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Resumen 

Nuestro cerebro contiene cerca de 1014 sinapsis neuronales. Esta enorme cantidad de 

conexiones proporciona un entorno ideal donde distintos grupos de neuronas se sincronizan 

transitoriamente para provocar la aparición de funciones cognitivas, como la percepción, el 

aprendizaje o el pensamiento. Comprender la organización de esta compleja red cerebral en 

base a datos neurofisiológicos, representa uno de los desafíos más importantes y emocionantes 

en el campo de la neurociencia. Se han propuesto recientemente varias medidas para evaluar 

cómo se comunican las diferentes partes del cerebro a diversas escalas (células individuales, 

columnas corticales, o áreas cerebrales). Podemos clasificarlos, según su simetría, en dos 

grupos: por una parte, la medidas simétricas, como la correlación, la coherencia o la 

sincronización de fase, que evalúan la conectividad funcional (FC); mientras que las medidas 

asimétricas, como la causalidad de Granger o transferencia de entropía, son capaces de 

detectar la dirección de la interacción, lo que denominamos conectividad efectiva (EC). En la 

neurociencia moderna ha aumentado el interés por el estudio de las redes funcionales 

cerebrales, en gran medida debido a la aparición de estos nuevos algoritmos que permiten 

analizar la interdependencia entre señales temporales, además de la emergente teoría de redes 

complejas y la introducción de técnicas novedosas, como la magnetoencefalografía (MEG), 

para registrar datos neurofisiológicos con gran resolución. Sin embargo, nos hallamos ante un 

campo novedoso que presenta aún varias cuestiones metodológicas sin resolver, algunas de las 

cuales tratarán de abordarse en esta tesis. 

En primer lugar, el creciente número de aproximaciones para determinar la existencia 

de FC/EC entre dos o más señales temporales, junto con la complejidad matemática de las 

herramientas de análisis, hacen deseable organizarlas todas en un paquete software intuitivo y 

fácil de usar. Aquí presento HERMES (http://hermes.ctb.upm.es), una toolbox en Matlab®, 

diseñada precisamente con este fin. Creo que esta herramienta será de gran ayuda para todos 

aquellos investigadores que trabajen en el campo emergente del análisis de conectividad 

cerebral y supondrá un gran valor para la comunidad científica. 

La segunda cuestión práctica que se aborda es el estudio de la sensibilidad a las fuentes 

cerebrales profundas a través de dos tipos de sensores MEG: gradiómetros planares y 
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magnetómetros, esta aproximación además se combina con un enfoque metodológico, 

utilizando dos índices de sincronización de fase: phase locking value (PLV)  y phase lag index 

(PLI), este último menos sensible a efecto la conducción volumen. Por lo tanto, se compara 

su comportamiento al estudiar las redes cerebrales, obteniendo que magnetómetros y PLV 

presentan, respectivamente, redes más densamente conectadas que gradiómetros planares y 

PLI, por los valores artificiales que crea el problema de la conducción de volumen. Sin 

embargo, cuando se trata de caracterizar redes epilépticas, el PLV ofrece mejores resultados, 

debido a la gran dispersión de las redes obtenidas con PLI. 

El análisis de redes complejas ha proporcionado nuevos conceptos que mejoran 

caracterización de la interacción de sistemas dinámicos. Se considera que una red está 

compuesta por nodos, que simbolizan sistemas, cuyas interacciones se representan por enlaces, 

y su comportamiento y topología puede caracterizarse por un elevado número de medidas. 

Existe evidencia teórica y empírica de que muchas de ellas están fuertemente correlacionadas 

entre sí. Por lo tanto, se ha conseguido seleccionar un pequeño grupo que caracteriza 

eficazmente estas redes, y condensa la información redundante. 

Para el análisis de redes funcionales, la selección de un umbral adecuado para decidir si 

un determinado valor de conectividad de la matriz de FC es significativo y debe ser incluido 

para un análisis posterior, se convierte en un paso crucial. En esta tesis, se han obtenido 

resultados más precisos al utilizar un test de subrogadas, basado en los datos, para evaluar 

individualmente cada uno de los enlaces, que al establecer a priori un umbral fijo para la 

densidad de conexiones. 

Finalmente, todas estas cuestiones se han aplicado al estudio de la epilepsia, caso 

práctico en el que se analizan las redes funcionales MEG, en estado de reposo, de dos grupos 

de pacientes epilépticos (generalizada idiopática y focal frontal) en comparación con sujetos 

control sanos. La epilepsia es uno de los trastornos neurológicos más comunes, con más de 55 

millones de afectados en el mundo. Esta enfermedad se caracteriza por la predisposición a 

generar ataques epilépticos de actividad neuronal anormal y excesiva o bien síncrona, y por 

tanto, es el escenario perfecto para este tipo de análisis al tiempo que presenta un gran 

interés tanto desde el punto de vista clínico como de investigación. Los resultados manifiestan 

alteraciones específicas en la conectividad y un cambio en la topología de las redes en cerebros 

epilépticos, desplazando la importancia del ‘foco’ a la ‘red’, enfoque que va adquiriendo 

relevancia en las investigaciones recientes sobre epilepsia. 
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Abstract 

There are about 1014 neuronal synapses in the human brain. This huge number of 

connections provides the substrate for neuronal ensembles to become transiently 

synchronized, producing the emergence of cognitive functions such as perception, learning or 

thinking. Understanding the complex brain network organization on the basis of 

neuroimaging data represents one of the most important and exciting challenges for systems 

neuroscience. Several measures have been recently proposed to evaluate at various scales 

(single cells, cortical columns, or brain areas) how the different parts of the brain 

communicate. We can classify them, according to their symmetry, into two groups: 

symmetric measures, such as correlation, coherence or phase synchronization indexes, 

evaluate functional connectivity (FC); and on the other hand, the asymmetric ones, such as 

Granger causality or transfer entropy, are able to detect effective connectivity (EC) revealing 

the direction of the interaction. In modern neurosciences, the interest in functional brain 

networks has increased strongly with the onset of new algorithms to study interdependence 

between time series, the advent of modern complex network theory and the introduction of 

powerful techniques to record neurophysiological data, such as magnetoencephalography 

(MEG). However, when analyzing neurophysiological data with this approach several 

questions arise. In this thesis, I intend to tackle some of the practical open problems in the 

field. 

First of all, the increase in the number of time series analysis algorithms to study 

brain FC/EC, along with their mathematical complexity, creates the necessity of arranging 

them into a single, unified toolbox that allow neuroscientists, neurophysiologists and 

researchers from related fields to easily access and make use of them. I developed such a 

toolbox for this aim, it is named HERMES (http://hermes.ctb.upm.es), and encompasses 

several of the most common indexes for the assessment of FC and EC running for Matlab® 

environment. I believe that this toolbox will be very helpful to all the researchers working in 

the emerging field of brain connectivity analysis and will entail a great value for the scientific 

community. 

The second important practical issue tackled in this thesis is the evaluation of the 

sensitivity to deep brain sources of two different MEG sensors: planar gradiometers and 

magnetometers, in combination with the related methodological approach, using two phase 
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synchronization indexes: phase locking value (PLV)  y phase lag index (PLI), the latter one 

being less sensitive to volume conduction effect. Thus, I compared their performance when 

studying brain networks, obtaining that magnetometer sensors and PLV presented higher 

artificial values as compared with planar gradiometers and PLI respectively. However, when 

it came to characterize epileptic networks it was the PLV which gives better results, as PLI 

FC networks where very sparse.  

Complex network analysis has provided new concepts which improved characterization 

of interacting dynamical systems. With this background, networks could be considered 

composed of nodes, symbolizing systems, whose interactions with each other are represented 

by edges. A growing number of network measures is been applied in network analysis. 

However, there is theoretical and empirical evidence that many of these indexes are strongly 

correlated with each other. Therefore, in this thesis I reduced them to a small set, which 

could more efficiently characterize networks.  

Within this framework, selecting an appropriate threshold to decide whether a certain 

connectivity value of the FC matrix is significant and should be included in the network 

analysis becomes a crucial step, in this thesis, I used the surrogate data tests to make an 

individual data-driven evaluation of each of the edges significance and confirmed more 

accurate results than when just setting to a fixed value the density of connections. 

All these methodologies were applied to the study of epilepsy, analysing resting state 

MEG functional networks, in two groups of epileptic patients (generalized and focal epilepsy) 

that were compared to matching control subjects. Epilepsy is one of the most common 

neurological disorders, with more than 55 million people affected worldwide, characterized by 

its predisposition to generate epileptic seizures of abnormal excessive or synchronous neuronal 

activity, and thus, this scenario and analysis, present a great interest from both the clinical 

and the research perspective. Results revealed specific disruptions in connectivity and 

network topology and evidenced that networks’ topology is changed in epileptic brains, 

supporting the shift from ‘focus’ to ‘networks’ which is gaining importance in modern epilepsy 

research.  
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“If the human brain were so simple that we could understand it,  

we would be so simple that we couldn’t” 

The Biological Origins of Human Values 

George Edgin Pugh 1977 

1 Introduction 

The human brain comprises approximately 1011 neurons, each of which makes about 103 

synaptic connections. This huge number of connections between individual processing 

elements, provides the fundamental scaffold for neuronal ensembles to become transiently 

synchronized or functionally connected (Buzsaki 2006). A similar complex network 

configuration and dynamics can also be found at the macroscopic scales of systems 

neuroscience and brain imaging (Bressler 1995). The emergence of dynamically coupled cell 

assemblies is thought to represent the neurophysiological substrate for cognitive functions 

such as perception, learning or thinking (Varela et al. 2001). Understanding the complex 

network organization of the brain from neuroimaging data represents one of the greatest 

challenges for systems neuroscience nowadays.  

In this chapter, I briefly review the historical evolution of our understanding of brain 

function from its early days to present time (sections 1.1 and 1.2). Then, I describe the two 

main techniques to measure non-invasively, the dynamical electrical and magnetic activity of 

the brain, i.e. electroencephalography (section 1.3) and magnetoencephalography (section 

1.4), with a special emphasis on the latter, more modern one, as the data analyzed in this 

work are recorded with this technique.   
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1.1 Historical perspective 

For many centuries throughout history brain has been regarded as a useless organ, 

usually discarded during burial processes and autopsies. There is much controversy 

surrounding when brain first started to be considered important and began to be deeply 

studied. The goal of cognitive neuroscience is to describe the neural mechanisms in the brain 

underlying cognition. However, as happens with all disciplines, it was not born fully formed. 

It has been over days, years and centuries, and thanks to the contribution of all scientists, 

patients and technology, that it is continuously evolving towards what we know nowadays 

(Bennett & Hacker 2008; Roche et al. 2009; Baars & Gage 2012). Hereby I present a brief 

summary of the history of cognitive neuroscience, gathering the most relevant figures who 

played a key role in its evolution (Roche et al. 2009): 

EARLY EVIDENCES 

 

 

 

Sumerians (4000 BC), invented the wheel, and produced the world’s first written 

language, yielding a stone tablet where the euphoric mind-altering effects that 

produced the poppy plant -from which opium is obtained- were described. 

In prehistoric remains since Neolithic period and in many cultures (e.g. pre-Incan), 

there has been found evidence of trepanning –an ancient surgical intervention 

which drilled holes into the human skull. 

ANCIENT EGYPT 

 

Imhotep, an Egyptian high priest (around 3000 BC), was one of the first 

physicians with a scientific approach, rather than magical, to medicine and disease. 

The Edwin Smith Surgical Papyrus (c. 1700 BC) represents oldest known 

surgical treatise on trauma. It describes 48 cases, 27 concerning head injuries 

(Wilkins 1964).  

ANCIENT GREEKS 

 

Hippocrates (c.460–c.370 BC) moved the focus from the heart (as it was believed 

by Egyptians) to the brain as the ‘seat of the soul’. Alcmaeon (450 BC) and Plato 

(427–437 BC) also proposed the brain as the seat of the rational part of the mind. 

However, Plato’s student, Aristotle (384–322 BC) claimed again this seat on the 

heart. 
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CELL DOCTRINE 

 

Galen of Pergamon (129–c. 200 BC) described anatomically brain ventricles and 

his theory of "psychic gases and humours" -which flowed through the body and 

ventricles producing mental functions- influenced Nemesius and Saint Augustine 

who developed the cell doctrine, postulating that spiritual and mental processes 

were localized in the ventricles (named cells) of the brain. 

ANATOMICAL STUDIES 

 

Vesalius (1514–1564) performed one of the first brain anatomical studies (first 

neuroscience textbook De Humani Corporis) and is often considered as the founder 

of modern human anatomy.  

Thomas Willis (1621–1675) studied specialized structures of the brain (published 

Cerebri Anatome) and coined the term ‘neurology’ in 1681. He affirmed that not 

only humans beings were capable of rational thought (against Descartes’ theory).  

MIND-BODY DUALISM 

 

Philosopher René Descartes (1596–1650) worked on the mind-body problem,                                                               

considering mind and body as separate entities, independent but interacting. He 

was one of the first to suggest the brain had an effect on behavior. 

PHRENOLOGY 

 

Franz Joseph Gall (1758–1828) and Johann Spurzheim (1776–1832) developed 

phrenology, a pseudoscientific approach that claimed that behavior and particular 

mental faculties could be determined by the shape of the skull and proposed a map 

showing 35 different sections. 

AGGREGATIONISM 

 

Pierre Flourens (1794-1867) challenged the localizationist view of phrenology by 

studying brain lesion on animals, concluding that the whole brain is involved in 

every mental process, as the remaining undamaged parts could still carry out the 

functions of the damaged ones. He introduced the holistic (or globalistic) approach.  

LOCALIZATIONISM 

 

John Hughlings Jackson (1835-1911) when studying epilepsy noticed common 

patterns (e.g. as seizures activation spread, body parts governed by these brain 

regions showed activity). He proposed a topographic organization of the cortex, 

supporting a localizationist view (now we now that motor and sensory cortices are 

indeed organized topographically). 
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NEUROPSYCHOLOGY 

 

 

Pierre Paul Broca (1824 –1880) studied a patient (‘Tan’) who, due to a stroke in 

the left hemisphere, could understand language but not produce it.  

Karl Wernicke (1848–1905) studied a stroke patient who, as a complementary 

case, was capable of speech, but what he produced was meaningless. 

Both, Broca and Wernicke claimed that brain lesions provoked specific behavioral 

changes or alterations in psychological functions, supporting the localizationist 

approach, which was also verified with the case of the American patient Phineas 

Gage. Broca is often referred to as ‘the father’ of the neuropsychology. 

BRAIN MAPPING 

 

Gustav Fritsch (1838–1927) and Eduard Hitzig (1839–1907), also supporting the 

localizationist view, made studies stimulating electrically the motor cortex of dogs. 

Korbinian Brodmann (1868–1918) made experiments based on Franz Nissl’s 

tissue staining techniques, dividing the brain into 52 areas based on the types of 

neural cells. 

NEURON DOCTRINE 

 

 

Santiago Ramón y Cajal (1852-1934) and Camillo Golgi (1843-1926) worked 

on the structure and visualization of the neuron. Golgi developed a silver staining 

method. Ramón y Cajal observed with this technique that the brain and nervous 

system did not consist of a continuous mass of cytoplasm, as it was commonly 

believed at that time (also by Golgi). He defended the neuron doctrine, which 

claimed neurons were the most basic functional units of the brain. Both were 

awarded a Nobel Prize in Physiology or Medicine in 1906 for this work on the 

neuron doctrine. Ramón y Cajal is considered ‘the father’ of modern neuroscience. 

BEHAVIORISM 

 

 

At the early 20th century, behaviorism -a stimulus-response approach- became the 

primary approach in psychology with J.B. Watson (1878-1958). Karl Lashley 

(1890 –1958) in his search for the ‘engram’ –the cortical basis of a memory– 

suggested that memories were not confined to one part of the brain, but widely 

distributed throughout the cerebral cortex. He also found that a single portion of a 

functional area could perform the role of the whole area, even when the rest has 

been removed, now seeing as evidence of plasticity in the brain. 

Behaviourism failed as it could not offer realistic psychology of human action and 

thought, as it was only based on physical concepts. This led to what is often 

termed as the “cognitive revolution”. 
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COGNITIVE REVOLUTION 

The Nobel laureate Sir Charles Scott Sherrington (1857–1952) changed the focus from the neuron 

to the synapse in cellular communication. Donal Hebb (1904–1985) proposed the Hebb law, with the 

rules that might guide the changes in cellular connectivity. Wilder Penfield (1891–1976) discovered 

that concrete responses where produced when applying electrical pulses to the cortex surface. In the 

1950s, a young Canadian patient, H.M., underwent surgery, with bilateral hippocampi and amygdalae 

removal, because of his intractable epilepsy. However, although the seizures stopped he started 

suffering from amnesia, becoming the most studied human being in medical history. Thanks to this 

researchers and patients, together with the advances in technology, neuropsychology was beginning to 

reveal much about cognitive functions and their neural foundations, pointing to the emergence of a 

new discipline. 

COGNITIVE NEUROSCIENCE 

The term ‘cognitive neuroscience’ was coined in 1979 by Michael Gazzaniga and George Miller in New 

York, when sharing a taxi to a dinner in which they will discuss this new field of research. 

