Phonemic and Semantic Fluency 

(Controlled Oral Word Association Test, COWAT); Ideomotor Praxis of 

Barcelona Test; Boston Naming Test (BNT); Trail Making Test A and B (TMTA 

and TMTB) (Reitan, 1958); and Rule Shift Cards (Behavioural Assessment of 

the Dysexecutive Syndrome, BADS) (Norris and Tate, 2000). 

MCI status was determined using the criteria defined by the National 

Institute of Aging – Alzheimer Association (NIA-AA) (Albert et al., 2011), this 

is: Self- or informant-reported cognitive decline; Objective evidence of 

impairment in at least one cognitive domain; Preserved independence in 

functional abilities; Absence of dementia (McKhann et al., 2011). Only MCI 

patients showing impairment in the memory domain were included, thus 

being classified as amnesic MCI patients. 

SCD status was determined based on self-reported concerns and an 

interview with clinical experts. The final group assignment was made after 

neuropsychological assessment attending to a multidisciplinary consensus, 

combining the expertise of neuropsychologists, neurologists and 

psychiatrists. Following the recommendations made by SCD-I-WG (Jessen et 

al., 2014), all subjects were older than 60 at the onset of the cognitive 

complains, and this onset had occurred within the last 5 years. 

Last, in the case of the second experiment, those subjects from the MCI 

group that, after the two-years follow up period, fulfilled the NIA-AA criteria 

for AD (McKhann et al., 2011) were classified as pMCI. 

Those subjects fulfilling any of the following criteria were excluded from 

the study: History of psychiatric of neurological disorders, or consumption of 

drugs that could affect electrophysiological activity, as is the case of 

cholinesterase inhibitors; Evidence of infection, infarction or focal lesions in a 

T2-weighted MRI scan within two months before the MEG acquisition; A score 
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in the modified Hachinski score equal or higher than 5; History of alcoholism, 

chronic abuse of anxiolytics, neuroleptics, narcotic, anticonvulsants or 

sedative hypnotics; Presence of conditions that could cause cognitive decline, 

like B12 vitamin deficit, diabetes mellitus, thyroid problems, syphilis or 

human immunodeficiency virus.  

The ethics committee at the “Hospital Clínico San Carlos” (Madrid) 

approved this study. All participants (or their legal representatives) signed an 

informed consent prior of the enrolment in the study. 

8.2.3. Data acquisition and pre-processing 

We acquired the electrophysiological data using an Elekta Vectorview 

(Elekta AB, Sotckholm, Sweden) MEG scanner with 306 channels (102 

magnetometers, 204 planar gradiometers) covering the whole head. The 

MEG system was located inside a magnetically shielded room 

(VacuumSchmelze GmbH, Hanua, Germany) at the “Laboratory of Cognitive 

and Computational Neuroscience” in Madrid (Spain). We acquired 4 minutes 

of resting state activity with eyes closed from each subject, while the 

participants were sitting comfortably, but awake. 

Prior to the acquisition, we placed two electrodes, in a bipolar montage, 

above and below the left eye of the participant, in order to capture eye 

movements and blinks. We placed four head position indication (HPI) coils, 

two in the forehead and to in the mastoids, firmly attached to the head. Last, 

we digitalized the position of the four HPI coils, together with a minimum of 

300 points evenly distributed over the head of the participant, using a 

FASTRAK system (Polhemus, Colchester, Vermont). This digitalized head 

shape was later use as aid to the realignment of the head model in the source 

reconstruction. 

MEG data was online band-pass filter between 0.1 and 330 Hz and 

acquired with a sampling rate of 1000 Hz. The four HPI coils were fed during 

the acquisition in order to provide continuous information on the head 

position and its movements. We processed the data offline by using the 

temporal extension of the signal space separation algorithm (Taulu and 

Simola, 2006) using MaxFilter (window length of 10 s, correlation threshold 

0.9). HPI information was used to correct the head movements using the 

same algorithm. 
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Ocular and muscular artifacts, and electronic jumps in the signal, were 

automatically identified using an automatic procedure based on FieldTrip 

(Oostenveld et al., 2011) and visually confirmed by a MEG expert. Ocular and 

cardiac artifacts, when possible, were removed using an independent 

component approach based on Second Order Blind Identification (SOBI) 

(Belouchrani et al., 1997). The remaining data was segmented in 4 seconds 

epochs of continuous artifact-free activity. Only those subjects with at least 

15 epochs, adding to a total of one minute of data, were selected for further 

analysis. Due to the high data redundancy after tSSS (Garcés et al., 2017), only 

the data coming from the magnetometers were used for the subsequent 

analyses. 

In order to study FC in the Alpha band, data was band-pass filtered using 

a FIR filter and a two-passed procedure. For the first experiment, the edges 

of the alpha band were adjusted to the data based on a previous study on the 

same sample (López-Sanz et al., 2016), and the band from 6.9 to 11.4 Hz was 

used. In this experiment, data was filtered using a 1800th order FIR filter. For 

the second experiment, the classical Alpha band from 8 to 12 Hz was used, 

and the data was filtered using a 1500th order FIR filter. In both experiments, 

data was band-pass filtered using 2 seconds of real data as padding, in order 

to avoid the projection of edge effects in the data. 

8.2.4. MRI acquisition 

A T1-weighted MRI was available for most of the subjects. MRI were 

acquired in a General Electric 1.5 Tesla scanner using a high-resolution 

antenna and a homogenization PURE filter (Fast Spoiled Gradient Echo, 

TR/TE/TI 11.2/4.2/450 ms; flip angle 12°; slice thickness 1 mm; FOV 256 mm). 

Images were processed using FreeSurfer (version 5.1.0) cortical parcellation 

and subcortical segmentation (Dale, Fischl and Sereno, 1999). Hippocampal 

volumes (normalizes respect to the overall intracranial volume) were selected 

as anatomical evidences of brain atrophy for AD-related pathology (Dubois et 

al., 2007) 

8.2.5. Source reconstruction 

In the first experiment, all the participants had an MRI image. We defined 

a homogeneous grid with 10 spacing in the MNI template and used a linear 

affine registration to transform the template to the individual MRI. The grid 

was transformed accordingly. T1 images were segmented using SPM new 

segmentation algorithm (Ashburner and Friston, 2005) and a three layers 
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head model was defined using FieldTrip approach (Oostenveld et al., 2011). 

We created an individual lead field for each subject using a boundary 

elements method and OpenMEEG toolbox (Gramfort et al., 2010). 

In the second experiment we did not have any anatomical image for 7 

sMCI and 5 pMCI patients. In order to be able to keep all the patients in the 

sample for the source-level analysis, we used a template-based procedure, 

instead of the preferred method using the individual MRI. We constructed a 

template of healthy adults (52 subjects, ages 69.9 ± 4.4)  normalizing their T1 

MRI to the Montreal Neurological Institute (MNI) template using a linear 

affine registration (Collignon and Maes, 1995) followed by a nonlinear 

registration (Ashburner, 2007). We smoothed the resulting images using a 

4mm full width half-maximum kernel and averaged them to create our 

template. We defined a homogeneous grid with 10 mm spacing in this 

template, and both the template and the grid were linearly transformed to fit 

the individual head shape of each subject. As we did not count with 

anatomical information of the head structure of the subjects, the lead field 

for this experiment was based on a simplistic multiple spheres head model. 

The inverse solver for both experiments  was a linearly constrain minimum 

variance (LCMV) beamformer (van Veen et al., 1997) using the covariance 

matrix of the Alpha band and a regularization factor of 1%. The sources were 

labelled according to the Harvard-Oxford anatomical atlas. In the second 

experiment, the original 96 areas, 48 per hemisphere, were used. In the first 

experiment, we used instead a reduced version of the atlas, merging similar 

areas to create a reduced atlas with 64 areas, 32 per hemisphere. The lists of 

areas in both atlases are depicted in Appendix B. 