Table 1.1: A brief history of cognitive neuroscience 

 

 

 

 

 

 

 

 

 

 

“Todo hombre puede ser, si se lo propone, escultor de su propio cerebro”  

Santiago Ramón y Cajal 
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1.2 The brain 

“The brain is a greedy organ; it demands 20 per cent of the body’s blood and 

oxygen supply to carry out its myriad functions. It can repair itself to a 

remarkable extent when damaged, as cells grow new connections to bridge the 

gaps in broken processing chains. It contains many paradoxes, being 

simultaneously ugly in form and yet strangely elegant. It is malleable – rewiring 

its physical structure with every new experience – but also stubborn: connections 

made in childhood can last until old age. It has given rise to the most sublime art 

and the most monstrous atrocities. It produces a unique personality for every 

individual on the planet, and can store a lifetime’s worth of memories for each 

person. It is the most elaborate processing system that has ever existed, and is, 

itself, the reason that we can know this.” 

(Roche et al. 2009)  

 

 

The human brain, as already commented, is an extremely complex network comprising 

approximately 1011 interconnected neurons, each of which makes about 103 synaptic 

connections. Neurons are electrically excitable cells that process and transmit information 

through electrical and chemical signals, via a synapse. A typical neuron consists of a cell body 

(the soma), dendrites, and an axon. The cell body is a central portion containing the nucleus. 

The dendrites are rather short extensions of the cell body involved in the reception of stimuli 

that give rise to a complex dendritic tree. And the axon, by contrast, is usually a single 

elongated extension. 

Cell-to-cell communication between neurons occurs principally by means of action 

potentials, which consist on a rapid swing (lasting around 1 ms) of the polarity across the 

neuron membrane, from negative to positive (depolarization) and back (repolarization). The 

impulse travels down the axon in one direction only, to the axon terminal where it signals 

other neurons. When an action potential reaches a synapse, it triggers the release of 

neurotransmitters that bind to the receptors of a post-synaptic neuron. There can be two 

types of post-synaptic potentials: 

• Excitatory postsynaptic potential (EPSP): If the neurotransmitter is 

excitatory, i.e. amino acid glutamate, electrical current flows from the postsynaptic 

cell to the environment, therefore depolarizing the cell membrane. 

• Inhibitory postsynaptic potential (IPSP): If the neurotransmitter is 

inhibitory, i.e. GABA, electrical current flows from the environment to the 

postsynaptic cell, therefore polarizing the cell membrane.  
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These post-synaptic potentials produce a current flow (a dipole) that lasts tens or even 

hundreds of milliseconds. 

 

Figure 1.1: Action potentials  

During action potentials, the membrane reaches the threshold potential in response to signals from other 

neurons, going through the following stages: (1) Depolarization, Na+ channels open and Na+ moves into the 

axon, which produces a change in polarity between the outside and the inside of the cell. (2) Repolarization, K+ 

channels open and K+ ions move out of the axon and Na+ channels close; (3) Undershot, the membrane 

becomes hyperpolarized and the neuron enters in a refractory period in which it cannot fire. Finally, the K+ 

channels close and the resting potential is restored. This AP is propagated down the axon (in one direction), 

signaling other neurons. Modified images from Jay Pitocchelli 2001 (Addison Wesley Longman, Inc). 

1.2.1 The cerebral cortex 

The cerebral cortex is the outermost sheet of neural tissue of the human brain. It 

covers the cerebrum and cerebellum, and is divided into two hemispheres, the left and the 

right one. The cerebral cortex has an important function in memory, attention, perceptual 

awareness, thought, language, and consciousness. The human cerebral cortex is a tissue with 

a surface area of around 2600 cm2 and 3–4mm thick (Braitenberg & Schüz 1991). Such a big 

surface area can be obtained thanks to its folding in deep grooves (sulci) and wrinkles (gyri). 

In humans, all brains keep the same overall pattern of main gyri and sulci, although there are 

some details that could differ between them. The cerebral cortex has a grey color, hence the 

name grey matter and it is formed from neurons and their unmyelinated fibers. Whereas the 

white matter placed below, is composed predominantly by myelinated axons interconnecting 

neurons from different regions of the cerebral cortex between them and with neurons in other 

parts of the central nervous system. 
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Figure 1.2: Cerebral cortex 

Nissl-stained human cerebral cortex1 

The neocortex (isocortex) -most recent part of the cerebral cortex- is differentiated 

into six horizontal layers, named from I to VI (with VI being the innermost and I being the 

outermost) segregated principally by cell type and neuronal connections (see Figure 1.4). The 

neocortex contains two main types of neurons: excitatory pyramidal neurons (~80% of 

neocortical neurons) and inhibitory interneurons (~20%). The hippocampus (archicortex) - 

most ancient part of the cerebral cortex- has up to three cellular layers, and is also divided 

into subfields. The paleocortex is an intermediate between neocortex and archicortex. 

 

Figure 1.3: Pyramidal neurons  

Pyramidal neurons have cell bodies roughly of pyramidal (or rather conical) form. The figure portraits pyramidal 

neurons from different parts of the brain. Reprinted from (Spruston 2008). Original sources, left to right: Santiago 

Ramon y Cajal, Larry Cauller and Barry Connors, Brenda Claiborne, Nace Golding, Nathan Staff.  

Neurons in different layers are connected vertically, thus producing small microcircuits, 

named columns. Attending to certain factors, such as the thickness of these layers, their 

principal cell type or neurochemical markers, we could distinguish various neocortical regions, 

the Brodmann areas (see Figure 1.4 and a detailed review about neurocortical anatomy and 

physiology in chapter 29 of (Engel & Pedley 2008)).  

                                            

1 Figure obtained from http://brainmaps.org 
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Figure 1.4: Cerebral cortex layers  

Left: Cerebral cortex layers from Netters Atlas of Neuroscience (Felten & Shetty 2011). Right: Cortical columns 

drew by Ramon y Cajal (source: book “Comparative study of the sensory areas of the human cortex”), where 

could be observed that neurons’ type, size and shape are different depending on the layer. 

1.2.2 Electric and magnetic fields in the brain 

As we will see in sections 1.3 and 1.4, respectively, Electroencephalography (EEG) and 

magnetoencephalography (MEG) are two techniques that make use of what Galvani, at the 

end of the 18th century, called “animal electricity” today known as electrophysiology 

(Piccolino 1997). I will make a brief introduction to it in order to better understand the 

techniques. You can read (Baillet et al. 2001; Hämäläinen et al. 1993; Hansen et al. 2010) or 

watch the video of the Fieldtrip Toolbox video2 for further description. 

  

Figure 1.5: Luigi Galvani 

Illustration of Italian physician Luigi Galvani’s experiments, in which he applied electricity to frogs’ legs; from his 

book De Viribus Electricitatis in Motu Musculari (1792). 

                                            

2 Fieldtrip video at http://www.youtube.com/watch?v=CPj4jJACeIs. The basics of MEG measurement and 

instrumentation 
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Despite neurons’ structure (see Figure 1.1 in section 1.2) may seem simple, the 

biophysics of neural current flow encloses complex models of ionic current generation and 

conduction (Hodgkin 1964). Roughly, when a neuron is excited by other neuron via an 

afferent action potential, EPSPs are generated at its apical dendritic tree. In this 

neurotransmission chemical processes result in electrical currents spreading from the pre-

synaptic to the post-synaptic neuron (see Figure 1.6). The apical dendritic membrane 

becomes then transiently depolarized and thus extracellular electronegativity increases in 

comparison to the cell soma and the basal dendrites, as explained in section 1.2. This 

potential difference causes a current flux through the volume conductor from the non-excited 

membrane of the soma and basal dendrites to the apical dendritic tree sustaining the EPSPs.  

 

Figure 1.6 Neurotransmission and neuron synapsis 

The pre-synaptic neuron is represented in yellow and the post-synaptic neuron is represented in blue 

 

At this point, some of the current travels inside the dendritic trunk and takes the 

shortest path between the source and the sink. These are the intracellular (primary) 

currents. Since electric charges need to be conserved, the loop of current is closed with 

extracellular currents that flow even through the most distant part of the volume conductor. 

These extracellular (secondary) currents are commonly called return or volume currents. 

Both primary and secondary currents contribute to magnetic fields outside the head and to 

electric scalp potentials. However, temporal summation of the EPSPs and spatially structured 

arrangements of cells are of decisive importance to the superposition of neural currents for 

producing measurable fields outside the head. Therefore, as the current of a single neuron is 

too small to be picked up outside, the currents of many neurons temporal and spatially 

summed up are needed. 

• Temporal summation 

The currents associated with the EPSPs are believed to be the source of most of the 

signals detected in MEG and EEG, having less important role the pre-synaptic potential 

which caused it. One of the reasons for this fact is because the pre-synaptic action potentials 

are very short lift (several ms). Moreover, the pre-synaptic potential is biphasic, and thus, it 
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has a positive and a negative deflection, as can be seen in Figure 1.7. Due to the short lift 

and these positive and negative parts, spikes which are not perfectly synchronized may be 

cancelled between them. However, post-synaptic potentials are much longer lift, in addition 

to being monophasic, as we can see in Figure 1.7, therefore, having a bigger chance of being 

measured with MEG.  

• Spatial summation 

However, temporal synchronicity is not enough. The superposition also relies on the 

geometric configuration of the pyramidal cells. Pyramidal cells have their large dendritic 

trunks locally oriented in parallel, and pointing perpendicularly to the cortical surface, and 

they are organized in local groups called columns, as well as in larger populations, named 

macrocolumns. And are precisely those macrocolumns, the ones which are believed to be the 

main MEG and EEG generators, thanks to their spatial summation. To estimate the number 

of neurons in a macrocolumn and it dimensions, let’s do some calculations.  

o A single synapse along a dendrite may contribute with a current of 200 fA·m, so 

if the sources observed on the surface are ~10 nA·m, there should be about 50,000 

active pyramidal cells.  

o Moreover, the cortex has a macrocellular current density of 100 nA/mm2, so to get 

a current of 10 nA·m, then about 100mm3 are needed, and assuming the cortex is 

about 4mm thick, we obtain that it will be yielded by a small patch of 

5mm×5mm, which is consistent with empirical observations and invasive studies 

(Baillet et al. 2001). 

 

Figure 1.7: Temporal and spatial summation 

 

EEG and MEG will not measure, however, all the neural activity in the brain. For 

example, dendrites of inhibitory neurons are not oriented systematically and therefore, they 

do not contribute to a quantifiable brain signal outside the scalp, despite they could influence 

indirectly the postsynaptic activity. 
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Figure 1.8: Electric and magnetic fields in the brain 

 

At this point we have electrical signals deriving from ionic currents flowing in the 

dendrites of neurons during synaptic transmission. These intracellular electrical currents 

together with the extracellular ones (which are not so interesting due to volume conduction) 

from the gyri and the sulci, are what the EEG will measure (as we will see in section 1.3).  

In accordance with Maxwell’s equations (empirically confirmed by Hans Christian 

Oersted in 1819), any electric current generates a magnetic field encircling it (following the 

right hand rule). Therefore, the intracellular currents from the neurons oriented tangentially 

to the scalp surface and typically located in the sulci, originate a magnetic field that could be 

measured with MEG (as we will see in section 1.4). 

 

Figure 1.9: Orientation of the electric and magnetic fields 

 

Therefore, these distributed networks of synchronously activated cortical areas are 

major contributors to MEG and EEG signals (Nunez 1981), which is compatible with 

neuroscientific theories that model basic cognitive processes as dynamically interacting cell 

assemblies (Varela 1994). Nevertheless, some authors have reported activity of deeper cortical 

structures (Gómez-Herrero et al. 2008; Trujillo-Barreto et al. 2004; Llinás et al. 1999).  
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1.3 Electroencephalography (EEG) 

The electroencephalogram (EEG) is the derivation and recording of time-varying 

voltages on the human scalp generated by the electrical activity of the brain, especially the 

neocortex (Nunez 1981). Since this field reflects the degree of simultaneous activation of a 

local neural population (as commented in section 1.2.2), the EEG recorded at a scalp 

electrodes can be regarded as a relatively direct measure of the neocortical function of the 

underlying cortex area (although, due to volume conduction effect –also known as “field 

spread” effects (Ewald et al. 2012), other deeper neural sources are recorded as well). 

In 1924, the German physician Hans Berger measured for first time traces of human 

brain electrical activity, and gave the name of electroencephalogram to the device he used in 

the experiments (Niedermeyer & Lopes da Silva 1987). Although today’s electronics and 

software for EEG analysis are manufactured taking advantage of the most recent 

technological developments, the basic principle remains unchanged from Berger’s time.  

 

 

 

 

 

EEG measures electric potential differences between pairs of scalp electrodes. These 

electrodes are usually directly glued to the skin for prolonged clinical observation or located 

in an elastic cap with uniform coverage of the entire scalp. Research protocols can use up to 

256 electrodes and usually follow the international 10-20 system to describe and apply their 

location on scalp. For further reading about EEG see (Baillet et al. 2001; Gil-Nagel 2003) and 

chapter 3 from (Engel & Pedley 2008) as EEG was a technique early related to epilepsy. 

EEG has enjoyed a tremendous success as a clinical tool, especially in studying 

epilepsy, where seizures are characterized by highly abnormal electrical behavior in neurons 

in epileptogenic regions, as we will see in section 1.8.5.  

Figure 1.10: Berger and the first human EEG recording 

The first human EEG recording obtained by Hans Berger in 1924. 

The upper signal is EEG, and the lower is a timing signal of 10 Hz. 
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1.4 Magnetoencephalography (MEG) 

Magnetoencephalography (MEG) is a neuroimaging technique that uses an array of 

sensors positioned over the scalp that are extremely sensitive to minuscule changes in the 

magnetic fields produced by small changes in the electrical activity within the brain. It is, 

therefore, a direct measurement of neural activity (Hansen et al. 2010).  

1.4.1 History of MEG 

MEG signals were first measured by physicist David Cohen in 1968, using a copper 

induction coil as detector. To reduce the magnetic background noise, the measurements were 

made in a magnetically shielded room. However, since the detector was a cooper coil, its 

sensitivity was not enough, and the results were poor and noisy. In 1965 J.E. Zimmerman, co-

invented the radio frequency (RF) Superconducting Quantum Interference Device (SQUID), a 

supremely sensitive magnetometer used to measure extremely subtle magnetic fields, based on 

superconducting loops containing Josephson junctions (Josephson effect, 1962). So Cohen 

built a better shielded room at the Massachusetts Institute of Technology (MIT), and used 

one of these first SQUID detectors to again measure MEG signals. This time the signals were 

almost as clear as those of EEG.  

 

Figure 1.11: Two key figures in the history of MEG 

 

Originally, only a single SQUID detector was used and magnetic field measurements 

were taken successively at a number of points around the subject’s head. Due to this 

cumbersome procedure, in the 1980s, MEG manufacturers started arranging multiple sensors 

into arrays with the objective of covering larger head surface. Modern MEG systems consists 

of a helmet-shaped dewar that typically contain high-density detector grids of 100 to 300 

sensors, covering the whole head, and thus its full potential has begun to be realized. 

Therefore, MEG data can now be accumulated in a fast and efficient way and has grown to 
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be a significant neuroimaging technique, with an increasing number of users and with the 

number of scientific papers utilizing MEG increasing year on year. 

 

A description of MEG across its four decades of existence (1970s, first MEG recordings; 

1980s, focus on sensory processing; 1990s, brain rhythms and cognitive processing and 2000s, 

cognition and connectivity, training and development) can be found, e.g., in (Hari & Salmelin 

2012). 

1.4.2 MEG system 

The described biomagnetic fields produced by brain’s activity are really small (see 

section 1.2.2), typically ranging from 10 to 100 fT (1fT=10-15T; where T stands for Teslas); 

just the Earth’s static magnetic field is about one billion times bigger (see Table 1.3), for that 

reason substantial technological requirements are involved when designing a MEG system. 

For a very detailed description of MEG system see, e.g., (Hansen et al. 2010; Hämäläinen et 

al. 1993). Here, I briefly review its most important elements. 

 

Figure 1.12: MEG system 

 

Firstly, to reduce interferences, the MEG system is placed inside a magnetic shielded 

room (MSR), with all the devices that may generate a magnetic field placed outside. The 

largest part of the MEG system consists of a big dewar containing the liquid Helium for 

cooling down the flux transformers and the SQUIDs. Once MEG signal is measured with the 

SQUIDs, it is amplified, digitalized and passed to computers for display, storage and analysis. 

See Figure 1.12 for a MEG system scheme.  
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As we have seen, the essential problem of biomagnetism is the weakness of the signal 

relative to the sensitivity of the detectors and to the competing environmental noise. 

Therefore, noise is a major concern for MEG. There are several types of noise, depending on 

its origin, and different ways to attenuate it.  

• Instrumental: attenuated by the use of superconducting materials and the 

immersion of the sensor setup in a dewar cooled with liquid helium (section 1.4.2.1) 

• High-frequency (i.e. radiofrequency waves): minimized with shielded rooms made 

of different layers of mu-metal, copper, and aluminum (section 1.4.2.2).  

• Low-frequency (originated by cars, elevators, and other moving objects near the 

MEG system): reduced by the use of gradiometers.  

Gradiometers consists of hardware combinations of multiple magnetometers which are 

able to measure the spatial gradient of the magnetic induction close to the head. Therefore, 

noise sources far from the gradiometer (which produce magnetic fields with small spatial 

gradients) could be effectively attenuated with these devices (section 1.4.2.4) 

 Dewar 1.4.2.1

MEG coils need to be superconducting, i.e., their temperature should remain below the 

critical value while the head surface is at body temperature. Maintaining this high 

temperature difference across a relatively small distance of 2–3 cm without excessive use of 

the coolant requires elaborate thermal isolation. A special container called dewar, after its 

inventor James Dewar, comprises two concentric vessels with a vacuum jacket and radiation 

shields in between. The vacuum prevents heat conduction from the outside to the inside 

vessel, and the shields block thermal radiation. The sensors reside in the inner vessel 2 

immersed in the coolant (liquid helium, at 4.2 Kelvin), as shown in Figure 1.13 

 Magnetically shielded room 1.4.2.2

Magnetic signals emitted by the brain are on the order of a few fT, therefore it will be 

necessary to shield from external magnetic signals, including the Earth’s magnetic field (as it 

is 10 thousand times larger, see Table 1.2). This is called passive shielding. Appropriate MSR 

can be obtained by combining plates made of a combination of: 

• aluminum (high-conductivity material) to reduce high-frequencies 

• mu-metal (high-permeability alloy consisting mostly of nickel and iron) to reduce 

high-frequencies 
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However, despite all caution some ambient noise will always be present. For that 

reason, MEG recordings must have to rely also on smart sensors designs (section 1.4.2.4) 

10-12 ~pico Tesla Human brain 

10-5 ~micro Tesla Earth’s magnetic field 

10-3 ~mili Tesla Typical refrigerator magnet 

100 ~Tesla MRI systems 

Table 1.2: Magnetic fields comparison 

 Active shielding system 1.4.2.3

Passive magnetic shields can be enhanced by active systems that measure the 

interference field and generate a compensating field to cancel the interference at the location 

of the MEG system. The typical active compensation system comprises a flux-gate sensor, 

driver electronics, and pairs of Helmholtz coils outside of the room to supply the cancellation 

fields. 

 Flux transformers 1.4.2.4

As it was seen in section 1.2.2 magnetic fields generated in the brain are extremely 

small. Therefore, it is definitely required that they are amplified on a first step, using flux 

transformers. Please, watch the video at footnote on page 10, where Fieldtrip team give 

detailed explanations, some of which are summarized here. 

A flux transformer consists of a large coil of ~1 cm2 wired to a considerable smaller 

coil. These coils are both made of superconductor metal and cooled down to almost absolute 

zero as seen in section 1.4.2.1. At these temperatures superconducting behavior emerges. The 

bigger coil is placed as close as possible to the head where it can best pick up the weak 

magnetic fields of the brain. The superconductivity plays an important role here because as 

an effect of superconductivity there is absolutely no resistance in the system in none of the 

two coils. As a consequence, no total magnetic field can occur within the system and 

therefore, any magnetic field that is on the big coil will have to result in a magnetic field on 

the small coil (of the same magnitude but going on the opposite direction). Thanks to the 

smaller size of the second coil, the flux would be stronger and more compressed. And it is this 

amplified field that it will be picked up using SQUIDs (see Figure 1.13). 
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Figure 1.13: Superconducting temperatures and SQUIDS  

 

As explained in section 1.4.2, all noise sources are attenuated, however, some noise will 

always be present. For that reason, MEG recordings rely also on smart sensors designs. 

Sensitivities of three types of smart sensor designs are explained: magnetometers (section 

1.4.2.4.1), axial gradiometers (section 1.4.2.4.2) and planar gradiometers (section 1.4.2.4.3).  

 

Figure 1.14: Flux transformers 

1.4.2.4.1 Magnetometer 

First, we will study the sensitivity of the simplest sensor: the magnetometer. As seen in 

section 1.2.2 when we have an active bunch of neurons generating an electrical current 

(represented in blue in Figure 1.15), it internally creates a magnetic field (represented in 

green). Placing the magnetometer (big coil of the flux transformer) in different positions with 

relation to this source, its sensitivity will be analyzed. 

• Right side of the source: magnetic field will pass though it in upward direction.  

• Above the source: magnetometer oriented in the same plane as the magnetic field 

and thus, no magnetic field could be picked up.  

• Left side of the source: magnetometer will pick up the magnetic field again, however 

this time will be oriented downwards.  

Therefore, magnetometers’ sensitivity depends on their location in relation to the 

source of activity, which is exploited in smart sensor designs. 



Julia Guiomar Niso Galán 
INTRODUCTION 

 
 
 

 19

 

Figure 1.15: Magnetometer sensibility 

1.4.2.4.2 Axial gradiometer 

The axial gradiometer consists of two coils placed one on top of the other along the 

axial direction, with respect to the subjects’ head, as shown in Figure 1.16. The distance 

between these coils is ~5 cm and they are wired in opposite direction, so their captured 

magnetic fields are subtracted. In Figure 1.16, the bottom coil would be more sensitive, since 

it is closer to the brain. In this situation, both coils will also pick up ambient noise, however, 

this noise is approximately at equal distance to both coils, so when subtracting their 

measured fields, it cancels out. Consequently, this behavior makes the gradiometer 

configuration a very efficient ambient noise suppressor. 

 

Figure 1.16: Axial gradiometers sensibility 

1.4.2.4.3 Planar gradiometer 

Another configuration with similar noise reduction properties is the planar gradiometer. 

As you can see in Figure 1.17 coils are again wired in opposition to each other, but they are 
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now oriented in the same plane. The effect of this external noise is cancelled in a similar way 

as the axial gradiometer does (explained in section 1.4.2.4.2), however, presenting a different 

sensitivity profile in relation with the distance to the source. 

• Right side of the source: planar gradiometer will be able to pick up some of the 

neural activity, suppressing the activity coming far away from the source. 

• Above the source: the right coil will pick up the upward oriented magnetic field, 

while the downward magnetic field will be picked up by the left coil (see Figure 

1.17). The difference between these coils will be additive and the total sensitivity 

will be much larger than when it was located at the side of the source. 

 

Figure 1.17: Planar gradiometers sensibility 

 

Summarizing the sensitivity profiles of the different configurations with respect to the 

distance to the source: 

• Magnetometer: more sensitive to the source when positioned right at its center, 

after when the sensitivity quickly declines with distance. Note however, that it will 

remain sensitive to distant magnetic fields. This could be originated in principle 

from brain sources but can also contain unwanted noise. 

• Axial gradiometer: good suppression of distant magnetic fields, as its sensitivity 

to magnetic fields, declines more rapidly with distance. 

• Planar gradiometer: good suppressing distant magnetic fields, being more 

sensitive when located just above the source. 
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Figure 1.18: Lead fields of magnetometers and gradiometers 

Lead field diagram for magnetometers, axial and planar gradiometers Magnetometer and axial gradiometer’s 

lead field are represented together due to their similarity. Source: (Hansen et al. 2010) 

Due to the better performance with ambient noise suppression, most MEG systems 

employ gradiometers, rather than magnetometers. Furthermore, some systems will also use 

reference sensors. These are positioned at some distance from the sensor array and can be 

used to further suppress noise, by using third-order gradients.  

The next section describes the MEG system I used for the recording of the data 

analyzed in this work. 

 Elekta Neuromag 1.4.2.5

The Elekta Neuromag MEG system was introduced in 1998 by the Swedish company 

Elekta. This system includes 306 channels (102 magnetometers, 204 planar gradiometers), 

manufactured using chips instead of wired coils. As shown in the diagram of Figure 1.19, each 

chip has three configurations: 

• Magnetometer: represented by a single square 

• Planar gradiometers: represented as “8” (in white) and a “∞” egure (in grey) 

Recordings for such a system (as we have seen in section 1.4.2.4) produce different 

measures depending on the type of sensor, as they do not present the same sensitivity.  
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Figure 1.19: Elekta MEG system 

1.4.3 Comparison between techniques 

A detailed comparison of the properties of the most common neuroimaging techniques 

can be found in (Baillet et al. 2001). I summarized the most important results henceforth.  

 EEG/MEG vs. other techniques 1.4.3.1

EEG and MEG measure, respectively, the scalp electric potentials produced by 

electrical activity in neural cell assemblies and the magnetic induction outside the head; 

hence they could be seen as complementary techniques. They have the advantage of directly 

measuring electric and magnetic brain activity and of offering better temporal resolution 

in comparison to PET or fMRI, therefore permitting studies of the dynamics of neural 

networks or cell assemblies that occur in the order of tens of milliseconds. However, their 

spatial resolution is more limited, because of the reduced number of spatial measurements (a 

few hundreds for M/EEG versus tens of thousands in PET/fMRI) and the uncertainty of the 

electromagnetic inverse problem. Still by forcing some constrains on the source models of 

M/EGG this spatial resolution could be satisfactorily enhanced. 
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 EEG vs MEG 1.4.3.2

Even though EEG and MEG signals are originated from the same neurophysiological 

processes, important differences between them could be found, as we have seen in section 

1.2.2. On the one hand, electric fields are more distorted by the skull and scalp than 

magnetic fields, which allows a better spatial resolution for the MEG. Another important 

difference is that while scalp EEG is sensitive to both tangential and radial components of a 

current source in a spherical volume conductor, MEG only detects its tangential components. 

Therefore, scalp EEG is able to detect activity in both the sulci and at the top of the cortical 

gyri, whereas MEG mainly measures activity originating in the sulci.  

Regarding the cellular currents detected, scalp EEG is more sensitive to extracellular 

volume currents produced by postsynaptic potentials, whereas MEG mainly detects 

intracellular ones. Magnetic fields decrease faster with the distance than electric, and thus, 

MEG is more sensitive to superficial cortical activity (that makes it suitable for the study 

of neocortical epilepsy). And more interestingly, MEG is reference-free, which is a 

important advantage in connectivity analysis as compared to EEG, as it becomes easier to 

interpret the results.  

As for the type of devices required, EEG systems are much cheaper, as EEG voltages 

(~tens of microvolts) are easily measured using relatively low-cost scalp electrodes and high-

impedance high-gain amplifiers. In contrast, magnetic fields produced by neural currents are 

extremely weak (~tens of fT), thus requiring sophisticated sensing technology. This is the 

reason why, MEG was developed in physics laboratories of low-temperature and 

superconductivity research groups. 

In conclusion, EEG and MEG could be viewed as complementary, rather than 

competing, modalities (in fact, most MEG facilities are equipped for simultaneous acquisition 

of both EEG and MEG data). Reviews of the application of MEG and EEG to neurology and 

neuropsychology can be found elsewhere (Hansen et al. 2010; Hämäläinen et al. 1993; Hari & 

Salmelin 2012). I recommend (Hämäläinen et al. 1993) for a thorough review of MEG theory 

and instrumentation.  
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1.5 Brain function and connectivity 

1.5.1 Brain function theories 

Since the beginning of time, the brain (or the soul, or the self, depending of the time) 

has been the greatest mystery in the human body. The first philosopher to locate the mental 

abilities of the brain was Hippocrates. Anatomists and physiologists since then had studied 

neither the function of the brain nor how it might be segmented. Until the 17th century when 

Thomas Willis started studying specialized structures of the brain and 18th century, when the 

German physician Franz Joseph Gall developed Phrenology, a discipline which became very 

popular in the 19th century and established the idea that every part of the brain was related 

to a characteristic in knowledge, personality and/or behavior and the sizes of brain areas 

were meaningful and could be inferred by examining the skull of an individual. However, it 

was not until Paul Broca, that these theories were fully overcome, inspired by the advances 

being made in the area of localized functions within the brain.  

As science and medicine moved forward, convincing evidence firmly established that 

brain cells with common functional properties are grouped together into specialized (and 

possibly anatomically segregated) brain areas, appeared. Based on this principle of 

functional segregation (Friston 1994), neuroimaging studies have traditionally aimed at 

identifying the brain areas that are dedicated to specific information processing tasks. 

However, high-level cognitive functions are likely to require the functional integration of 

many specialized brain networks (Frackowiak et al. 2004) and neuroimaging studies 

investigating dependencies between remote neurophysiological events (i.e. functional 

connectivity) have become increasingly prevalent. This interest has been further fostered by 

groundbreaking theories suggesting a major role of systems-level brain connectivity (He et al. 

2011; Palop et al. 2006). 

 

Figure 1.20: Theories of brain function 
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1.5.2 Brain function and connectivity 

The huge number of connections between brain individual processing elements provides 

the fundamental scaffold for neuronal ensembles to become transiently synchronized or 

functionally connected (Buzsaki 2006). A similar complex network configuration and 

dynamics can also be found at the macroscopic scales of systems neuroscience and brain 

imaging (Bressler 1995). Coordinated neuronal activity and interactions between neurons and 

neuronal populations are the basic features of brain function. The emergence of dynamically 

coupled cell assemblies represents the neurophysiological substrate for cognitive function such 

as perception, learning, thinking, which require precise integration of neural activity at 

specific spatiotemporal scales (Varela et al. 2001). Such synchronization occurs at time scales 

ranging from milliseconds to hours, and over short and long intracerebral distances. 

Alteration of synchronization can be observed in several neurological and psychiatric 

disorders (Uhlhaas & Singer 2006; Jiruska et al. 2013). One of the main disorders in which 

altered neuronal interactions play a crucial role is epilepsy. As we will see in section 1.8.1 

epileptic seizures will often appear as a transformation of otherwise normal brain rhythms 

(Lehnertz et al. 2013). Understanding the complex network organization of the brain on the 

basis of neuroimaging data represents one of the most impervious challenges for systems 

neuroscience.  

Several measures to evaluate at various scales (single cells, cortical columns, or brain 

areas) how the different parts of the brain communicate have been recently proposed. As we 

will see in next section 3.1 we can classify them, according to their symmetry, into two 

groups: symmetric and asymmetric measures. Symmetric measures, such as correlation, 

coherence, phase synchronization indexes (PLV, PLI), evaluate functional connectivity (FC), 

i.e. statistically significant relationships between signals recorded from spatially remote 

neurophysiological events. On the other hand, the asymmetric ones are able to detect 

effective connectivity (EC) i.e. information flow (the influence one neuronal system exerts 

over another) (Friston, 1994), and therefore they reveal the direction of the interaction. See 

(Hutchison et al. 2013) for a review on dynamical functional connectivity, and some of its 

issues and interpretations. 
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1.6 Brain function and complex networks 

1.6.1 Complex networks 

Networks are simple mathematical objects that efficiently encode the structure of 

relations among a large number of interdependent elements. Nevertheless, while the classical 

objects of study of mathematical graph theory are regular in nature, the systems of interest in 

modern network theory show a large degree of irregularity and heterogeneity and sometimes 

they even evolve in time. Hence, the frequently used term complex networks (see (Gutierrez 

2013) for an interesting work about collective organization of complex networks). 

Graph theory was born in the 18th century as a branch of discrete mathematics. Its 

origins date back to the legendary Swiss mathematician Leonhard Euler and his celebrated 

solution of the problem of the Seven Bridges of Konigsberg in 1735. Moreover, the empirical 

study of networks has flourished during the last century especially in social networks 

research. These are the two obvious antecedents of the modern science of complex networks, 

also known as network theory, which has emerged in the last 15 years. Both theories share 

the search for a quantitative and precise understanding of network structure, and make use of 

some of the exact results of the older theory. However, network theory possesses a stronger 

emphasis on empirically validated models and on the introduction of measures and algorithms 

for the analysis of real networks.  

In next section we will see how the brain could be seen as complex network, which 

efficiently describes the organization of the cortico-cortical pathways into anatomical-

functional modules (Varela et al. 2001; Bullmore & Sporns 2009). 

 

Figure 1.21: Leonhard Euler and the “Seven bridges of Königsberg” 

The famous Swiss mathematician Leonhard Euler solved the “Seven bridges of Koningsbergen” problem by 

making an abstraction representing the Prussian city of Koningsbergen into a graph, consisting only of nodes 

and links, and leaving out irrelevant details for purely focusing on the pattern of connectivity. Euler proved that 

there is no walk that crosses each bridge just once and ends at its starting point, as the number of bridges 

touching every land mass is not even. This is usually considered as the first graph theoretic proof. 
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1.6.2 Complex networks in the brain 

As commented in section 1.1.2, (see also (Stam & van Straaten 2012)), “in 1906, 

Ramon y Cajal and Camillo Golgi shared the Nobel Prize in Physiology or Medicine. 