8.2.6. Functional connectivity analysis 

The analysis of FC was performer using the hypothesis of phase 

synchronization (Rosenblum, Pikovsky and Kurths, 1996) evaluated by means 

of a multivariate extension of the Phase Locking Value (PLV) (Mormann et al., 

2000). This multivariate extension consisted on the average of the bivariate 

PLV values of all the links connecting two different brain regions, as described 

in Chapter 7. 

Phase synchronization relies on the idea that two phase-locked systems 

must present a non-uniform phase difference and estimates the intensity of 

this phase-locking from the level of non-uniformity. In PLV, the level of non-

uniformity is calculated by averaging the polar definition of the instantaneous 
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phase difference for each epoch. The formal definition of PLV for two time 

series, 𝑖 and 𝑗, with instantaneous phases 𝜑𝑖(𝑡) and 𝜑𝑗(𝑡), is: 

 𝑃𝐿𝑉𝑖,𝑗 = |
1

𝑇
∑𝑒

−2𝜋𝑗(𝜑𝑖(𝑡)−𝜑𝑗(𝑡))

𝑡

| (3.1) 

The multivariate extension is given by: 

 𝑃𝐿𝑉𝐴,𝐵 =
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where 𝑁𝐴 is the number of sources in area 𝐴, and 𝐴𝑖  is the source 𝑖 inside 

this area. The instantaneous phase of each signal was extracted using the 

Hilbert analytical signal (Pereda, Quiroga and Bhattacharya, 2005) after band-

pass filtering the data, but prior to removing the padding, in order to minimize 

the distortion introduced by the edge effect. 

8.2.7. Statistical analysis 

The statistical contrast used in these experiments was a between groups 

comparison. As the PLV values do not usually distribute normally, we 

compared the group differences with an ad-hoc null distribution constructed 

using 10,000 randomized partitions of the data. In order to control for 

multiple comparisons, the resulting p-values were corrected using False 

Discovery Rate (FDR) (Benjamini and Hochberg, 1995). 

For the first experiment, two issues determined the statistical analysis. 

First, the number of groups was three, so a complex between group 

comparisons was required. Second, the groups differed in age, so the 

statistical analysis was required to accept covariates. We chose ANCOVA, with 

age as covariate, as statistical contrast. Those links that resulted significant 

from this analysis were studied using a post-hoc pairwise comparison 

corrected using Tukey’s Honestly Significant Difference (HSD) approach. 

For the second experiment, the statistical model is far simpler, as the 

number of groups is two and the model does not require covariates. In this 

case, we chose as statistical contrast Mann-Whitney U test. The same test 

was applied to the neuropsychological data, in order to find tests able to 

distinguish stable from progressive MCI patients. Finally, the results which 

showed a better ability to distinguish between both groups were used as 
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input to a classifier based on logistic regression with leaving-one-out cross-

validation. The results from the classifiers was completed with the calculation 

of the confidence interval (CI) calculated using the Beta approach (Clopper 

and Pearson, 1937). 

8.3. Results for the first experiment 

In this experiment we used an ANCOVA analysis with age as covariate, 

corrected for multiple comparisons with an FDR of 5% (Q = 0.05, 5% 

probability of false positives). This analysis revealed 17 links where at least 

one of the groups is different from the other two. The post-hoc analyses 

indicated that in all 17 links the HC were different from the MCI, in 14 links 

the HC were different from the SCD and in 4 links the SCD were different from 

the MCI. Figure 8.2 shows box plots for these 17 links, indicating the 

comparisons where these links showed significant differences between 

groups. 

MCI patients showed an increase in FC, when compared to the HC group, 

in an anterior motif of 3 links in the left hemisphere, comprising the inferior 

temporal gyrus, the paracingulate and the anterior cingulate. On the other 

hand, they also showed a decrease in FC, when compared to the HC group, in 

a posterior motif of 14 links comprising temporal medial structures (both 

hippocampi and right parahippocampus), parietal (left post-central gyrus and 

both supramarginal gyri) and occipital areas (left occipital pole, both superior 

 

Figure 8.1 Distribution of the FC values in the 17 significant links in the first experiment. 

The box plot shows the FC values for HC (blue), SCD (red) and MCI (green) groups. Asterisks 

mark significantly different connectivity values between groups. One asterisk (*) denotes a p-

value between 0.05 and 0.01. Two asterisks (**) denote a p-value lower than 0.01. 
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occipital cortices, right inferior occipital cortex and right lingual cortex). The 

 

 

 

Figure 8.2 Connectivity maps for the three comparisons in the first experiment. 

The maps show the FC links that resulted significantly different in each comparison. The right 

part of the figure shows schematic circle plots showing the significant FC links. A: Comparison 

between Healthy Controls (HC) and Mild Cognitive Impairment (MCI) groups. B: Comparison 

between Healthy Controls (HC) and Subjective Cognitive Decline (SCD) groups. C: Comparison 

between Subjective Cognitive Decline (SCD) and Mild Cognitive Impairment (MCI) groups. Red 

indicates an increase in FC with the assumed neurodegeneration. Blue indicates a decrease in 

FC with the assumed neurodegeneration. 
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affected links are shown in Figure 8.2 (a). 

The comparison between the HC group and the SCD group identified a 

similar pattern, shown in Figure 8.2 (b). The SCD group showed, when 

compared to the HC group, an increase in FC in an anterior motif comprising 

the same structures than the MCI group. The SCD group also showed a similar, 

but reduced, motif of decreased FC in 11 posterior links. Interestingly, all the 

links affected in SCD, when compared to HC, were also affected in MCI, in the 

same direction. 

Table 8.3 Results of the correlation analysis between connectivity values and 

neuropsychological and neurophysiological data in the first experiment. 

 Hippocampal 
volume 

MMSE Inverse digits 
BNT - 

Spontaneous 
responses 

lPosCG - rSMG n.s. n.s. n.s. n.s. 

lPosCG - lSOC r = 0.2817 n.s. n.s. n.s. 

lSMG - lSOC r = 0.2504 r = 0.2262 n.s. r = 0.2350 

rSMG - rSOC n.s. r = 0.2567 n.s. n.s. 

rITG-ap - rIOC n.s. n.s. n.s. r = 0.2783 

rSMG - rIOC n.s. n.s. n.s. n.s. 

rAng - lOP n.s. n.s. r = 0.2411 n.s. 

lSPL - lOP n.s. n.s. r = 0.3003 n.s. 

rSMG - rLin n.s. n.s. n.s. n.s. 

lPosCG - lCu n.s. n.s. n.s. n.s. 

rSPL - lCu n.s. n.s. n.s. n.s. 

rAng - rParaHip n.s. n.s. n.s. n.s. 

rSMG - lHip n.s. n.s. n.s. r = 0.2651 

lSMG - rHIp n.s. n.s. n.s. r = 0.2343 

lITG-ap - lCG-a n.s. n.s. n.s. r = -0.3118 

lITG-ap - lParaC n.s. n.s. n.s. r = -0.3615 

rFMC - lAmyg n.s. n.s. n.s r = -0.2602 

The table shows the correlation values of each significant correlation between the significantly 

different links and the anatomical values and neuropsychological scores. First 14 rows depict 

hypo-synchronization links. Last 3 rows depict hyper-synchronization links. Non-significant 

correlation coefficients (p > 0.0094, after FDR correction) were replaced by “n.s.”. MMSE: Mini 

Mental State Examination. BNT: Boston Naming Test. 
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Last, the comparison between the SCD group and the MCI group revealed 

a posterior motif where FC in the second group was decreased in 4 inter- and 

intra-hemispheric links, connecting temporal, parietal and occipital regions. 

Figure 8.2 (c) shows the affected network. 

Due to its extended use in the clinical diagnosis of MCI and AD, we studied 

the hippocampal volumes of the three groups of participants using an 

ANCOVA with age as covariate. The contrast revealed significant differences 

between groups (p<0.01). Pairwise comparisons showed that MCI patients 

had significantly lower volumes than both SCD (p<0.01) and HC group 

(p<0.01), while the volumes of SCD and HC participants did not differ (p>0.05). 

In addition, when correlating the hippocampal volume with the 17 links that 

showed significant differences between groups, two posterior links showed a 

significant positive correlation. The results for the hippocampal volumes are 

shown in Table 8.1, and the correlations with the FC data in Table 8.3. 