However, although they shared the prize, they did not share each other’s ideas. According to 

Golgi, a defender of the reticular theory, the brain should be viewed as a large syncytium, or 

conglomerate, of directly connected neurons. Instead, Cajal, using the silver nitrate 

preparation developed by Golgi, interpreted his findings in support of the neuron theory that 

maintained that the brain consists of discrete neurons (Ramón y Cajal 1928). In a sense, both 

turned out to be right: the brain is a large network of interconnected neurons, which 

communicate with each other mostly by synapses, but to a small extent, also by gap 

junctions that directly connect the cytoplasm of two adjacent cells and may play an 

important role in physiological and pathological synchronization processes”. However, the 

concept of the brain as a large complex network of interconnected elements, at multiple 

scales, has obtained a dominant place in modern neuroscience (Nunez 2010). Therefore, 

neuroscience has experimented a paradigm shift, giving more importance to interactions and 

networks in contrast to other approaches focused primarily on the localization of cognitive 

functions to specific brain areas through the study of local brain activity (Stam & Reijneveld 

2007). Research on time-dependent communication between brain regions, facilitated by 

network methods, has enabled the discovery and description of both intrinsic (the default 

mode network (Raichle & Snyder 2007; Snyder & Raichle 2012)) and extrinsic connectivity 

phenomena (Bassett & Lynall 2013). 

Besides revealing organizational principles in the healthy brain, network neuroscience 

has provided new insights into the mechanisms of disease. For example, in Alzheimer’s 

disease (de Haan, van der Flier, Wang, et al. 2012; Li et al. 2013; Buldú et al. 2011), 

schizophrenia (Alexander-Bloch et al. 2012; Lynall et al. 2010), traumatic brain injury 

(Castellanos et al. 2011) and in epilepsy (Horstmann et al. 2010; van Dellen et al. 2012; 

Bartolomei et al. 2013; van Diessen, Diederen, et al. 2013; Niso, Pereda, et al. 2013), as we 

will see in section 1.8.6. 

Therefore, in the last decade, there has been an increasing interest in modeling the 

human brain using complex networks, assuming it is organized as a highly interconnected 

structural network that functionally connects adjacent and distant brain areas (Sporns 2010). 

For recent reviews of networks in the brain refer to (Stam & van Straaten 2012; van Straaten 

& Stam 2013; Bassett & Lynall 2013) and references therein.   
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1.7 Resting state 

Resting state (RS) refers to a state of the brain when the subject is not performing any 

explicit cognitive task. Even in the absence of external stimuli, the brain continues active, so 

any brain region will show electric and magnetic fields. The analysis of resting state is useful 

to explore brain’s functional organization and may present alterations in neurological or 

psychiatric diseases. Resting-state functional connectivity research has recently received great 

interest (for a review of RS in fMRI see (Fox & Raichle 2007)). 

Several studies have shown that even when the brain is at ‘rest’, it is organized in 

multiple active subsystems (Biswal et al. 1995). These RS networks reveal an inherent 

property of brain functional organization that helps to stabilize brain ensembles, consolidate 

the past, and prepare us for the future, as suggested by (Raichle & Snyder 2007). Studying 

these networks in the clinical framework could help to enhance the understanding of disease. 

Indeed, these RS networks have been studied using MEG in diseases (Broyd et al. 2009) such 

as Parkinson’s (Bosboom et al. 2006), Alzheimer’s (de Haan, van der Flier, Wang, et al. 

2012) and epilepsy (Quraan et al. 2013; Horstmann et al. 2010; van Dellen et al. 2012; Niso, 

Pereda, et al. 2013). 

1.7.1 Brief history of resting state analysis 

Bharat Biswal discovered that the brain, even during rest, contains information about 

its functional organization (Biswal et al. 1995). He studied with fMRI how different brain 

regions communicate while the brain was not performing any active task. Unfortunately, his 

studies were initially disregarded and attributed to another signal source; however, nowadays 

they have been widely replicated and accepted as a valid method of mapping functional brain 

networks. Experiments by neurologist Marcus E. Raichle indicated that brain’s energy 

consumption is increased by less than 5% of its baseline energy consumption while performing 

a focused mental task (Raichle & Snyder 2007). Some of their findings include the relative 

independence of blood flow and oxygen consumption during changes in brain activity, which 

provided the physiological basis of fMRI, and the discovery of the Default Mode Network. 

The default mode network (DMN) is a set of brain regions that are active when an 

individual is at rest and which consistently deactivate during active task states (Fox & 

Raichle 2007). It is one of the most studied networks present during resting state and is one 

of the most easily visualized networks (Broyd et al. 2009; Zhang et al. 2011; Sporns 2013). 
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1.8 Epilepsy 

Epilepsy is a chronic disorder of the brain that affects people in every country of the 

world. It is characterized by recurrent seizures, i.e., brief episodes of involuntary shaking 

which may involve a part of the body (partial) or the entire body (generalized) and 

sometimes accompanied by other symptoms such as loss of consciousness and control of bowel 

or bladder function. The episodes are a result of excessive electrical discharges in a group of 

brain cells. Different parts of the brain can be the site of such discharges. Seizures can vary 

from brief lapses of attention or muscle jerks, to severe and prolonged convulsions. Seizures 

can also vary in frequency, from less than one per year to several per day. One seizure does 

not signal epilepsy (up to 10% of people worldwide have one seizure during their lifetimes). 

Epilepsy is defined by two or more unprovoked seizures, according to the World Health 

Organization (WHO)3. 

1.8.1 Epidemiology 

Epilepsy is one of the most common neurological disorders, second only to stroke. 

About 3% of people will be diagnosed with epilepsy at some time in their lives and nowadays, 

Around 50 million people in the world suffer from epilepsy (WHO, 2012). In fact, epilepsy is 

a disorder that can occur in all mammalian species, probably more frequently as brains have 

become more complex. Epilepsy is also remarkably uniformly distributed around the world. 

There are no racial, geographical or social class boundaries. Genetic, congenital, and 

developmental conditions are mostly associated with it among younger patients; tumors are 

more likely over age 40; head trauma and central nervous system infections may occur at any 

age (Epilepsy Atlas, WHO 2005). 

In developed countries, annual new cases are 40-70 per 100.000 people in the general 

population, whereas, in developing countries, this figure is often almost doubled due to the 

higher exposure to situations that can lead to permanent brain damage (~80% of epilepsy 

cases worldwide are found in developing regions). The risk of premature death in people with 

epilepsy is two to three times higher than it is for the general population.  

Epilepsy is usually controlled, but not cured, with medication. However, more than 

30% of people with epilepsy do not have seizure control even with the best available 

medications. Surgery may be considered in difficult cases. Not all epilepsy syndromes are 

                                            

3 http://www.who.int/mental_health/neurology/epilepsy/en/  
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lifelong – some forms are confined to particular stages of childhood. Epilepsy should not be 

understood as a single disorder, but rather as a syndrome with vastly divergent symptoms, all 

involving episodic abnormal electrical activity in the brain and numerous seizures. 

Age-standardised disability-adjusted life 
year (DALY) rates from Epilepsy by 
country (per 100,000 inhabitants) in 
2002 

     no data 
     less than 50 
     50-72.5 
     72.5-95 
     95-117.5 
     117.5-140 
     140-162.5 
     162.5-185 
     185-207.5 
     207.5-230 
     230-252.5 
     252.5-275 
     more than 275 

 

Figure 1.22: Disability-adjusted life year for epilepsy per 100,000 inhabitants in 2002. 

Wikipedia based on data from Mortality and Burden of Disease estimates for WHO member states in 2002 

Epilepsy is one of the world’s oldest recognized conditions, for centuries surrounded by 

fear, misunderstanding, discrimination and social. In many countries some of the stigma 

continues even today, affecting the patients and their families’ quality of life. An excellent 

modern coverage of the different aspects of epilepsy can be found in (Engel & Pedley 2008). 

Below, I summarize the most important aspects of this disease. 

1.8.2 Brief history of epilepsy 

The word epilepsy is derived from the Ancient Greek ēpilambánein, meaning “to be 

seized, to be overwhelmed by surprise”. Historically, the disease was often called in Germanic 

and Romance languages “falling sickness” or “falling evil” and was associated with religious 

experiences and even demonic possession. The Greek physician Galen wrote that “the moon 

governs the periods of epileptic diseases” and hence the epilepsies were called lunatics. The 

oldest known record of epilepsy comes from the Sakikku (“All diseases”); a Babylonian 

cuneiform medical text (~1000 BC) which describes in surprising detail several manifestations 

of the different seizure types we recognize today, and it emphasizes the supernatural nature 

of epilepsy. This supernatural view had prevailed until quite recently. The School of 

Hippocrates on the 500 BC, first suggested that the brain was the seat of this disorder, as it 

was also the seat of intellect, behaviour and emotions, unfortunately this concept had little 

influence and remained ignored by the dominating supernatural view, until the 17th and 18th 

century, with big personalities such as the English doctor Tomas Willis. In the 19th century, 

Jackson gave an accurate clinical and physiological definition of epilepsy and a basic 
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classification of seizures into focal (partial) and generalized, that continues in use today 

(Epilepsy Atlas, WHO 2005). 

In most cultures, persons with epilepsy have been stigmatized, shunned, or even 

imprisoned. Stigma continues to this day, in both the public and private spheres, but polls 

suggest it is generally decreasing with time, at least in the developed world; Hippocrates, who 

named it “Sacred Disease” on the 500BC, remarked that epilepsy would cease to be 

considered divine the day it was understood. See chapter 3 of (Engel & Pedley 2008) for an 

interesting and beautifully narrated history of epilepsy. Throughout history there have been 

many notable people who had suffered from epilepsy, such was the case for Socrates, Julius 

Caesar, Caligula, Fyodor Dostoyevsky or even Napoleon I of France (Taxil 1602; Bryant 

1953; Temkin 1994). 

1.8.3 Organization of epilepsies and seizures 

Since 1909, the International League Against Epilepsy (ILAE)F

4 has actively worked to 

ensure the resources that are essential in understanding, diagnosing and treating persons with 

epilepsy. The history of classification has largely based on perceptive observations and expert 

opinions. The first published ILAE classification dates from 1960, last updated officially in 

1981 for seizures (Commission on Classification and Terminology of the International League 

Against Epilepsy, 1981) and 1989 for epilepsies (Commission on Classification and 

Terminology of the International League Against Epilepsy, 1989). The original authors 

foresaw that changes to the classification would be needed as new information was acquired 

and new investigative technologies developed. Attempts for updating both organizations have 

been made documents (Engel 2001; Engel 2006); however no new proposal has been 

forthcoming. The last effort was carried in (Berg & Scheffer 2011; Berg et al. 2010) when 

some of the terminology and concepts were revised. Table 1.4, obtained from the ILAE 

communication, summarizes these new changes. Changes in the new organization5 are 

structural and in general do not affect diagnostic entities. 

  

                                            

4 http://www.ilae.org/  

5 The ILAE proposes the word “organization” rather than “classification” as we are not realistically at the 

point at which we can classify according to the biology of these disorders in a scientific way. 
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 Classification of epilepsies 1.8.3.1

Epilepsies are organized in five ways:  

1. By their first cause (etiology): genetic, structural-metabolic and unknown (or 

what they were in the old terms: idiopathic, symptomatic and cryptogenic) 

2. By the observable manifestations of the seizures (semiology) 

3. By the location in the brain where the seizures originate 

4. As a part of discrete, identifiable medical syndromes 

5. By the event that triggers the seizures, such as reading or music 

 

Table 1.3: New terminology revised in epilepsy 

 Types of seizures 1.8.3.2

Traditionally, seizures and epilepsy have been divided into two different types: focal 

and generalized. Focal-onset seizures appear to originate from a circumscribed region of the 

brain (epileptic focus (Rosenow & Lüders 2001)), whereas generalized-onset seizures are 

believed to instantaneously involve almost the entire brain (Engel 2006). See (Chang & 

Lowenstein 2003) and (Asconapé & Gil-Nagel 2003) for excellent reviews. However, although 

the division between these concepts of focal and generalized seizures seems clear, there is 

mounting evidence that they may have overlapping or at least related mechanisms, and being 

challenged by increasing evidence of seizure onset within a network of brain regions (epileptic 

network) (Bertram et al. 1998; Bragin et al. 2000; Spencer 2002). This led to a new approach 

to classify seizures and epilepsies (Berg & Scheffer 2011). As commented in section 0, the 

concept of epileptic network comprises anatomically, and more importantly, functionally 

connected cortical and subcortical brain structures and regions. Table 1.5 gathers this new 

organization of seizures. 
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Table 1.4: New classification of seizures 

ILAE proposal for Revised Terminology for organization of seizures and epilepsies 2010 

“Since the timescale between onset and offset of a seizure is orders of magnitude 

smaller than that of any plausible change in the underlying structural components (such as 

neurons, axons or dendrites), seizures (and other related pathophysiological dynamics) may 

emerge from, may spread via, and may be terminated by network constituents that generate 

and sustain normal, physiological brain dynamics during the seizure-free interval” (Lehnertz 

et al. 2013). This is a very important concept, because it clearly suggests the possibility of 

studying such networks from interictal data. 

1.8.3.2.1 Focal seizures 

Focal epileptic seizures are originated within networks limited to one hemisphere, 

which could be discretely localized or more widely distributed. 

• Without impairment of consciousness or awareness (previous term: simple partial) 

o With observable motor or autonomic components (eg. focal clonic, autonomic, 

hemiconvulsive) 

o With subjective sensory or psychic phenomena (aura - specific types) 

• Where alteration of cognition is major feature (previous term: complex partial) 

o Dyscognitive 

• Evolving to bilateral, convulsive seizure (previous terms: partial seizure secondarily 

generalized; secondarily generalized tonic-clonic seizure) 

o With tonic, clonic or tonic and clonic components 
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1.8.3.2.2 Generalized seizures 

Generalized6 epileptic seizures are originated at some point within, and rapidly 

engaging, bilaterally distributed networks. They can include cortical and subcortical 

structures, but not necessarily include the entire cortex. Seizure types are thought to occur 

within and result from rapid engagement of bilaterally distributed systems. The organization 

of generalized seizures has actually been simplified from 1981 and 2006. 

• Tonic-clonic (in any combination) 

• Absence  

o Typical  

o Atypical  

o Absence with special features: myoclonic absence, eyelid myoclonia 

• Myoclonic  

o Myoclonic 

o Myoclonic atonic 

o Myoclonic tonic 

• Clonic 

• Tonic  

• Atonic 

 Idiopathic generalized and frontal lobe epilepsies  1.8.3.3

In this thesis two groups of epileptic patients are going to be studied: on the one hand, 

patients suffering from idiopathic generalized epilepsies and on the other, focal frontal lobe 

epilepsies. Hereby, I will describe some of their most common characteristics and rates of 

incidence. 

The idiopathic generalized epilepsies (IGE) account for 15-20% of epilepsies and they 

consist on a group of epileptic syndromes itself recognized in the classification of the ILAE. 

Genetic factors predominate in its pathogenesis; all of them present clinical and 

electroencephalographic evidence of bilateral hemispheric, synchronous and symmetrical 

involvement. The most common EGI beginning in adolescence are: juvenile myoclonic 

epilepsy (JME), juvenile absence epilepsy (JAE) and IGE only with generalized seizures.  

                                            

6 Generalized seizures do not involve the whole brain, but rather networks in the brain. Hence, a 

reconceptualization of the term has been realized, allowing generalized seizures to arise from focal lesions, which is 

often the case in epileptic spasms, atonic and tonic seizures. 
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JME, also known as Janz syndrome (Janz 1997), is the most common group of IGE 

and accounts for 8-10% of epilepsies in adolescence (Asconapé & Gil-Nagel 2003). Signs of 

JME are myoclonus occurring early in the morning or shortly before falling asleep. This 

rarely results in patients falling, but rather dropping objects. By definition, they present 

normal neuroimaging studies, however, more advanced imaging techniques have identified 

structural and functional changes on frontal lobes. Recent neuropsychological studies have 

also shown existence of personality disorders and cognitive deficits similar to those observed 

in patients with lesional frontal lobe epilepsy. These evidences have led in recent years to 

many speculations about the pathophysiological mechanisms underlying the EGI suggesting 

the possibility of a frontal damage in JME and involvement of thalamocortical circuits.  

JAE is a form of EGI which is characterized by absence seizures. Crises are very 

similar to typical childhood absences but less frequent and more prolonged. Most generalized 

tonic-clonic seizures occur upon awakening. A small percentage of patients may have 

occasional myoclonus. The JAE was recognized by German researchers Doose et al, 

evaluating the population of patients with generalized spike-wave patterns, observed that 

there were two groups of patients with absences: the infantile form of crisis with high 

frequency (up to hundreds of daily crises) and juvenile form with sporadic absences (1-10 

attacks/day) (Oller-Daurella 1998).  

IGE only with generalized seizures, corresponds to the former “epilepsy with grand mal 

seizures on awakening”, given the crises were likely to occur 1 to 2 hours after awakening 

(Beghi et al. 2006). Sleep deprivation and alcohol are described as precipitating factors. The 

age of onset is late in childhood and early adolescence.  

Regarding frontal lobe epilepsy, its existence and importance have been known for a 

century, however, there are few detailed studies and its diagnosis continues to pose a 

challenge to the neurologist. It is considered the largest subgroup of extratemporal partial 

epilepsies and represents 20-30% of all epilepsies (O’Muircheartaigh & Richardson 2012). Its 

true incidence is unknown but contributions of epilepsy surgery programs refer they are the 

second most frequent, after temporal epilepsy, representing 30% of all surgical interventions 

(Forcadas-Berdusan 2002). Since the frontal lobe is almost a third of the brain, knowing its 

functional anatomy is essential to understand the wide and varied semiology of seizures that 

are originated in it (McGonigal & Chauvel 2004). Its etiology has been speculated cryptogenic 

origin 37% of cases (Forcadas 2002), however, magnetic resonance imaging (MRI) has made a 

breakthrough in this respect to be able to bring out heterotopias and cortical dysplasias 

previously unseen. In recent years, with the use of high definition MRI scanners (3 Tesla), it 

has been possible to identify easily malformations of cortical development (Téllez-Zenteno et 

al. 2010).  
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1.8.4 Some antiepileptic drugs 

Here I briefly describe some antiepileptic drugs (AEDs), however, as this issue is 

beyond the scope of the thesis I would like to refer to (Engel & Pedley 2008; Gil‐Nagel 2003) 

for a more detailed information. AEDs could be divided into:  

• Narrow-spectrum AEDs: phenytoin (Dilantin), phenobarbital (Luminal), 

carbamazepine (Tegretol), oxcarbazepine (Trileptal), gabapentin (Neurontin), 

pregabalin (Lyrica), lacosamide (Vimpat), vigabatrin (Sabril) 

• Broad-spectrum AEDs: valproic acid (Depakote), lamotrigine (Lamictal), 

topiramate (Topamax), zonisamide (Zonegran), levetiracetam (Keppra), 

clonazepam (Klonopin), rufinamide (Banzel) 

Like most drugs, each AED can cause their own particular side-effects, and its 

appropriacy and efficacy depends on the type of seizures and if having any other medical 

conditions. However, we have to bear in mind that AEDs do not cure epilepsy, but aim to try 

and stop seizures happening. 

1.8.5 Epilepsy and connectivity in MEG 

Epilepsy has been historically seen as a functional brain disorder characterized by 

spontaneous seizures, consisting of high-amplitude, often rhythmic, activity. (Penfield & 

Jasper, 1954) hypothesized that seizures are an extreme form of synchronous brain activity, 

with decreased inhibition and enhanced excitation, which lead to a transient condition of 

intense, hypersynchronous neuronal activity.  

Therefore, it comes as no surprise that the study of epilepsy from the point of view of 

functional connectivity dates back to the early days of characterization of interdependence of 

EEG signals, as the most characteristic sign of epilepsy, the seizures, is a perfect example of 

pathological connectivity (hipersynchronization). In fact, many of the first publications in FC 

and EC were precisely on epilepsy (Arnhold 1999; Le van Quyen et al. 1998; Le van Quyen et 

al. 1999; Chávez et al. 2003). Recent evidence showed that this epileptiform phenomena, 

particularly seizures, result from complex interactions between neuronal networks 

characterized by heterogeneity of neuronal firing and dynamical evolution of synchronization. 

Desynchronization is often observed preceding seizures or during their early stages; in 

contrast, high levels of synchronization observed towards the end of seizures may facilitate 

termination. See (Jiruska et al. 2013) for a recent study of synchronization and 

desynchronization in epilepsy. (Burgess 2011; Foley et al. 2013) reported the importance of 

the evaluation of brain connectivity with MEG for the clinical point of view. 
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Besides, some bivariate measures are used as complementary information to the 

univariate ones for the prediction on the above mentioned seizures (Lehnertz & Mormann 

2007). The increasing interest for this topic has given rise to different large-scale EU research 

projects such as the EU FP7 Project EPILEPSIAE (Evolving Platform for Improving the 

Living Expectations of Patients Suffering from IctAl Events)7, or the ARMOR project8 

(Advanced multi-paraMetric monitoring and analysis for diagnosis and Optimal management 

of epilepsy and related bRain disorders). 

1.8.6 Epilepsy and complex network analysis in MEG 

In epilepsy, historically most work has concentrated attention to the molecular, 

anatomical, and cellular physiological changes involved in its development (epileptogenesis) 

and in the initiation of seizures (ictogenesis) as stated by (Kramer & Cash 2012). It was not 

until recently, that more interest had been drawn to the way in which different brain regions 

communicate. These new type of studies, which focus on functional connectivity networks, 

have increased vastly in the past decade, offering important novel insights and approaches to 

the nature of epilepsy. See (Kramer & Cash 2012).  

Highly interconnected brain networks can generate a wide variety of synchronized 

activities, including those underlying epileptic seizures, which often emerge as an alteration of 

normal brain rhythms (Lehnertz et al. 2013). First evidences that network analysis might be 

useful to understand epilepsy came from model studies (Netoff et al. 2004). Since then, there 

has been growing empirical evidence for the hypothesis that changes in brain network 

topology might play a crucial role in epilepsy. Recently, (Ponten et al. 2009; Gupta et al. 

2011) have proved with surface EEG and MEG during absence seizures, that a more regular 

network topology could be related to seizure generation. Several studies have shown that 

interictal functional networks in epilepsy patients may be characterized by increased 

connectivity, a shift to a more regular topology, changes in modular structure and prominent 

hub-like regions (Chavez et al. 2010; Douw et al. 2010; Horstmann et al. 2010; Bartolomei et 

al. 2013; Clemens et al. 2013). A study of altered resting state brain dynamics in temporal 

lobe epilepsy could also be found at (Quraan et al. 2013). The majority of these studies make 

use of network characteristics such as clustering coefficient and path length, which might give 

a clue, but possibly they are not enough to fully understand the relation between network 

                                            

7 http://www.epilepsiae.eu/. An additional aim of the project was to develop a framework for the design and 

evaluation of seizure prediction algorithms, gathered at tool Matlab® toolbox EPILAB. 

8 http://armor.tesyd.teimes.gr/ 
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organization and brain functioning in interictal epilepsy. For that reason, new studies are 

increasingly focusing on other network characteristics to provide a comprehensive view of the 

interictal network organization. For example, (Wilke et al. 2011) used betweenness centrality, 

and found that it correlates with the location of the resected cortical regions in patients who 

were seizure-free following surgical intervention. Also (van Dellen et al. 2012) found that a 

less modular organization, decreased clustering coefficient, and a lower synchronizability (i.e., 

a measure for the stability of the synchronous state in a network) were associated with an 

increased seizure occurrence and with cognitive decline in patients with brain tumour patients 

who had clinical seizures. There have been also other studies, such as (van Diessen, Otte, et 

al. 2013), which for the first time develop a multivariable diagnostic prediction models based 

on functional network characteristics, in this case, of partial epilepsy using EEG (see also 

(Mormann et al. 2007) for a review on seizure prediction). 

Interestingly, the literature points to the fact that specific disruptions in connectivity 

and network topology associated with cognitive and behavioral impairments often seen in 

patients with chronic epilepsy have shifted from ‘focus’ to ‘networks’, and this is being 

reflected in modern epilepsy research (Bertram et al. 1998; Bragin et al. 2000; Spencer 2002; 

Lemieux et al. 2011). Evidence that this is really current research topic is the fact that in the 

last twelve months several reviews have appeared, which provide an update of the field (van 

Diessen, Diederen, et al. 2013; Lehnertz et al. 2013) (Stam & van Straaten 2012).  
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2 Objectives 

As detailed in the introduction, the study functional brain connectivity from MEG 

data is a very active and important area of research in modern neurosciences. In this thesis, I 

intend to tackle some of the practical open problems in the field (see, e.g., the special issue 

(volume 80, October, 2013 on Mapping the Connectome)), as detailed henceforth. 

1) Study of FC and EF methods in MEG: HERMES 

The increase in the number of time series analysis algorithms to study FC / EC in the 

brain, along with their mathematical complexity, makes it desirable to arrange them into a 

(still missing) single, unified toolbox that allow neuroscientists, neurophysiologists and 

researchers from related fields to easily access and make use of them. Consequently, the first 

objective of my thesis is to develop such a toolbox, running under the cross platform Matlab®, 

as it is the most used environment in neuroscience framework, which encompasses several of 

the most common indexes for the assessment of FC and EC, so it could suppose a great value 

for the scientific community and could entail a solid step towards translational research at 

the time it pushes forward research based on neurophysiological data and facilitates and 

improves the way it is conceived now. 

2) Study gradiometers vs magnetometers in FC networks 

The second important practical issue to tackle in this thesis is that in human MEG 

recording, not all types of magnetic sensors have the same sensitivity to deep brain sources. 

Magnetometers measure the overall magnitude of the magnetic field component 

approximately normal to the head surface; whereas planar gradiometers measure the 

difference of that field component at two adjacent locations. Thus, in this work I will profit 

from the fact that the MEG recording device in our lab has both magnetometers and 

gradiometers and will compare their performance when studying FC and brain networks. As 

well as this, the behavior of the related methodological approach to control the effect of 

volume conduction through two phase synchronization indexes: PLV and PLI, is also 

evaluated.  
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3) Decide the set of network indexes that better characterizes FC matrixes to 

avoid redundant information 

Complex network analysis of functional connectivity data has provided new concepts 

which improved characterization of interacting dynamical systems. With this background, 

networks could be considered composed of nodes, representing systems, whose interactions 

with each other are symbolized by edges. An increasing number of network indexes have been 

applied in network analysis. However, there is theoretical (Li et al. 2011) and empirical 

evidence (Lynall et al. 2010) that many of the indexes commonly used to characterize brain 

functional connectivity networks, are strongly correlated with each other. Therefore, the third 

objective of my thesis is to evaluate how the most used set of complex network indexes are 

classified into different groups, and which of the measures to take as an representative 

exemplar of their corresponding group, making use of the affinity propagation algorithm 

(Frey & Dueck 2007; Givoni & Frey 2009). 

4) Study the consistency of the two strategies to determine whether a link should 

be present in a network: surrogates vs. fixed density 

Selecting an appropriate threshold to decide whether a certain connectivity value of the 

FC matrix is significant and should be included in the network analysis is still an open 

question (see, e.g., (Quraan et al. 2013; Fornito et al. 2013; Kim et al. 2013; Wilenius et al. 

2013; Lehnertz et al. 2013). There are different approaches. In this thesis, I will use the 

surrogate data tests as a data-driven, detailed, edge-by-edge evaluation of the significance of 

each of the edges (Kramer et al. 2009; Bialonski et al. 2011) and compare the results with the 

ones obtained when setting a fixed value of density of connections. 

Objectives 2, 3, and 4, aim to give a global vision of all the available data obtained in a 

real situation and how to better summarize it, thus, reducing redundant information. For this 

purpose, objectives 2, 3, and 4 are going to be carried out through the analysis of MEG 

functional connectivity in a case study of resting state FC in two group of epileptic patients 

(generalized and focal epilepsy) as compared to matching control subjects, because, as 

detailed in the Introduction (section 1) this disease presents an ideal benchmark for 

interdependency studied from both the clinical and the research perspective.  
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3 Functional and effective 
connectivity: HERMES 

3.1 Connectivity measures 

In this section many of the most used functional and effective connectivity measures for 

brain analysis are introduced. 

3.1.1 Introduction 

The analysis of the interdependence between time series has become an important field 

of research, partly as a result of advances in the characterization of dynamical systems from 

the signals they produce, and the introduction of concepts such as generalized (GS) and 

phase synchronization (PS). In neurophysiology, different analytical tools stemming from 

these and related concepts (Pereda et al. 2005) have added to the traditional set of linear 

methods of multivariate time series analysis, such as the cross-correlation or the coherence. 

The popularity of these tools has grown in parallel with that of the idea of connectivity as 

one crucial aspect underlying information processing in the brain. Brain connectivity is an 

elusive concept that refers to different interrelated aspects of brain organization (see, e.g., 

(Horwitz 2003) for a critical review), and is normally divided into three different categories: 

anatomical or structural, functional (FC) and effective connectivity (EC). Anatomical 

connectivity refers to a network of physical connections linking sets of neurons or neuronal 

elements, and has to do with the anatomical structure of brain networks. However, FC refers 

to the statistical dependence between the signals stemming from two (or among many) 

distinct units within a nervous system (from single neurons to whole neural networks), while 

EC refers to the causal interactions between (or among) them (Friston 2011; Friston 1994). 

Note that here FC does not entail the existence of any physical connection between these 

networks (i.e., in terms of tracts or fibres linking the two brain sites). It only refers to the 
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existence of a relationship between the corresponding signals. In turn, the causal relationship 

that defines EC is also reflected in the signals as the existence, e.g., of a coherent time lag 

between them or an asymmetry in the dependence between their reconstructed state spaces. 

That is why FC/EC can be tackled from multivariate neurophysiological signals with the 

help of tools for the analysis of the interdependence between time series. Roughly speaking, 

FC is assessed by those (symmetric) tools that measures the existence of any type of 

covariance (whether linear or nonlinear) between two neurophysiological signals without 

providing any causal information (good examples are the traditional linear methods 

mentioned above), whereas for the assessment of EC one needs time series techniques that do 

provide causal information, such as Granger causality (Granger 1969) or transfer entropy 

(Schreiber 2000). 

 

Figure 3.1: Anatomical, functional and effective connectivity 

 

Recently, there has been an outburst of toolboxes that include indexes of brain 

connectivity, toolboxes that are made publicly available and published in the literature 

(Oostenveld et al. 2011; Rose et al. 2008; Seth 2010; Tadel et al. 2011; Zhou et al. 2009). 

However, most of them either focus on a special type of connectivity indexes (e.g., linear 

indexes (Seth 2010)) and/or include only a subset of indexes as part of a more general 

purpose toolbox whose main aim is, say, the analysis of EEG and/or MEG (Delorme & 

Makeig 2004; Delorme et al. 2011; Oostenveld et al. 2011; Tadel et al. 2011). Yet I feel that 

the increase in the number of time series analysis tools to study FC / EC in the brain, along 

with their mathematical complexity, makes it desirable to arrange them into a (still missing) 

single, unified toolbox that allow neuroscientists, neurophysiologists and researchers from 

related fields to easily access and make use of them. Consequently, I hereby present a new 

toolbox called HERMES, running under the cross platform Matlab® environment, which 

encompasses several of the most common indexes for the assessment of FC and EC. Besides, 

the toolbox also includes visualization routines and two different advanced statistical methods 

that address the problem of multiple comparisons, which are also very useful tools for the 

analysis of connectivity in multivariate neuroimage data sets.  
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HERMES is the Spanish abbreviation for “HERramientas de MEdidas de 

Sincronización”, which roughly translates to English as “Tools for the Assessment of 

Synchronization”. But HERMES is also the name of the messenger of the gods in Greek 

mythology, the guide to the Underworld (the study of theory and practice of interpretation –

Hermeneutics- is also named after him). By naming the toolbox after such deity, I want to 

highlight the purpose that inspired it: to allow researchers not familiar with the underlying 

mathematics gaining access to different connectivity measures and analysis tool. 

 

Figure 3.2: Connectivity analysis pipeline 

 

As commented before, HERMES includes several types of connectivity indexes. From a 

conceptual point of view, they might be classified into two main groups: FC indexes, which 

measure statistical dependence between signals without providing any causal information, and 

EC indexes, which do provide such causal information. However, for the sake of clarity, I will 

rather group them in five different categories: classical measures (section 3.1.2), PS indexes 

(section 3.1.3), GS indexes (section 3.1.4), Granger causality-based indexes (3.1.5) and 

information theoretic indexes (section 3.1.6). This classification scheme is shown in Table 3.1 

CM PS GS GC IT 

COR 

XCOR 

COH 

PSI 

PLV 

PLI 

WPLI 

RHO 

DPI 

S 

H 

N 

M 

L 

SL 

GC 

DTF 

PDC 

MI 

TE 

PMI 

PTE AR model order (for GC) 

MAR model order (for 

DTF and PDC) 
Max lags (for XCOR) 

Freq Range (for PSI) 

Embed Dimension 

Embed Delay 

N neighbours 
Center Freqs 

Bandwith 

Method (for DPI) 
Embed Dimension 

Embed Delay 

Theiler window (w1) 

N neighbors 

w2 and pref (for SL) 

Table 3.1: Connectivity measures included in HERMES 
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From left to right: classical measures (CM), phase synchronization measures (PS), generalized synchronization 

measures (GS), Granger causality-based measures (GC) and information theoretic measures (IT). Normal font 

(top): name of the indexes. Italic font (bottom): parameter for the index in this column 

Henceforth I will use uppercase (X) to denote systems, italic lowercase (x) for signals or 

variables and bold lowercase (x) for vectors. Besides, unless stated otherwise, I will assume 

(without loss of generality), that signals are normalized to zero mean and unit variance. 

3.1.2 Classical measures 

Classical measures include the FC linear methods most commonly used in the 

neuroscientific literature: Pearson’s correlation coefficient (section 3.1.2.1), cross-correlation 

function (section 3.1.2.2) and magnitude squared coherence (section 3.1.2.3). These measures 

have the advantage of being well known and fast to compute. However, they only detect 

linear dependences. Besides, I have included here another measure, the Phase Slope Index 

(section 3.1.2.4) which, although recently derived (Nolte et al. 2008), is based on the classical 

coherency function. 