8.4. Results for the second experiment 

In this experiment we used a Mann-Whitney U statistical test, corrected 

for multiple comparisons with and FDR of 10% (Q=0.10, 10% probability of 

false positives). This analysis revealed 5 links where the FC in the pMCI group 

was increase with respect to the sMCI group, all of them connecting the right 

anterior cingulate with posterior regions of the brain. A map describing the 

position of the affected regions and links is shown in Figure 8.3, and the 

associated p-values are shown in Table 8.4. 

As the clinical criteria for the diagnosis of AD is based on a cognitive 

evaluation, we compared the neuropsychological scores of both groups using 

a statistical approach similar to that used in the FC analysis. After correcting 

the results with FDR, both groups of patients differed in Immediate and 

Delayed Recall scores. When using a similar approach with the hippocampal 

volumes, only the volume of the left entorhinal cortex showed differences, 

but this result did not survive multiple comparisons correction. In order to aid 

in the interpretation of the FC values, we also calculated the correlation 

between the five significantly different links and the neuropsychological 

scores. These results are summarized in Table 8.5. 
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When we created a classifier using the FC links, the maximal accuracy was 

achieved using Link 2 (Right anterior cingulate with Right lateral occipital 

cortex), with an accuracy of 81.6% (68.0% - 91.2% CI at 95%). Using the 

neuropsychological scores as inputs, Immediate Recall achieves an accuracy 

of 79.6% (65.7 - 89.8% CI at 95%) and Delayed Recall achieves an accuracy of 

77.6% (63.4% - 88.2% CI at 95%). All the individual classification statistics are 

shown in Table 8.4. The accuracy achieved combining the best FC link (Link 2) 

and the best neuropsychological score (Immediate recall) was 89.8% (77.8% - 

96.6% CI at 95%), grater that considering the two variables separately.  

8.5. Discussion 

This study showed the ability of multivariate PS to characterize the 

neurological affectations of the AD continuum. The first experiment of this 

study have been published as a paper in Frontiers in Aging Neuroscience 

 

Figure 8.3 Cortical areas implied in the five significant FC in the second experiment. 

A: Different views of the brain and cortical areas from the Harvard-Oxford atlas involved in the 

significant FC links. B: Relation of areas, numbers and colors used in A and C. C: Schematic view 

of the significant connectivity links established between the areas in A. 
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(López-Sanz, Bruña, et al., 2017). The second experiment of this study was 

published as a paper in Journal of Neuroscience (López, Bruña, et al., 2014). 

Table 8.4 Significant FC links in Alpha band and neuropsychological tests between sMCI and 

pMCI patients in the second experiment. 

 sMCI pMCI p-value 

Classification statistics 

ACC (95% CI) 

(SEN, SPE, PPV, NPV) 

Link 1 0.105 ± 0.030 0.140 ± 0.020 2.04 x 10-4 
77.6% (63.4% - 88.2%) 

(78.9%, 76.7%, 68.2%, 85.2%) 

Link 2 0.100 ± 0.030 0.142 ± 0.030 3.40 x 10-5 
81.6% (68.0% - 91.2%) 

(84.2%, 80.0%, 72.7%, 88.9%) 

Link 3 0.095 ± 0.020 0.132 ± 0.030 1.73 x 10-4 
77.6% (63.4% - 88.2%) 

(73.7%, 80.0%, 70.0%, 82.8%) 

Link 4 0.141 ± 0.030 0.182 ± 0.030 1.35 x 10-4 
77.6% (63.4% - 88.2%) 

(78.9%, 76.7%, 68.2%, 85.2%) 

Link 5 0.101 ± 0.031 0.141 ± 0.030 2.81 x 10-4 
69.4% (54.6% - 81.7%) 

(68.4%, 70.0%, 59.1%, 77.8%) 

Immediate 

Recall 
20.70 ± 8.17 10.00 ± 4.98 3.26 x 10-6 

79.6% (65.7% - 89.8%) 

(84.2%, 76.7%, 69.6%, 88.5%) 

Delayed 

Recall 
8.63 ± 7.39 1.78 ± 2.21 7.18 x 10-5 

77.6% (63.4% - 88.2%) 

(78.9%, 76.7%, 68.2%, 85.2%) 

The Table shows the mean ± SD (standard deviation) of the five significant FC links and the two 

neuropsychological tests. The third column shows the p-value for the comparison between 

groups. The last column shows the classification scores attained when using the FC of each link 

as sole input to the classifier. Link 1: Right Cingulate Gyrus, anterior division with Right Middle 

Temporal Gyrus, temporo-occipital part. Link 2: Right Cingulate Gyrus, anterior division with 

Right Lateral Occipital Cortex, inferior division. Link 3: Right Cingulate Gyrus, anterior division 

with Right Occipital Pole. Link 4: Right Cingulate Gyrus, anterior division with Left 

Supracalcarine Cortex. Link 5: Right Cingulate Gyrus, anterior division with Left Lateral Occipital 

Cortex, inferior division. ACC: Accuracy. SEN: Sensitivity. SPE: Specificity. PPV: Positive 

predictive value. NPV: Negative predictive value. 95% CI: 95% confidence interval. 



178 Study 4 

In the first experiment, we observed that MCI and SCD subjects showed a 

similar pattern of alterations when compared to the HC group. In particular, 

the comparison between the HC group and the SCD group showed an increase 

in FC over anterior areas and a decrease in FC in posterior areas in the latter. 

When comparing the SCD group with the MCI group, only a decrease in FC in 

posterior areas was observed in MCI subjects. This reinforces the idea that 

SCD is an initial state in the AD continuum, as the affected links in SCD, when 

compared to HC, are also present in MCI. It is interesting to note that the 

anterior increase in FC is present both in preclinical and clinical stages, 

indicating that this affectation appears early in the course of the disease. SCD 

subjects also show posterior decrease in FC, indicating that this affectation 

also appears early, but it continues to intensify in the MCI group. In fact, two 

of the posterior links that appear both in SCD and MCI, when compared to 

HC, showed correlations with hippocampal volumes. This indicates that a 

decrease in the intensity of the FC is accompanied by hippocampal 

neurodegeneration, a classic biomarker for AD. 

Previous functional MRI (Sorg et al., 2007; Cai et al., 2017) and EEG (Hsiao 

et al., 2013) studies have found decreased FC over the default mode network 

(DMN) in the AD continuum. The DMN comprises areas that highly overlap 

with our findings, such as medial temporal structures and inferior parietal 

areas. These findings are in agreement with our results, but we have found 

that these FC changes observed start before the MCI stage, in the pre-clinical 

Table 8.5 Significant FC links in Alpha band and neuropsychological tests between sMCI and 

pMCI patients in the second experiment. 

 Link 1 Link 2 Link 3 Link 4 Link 5 

MMSE n.s. n.s. n.s. n.s. n.s 

Immediate Recall n.s. r = -0.394 r = -0.366 r = -0.300 r = -0.350 

Delayed recall n.s. n.s. n.s. n.s. n.s. 

Left hippocampal volume n.s. r = -0.370 n.s. r = -0.336 r = -0.213 

Right hippocampal 

volume 
n.s. n.s. r = -0.342 r = -0.368 r = -0.431 

Total hippocampal 

volume 
n.s. r = -0.351 n.s. r = -0.375 r = -0.386 

The table shows the correlations calculated using Spearman’s approach between the five 

significant FC links and neuropsychological test scores and hippocampal volumes in the whole 

sample. Non-significant correlation coefficients (p > 0.040 after FDR correction) were replaced 

by “n.s.”. MMSE= Mini Mental State Examination. 
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phase. Our results confirm the progressive loss of posterior FC in the AD 

continuum (Jones et al., 2015), starting in the SCD stage. 

In the second experiment, the pMCI patients showed increased FC values 

between the anterior cingulate and posterior areas, when compared to sMCI 

patients. This seems to indicate that MCI patients that, in a maximum of two 

years, progress to full-blown AD, have a distinct brain connectivity pattern, 

probably due to a larger amount of neurological damage. When brought 

together, FC values and neuropsychological scores show higher accuracies 

than each metric separately, indicating that, while related, these two 

approaches provide different information.  