 Pearson’s correlation coefficient (COR) 3.1.2.1

DEFINITION: Pearson’s correlation coefficient measures the linear correlation in the 

time domain between two signals x(t) and y(t) at zero lag. For zero mean, unit variance 

signals it is defined, as: 

1

1
( ) ( )

N

xy
k

R x k y k
N =

= ∑    (1) 

RANGE: -1≤Rxy≤1. (-1): complete linear inverse correlation between the two signals, 

(0): no linear interdependence, (1): complete linear direct correlation between the two signals. 

 Cross-correlation function (XCOR) 3.1.2.2

DEFINITION: The cross-correlation function measures the linear correlation between 

two signals x(t) and y(t) as a function of time: 

1

1
( ) ( ) ( )

N

xy
k

C x k y k
N

τ

τ τ
τ

−

=

= +
− ∑   (2) 
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When τ = 0 we recover the Pearson‘s correlation coefficient (3.1.2.1) 

RANGE: -1≤Cxy(τ)≤1. (-1): complete linear inverse correlation between x(t) and y(t) 

at time delay τ, (0): no linear interdependence, (1): complete linear direct correlation between 

x(t) and y(t) at time delay τ 

 Coherence (COH) 3.1.2.3

DEFINITION: The magnitude squared coherence (or simply, the coherence) 

measures the linear correlation between two variables x(t) and y(t) as a function of the 

frequency, f. It is the squared module of the coherency function, which is the ratio between 

the cross power spectral density, Sxy(f), between x(t) and y(t), and their individual power 

spectral densities Sxx(f) and Syy(f): 

( )
( )

( ) ( )
xy

xy

xx yy

S f
COH f

S f S f
=    (3) 

Thus, the coherence is defined as: 

2

22
( )

( ) ( )
( ) ( )

xy

xy xy
xx yy

S f
k f COH f

S f S f
= =   (4) 

In HERMES, I use Welch’s averaged, modified periodogram method to estimate the 

spectrum, as we are dealing with finite data. Both the windowing of the data and the use of 

Welch’s averaged periodogram reduce the frequency resolution of the coherence. Welch’s 

periodogram, by default, uses segments of 2/9 times the window length, thus reducing the 

frequency resolution to approximately a fifth of this value. 

RANGE: 0≤kxy
2(f)≤1. (0): no linear dependence between x(t) and y(t) at frequency f. 

(1): correspondence between x(t) and y(t) at frequency f. 

 Phase slope index (PSI) 3.1.2.4

A key concept for the study of brain connectivity from two signals, x(t) and y(t), 

recorded from two sensor/channels is that true interactions between neural sources (as 

opposed to, e.g., volume conduction effects) occur with a certain time delay (Nolte et al. 

2004). In fact, the existence of time delay in the interdependence between x(t) and y(t) is the 
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conceptual basis of EC indexes such as the Granger measures covered in section 3.1.5. In fact, 

(Geweke 1982) showed that total connectivity can be expressed as a sum of instantaneous 

and Granger-causal components. (Pascual-Marqui, R D Lehmann et al. 2011) has used this 

idea to derive the lagged connectivity between two signals (the one having almost pure 

physiological origin) as the difference between total and instantaneous connectivity. In a 

similar vein, (Hipp et al. 2012) recently proposed to decompose X(t,f) and Y(t,f) -the 

frequency domain versions of x(t) and y(t), respectively - into two components, one parallel 

and one orthogonal to the other signal. The component of Y(t,f) parallel to X, Y║X(t,f), 

corresponds to the part of Y(t,f) that can be instantaneously and linearly predicted from X, 

and “shares with it the co-variability in power due to measuring the same sources in two 

different sites” (Hipp et al. 2012). In contrast, the component Y(t,f) orthogonal to X(t,f), 

Y┴X(t,f) = Y(t,f) - Y║X(t,f) corresponds to that part of Y(t,f) stemming from different 

neuronal populations to those recorded in X(t,f). The power envelope correlation between 

X(t,f) and Y┴X(t,f) provides an estimation of true brain interactions as a function of time and 

frequency. 

The abovementioned lagged connectivity component also produces a coherent phase 

relationship between x(t) and y(t) at a value different from 0 and π, which results in a 

complex coherency (4) with an imaginary part different from zero. Several indexes have been 

derived (Nolte et al. 2004; Nolte et al. 2008; Stam et al. 2007; Vinck et al. 2011), which make 

use of this phase relationship to estimate the existence of true FC between x(t) and y(t). The 

current version of HERMES includes many of these indexes, such as the Phase Lag Index 

(PLI) and or the Weighted Phase Lag Index (WPLI) (described in sections 3.1.3.2 and 

3.1.3.3, respectively). The Phase Slope Index (PSI), explained henceforth, is another of such 

indexes. Although it can hardly be regarded as a classical measure, I cover it in this section 

because it is directly obtained from the complex coherency function.  

DEFINITION: (Nolte et al. 2008) proposed a highly robust estimation of the flow 

direction of information between two time series by making using the abovementioned idea. 

Briefly, if the speed at which different waves travel is similar, then the phase difference 

between the sender and the recipient of the information increases with frequency, giving rise 

to a positive slope of the phase spectrum. Hence, the PSI between x(t) and y(t) is defined as: 

* ( ) ( )xy xy xy
f F

COH f COH f fψ δ
∈

 
= + 

 
∑ɶ J   (5) 

where COHxy(f) is the complex coherence (as defined in (4)); δf is the frequency 

resolution, and ⋅J()  denotes imaginary part. F is the set of frequencies over which the slope is 

summed. Usually, (5) is normalized by using an estimate of its standard deviation (Nolte et 

al. 2008; Di Bernardi et al. 2013). 
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( )
xy

xy
xy

PSI
std

ψ
ψ

ψ
= =

ɶ

ɶ
   (6) 

where ( )xystd kψ σ=ɶ is assessed by dividing the whole data into k epochs, 

calculating k values of (5), k
xyψɶ , from data with the kth epoch removed and then taking σ as 

the standard deviation of the distribution of k
xyψɶ .  

RANGE: Values of PSI > 2 indicates statistically significant time delay between x(t) 

and y(t) in the frequency range considered. 

REMARKS: PSI “indicates the temporal order of two signals, which is then 

interpreted as a driver-response relation. For bidirectional (or unknown) coupling a finding 

that, e.g., A drives B does not imply that B has no impact on A. Rather, one cannot make a 

statement about the reverse direction.” (Nolte et al. 2008). The method has shown to 

outperform Granger causality in the detection of directionality in the analysis of data 

consisting in mixtures of independent sources. 

 Parameters for the classical measures 3.1.2.5

Generally, classical measures do not need many parameters. However, for the cross-

correlation I include: 

• Max lags (ττττ): Is the number of lags you want to evaluate the cross-correlation. 

RANGE: integer between [1, Nsamples/5], to avoid edge effects (Chateeld 1996). 

DEFAULT: Nsamples/20.  

For the PSI, I give the option to select: 

• Frequency band: The beginning and the end of the frequency band to analyse in 

Hz. RANGE: [0, fs/2], where fs is the sampling rate. DEFAULT: All frequencies. 

HERMES calculates automatically from the data the number of epochs k for the 

estimation of (6).  

  



Functional and effective connectivity in MEG 
Application to the study of epilepsy 

 
 
 

 48

3.1.3 Introduction to synchronization 

It was the Dutch mathematician Christiaan Huygens in the 17th century, who first 

reported that two pendulum clocks suspended of the same wooden beam ended up oscillating 

in antiphase despite they were initially oscillating out of phase. Moreover, whenever a small 

external perturbation occurred, the system recovered that stable dynamic again in a short 

time. He brilliantly described that the cause of this mutual synchronization effect was the 

mechanical coupling through the beam (Huygens 1673). 

 

Figure 3.3: Christiaan Huygens and the pendulum clocks 

The Dutch mathematician, astronomer and physicist, Christiaan Huygens in the 17th century, first reported that 

two pendulum clocks suspended of the same wooden beam ended up oscillating in antiphase despite they were 

initially oscillating out of phase. 

The term “synchronous” comes from the Greek words σύν χρόνος (syn = the same, 

common, chronos = time), meaning “sharing the common time”, “occurring in the same 

time”. For harmonic oscillators, synchronization is understood as oscillation at equal 

frequencies (constant phase shift). However, it was probably not up to van der Pol, in the 

20th century that systems which could not be treated as harmonic oscillators became being 

studied. Synchronization could be defined as an adjustment of rhythms of oscillating objects 

due to their weak interaction. This process in which two or more systems come to share a 

property of its dynamics could be produced by coupling each other or by external forcing. 

• When coupling, a direct interaction between dynamical systems (influence of some 

variables on the dynamic evolution of others) is produced. It may be unidirecccional 

or bidirectional. For example, Huygens clocks. 

• When forcing, an interaction of an external agent on the studied dynamical systems 

is produced. The agent dynamics is independent of the system we observe (but not 

vice versa). The external agent ‘forces’ systems evolve synchronously. For example, 

two electrical circuits begin to oscillate in synchronism with the introduction of a 

common external voltage. In the brain, the sensory neurons of several cortical 

regions synchronously triggered by receiving common input from the thalamus. 
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With this very general definition, different types of synchronization have been observed 

in more complex systems than harmonic oscillators: limit cycles of different systems, noisy 

limit cycles or with stochastic terms, strange attractors, etc. The existence of synchronized 

chaotic systems is not clear a priori, since the strong dependence on initial conditions seems 

incompatible with the idea of synchronization. However, from the 90s, they were observed in 

many numerical simulations and experiments. Therefore, synchronization it is studied, not 

only in simple physical systems like pendulums, metronomes, simple circuits, but also in 

biological systems (neurons, relationship between respiration and heart, menstruation, 

fireflies, circadian rhythms, etc), and in multiple general systems of complex dynamic. 

In the following, three types of synchronization are going to be described: complete, 

generalized and phase synchronization. You can find a very refreshing, well-written and 

didactic book on synchronization at (Pikovsky et al. 2003). 

When two identical (sub)systems (chaotic, irregular or noisy) are strongly coupled they 

can reach a complete or identical synchronization state (CS): both (sub)systems are in similar 

states at the same instant of time.  

When two, in general different, (sub)systems exceed a coupling threshold, they can 

become generalized synchronized (GS): their states are functionally related (by a smooth 

continuous function). For example, if we take a state of one of the (sub)systems as a 

reference, and look at the state of the other (sub) system, we will find that whenever the first 

returns to a state close to its original state, the second will also return to a state close to the 

one it had originally. 

Phase synchronization (PS) applies to those (sub)systems having a clear oscillatory 

pattern around a given point (limit cycles, noisy limit cycles, strange attractors very coherent 

in phase), so that one can identify a pronounced peak in the power spectrum of its variables. 

Thus, a phase can be defined, being a real variable function that increases monotonically (2π 

every time that reaches the origin of phases). However, in practice, this definition is quite 

problematic and difficult; despite intuitively is just a generalization of the phase of a 

harmonic oscillator. Once we have a well-defined phase, PS, as it will be explained in section 

0, is based on looking at the relative phase, i.e. the phase difference between the two systems. 

If this phase difference is constant over time, it is said that the systems are synchronized in 

phase. In practical situations, a bounded and stable relative phase for most of the time it is a 

sufficient PS indicator.  
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Figure 3.4: Three types of synchronization: phase, generalized and complete 

Two chaotic signals x1 (red), x2 (blue) originated from two nonidentical Rössler systems are shown with different 

levels of coupling in four different situations: (a) no coupling (C=0.01), (b) PS appears with C=0.2, where 

oscillators adjusts the frequencies, although the amplitudes remain different, (c) GS appears with C=0.7, where 

phase and amplitude and (d) where strong coupling (C=1) makes the two signals nearly the same (almost CS, 

except that the oscillators are nonidentical). 

PS condition rigorously appears between (sub)systems with self-maintained oscillations 

(limit cycles or systems with stable chaotic attractors, which maintain an oscillatory dynamic 

when decoupled) loosely coupled, so that the phases remain related (constant phase shift), 

while the amplitudes are uncorrelated. Exceeding a coupling threshold, amplitudes often end 

up being interdependent, leading to a state of GS (or if further increasing the coupling, in the 

case of identical systems, to a state of CS). This was observed for the first time in two 

Rössler oscillators of slightly different frequencies loosely coupled. Moreover, the more 

different the natural frequencies are, the stronger must be the coupling to reach a 

synchronized state. As in nature it is hard to find completely identical systems, in the 

following sections I am going to focus mainly on PS (section 0) and GS (section 3.1.5). 
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3.1.4 Phase synchronization indexes 

PS refers to a situation when the phase of two coupled oscillators synchronizes, even 

though their amplitudes may remain uncorrelated (Rosenblum et al. 1996). Accordingly, for 

any time t the following equation holds: 

( ) ( ) ( )x yt t t cteφ φ φ∆ = − ≤    (7) 

which is the phase locking condition.  

In experimental systems, signals are often noisy and present random phase slips of 2π.  
Hence one has to work with the cyclic relative phase, i.e., the relative phase difference 

wrapped to the interval [0,2π). It is defined as: 

( ) ( ) mod 2rel t tφ φ π∆ = ∆    (8) 

Furthermore, in this framework, the phase locking condition (7) must be understood in 

a statistical sense, as the existence of a preferred value in the distribution of (8). 

Certainly, before I estimate the degree of PS between two signals, some pre-processing 

steps are necessary, which are carried out automatically by HERMES. First, from the real-

valued signals x(t) and y(t), we obtain the corresponding analytic signals xan(t) and yan(t) 

(Gabor 1946), as: 

( )

( )

( ) ( ) ( ) ( )

( ) ( ) ( ) ( )

x

y

i t
an H x

i t

an H y

x t x t ix t A t e

y t y t iy t A t e

φ

φ

= + =

= + =
   

(9) 

where xH(t) and yH(t) are the Hilbert transforms of x(t) and y(t), respectively9. Namely: 

1 ( )
( ) . .H

x
x t PV d

t

τ τ
π τ

∞

−∞
=

−∫     (10) 

where P.V. is the Cauchy’s Principal Value. 

                                            

9 There are other ways to obtain the phase of a real-valued signal, in particular by convolving them with a 

complex wavelet such as the Morlet. However, these different approaches to phase extraction are known to be 

roughly equivalent (see, e.g., (Bruns 2005)). 
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Then, 2 2( ) ( ) ( )x HA t x t x t= +  and 
( )

( )
( )

H
x

x t
t arctg

x t
φ =  are the instantaneous 

amplitude and phase, respectively, of xan(t) (analogously for yan(t)). 

In the following subsections I review the PS indexes included in HERMES, which are 

by far the most commonly used in neuroscientific literature: phase-locking value (PLV) 

(section 3.1.3.1), phase-lag index (section 3.1.3.2) , its weighted version, weighted-phase-lag 

index (section 3.1.3.3), the ρ index (section 3.1.3.4) and the directionality phase indexes 

(section 3.1.3.5). The parameters necessary for their calculation are detailed in section 3.1.3.6. 

 Phase locking value (PLV) 3.1.4.1

DEFINITION: The PLV makes use only of the relative phase difference (8) 

(Lachaux et al. 1999). It is defined as: 

2 2( ) ( )

1

1
cos ( ) sin ( )rel rel n

N
i t i t

rel rel
n

PLV e e t t
N

φ φ φ φ∆ ∆

=

= = = ∆ + ∆∑  

 (11) 

where < .> indicates time average. 

The PLV estimates how the relative phase is distributed over the unit circle. When 

there is strong PS between X and Y, the relative phase occupies a small portion of the circle 

and the PLV is close to 1. But if the systems are not synchronized, the relative phase spreads 

out all over the unit circle and the PLV remains low. PLV measures the inter-trial variability 

of this phase difference at time t. PLV is also referred to in the literature as Mean Phase 

Coherence (Mormann 2000) when dealing with continuous data, instead of evoked responses. 

RANGE: 0≤PLV≤1. (0): is very likely that the relative phase is uniformly distributed 

(as it would be expected, on average, for unsynchronized systems). However, a PLV equals to 

zero may also occur if, e.g., this distribution has two peaks at values which differ by π. (1): if 

and only if the condition of strict phase locking is obeyed: phase difference is constant, and 

thus, complete PS is being detected. 

REMARKS: PLV is not robust against the presence of common sources (for example, 

volume conduction effects (EEG and MEG) and active reference (EEG)). 
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 Phase-lag index (PLI) 3.1.4.2

As commented in section 3.1.2.4, true interaction between neural sources results in a 

coherent phase relationship between the two time series at a value different from 0 and 

π. Instead of studying the spectrum of the coherency as in (5), this fact can be used to 

estimate the existence of time-lagged interdependence directly from the distribution of (8).  

DEFINITION: This measure (Stam et al. 2007) discards phase distributions that 

centre around 0 mod π, in order to be robust against the presence of common sources (volume 

conduction and, in the case of EEG, the (possibly active) reference) 

( ) ( )
1

1
( ) ( )

N

rel rel n
n

PLI sign t sign t
N

φ φ
=

= ∆ = ∆∑   (12) 

RANGE: 0≤PLI≤1. (0): no coupling or coupling with a phase difference cantered 

around 0 mod π, (1): perfect phase locking at a value of ∆φrel(t) different from 0 mod π. 