These results are in agreement with the literature studying the  

progression from MCI to AD. (Rossini et al., 2006) found an increase in fronto-

parietal coherence, together with an increase of slow frequency activity, 

when comparing pMCI patients to sMCI patients using EEG. (Bajo et al., 2012) 

found an increase in parieto-occipital FC when comparing pMCI with sMCI in 

a Stenberg memory task in MEG. This increase in FC is usually interpreted as 

a compensatory mechanism, but the negative correlation with memory 

scores and hippocampal values found in this work seems to indicate a 

subjacent pathology. In fact, Aβ has been found to be specially toxic to 

GABAergic inhibitory synapses (Garcia-Marin et al., 2009), which could carry 

an increase in neuronal excitability and explain the increase in FC. 

Put together, both experiments define an interesting framework for the 

study of the AD continuum. In the first steps of the disease, an increase in FC 

in the anterior regions of the brain accompanied by a decrease in FC over 

posterior regions of the brain, characterizes in the SCD stage. In the MCI stage 

the posterior FC decrease continues to exacerbate, while the anterior FC 

increase stabilizes. Last, an increase in antero-posterior FC indicates the 

increased neurodegeneration before the onset of the AD stage. 

It is noteworthy that, in our results, anterior cingulate show increased FC 

both prior the onset of MCI (SCD stage) and prior the onset of AD (pMCI 

stage). Anterior cingulate has been identified as an important hub in brain 

connectomics (Shenhav, Botvinick and Cohen, 2013; Kolling et al., 2016), and 

cortical hubs have been found to play an important role in the Aβ deposition 

in the brain (Buckner et al., 2009), maybe caused by an increase in their 

synaptic activity (Cirrito et al., 2008). In this sense, an increase in synaptic 

activity could lead to an increase in Aβ deposition which, due to its toxicity to 
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GABAergic inhibitory neurons (Garcia-Marin et al., 2009) could lead to an 

increase in synaptic activity, in a process that has been denominated 

cascading network failure (Jones et al., 2015). The results presented here 

seem to indicate that the anterior cingulate pays an important role in this 

failure, being the first cortical area showing affected FC patterns, even before 

the behavioral and neuropsychological changes. 

This study proves that whole-brain multivariate phase synchronization, as 

developed during this Thesis, is a useful tool to characterize neuronal 

damage, even before the symptoms’ onset. 
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Chapter 9.  

 

Study 5: Simultaneous EEG-MEG source space 

connectivity in alcohol dependency 

9.1. Introduction 

Alcohol is the most consumed non-therapeutic drug worldwide, according 

to the public health statistics and reports (World Health Organization, 2014). 

It is, in addition, the third health risk by importance, with a 3.8% of deaths 

worldwide attributable to alcohol (Marshall, 2014). The dependence to 

alcohol is associated to a number of digestive, cardiovascular or neurological 

pathologies, and to a general affectation in cognitive performance (Pascual 

Pastor, Guardia Serecigni and Pereiro Gómez, 2013). In fact, alcohol 

dependent patients present cognitive deficits in memory (Sachdeva et al., 

2016; Sullivan, 2017), inhibitory control (Oscar-Berman et al., 2014), 

planification ability (Fox et al., 2000) and decision making (Fernández-Serrano 

et al., 2010; Le Berre, Fama and Sullivan, 2017). However, it is unclear if these 

deficits derive from damage to the frontal cortex (Uekermann et al., 2007) or 

from a more widespread neurological affectation (Stavro, Pelletier and 

Potvin, 2013). While they appear in the addiction period, studies have shown 

that they mitigate progressively with abstinence (Stavro, Pelletier and Potvin, 

2013; Oscar-Berman et al., 2014; Le Berre, Fama and Sullivan, 2017). 

Neuroanatomically, the effects of alcohol dependency on the brain seem 

to be widespread Studies have found cortical atrophy in frontal areas 

(Chanraud et al., 2007; Wang et al., 2016), corpus callosum (Pfefferbaum, 

Adalsteinsson and Sullivan, 2006; Chanraud et al., 2007), hippocampus 

(Wilson et al., 2017) and thalamus (Chanraud et al., 2007). Alcohol abuse has 

been related to a loss in white matter integrity, especially in tracts connected 

to anterior and posterior cingulate cortices (Wang et al., 2016) and in the 

reward circuits (Kuceyeski et al., 2013; Wang et al., 2016). Frontal atrophy 

usually correlates with a higher impulsivity (Wang et al., 2016) and a higher 

probability of relapse (Rando et al., 2011). However, some of these 

neurological features have also been found in non-consumers with high risk 

of developing alcohol addiction (Seigneurie, Guérin Langlois and Limosin, 

2013), raising the question of what is the cause and what is the effect. 
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Despite this generalized neurological damage in alcohol dependent 

population, they show a similar cognitive performance to healthy subjects, 

although usually at the cost of a higher energetical expense (Chanraud and 

Sullivan, 2014), which seems to appear also in resting state (Müller-Oehring 

et al., 2015). In this same line, some studies have found, in alcoholics, a higher 

synchronization in the default mode network in resting state accompanied by 

a lower desynchronization during a task (Chanraud et al., 2011). 

Functional studies based on M/EEG have provided contradictory 

evidences. While Coutin-Churchman and colleagues (Coutin-Churchman et 

al., 2006) have found decreased power in Delta and Theta bands, other have 

found the opposite results (Kaplan et al., 1985). On the other hand, reduced 

Alpha (Kaplan et al., 1985; Finn and Justus, 1999) and increased Beta power 

(Rangaswamy et al., 2004; Coutin-Churchman et al., 2006) have been 

consistently found. Many works studying FC have found decreased coherence 

in alcohol consumers in frequencies below 20 Hz (Kaplan et al., 1985; de Bruin 

et al., 2006; Tcheslavski and Gonen, 2012), although some have found 

increased Theta (Correas et al., 2016), Alpha (Winterer et al., 2003) and Beta 

(Winterer et al., 2003; Correas et al., 2016). However, some of these 

inconsistences could be attached to the use of sensor-space data, especially 

considering the reference-related issues in EEG (Yao, 2001; Yao et al., 2005). 

The objective of this work is to characterize the whole brain FC of a cohort 

of alcohol dependent individuals when compared to healthy controls using 

simultaneous EEG-MEG resting state data. The use of source-space data 

removes any possible influence of the sensor geometry or the EEG 

referencing (Hämäläinen and Ilmoniemi, 1994; Pascual-Marqui, Michel and 

Lehmann, 1994), and the combination of EEG and MEG combines the higher 

spatial resolution of MEG with the sensitivity of EEG to deep and radial 

sources (Cuffin and Cohen, 1979; Hämäläinen et al., 1993). 

9.2. Materials and methods 

9.2.1. Subjects 

21 alcohol-dependent patients (age 45.8 ± 8.6, mean ± standard deviation, 

all male) and 18 healthy participants (age 43.7 ± 6.3, all male) volunteered for 

the study. We recruited the alcohol-dependent patients from the therapy 

program for alcohol-related problems at the “Hospital 12 de Octubre” 

(Madrid, Spain), and were required to have a minimum abstinence period of 

28 days at the time of the acquisition. The control participants were matched 
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in age, gender and educational level. The sociodemographic data of both 

groups is shown in Table 9.1. All the participants were free of any disease that 

could affect the central nervous system activity, including comorbidity of 

other psychiatric disorders. 

In order to assess their cognitive status, the participants underwent a 

neuropsychological evaluation. The evaluation included: Direct and Inverse 

Digit Span Test (WMS-III) (Wechsler, 1987); Immediate and Delayed Recall 

(WMS-III) (Wechsler, 1987); Stroop Color and Word test (Golden, 1978); and 

Table 9.1 Demographic, neuropsychological and neurophysiological data for each group. 

 Mean ± SD 
p- value 

 CTR ALC 

Age (years) 43.67 ± 6.27 45.81 ± 8.58 n.s. 

Gender (M/F) 18/0 21/0 n.s. 

Educational level 3.50 ± 0.86 3.10 ± 1.09 n.s. 

Immediate Recall 39.44 ± 10.00 33.01 ± 8.71 0.0408 

Delayed Recall 26.17 ± 7.78 19.76 ± 5.92 0.0060 

Rule shift Cards 3.78 ± 0.43 3.52 ± 0.68 n.s. 

Direct digit Spam 9.19 ± 1.98 8.14 ± 2.01 n.s. 

Inverse digit Spam 6.28 ± 2.16 5.48 ± 1.75 n.s. 

Stroop Interference 46.34 ± 5.60 42.05 ± 5.49 0.0210 

CIWA 0.00 ± 0.00 2.58 ± 3.31 0.0468 

OCDS 1.59 ± 2.15 12.11 ± 7.90 6.67 x 10-6 

DDS 6.65 ± 5.30 66.53 ± 18.20 8.37 x 10-15 

BIS-11 40.06 ± 14.13 52.76 ± 16.69 0.0196 

HAM-A 2.67 ± 3.58 10.57 ± 9.44 0.0019 

HAM-D 4.83 ± 4.19 14.62 ± 9.97 0.0004 

The Table shows mean ± SD (standard deviation) of demographic information and some 

neuropsychological scores for each group. The last column of the table shows the p-values 

resulting of the statistical comparison between groups (independent samples t-test for 

continuous variables, Fisher’s exact test for gender). Non-significant p-values (p > 0.05) were 

replaced by “n.s.”. Educational level was grouped into five levels: 1: Basic studies; 2: Primary 

studies; 3: Middle school studies; 4: High school studies; 5: University studies. M: Males. F: 

Females. CIWA-R: Clinical Institute Withdrawal Assessment of Alcohol Scale, Revised. OCDS: 

Obsessive Compulsive Drinking Scale. DDS: Desire to Drink Scale. BIS-11: Barratt Impulsiveness 

Scale. HAM-A: Hamilton Anxiety Rating Scale. HAM-D: Hamilton Depression Rating Scale. 
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Rule Shift Cards (Behavioral Assessment of the Dysexecutive Syndrome, 

BADS) (Norris and Tate, 2000). The level of alcohol dependence and other 

related features were evaluated by means of self-informed questionnaires, 

including: Clinical Institute Withdrawal Assessment of Alcohol Scale, Revised 

(CIWA-R) (Sullivan et al., 1989); Obsessive Compulsive Drinking Scale (OCDS) 

(Anton, Moak and Latham, 1996); Drinking Desire Scale (DDS) (Montes et al., 

2006); Barrat Impulsiveness Scale (BIS-11) (Patton, Stanford and Barratt, 

1995); Hamilton Anxiety Rating Scale (HAM-A) (Hamilton, 1959); and 

Hamilton Depression Rating Scale (HAM-D) (Hamilton, 1960). The scores are 

summarized in Table 9.1. 

This study was approved by the ethics committee at the “Hospital 12 de 

Octubre” (Madrid, Spain). All participants signed an informed consent prior 

of the enrolment in the study. 

9.2.2. Data acquisition and pre-processing 

We acquired the electrophysiological data using an Elekta Vectorview 

(Elekta AB, Sotckholm, Sweden) MEG scanner with 306 channels (102 

magnetometers, 204 planar gradiometers) covering the whole head, while 

simultaneously measuring EEG using the same system and a 60 channels cap 

manufactured by Elekta. The MEG system was located inside a magnetically 

shielded room (VacuumSchmelze GmbH, Hanua, Germany) at the 

“Laboratory of Cognitive and Computational Neuroscience” in Madrid (Spain). 

We acquired 4 minutes of resting state activity with eyes closed from each 

subject, while the participants were sitting comfortably, but awake. 

Prior to the acquisition, we placed four electrodes, in a set of two bipolar 

montages. The first one consisted of a pair of electrodes above and below the 

left eye of the participant, in order to capture eye movements and blinks. The 

second one consisted of a pair of electrodes in the collarbone and the 

abdomen, aimed to capture electrocardiographic activity. In addition, we 

placed four head position indication (HPI) coils, two in the forehead and to in 

the mastoids, firmly attached to the head. Last, we digitalized the position of 

the 60 EEG electrodes in the cap, the four HPI coils, together with a minimum 

of 300 points evenly distributed over the head of the participant, using a 

FASTRAK system (Polhemus, Colchester, Vermont). This digitalized head 

shape was later use as aid to the realignment of the head model in the source 

reconstruction. 
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M/EEG data was online band-pass filtered between 0.1 and 330 Hz and 

acquired with a sampling rate of 1000 Hz. The four HPI coils were fed during 

the acquisition in order to provide continuous information on the head 

position and its movements. We processed the MEG data offline by using the 

temporal extension of the signal space separation algorithm (Taulu and 

Simola, 2006) using MaxFilter (window length of 10 s, correlation threshold 

0.9). HPI information was used to correct the head movements using the 

same algorithm. 

Ocular and muscular artifacts and electronic jumps in the signal, were 

automatically identified using an automatic procedure based on FieldTrip 

(Oostenveld et al., 2011) and visually confirmed by a MEG expert. Ocular and 

cardiac artifacts, when possible, were removed using an independent 

component approach based on Second Order Blind Identification (SOBI) 

(Belouchrani et al., 1997) separately for EEG and MEG. The remaining data 

was segmented in 4 seconds epochs of continuous artifact-free activity. Only 

those subjects with at least 15 epochs, adding to a total of one minute of data, 

were selected for further analysis. 

FC was studied in the five classical bands: Theta (from 4 to 8 Hz); Alpha (8 

to 12 Hz); Low Beta (12 to 20 Hz); High Beta (20 to 30 Hz); and Gamma (30 to 

45 Hz). In order to get the band-pass signal for each band we used a 1800th 

order FIR filter, using two-pass filtering and 2 seconds (2000 samples) of real 

data at each side as padding in order to avoid the projection of edge effects 

in the data. 

9.2.3. MRI acquisition and pre-processing 

A T1-weighted MRI was available for most of the subjects. MRI were 

acquired in a General Electric 1.5 Tesla scanner using a high-resolution 

antenna and a homogenization PURE filter (Fast Spoiled Gradient Echo, 

TR/TE/TI 11.6/5.0/600 ms; flip angle 8°; slice thickness 2 mm; FOV 256 mm).  

A correct knowledge of the shape and thickness of the skull is paramount 

to achieve a precise source reconstruction in EEG. In order to obtain it, we 

generated a pseudo-CT from the T1 MRI using a synthesis algorithm based on 

patches (Torrado-Carvajal et al., 2016). This technique generates a likewise 

CT of the participant using the original T1 MRI and a dictionary, containing a 

set of aligned MRI and CT from different patients. For each voxel of the MRI, 

the algorithm generates a patch formed by the surrounding voxels, and this 

patch is compared to the dictionary. The matching patches in the MRI 
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dictionary are taken, and the corresponding pseudo-CT voxel is generated 

from the corresponding CT dictionary voxels. This method allows for an 

accurate estimation of the bone structure and density from the MRI.  

9.2.4. Source reconstruction 

We generated a three compartments head model for each subject, using 

the inner and outer surfaces of the skull, extracted from the pseudo-CT, and 

the skin surface, extracted from the T1 MRI, as boundaries. This head shape 

was realigned to the position inside the MEG scanner, using the digitalized 

head shape as guide. Finally, we used OpenMEEG (Gramfort et al., 2010) to 

calculate the M/EEG lead fields with a boundary elements method (BEM). 