REMARKS: PLI is robust against the presence of common sources, but its sensitivity 

to noise and volume conduction is hindered by the discontinuity in this measure, as small 

perturbations turn phase lags into leads and vice versa, a problem that may become serious 

for small-magnitude synchronization effects (Vinck et al. 2011). It can be solved by using a 

weighted version of this index, as detailed in the next section. 

 Weighted phase-lag index (wPLI) 3.1.4.3

As pointed out in section 3.1.2.4, PLI works by assessing whether the distribution of 

the relative phase between two signal is asymmetric around 0 or π, which is suggests the 

existence of time delay between the data and therefore true interaction between the recorded 

sites (as opposed to e.g., volume conduction effects, which do not give rise to time delay 

(Nolte et al. 2004)). The problem here is that PLI, by definition, does not distinguish whether 

a value of the relative phase is close to zero or not, the only things that matters is whether it 

is positive (producing a +1) or negative (-1). Thus, in the case of a noisy signals, where 

values of the relative phase, which are close to zero may change from lead (+1) to lag (-1) 

only due to the presence of noise, PLI is biased and lost some ability to detect changes in PS 

specially in the case of weak coupling (Vinck et al. 2011). This problem can be solved if this 

discontinuity in the effect of the relative phase (which varies from +1 to -1) on PLI is 

eliminated by taking into account not only the phase, but also the amplitude of the 

imaginary component of the cross spectrum. In this way, relative phases corresponding to a 
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small imaginary cross-spectrum have a lower effect on the corresponding PS index, which is 

defined henceforth.  

DEFINITION: A weighted version of PLI, termed WPLI, has been recently 

developed to tackle the problems of PLI indicated above (Vinck et al. 2011). Its relation with 

PLI lies in the fact that WPLI weights sign(J(X)) by |J(X)|, where J(X) is the imaginary 

component of the cross-spectrum between x(t) and y(t): 

( )( ) ( )( )

( ) ( )

X sign XX
WPLI

X X
= =

J JJ

J J
  (13) 

RANGE: 0≤WPLI≤1. (0): no synchronization, (1): there is synchronization being 

P{sign(I(X))=1}=1 or P{sign(I(X))=-1}=1, where P{.} denotes probability. 

REMARKS: Differently from PLI, in WPLI the contribution of the observed phase 

leads and lags is weighted by the magnitude of the imaginary component of the cross-

spectrum, which results in the latter one presenting “reduced sensitivity to uncorrelated noise 

sources and increased statistical power to detect changes in PS” (Vinck et al. 2011). Note 

that the WPLI, contrary to the rest of the PS indexes, mixes both phase and amplitude 

information. But I have included it here because it is directly related to the PLI, and thus I 

believe it is best categorized as a PS index. I recommend the interested readers to peruse 

(Vinck et al. 2011) for a thorough comparison of the properties of the coherence, PLV, PLI 

and WPLI (see, for instance the very informative table 1 within this reference). 

 ρρρρ    index (RHO) 3.1.4.4

DEFINITION: This index is based on Shannon entropy (Tass et al. 1998). It 

quantifies the deviation of the distribution of the cyclic relative phase from the uniform 

distribution, approximating the probability density by the relative frequencies from the 

histogram of relative phases. It is defined as: 

max

max

S S

S
ρ −=     (14) 

where Smax is the maximal entropy (that of uniform distribution), i.e., the logarithm of 

the number of bins in the histogram, and S is the entropy of the distribution of ∆φrel(t): 
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1

ln( )
N

k k
k

S p p
=

= −∑    (15) 

where, pk is the probability of finding ∆φrel in the k-th bin. The number of bins is set 

according to (Otnes & Enochson 1972) as Nbins=round(exp (0.626+0.4* log(Nsamples))). 

RANGE: 0≤ρ≤1. (0): uniform distribution (no synchronization), (1): Dirac-like 

distribution (perfect synchronization). 

 Directionality phase indexes (DPI) 3.1.4.5

All the PS indexes described hitherto work by analysing the distribution of the relative 

phase distribution in different ways. Yet it is also possible to derive directionality PS indexes 

by analysing the temporal evolution of the phase derivative (Rosenblum et al. 2002; 

Rosenblum & Pikovsky 2001). The underlying idea is that if the two self-sustained oscillators 

x(t) and y(t) are weakly coupled, the increment of their phases depends only on the phases 

themselves, without any effect of the amplitudes. Thus, such increment can be modelled by 

means of periodic functions of both phases and the existence of directionality in the PS 

between the oscillators can be assessed by the parameters of these functions, as explained 

henceforth. 

DEFINITION: Two different model-based DPI are covered in HERMES: 

Evolution map approach (EMA) (Rosenblum & Pikovsky 2001) 

Let us consider increments of phases during a fixed time interval τ: 

( )( ) ( ) ( ) ( ), ( ) ( )x x k x k x x x k y k x kk t t t t tφ τ φ ω τ φ φ η∆ = + − = + +F (16) 

where the phases are unwrapped (i.e., not reduced to the interval [0,2π)). Here, ω x is 
the frequency of x(t), ηx (tk) represents the noise component of the phase increment (i.e., the 

error in the model) and tk=δtk, where δt is the sampling interval. The function Fx, which 

represents the deterministic part of the model, can be estimated from the time series ∆x (k) 

and φx (tk) by using as a natural probe function a finite Fourier series (Rosenblum et al. 

2002): 

2( )
,

,

xi m l
x m l

m l

A e φ φ+=∑F     (17) 
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From this function, one computes the cross dependence of the phase dynamics of x(t) 

on the phase of y(t) as: 

2
22

0

x
x x y

y

F
c d d

π
φ φ

φ
 ∂=   ∂ 

∫ ∫    (18) 

Then, by defining ∆y (k) in complete analogy with (16) and proceeding in the same 

way, we can also obtain cy
2, which estimates the dependence of ∆y (k) on φx (tk)  

Finally, a directionality index of PS can be computed from cx
2 and cy

2: 

x yxy

x y

c c
d

c c

−
=

+
  (19) 

RANGE: -1 ≤ d xy ≤ 1. (1): unidirectional coupling (x→y), (-1): opposite case (y→x), (-

1<dxy<1) intermediate values correspond to bidirectional coupling. 

Instantaneous Period Approach (IPA) (Rosenblum et al. 2002): 

Instead of studying phase increments of the weakly coupled, self-sustained oscillators, 

we can also look at the evolution of their instantaneous periods: 

0( ) ( ) ( ( ), ( )) ( )x x x x k y k x kT k T k t t tφ φ η= + Θ +   (20) 

where Tx
0(k) is the mean period of x(t), and ηx (tk) and tk are defined as in EMA above. 

Again, the deterministic part of the dependence Θx can be estimated by fitting a Fourier time 

series and the dependence of (20) on φy(tk), cx
2 ,can be calculated from Θx in complete analogy 

to (18). I then proceed likewise to obtain cy
2 from Θy by modelling Ty(k) as in (20). Finally, a 

second directionality index is defined: 

x yxy

x y

c c
r

c c

−
=

+
  (21) 

RANGE: dxy, -1≤r xy≤1. (1): unidirectional coupling (x→y), (-1): opposite case (y→x), 

(-1<rxy<1) intermediate values correspond to bidirectional coupling. 

REMARKS: Several remarks are in order. First and foremost, both EMA and IPA 

are based on the assumption that the coupling between the oscillators is weak. If it is not 

case (e.g., if the value of, say, PLV between x(t) and y(t) is high), then the phase increment 
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(and the instantaneous period) are also influenced by amplitudes, (16) and (20) no longer 

hold and either of the indexes are meaningless.  

Second, although both model-based PS indexes (19) and (21) derived respectively from 

EMA and IPA may seem at first sight equivalent, the latter one reflects not only asymmetry 

in coupling coefficients and functions (as the former one does) but also asymmetry in natural 

frequencies, so it must be used with care if the frequencies of both signals are different (see 

(Rosenblum et al. 2002) for a detailed technical discussion of this difference). Moreover, once 

the values of m and l in the Fourier series modelling F and Θ are fixed (we take m=l=3 

following (Rosenblum et al. 2002)), EMA index depends on the choice of τ, whereas rxy is 

parameter-free.  

Finally, it has been shown that for short noisy time series the estimation of both 

indexes are biased (Smirnov & Bezruchko 2003), a problem that has to be taken into account 

when dealing with this kind of data.  

 Parameters for the PS indexes 3.1.4.6

For PS indexes the following parameters are available: 

• Central band frequencies (Hz): You can type all the specific central band 

frequencies you want to analyse. Or, if you prefer, you can introduce the initial and 

the final frequency as well as the steps between frequencies ‘:’ (e.g.: ‘5:10:40’, would 

be equivalent to ‘5 15 25 35’). RANGE: [0, fs/2] Hz, where fs is the sampling 

frequency of the data. The frequency fs/2 is the Nyquist frequency, the maximum 

you can analyse (see, e.g., (Bendat & Piersol, 2010)). To analyse a frequency band 

which includes the 0, a low pass filter is computed; when the band includes fs/2, a 

high pass filter is applied. DEFAULT: fs/4 Hz (centre of the Nyquist band). 

• Bandwidth (Hz): the spectral windows are in the interval (f-bw/2, f+bw/2), where 

‘bw’ is the window’s bandwidth. RANGE: [4, fs/2] Hz. DEFAULT: 4 Hz. 

For the model-based DPIs, the method can also be selected: 

• Method: one has to choose whether ‘EMA’ or ‘IPA’, are used so that the 

corresponding indexes dxy or rxy are calculated, respectively. DEFAULT: ‘EMA’. 

When selecting EMA another special parameter is automatically computed: 

• τ τ τ τ (in samples): Following (Rosenblum et al. 2002), it is set to τ = min (T1,T2), 

where T1 and T2 are the periods of oscillations of x(t) and y(t), respectively.  
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3.1.5 Generalized synchronization indexes 

The concept of GS refers to a situation where the states of a dynamical (sub)system Y 

are a function to those of another one X, namely Y=F(X). Even though we deal with 

experimental (sub)systems, where the function F (and possible also the state equation of each 

system) are unknown, and where F may be complex and changing over time, the existence of 

GS between X and Y has an important consequence: similar states tend to occur at similar 

times in both subsystems. In terms of the signals that the (sub)systems generate, this means 

that if the temporal patterns in x(t) at times ti and tj are similar, likewise the patterns in y(t) 

at these same times will be similar, something that can be quantified with different indexes, 

as detailed henceforth. 

 First processing steps 3.1.5.1

From two different simultaneously recorded time series x(t)=(x1,x2,...,xN) and 

y(t)=(y1,y2,...,yN), delay phase-space vectors can be constructed with embedding dimension d 

and time delay τ(Takens, 1981)9F

10: 

( )
( )

( ), ( ), , ( ( 1) )

( ), ( ), , ( ( 1) )

x n x n x n d

y n y n y n d

τ τ
τ τ

= − − −

= − − −
n

n

x

y

…

…
  (22) 

Let rn,j and sn,j, j=1,…,k, denote the time indices of the k nearest neighbours of xn and 

yn, respectively. The mean Euclidean distance of xn to its k nearest neighbours is: 

2
( )

1

1
( )

k
k

n
j

R X -
k =

= ∑ n,jn rx x   (23) 

Additionally, the Y-conditioned mean squared Euclidean distance can be obtained, by 

replacing the nearest neighbours by the equal time partners of the nearest neighbours of yn 

2
( )

1

1
( | )

k
k

n
j

R X Y
k =

= ∑ n,jn sx -x
  

(24) 

                                            

10Although this is normally the case, dandτ should not necessarily be the same for x(t) and y(t), butin the 

following, we assume that they are indeed equal for both signals. However, we will see later how it is possible to take 

a different value of d for x and y (see section 3.1.6.3).  
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Finally, the radius of the reconstructed phase space of X is defined as: 

2

1

1
( )

1

k

n
j
j n

R X
N =

≠

=
− ∑ n jx - x

  

(25) 

As we will see in the following sections, GS-based indexes make use of these distances 

in their definitions (N F Rulkov, M M Sushchik 1995). In HERMES, the following GS indexes 

can be calculated: S, H, N, M, L and synchronization likelihood (SL). 

 S index 3.1.5.2

DEFINITION: The S index (Arnhold 1999) is defined as: 

( )
( )

( )
1

( )1
( | )

( | )

kN
k n

k
n n

R X
S X Y

N R X Y=

= ∑   (26) 

RANGE: 0<S(X|Y)≤1. (0+): independence between X and Y, (1): complete 

generalized synchronization 

REMARKS: Not very robust against noise and signal length. 

 H index 3.1.5.3

DEFINITION: H index (Arnhold 1999) is defined as: 

( )
( )

1

log( ( ))1
( | )

( | )

N
k n

k
n n

R X
H X Y

N R X Y=
= ∑   (27) 

RANGE: 0<H(X|Y)<∞. (0): suggests (but does NOT prove it) that X and Y are 

independent. If X and Y are completely independent, it is 0. (>0): nearness in Y implies also 

nearness in X for equal time partners,  

REMARKS: H is more robust against noise and easier to interpret than S, but with 

the drawback that it is not normalized. 
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 N index 3.1.5.4

DEFINITION: the N index (Quiroga et al. 2002) is defined as: 

( )
( )

1

( ) ( | )1
( | )

( )

kN
k n n

n n

R X R X Y
N X Y

N R X=

−= ∑   (28) 

RANGE: 0≤ N(X|Y)<1. (0): X and Y are independent, (1): X and Y are synchronized. 

REMARKS: N(X|Y) is normalized (but as in the case of H, it can be slightly 

negative) and in principle more robust than S. It reaches its maximum value of 1, only if Rn
(k) 

(X|Y) = 0, does not happen even if X and Y are identically synchronized (except for periodic 

signals). This small drawback was corrected in the following index. 

 M index 3.1.5.5

DEFINITION: Another way of normalizing ratios was proposed by (Andrzejak et al. 

2003): 

( )
( )

( )
1

( ) ( | )1
( | )

( ) ( )

kN
k n n

k
n n n

R X R X Y
M X Y

N R X R X=

−=
−∑   (29) 

RANGE: 0≤M(X|Y)≤1. (0): X and Y are independent, (1): X and Y are fully 

synchronized. 

 L index 3.1.5.6

DEFINITION: This is a GS index where distances are calculated between ranks of 

the vectors (i.e., they are normalized) (Chicharro & Andrzejak 2009): 

( )
( )

( )
1

( ) ( | )1
( | )

( ) ( )

kN
k n n

k
n n n

G X G X Y
L X Y

N G X G X=

−=
−∑   (30) 

Being the average rank: ( )
2n

N
G X = , and the minimal average rank: 

( ) 1
( )

2
k

n

k
G X

+=  
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The Y-conditioned average rank is: 
( )

,
1

1
( | )

nj

k
k

n n s
j

G X Y g
k =

= ∑  

where gi,j are the ranks that the distance between xi and xj occupy in a sorted 

ascending list of distances between xi and all xj≠i.  

RANGE: 0 ≤L(X|Y) ≤1. (0): X and Y are independent, (1): X and Y are 

synchronized. 

REMARKS: L performs better for the detection of directionality in the 

interdependence than the rest of the GS-bases indexes.  

Although unlikely, it is not impossible (mainly in those cases where the parameter k is 

too low, see section 3.1.4.8 and/or the coupling is rather weak) that nearest neighbours of the 

reference vectors in X correspond to vectors in Y whose average distance to the simultaneous 

reference vectors in this latter state space is greater than expected for randomly picked 

vectors. In this case, all the GS indexes described hitherto will be slightly negative, but only 

because the k mutual neighbours are a biased (i.e., too small) sample of the reconstructed 

attractor. For all practical purposes, however, this is equivalent to the indexes being equal to 

zero (no GS), and HERMES actually set them to zero in this case, at the same time 

producing a warning for the user to be aware that the value of k should be increased. 

 Synchronization likelihood (SL) 3.1.5.7

DEFINITION: Synchronization likelihood (SL) (Stam & van Dijk 2002) is arguably 

the most popular index to estimate GS in neurophysiological data. This index, which is 

closely related to the concept of generalized mutual information (Buzug et al., 1994), relies on 

the detection of simultaneously occurring patterns, which can be complex and widely 

different in across signals. Contrary to all the GS indexes described hitherto, which assess the 

existence of connectivity between only two signals x(t) and y(t)), SL is truly multivariate, 

and it gives a normalized estimate of the dynamical interdependencies between M (≥2) time 

series x1(t),.., xM(t). Thus, the corresponding d-dimensional time delayed vectors at time n 

are defined as: 

( )
( )

( )

1, 1 1 1

2, 2 2 2

,

( ), ( ), , ( ( 1) )

( ), ( ), , ( ( 1) )

( ), ( ), , ( ( 1) )M M M M

x n x n x n d

x n x n x n d

x n x n x n d

τ τ
τ τ

τ τ

= − − −

= − − −

= − − −

n

n

n

x

x

x

…

…

⋮

…

 (31) 
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whereτ is the delay time. Of course, the expression above reduces to (22) for the 

bivariate case, with x1(t)= x(t) and x2(t)= y(t).  