We defined a homogeneous grid with 10 mm spacing in the MNI template 

and used a linear affine registration to transform the template to the 

individual MRI. The grid was transformed accordingly. As inverse solver we 

used a linearly constrain minimum variance (LCMV) beamformer (van Veen 

et al., 1997) using the covariance matrix of the data in broad band (2 to 45 

Hz) and a regularization factor of 10%. In order to combine the data from 

magnetometers, gradiometers and EEG electrodes in a single spatial filter, we 

applied a pre-scaling of the data (Mohseni et al., 2012). The sources were 

labelled according to the Automatic Anatomical Labeling atlas (Tzourio-

Mazoyer et al., 2002); those ones falling outside a cortical area were 

discarded. The lists of areas in the atlas is depicted in Appendix B. The final 

source model consisted of 1160 three-dimensional sources, or 3480 dipoles, 

distributed over gray matter. 

9.2.5. Functional connectivity analysis 

The analysis of FC was performer using the hypothesis of phase 

synchronization (Rosenblum, Pikovsky and Kurths, 1996) evaluated by means 

of a multivariate extension of the Phase Locking Value (PLV) (Mormann et al., 

2000). This multivariate extension consisted on the root-mean-squared of the 

bivariate PLV values of all the links connecting two different brain regions, as 

described in Chapter 7. Basing on the results obtained in that Chapter, we 

used each direction of each three-dimensional source as an independent 

dipole. 

Phase synchronization relies on the idea that two phase-locked systems 

must present a non-uniform phase difference and estimates the intensity of 

this phase-locking from the level of non-uniformity. In PLV, the level of non-
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uniformity is calculated by averaging the polar definition of the instantaneous 

phase difference for each epoch. The formal definition of PLV for two time 

series, 𝑖 and 𝑗, with instantaneous phases 𝜑𝑖(𝑡) and 𝜑𝑗(𝑡), is: 

 𝑃𝐿𝑉𝑖,𝑗 = |
1

𝑇
∑𝑒

−2𝜋𝑗(𝜑𝑖(𝑡)−𝜑𝑗(𝑡))
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The multivariate extension is given by: 
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where 𝑁𝐴 is the number of dipoles in area 𝐴, and 𝐴𝑖  is the dipole 𝑖 inside 

this area. This multivariate extension of PLV was evaluated in Chapter 7 and 

was, together with the average multivariate PLV used in Chapter 8, the 

approach that better estimates the real inter-area PS. The instantaneous 

phase of each signal was extracted using the Hilbert analytical signal (Pereda, 

Quiroga and Bhattacharya, 2005) after band-pass filtering the data, but prior 

to removing the padding to minimize edge-effect distortions. 

9.2.6. Statistical analysis 

The statistical test used in this experiment was a between groups 

comparison using an independent samples t-test. As the PLV values do not 

usually distribute normally, we compared the group differences with and ad-

hoc null distribution constructed using 100,000 randomized partitions of the 

data. In order to control for multiple comparisons, the resulting p-values were 

corrected using a False Discovery Rate (FDR) (Benjamini and Hochberg, 1995) 

of 10% (Q = 0.10, 10% maximum ratio of false positives). 

9.3. Results 

The comparison between alcohol-dependent and healthy participants 

showed a generalized increase in FC in the first group. Figure 9.1, Figure 9.2 

and  Figure 9.3 show altered patterns of whole-brain FC for Theta, low Beta, 

high Beta and Gamma bands. No significant differences were found for the 

Alpha band. The solid lines represent an affected link between two brain 

regions: if the alcohol-dependent individuals showed an increase in FC in this 
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link, it is represented in red color; if the alcohol-dependent individuals 

showed a decrease in FC, the link is represented in blue. 

Figure 9.1 shows the results for Theta band, where the statistical analysis 

found an increase in connectivity in temporo-parietal areas. In the left 

hemisphere, the whole posterior temporal lobe shows an increase in 

connectivity, between temporal regions and with inferior parietal regions. In 

the right hemisphere the pattern of alterations is more sparse, with a smaller 

set of links connecting temporal, parietal and frontal areas. 

Figure 9.2 (a) shows the results for low Beta band. These results show a 

generalized increase in FC in this band, especially in frontal and parietal areas. 

In particular, the three sections of the cingulate cortices seem to be involved 

in many of the affected connections. The pattern seems symmetrical, except 

for a larger affectation in temporal and medial-temporal areas in the left 

hemisphere, covering the whole temporal lobe. Figure 9.2 (b) shows a similar 

pattern in high beta band, with bilateral, symmetric frontal alterations and 

temporal alterations in the left hemisphere only. 

Last, Figure 9.3 shows the results for Gamma band, were the statistical 

analysis found an increase in FC defined by a temporal motif in the left 

hemisphere. It is interesting to note that this motif seems to be present in all 

 

Figure 9.1 Connectivity maps for the comparison in Theta band. 

The maps show the FC links that resulted significantly different in the comparison between 

alcohol-dependent and healthy individuals. The right part of the figure shows schematic circle 

plots showing the significant FC links. Red indicates an increase in FC in the alcohol-dependent 

group. Blue indicates a decrease in FC in the alcohol-dependent group. 
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the results, probably indicating a deep affectation of this area in alcohol-

dependent individuals. 

 

 

Figure 9.2 Connectivity maps for the comparison in Beta band. 

The maps show the FC links that resulted significantly different in the comparison between 

alcohol-dependent and healthy individuals. The right part of the figure shows schematic circle 

plots showing the significant FC links. Red indicates an increase in FC in the alcohol-dependent 

group. Blue indicates a decrease in FC in the alcohol-dependent group. Top: Results for low 

Beta band. Bottom: Results for high Beta band. 
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9.4. Discussion 

In this study we evaluated the FC patters of alcohol-dependent individuals 

and healthy controls using simultaneous EEG and MEG. In order to achieve an 

accurate source reconstruction we used a pseudo-CT image, extracted from 

the participants’ MRI (Torrado-Carvajal et al., 2016) and a high quality BEM 

model. This setup allowed the identification of a distinctive pattern of FC in 

the alcohol-dependent individuals, characterized for a generalized increase in 

synchronization in several frequency bands. This increase is especially 

significant in Beta band, but can also be observed in Theta and Gamma bands. 

An increase in FC in Beta band has been previously described using EEG 

(Winterer et al., 2003) and MEG (Correas et al., 2015) in sensors space. 

Winterer and colleagues found increased antero-posterior low Beta 

coherence when studying alcohol-dependent individuals, both in abstinence 

and not (Winterer et al., 2003). These results match our findings in low Beta 

band, showing an increase in fronto-parietal FC. Correas and colleagues found 

increased fronto-parietal FC in binge drinking non-addict adolescents when 

compared to age-matched controls (Correas et al., 2016). 

It is important to remark that, according to our results, one of the main 

hubs affected by alcohol is the cingulate cortex, both in its anterior (low and 

 

Figure 9.3 Connectivity maps for the comparison in Gamma band. 

The maps show the FC links that resulted significantly different in the comparison between 

alcohol-dependent and healthy individuals. The right part of the figure shows schematic circle 

plots showing the significant FC links. Red indicates an increase in FC in the alcohol-dependent 

group. Blue indicates a decrease in FC in the alcohol-dependent group. 
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high Beta) and posterior (low Beta only) parts. The affectation of these 

structures agrees with the literature (Wang et al., 2016). Anterior cingulate 

plays an important role in cognitive control and reward mechanisms 

(Shenhav, Cohen and Botvinick, 2016), and the aberrant activity in this 

structure can be related to addition itself. Even more, anatomical alterations 

in anterior cingulate are, according to previous literature, predictors of 

drinking abuse in adolescents (Cheetham et al., 2014). This structure has also 

been related to foraging and task switching, but the neuropsychological 

results in task-switching tasks (as role Shift Cards) are similar in alcohol-

addicted patients and controls. These results would support the idea of a 

compensatory activity in the anterior cingulate in the patients’ group 

(Chanraud and Sullivan, 2014) but, since our data are resting-state, this 

hypothesis seems weak. 

Some authors have proposed the existence of a Reward Deficiency 

Syndrome (RDS) associated with addiction (Blum et al., 1996). Individuals 

suffering this syndrome might present a deficit in the cortical and 

mesocortical dopaminergic system originated by a disfunction in D1 and D2 

dopamine receptors, leading them to impulsiveness and abusive drug 

consuming behavior. This deficit have been proposed to affect resting state 

networks in functional MRI (Febo et al., 2017), and this hypothesis could be 

extended to M/EEG-measured FC. D1 and D2 dopamine receptors play an 

important role in the prefrontal cortex in rodents and primates (Tseng and 

O’Donnell, 2007; Caballero and Tseng, 2016), affecting specially the 

GABAergic circuitry (Caballero and Tseng, 2016). Deficits in these receptors 

could be linked to a decrease in the activity of the GABA interneurons, 

possibly causing a hiper-excitatory imbalance. This would explain out results 

in Beta band, with increases in frontal, fronto-temporal and fronto-parietal 

FC. 

Alcohol consumption is also known to produce neurodegeneration in 

prefrontal areas (Zahr and Pfefferbaum, 2017). This neurodegeneration has 

been observed to affect inhibitory GABAergic interneuron in fetal alcohol 

spectrum disorder models in mice (Smiley et al., 2015; Nirgudkar et al., 2016; 

Hamilton et al., 2017). A similar mechanism could cause RDS-like 

symptomatology in adults. In fact, several GABAergic populations present N-

methyl-D-aspartate (NMDA) and glutamatergic receptors (Fadda and 

Rossetti, 1998). Alcohol increases the sensitivity of this receptors, producing 

a sudden increase in glutamatergic activity (Harper and Matsumoto, 2005; 

Ward, Lallemand and de Witte, 2009), and thereby creating a general 
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hyperexcitability in the GABA neurons after alcohol intake. Finally, the 

resulting increase in the activity of these neurons have been described to 

cause neurotoxicity (Dodd et al., 2000), maybe by an excessive calcium intake 

(Ward, Lallemand and de Witte, 2009), leading to neuronal dead. A decrease 

in the inhibitory GABAergic neurons would increase the glutamatergic 

excitability, therefore causing a cascade effect. 

It is not possible, with our data, to separate the effect of RDS from that of 

the damages caused by a maintained consumption of alcohol. More research 

is required to identify if a deficit in GABAergic activity or sensitivity causes 

alcohol addiction, or vice versa. Currently, both hypotheses, or even a 

combination of them (i.e., through a positive feedback mechanisms), seem 

equally plausible. 
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Chapter 10.  

 

General conclusions 

10.1. Secondary objectives and related hypotheses 

In this section, we will evaluate the achievement of the secondary 

objectives defined in Chapter 4. 

10.1.1. First secondary objective 

The first secondary objective of this thesis was to find an optimal forward 

model that allows for a cost-effective source reconstruction in EEG and/or 

MEG. We dealt with this objective in Study 1 (Chapter 5). 

The results show that head models based in finite elements (FEM) are only 

marginally better than head models based in boundary elements (BEM). In 

fact, the results from simple simulations suggests that the accuracy of BEM 

could be higher. However, more work is required to get a clear-cut answer. 

Therefore, it was not possible to confirm or reject the first hypothesis: 

Forward models based on finite element methods (FEM) are superior to 

forward models based on boundary element methods (BEM) in the analysis of 

EEG data. 

In the same way, it was not possible to confirm or reject the second 

hypothesis: Forward models based on FEM are not superior to forward 

models based on BEM in the analysis of MEG data. 

The theoretical improvement of FEM models over BEM models, if any, is 

tiny. The results show that a high-resolution BEM model produces results 

similar to those of a similar resolution FEM model. In fact, BEM models can 

accurately model the highly convoluted pial surface, even with as few as 2500 

nodes per surface. On the other hand, FEM models require in the order of 

twice the RAM and disk space, and up to six times the computation time, than 

BEM models. These results confirm the third hypothesis: The improvement 

in quality introduced by forward models based in FEM will not compensate for 

the increase in the work and computational time required for the construction 

of the model. 
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10.1.2. Second secondary objective 

The second secondary objective of this thesis was to find a multivariate 

extension of PLV that correctly estimates connectivity between pairs of 

cortical regions. 

We dealt with this objective in Study 3 (Chapter 7), and found that the best 

estimator of FC between brain regions is, according to our models, the 

average or root-mean-squared of the FC of all the pairs connecting both 

regions. This confirms the first hypothesis: An approach based on the 

combination of the pairwise PLV values between all possible pairs of between-

areas time courses will be superior to approaches based on representative 

time courses. 

 In addition, we found that the results dramatically improve when 

considering all the spatial orientations of the sources, instead of the common 

approach of taking only the direction of maximal projection. This confirms 

the second hypothesis: The use of the three dimensions of the reconstructed 

source activity proves superior to the projection over the main direction. 

The main limitation of our findings is that the computational costs 

escalates rapidly with the number of signals. The calculation of the pairwise 

FC between 1176 signals takes approximately 250-fold the time that the 

calculation of the FC between 76 representative signals. In the same way, the 

calculation of the FC using the three directions for each source takes 

approximately 10-fold the time that the calculation of the FC using only the 

main projection. In Study 2 (Chapter 6) We were able to solve this limitation 

using an algebraic reformulation of PLV that allows for a 100-fold speedup in 

the calculation of FC. This confirms the third hypothesis: It is possible to find 

an efficient reformulation of PLV that allows for the computation of large 

amounts of pairwise PLV indexes, making possible the calculation of the 

whole-brain pairwise PLV matrix in reasonable times. 

We were able to confirm the three hypotheses, thereby achieving the 

second secondary objective. 

10.1.3. Third secondary objective 

The third secondary objective of this thesis was to prove the usefulness of 

whole-brain FC, as estimated with the pipeline developed in Chapter 5, 

Chapter 6 and Chapter 7, to identify alterations in the brain activity of 

pathological and pre-clinical populations. 
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We first studied, in Study 4 (Chapter 8), the brain of pre-clinical population 

with subjective cognitive decline, and found that their patterns of FC were 

similar to those of patients with mild cognitive impairment. Moreover, we 

studied the ability of FC to prognosticate the development of dementia in a 

cohort of patients with mild cognitive impairment, and found that FC is able 

to predict, with an accuracy of around 80%, the prognosis of these patients. 

When complemented with neuropsychological data, this predictive ability 

increased to around 90%. This confirms the first hypothesis: It is possible to 

identify the effects of pathological aging in the brain functional connectivity 

patterns using multivariate PLV approaches. 

We also studied, in Study 5 (Chapter 9), the brain of alcohol-dependent 

individuals, using a simultaneous EEG and MEG acquisition, and a joint 

reconstruction of the sources of activity. We found a generalized increase in 

their FC, especially in regions related to decision making and reward 

management. This confirms the second hypothesis: It is possible to identify 

the effects of alcohol consumption in the brain functional connectivity 

patterns using multivariate PLV approaches. 

We were able to confirm the two hypotheses, and with it achieving the 

third secondary objective. 

10.2. Main objective 

The main objective of the thesis was to stablish a pipeline that allows for 

the optimal estimation of whole-brain connectivity form EEG and/or MEG 

with reasonable effort and computational time. 

From the results of Study 1 (Chapter 5) we learnt that forward models 

based on boundary elements can be approximately as accurate as forward 

models based on finite elements. In particular, the algorithm used by 

OpenMEEG showed high accuracy. We also learnt that the neglecting the 

influence of cerebrospinal fluid increases the reconstruction error. 

From the results of Study 2 (Chapter 6), we learnt that it is possible to 

rewrite the definition of PLV in a computationally efficient way. By doing so, 

we were able to achieve a 100-fold speed up in the calculation of FC with little 

memory penalty. This new formulation will allow for the calculation of FC in 

real time and makes feasible the calculation of whole-brain FC in a cohort of 

hundreds of subjects in reasonable times. 



196 General conclusions 

From the results of Study 3 (Chapter 7) we learnt that using a single time 

series as representative of a whole brain regions almost always carries a loss 

of information. We evaluated the most used approaches and found that their 

behavior is inconsistent and highly dependent of the noise. Basing of previous 

work, we proposed a new approach, based on the average (or root-mean-

squared) of all the possible pairs of sources connecting two regions. This 

approach proved to behave consistently in the simulations. In addition, when 

evaluated with real data, the FC matrices calculated with this approach from 

EEG and MEG showed high correlation, suggesting that this approach is 

optimal to reveal the real underlying FC. 

From the results of Study 4 (Chapter 8) and 5 (Chapter 9), we learnt that 

the proposed pipeline is useful to detect FC changes in aging and alcohol 

dependency. The first experiment in Study 4 (Chapter 8) shows that FC, as 

estimated with the proposed pipeline, is useful to detect the first signs of 

neuronal damage in subjective cognitive decline, even when the symptoms 

have not appeared yet. The second experiment in Study 4 (Chapter 8) shows 

that whole-brain FC, as estimated with the proposed algorithm, is able to 

prognosticate the development of dementia in population with mild cognitive 

impairment. Last the results of Study 5 (Chapter 9) show that FC, as estimated 

with the proposed pipeline, can detect alterations in frontal networks in 

alcohol dependent patients, probably showing cognitive deficits originated 

(or aggravated) by the alcohol consumption. 

In summary, we were able to generate (Chapter 5, Chapter 6, Chapter 7) 

and validate (Chapter 8, Chapter 9) a simple and fast pipeline for the 

calculation of whole-brain FC from EEG and/or MEG data. As the generation 

of this pipeline was the main objective of this thesis, we have achieved the 

main objective. 

10.3. Future lines 

In this thesis we were able to achieve the main objective. However, the 

results of the different studies still raised some question that deserve being 

addressed in the future. 

The simulations in Study 1 (Chapter 5) indicate that the inclusion of the 

information about cerebrospinal fluid, if available, should be introduced in 

the head model. However, there are still effects that have not been 

considered. It would be interesting to study, especially, the effects of the 
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parts in the skull (frontal and nasal sinuses, spongiosa) and the effect of the 

white matter anisotropy. 

The reformulation of PLV for Study 2 (Chapter 6) allowed for the definition 

of a temporal parallel of coherence, termed Hilbert coherence. This new 

metric showed similar, but slightly different, behavior that PLV. Due to its 

similitude to coherence, this new metric could be considered a SNR-weighted 

version of PLV, and its properties should be explored. In addition, Hilbert 

coherence is a linear operator: the sensor-space connectivity matrix can be 

linearly transformed to a source-space connectivity matrix, achieving an even 

greater speedup. 

The simulations in Study 3 (Chapter 7) seem to indicate that the use of 

several component, as calculated by PCA, could be a good estimator or the 

global activity of a brain region. This possibility should be explored, evaluating 

different thresholds for the selection of the components, and comparing the 

results with the average or root-mean-squared of all the possible pairs 

connecting both regions. 

The data from Study 5 (Chapter 9) consisted in simultaneous EEG and MEG 

recordings. In this thesis, we used both techniques to create a joint source 

reconstruction. It would be interesting to study FC using each technique 

separately, and try to match the differences between both techniques, if any, 

to the level of neurodegeneration. 
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Appendix A.  

 

Code for the optimized implementation of PLV 

In Chapter 6 we tested three different implementations for the calculation 

of PLV. In this Appendix, we show the three different codes developed in 

Matlab® to evaluate the behavior of each algorithm. In the codes provided, 

all three implementations are fed with the Hilbert analytic signal, with shape 

signals per samples per trials. 

The first implementation includes two nested loops, so every pair of 

signals is evaluated independently. This option is the most memory 

conservative but also the slowest one, as only two signals are evaluated in 

each interaction. The code is: 

[ nc, ns, nt ] = size( data ); 

phs  = angle( data ); 

 

plv = zeros( nc, nc, nt ); 

for t = 1: nt 

    for c1 = 1: nc 

        for c2 = c1 + 1: nc 

            dphs = phs( c1, :, t ) - phs( c2, :, t ); 

            plv( c1, c2, t ) = abs( mean( exp( 1i * dphs ) ) ); 

        end 

    end 

end 

The second implementation is a vectorized and memory efficient version 

of the algorithm. In this implementation every signal is compared against all 

the other signals, avoiding two loops. This option uses slightly more memory 

but achieves a speedup of factor 2.5 over the original one. The code is: 

[ nc, ns, nt ] = size( data ); 

phs  = angle( data ); 

 

plv  = zeros( nc, nc, nt ); 

for t = 1: nt  

    tplv = complex( zeros( nc ) ); 
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    for s = 1: ns 

        dphs = bsxfun( @minus, phs( :, s, t ), phs( :, s, t )' ); 

        tplv = tplv + exp( 1i * dphs ); 

    end 

    plv( :, :, t ) = abs( tplv / ns ); 

end 

The last implementation uses the proposed algorithm. This algorithm 

allows the direct calculation of all source pairs at once, with negligible 

memory increase. In addition to avoiding the angle and exp functions, the 

implementation removes the need to use a loop over the signals. The code is: 

[ nc, ns, nt ] = size( data ); 

ndat = data ./ abs( data ); 

 

plv  = zeros( nc, nc, nt ); 

for t = 1: nt 

    plv( :, :, t ) = abs( ndat( :, :, t ) * ndat( :, :, t )' ) / ns; 

end 
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Appendix B.  

 

List of areas in the anatomical atlases 

List of areas for Harvard-Oxford atlas 

List of areas 

Amyg Amygdala 

Ang Angular Gyrus 

Calc Calcarine cortex 

CG Cingulate Gyrus 

Cu Cuneal Cortex 

FMC Frontal Medial Cortex 

FOC Frontal Orbital Cortex 

FP Frontal Pole 

Hip Hippocampus 

IOC Inferior Lateral Occipital Cortex 

ITG Inferior Temporal Gyrus 

ITG Inferior Frontal Gyrus 

Lin Lingual Gyrus 

M Motor cortex 

MFG Middle Frontal Gyrus 

MTG Middle Temporal Gyrus 

OP Occipital Pole 

ParaC Paracingulate Gyrus 

ParaHip Parahippocampal Gyrus 

PCu Precuneous 

PosCG Postcentral Gyrus 
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PreCG Precentral Gyrus 

SFG Superior Frontal Gyrus 

SMG Supramarginal Gyrus 

SOC Superior Lateral Occipital Cortex 

SPL Superior Parietal Lobule 

STG Superior Temporal Gyrus 

TP Temporal Pole 

List of prefixes 

l Left hemisphere 

r Right hemisphere 

List of suffixes 

-a Anterior part 

-p Posterior part 

-ap Antero-posterior part 

List of areas for Automatic Anatomical Labeling atlas 

List of areas 

PreCG Precentral gyrus 

SFG Superior Frontal gyrus 

SFo Superior Frontal gyrus, Orbital 

MFG Middle Frontal gyrus 

MFGo Middle Frontal gyrus, Orbital 

IFGo Inferior Frontal gyrus, Opercular 

IFGt Inferior Frontal gyrus, Triangular 

IFGo Inferior Frontal gyrus, Orbital 

Motor Supplementary Motor area 

SFGm Superior Frontal gyrus, Medial 

SFGmo Superior Frontal gyrus, Medial Orbital 
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Rectus Gyrus Rectus 

ACC Cingulate gyrus, Anterior part 

MCC Cingulate gyrus, Middle part 

PCC Cingulate gyrus, Posterior part 

Hip Hippocampus 

Parahip Parahippocampus 

Calc Calcarine fissure and surrounding cortex 

Cu Cuneus 

Lingual Lingual gyrus 

SOccL Superior Occipital lobe 

MOccL Middle Occipital lobe 

IOccL Inferior Occipital lobe 

FusiG Fusiform gyrus 

PreG Postcentral gyrus 

SPG Superior Parietal gyrus 

IPG Inferior Parietal gyrus 

SMG Supramarginal gyrus 

Ang Angular gyrus 

Precu Precuneus 

ParaL Paracentral lobule 

Heschl Heschl's gyrus 

STG Superior Temporal gyrus 

TPsup Temporal pole, Superior Temporal gyrus 

MTG Middle temporal gyrus 

TPmid Temporal pole, Middle temporal gyrus 

ITG Inferior Temporal gyrus 
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List of prefixes 

l Left hemisphere 

r Right hemisphere 
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