The probability that two embedded vectors from signal xm(t) (m=1,..,M) are closer to 

each other than a given distance ε at time n is given by: 

1 2

, , ,
12 1

1
( - )

2( )

N

m n m n m j
j

w n j w

P
w w

ε ε
=

< − <

= Θ −
− ∑ x x   (32) 

where Θ is the Heaviside step function (Θ(x) = 1 if x>0, 0 otherwise), w1 is the 

Theiler window, used to avoid autocorrelation effects on the calculations, and should be at 

least of the order of the autocorrelation time (Theiler 1986); and w2 is a window that 

sharpens the time resolution of the synchronization measure and is chosen such that 

w1<<w2<<N (see (Montez et al. 2006) for details on how to calculate w2). 

Now for each of the M signals considered and each time n, the critical distance εm,n is 

determined for which ,

,
m n

m nP ε
=pref<<1, where pref denotes the percentage of reconstructed state 

vectors in xm(t) close enough to xm,n to be regarded as being dynamically equivalent to them. 

We now determine for each discrete time pair (n,j) within the time window w1<|n−j|<w2 the 

number of channels Hn,j where the embedded vectors xm,n and xm,j will be closer together than 

this critical distance εm,n:  

, ,
1

( )
M

n j m n m n m j
m

H ε
=

= Θ −∑ , ,x -x   (33) 

This number lies in a range between 0 and M, and reflects how many of the embedded 

signals ‘resemble’ each other. Then, we define a synchronization likelihood Sm,n,j for each 

signal m and discrete time pair (n,j) as: 

,
, , , ,

, , , ,

1
:

1

: 0

n j
m n m j n m n j

m n m j n m n j

H
if S

M

if S

ε

ε

−
< =

−
≥ =

x - x

x - x
   (34) 

By averaging over all j, we finally obtain the synchronization likelihood, SLm,n:  

1 2

, , ,
12 1

1

2( )

N

m n m n j
j

w n j w

SL S
w w =

< − <

=
− ∑   (35) 
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SLm,n describes how strongly channel xm(t) at time n is synchronized to all the other 

M−1 channels. We can finally get a value of the SL for the whole time interval considered 

(SLm) by averaging of SLm,n for all n. 

RANGE: pref≤ SL ≤1. (pref): all M time series are uncorrelated, (1): maximal 

synchronization of all M time series. The value of pref can be set at an arbitrarily low level, 

and does not depend on the properties of the time series, nor is it influenced by the 

embedding parameters. 

REMARKS: More detailed information about SL and its use in filtered signals can be 

found in (Montez et al. 2006; Stam & van Dijk 2002).  

 Parameters for the GS indexes 3.1.5.8

• To obtain reliable results for the GS measures, we have to choose the correct 

parameters and, in particular, proper values for the embedding dimension and the 

delay time. For those interested in getting further insight into this issue, I 

recommend the book from (Kantz & Schreiber 2004). 

• Embedding dimension (d): There are different ways to estimate a proper value 

of the embedding dimension for reconstruction, such as the false nearest neighbours 

method (Kennel et al. 1992). RANGE: integer between [2,10]. DEFAULT: The 

value dc for which the percentage of false nearest neighbours falls below 10%. 

• Embedding delay (ττττ): RANGE: integer between [1, 0.8Nsamples/(d-1)], where 1 

is for consecutive samples and the upper bound of the range is set to 

0.8Nsamples/(d-1) to guarantee that the number of vectors is at least 20% of the 

number of samples. DEFAULT: autocorrelation time (act) of the signal, i.e., the 

time when the envelope of the autocorrelation function decreases to 1/e (0.32) 

• Theiler window (w1): to exclude autocorrelation effects from the density 

estimation, discarding for the nearest-neighbour search those samples which are 

closer in time to a reference point than a given lapse. RANGE: [τ, 2τ]. DEFAULT: τ 
(delay time)(Theiler 1986). 

• Number of nearest neighbours (k): RANGE: [d, 2d]. This is set to prevent a 

bias in the value of the indexes (Pereda et al. 2001), as for instance the one 

described at the end of section 3.1.4.6. DEFAULT: d+1. 
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For SL, parameters d, τand w1 have the same ranges and default values as for the rest 

of GS indexes11. Thus, the only parameters specific from SL are w2 and pref. 

• pref: RANGE: [0.01, 0.5]. DEFAULT: 0.05. pref=0.05 means that five per cent of the 

vectors xm,j will be considered recurrences of xm,n 

• w2: w2=nrec/pref+w1-1, where nrec is the number of recurrences, which is set to 

nrec=10. A low value of pref should only be used for long enough time series, as it 

may give rise to a high value of w2. 

As a final comment on the GS indexes, note that their estimation entails the 

calculation and sorting of distances in d-dimensional spaces, a procedure that, depending on 

data length and number of channels/sensors, maybe rather time consuming and demanding in 

terms of memory usage even for a modern computer. Although we have done our best to 

optimize the code for these indexes12, it is advisable to check the progress bar drawn during 

the calculations, which gives a fair estimation of the time needed for the computations. It 

may help to determine whether it is advisable to change the calculation parameters and/or 

reduce data length to get reasonable computational times. 

3.1.6 Granger causality measures 

 Classical linear granger causality (GC) 3.1.6.1

DEFINITION: For two simultaneously measured signals x(t) and y(t), if one can 

predict the first signal better by incorporating the past information from the second signal 

than using only information from the first one, then the second signal can be called causal to 

the first one (Wiener 1956). It was the Nobel Prize laureate Clive Granger who gave a 

mathematical formulation of this concept (Granger 1969) by arguing that when x is 

                                            

11 In case the signals are narrowband (i.e., they have been band-pass filtered to calculate the SL in a given 

frequency band), it is advisable to take into account the recommendations included in (Montez et al., 2006) for the 

values of all the parameters of this index. 

12 To get an idea of typical computational times, we have tested the current version of HERMES in Matlab® 

2012b 64-bit (Windows® 8 Pro operating system) running on an Intel®CoreTM I7-3770K CPU @ 3.5 GHz with 16 Gb 

RAM, and it takes less than one minute per trial to calculate all the GS indexes from section 3.1.4.2 to 3.1.4.6.  (512 

samples, 128 MEG sensors, d=6, τ =7, k =10, w1=8). 
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influencing y, then if you add past values of x(t) to the regression of y(t), an improvement on 

the prediction will be obtained.  

For the univariate autoregressive model (AR), we have: 

,
1

,
1

( ) ( ) ( )

( ) ( ) ( )

P

x k x
k

P

y k y
k

x n a x n k u n

y n a y n k u n

=

=

= − +

= − +

∑

∑
   (36) 

where aij are the model parameters (coefficients usually estimated by least square 

method), p is the order of the AR model and ui, are the residuals associated to the model. 

Here, the prediction of each signal is performed only by its own past. The variance of the 

residuals is denoted by: 

|

|

var( )

var( )
x x x

y y y

V u
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=

=
     (37) 

And for the bivariate AR: 
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where the residuals now depend on the past values of both signals and their variance is: 

| ,

| ,

var( )
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y x y yx

V u

V u

=

=
    (39) 

where var(.) is the variance over time and x|x,y is the prediction of x(t) by the past 

samples of values of x(t) and y(t). Therefore, Granger causality (GC) from y to x (predicting 

x from y) is: 

|

| ,

ln x x
y x

x x y

V
GC

V→

 
=   

 
   (40) 

RANGE: 0 ≤ GCY→X< ∞. (0): the past of y(t) does not improve the prediction of x(t): 

Vx|Ẍ ≈V x|Ẍ,Ῡ . (>0): the past of Y improve the prediction of X: Vx|Ẍ<<Vx|Ẍ,Ῡ (y G-causes x) 
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REMARKS: GC has the advantage of been asymmetric; therefore, it is able to detect 

effective connectivity. However, it is a linear parametric method, so it depends on the 

autoregressive model of order p. For those readers interested in further exploring GC and its 

different variants, I recommend the excellent GCCA toolbox (Seth 2010). 

 Partial directed coherence (PDC) 3.1.6.2

DEFINITION: The PDC provides a frequency domain measure based in Granger 

causality (Baccalá & Sameshima 2001; Sameshima & Baccalá 1999). It is based on modelling 

time series by multivariate autoregressive (MAR) processes. Consider a MAR process of order 

p with dimension M (i.e., M signals simultaneously measured, x1(t),...,xM(t)): 

1 1 1

1

( ) ( ) ( )

( ) ( ) ( )

p

r
r

M M M

x k x k r k

A

x k x k r k

ε

ε=

−     
     = +     
     −     

∑⋮ ⋮ ⋮   (41) 

where A1,A2,...,Ap are MxM coefficient matrices, and εi (k) are independent Gaussian 

white noises with covariance matrix Σ.  

We can get the frequency domain version of (41) by computing the power spectral 

density matrix: 

( ) ( ) ( )HS f f f= ∑H H   (42) 

where (.)H is the Hermitian transpose, H is the transfer function matrix: H(f)=-1(f)=[I-

A(f)]-1, A(f) is the Fourier transform of the coefficients and Ᾱ (f)=[ā1(f) ā2(f)… āM(f)], with 

āij(f) being the i,jth element of Ᾱ(f). Then, the PDC from signal j to signal i is given by: 

( )
( ) ( )

( ) ( )

ij
ij H

j j

a f
PDC f f

f f
π= =

a a
  (43) 

πij(f) represents the relative coupling strength of the interaction of a given source 

(signal j), with regard to some signal i, as compared to all of the j’s connections to other 

signals. We have that Σi|πij(f)|2=1, for all 1≤j ≤M. For i=j, the PDC, πii(f), represents how 

much of Xi’s own past is not explained by other signals. 

RANGE: 0 ≤|πij(f)|2 ≤1. (0): no coupling, (1): complete coupling. 
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 Direct transfer function (DTF) 3.1.6.3

DEFINITION: The DTF is defined similarly to the PDC (Kamiński & Blinowska 

1991) 

( )
( ) ( )

( ) ( )

ij
ij H

j j

H f
DTF f f

f f
ϑ= =

h h
  (44) 

DTF uses the elements of the transfer function matrix H, whereas PDC uses those of 

Ᾱ. 

RANGE: 0≤DTF≤1. (0): no coupling, (1): complete coupling. 

REMARKS: DTF calculation does involve matrix inversion, so PDC it is 

computationally more efficient and more robust than DTF. Furthermore, PDC is normalized 

with respect to the total inflow of information, but DTF is normalized with respect to the 

total outflow of the information. Due to matrix inversion, PDC is able to ignore indirect 

influences, and detect only direct ones. 

 Parameters for the GC measures 3.1.6.4

• Order of the AR model (for GC): RANGE: [3, Nsamples-1]. DEFAULT: p = 

min (p1,p2), where p1 and p2 are the values obtained by applying the Akaike(Akaike, 

1974) and the Bayesian Information Criterion (Schwarz, 1978), respectively. 

• Order of the MAR model (for PDC and DTF): RANGE: [3, (Nsamples*Ntrials-

1)/(Nchannels+Ntrials) - 1]. DEFAULT: p=pAR/k, where pAR is the AR model 

default order and k is a number between 1 and 5 proportional to the mean 

correlation of the data (5 for highly correlated data and 1 for weakly correlated 

data). 

The coefficients of the MAR model of the desired order are estimated by means of a 

simplified version of the ARfit toolbox (Neumaier & Schneider 2001; Schneider & Neumaier 

2001). The number of points for the FFT (in the case of the PDC and the DTF) is equal to 

the next power of 2 greater than the window length. 

REMARKS: The successful estimation of PDC or DTF depends primarily on the 

reliability of the fitted MAR model (optimal model order and epoch length). “If the model 

order is too low, the model will not capture the essential dynamics of the data set, whereas if 

the model order is too high, it will also capture the unwanted component (i.e., noise), leading 
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to over-fitting and instability. MAR model assumes that the underlying process is stationary, 

but neurophysiological and cognitive events are themselves transient and may rapidly change 

their states, insomuch as the neural signals are often non-stationary. Theoretically, the span 

of the chosen window can be as short as p+1 data points, where p is the model order. 

Practically, such a short window would be impossible to achieve for a single realization of the 

multivariate data set. As a result, a balance has to be maintained between time resolution 

(limited by stationarity) and the statistical properties of the fitted model. As a rule of thumb, 

the window length should possess a few times more data points than the number of estimated 

model parameters. An alternative solution has been offered by (Ding et al. 2000), where the 

collection of neural signals from successive trials is treated as an ensemble of realizations of a 

non-stationary stochastic process with locally stationary segments” (Pereda et al. 2005).  

3.1.7 Information theoretic measures 

Information theory is mainly based on a measure that quantifies the information of a 

discrete random variable X: then its Shannon entropy (Shannon & Weaver 1949; Shannon 

1948) is given by: 

2( ) ( ) log ( )
x

H X p x p x= −∑   (45) 

Note that (45) differs from (15) only in the basis of the logarithm, but in both cases 

entropy quantifies the reduction in the uncertainty about a variable when it is measured (or 

equivalently, the average information content one is missing when one does not know this 

value).  

However, in the following measures I work with continuous random variables X, so I 

compute the differential entropy, which is defined by: 

( )( ) ( ) log ( )
d

H X f x f x dx= − ∫
ℝ

  (46) 

where f:ℝd→ℝ is the probability density function of X. 

For the estimation of the Shannon differential entropy, the Kozachenko-Leonenko (KL) 

estimator is used. KL estimator is a non-parametric estimator based on kth nearest neighbours 

of a sample set (Kozachenko & Leonenko, 1987). 

In HERMES I include two indexes that estimate interdependence between two signals 

based on this concept: mutual information (MI), (section 3.1.6.1), and transfer entropy 

(section 3.1.6.3) (Schreiber 2000), which derives from a Wiener causal measure (Wiener 1956) 
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within the framework of information theory. Additionally, the toolbox includes the 

corresponding partialized versions, namely, partial mutual information (section 3.1.6.2) and 

partial transfer entropy (section 3.1.6.4). 

 Mutual information (MI) 3.1.7.1

DEFINITION: Mutual information quantifies the amount of information that can be 

obtained about a random variable by observing another.  

( , )
( , ) log

( ) ( )xy
i

p x y
MI p x y

p x p y
=∑

  

(47) 

It measures the amount of information shared by x and y. Its importance lies in the 

fact that if MIxy=0 ↔ x and y are independent. HERMES estimates (47) as a combination of 

entropies, MIXY=H(X)+H(Y)-H(X,Y), where H is the differential entropy (45). 

RANGE: 0 ≤ MIxy< ∞. (0): x and y are independent, (>0): x and y are dependent 

REMARKS: The main strength of MIxy is that it detects (if any) high order 

correlations, as it is based on probability distributions. Therefore, it does not rely on any 

specific model of the data. However, it does not identify causal relationships, due to its lack 

of directional and dynamical information12 F

13.  

Recently an optimized version of mutual information termed maximal information 

coefficient (MIC) has been derived, (Reshef et al. 2011): for each pair of samples (xn,yn) from 

signals x(t) and y(t), the MIC algorithm works by finding the n-by-m grid with the highest 

induced MIxy. It then compiles a matrix that stores, for each resolution, the best grid at that 

resolution and its normalized score. MIC corresponds to the maximum of these normalized 

scores for the range of grids considered. This index, which has been regarded by some as “a 

correlation for the 21st century” (Speed 2011), has been included in a toolbox for different 

programming languages (including Matlab®) published early this year (Albanese et al. 2013). 

                                            

13To obtain an asymmetric (causal) estimation, delayed mutual information, (i.e. MI between one of the 

signals and a lagged version of another) has been proposed (Vastano & Swinney 1988; Schreiber 2000). This measure 

contains certain dynamical structure due to the time lag incorporated. Nevertheless, delayed mutual information has 

been pointed out to contain certain flaws such as problems due to a common history or shared information from a 

common input. 
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 Partial mutual information (PMI) 3.1.7.2

As commented in the last section, mutual information estimates the amount of 

information shared between x and y. However, it does not give any clue as to whether this 

shared information is the result of a third variable (z) driving both x and y, i.e., it does not 

say whether FC between these signals is direct or indirect. To solve this issue, partial mutual 

information (PMI) measures the amount of information shared by x and y while discounting 

the possibility that Z drives both X and Y. The partial mutual information between random 

variables x, y and z is defined by: PMI(X,Y|Z)=H(X,Z)+H(Z,Y)-H(Z)-H(X,Z,Y), where H 

denotes the Shannon differential entropy (45). Thus, If z is independent of both x and y, 

H(X,Y,Z) equals 0 and PMI degenerates to MI (section 3.1.6.1) (Frenzel & Pompe 2007). 

 Transfer entropy (TE) 3.1.7.3

Assuming that two time series of interest x(t) and y(t) can be approximated by 

Markov processes, a measure of causality that computes the deviation from the following 

generalized Markov condition was proposed (Schreiber 2000): 

1 1( | , ) ( | )t tp y p y+ +=n m n
t t ty x y   (48) 

where xt
m=(xt,xt+1...,xt-m+1) and yt

n=(yt,yt+1...,yt-n+1) , being m and n orders (memory) 

of the Markov processes in x and y, respectively. The right hand side of (48) is the 

probability of obtaining a value of yt+1 given its previous history n steps before, while the left 

hand side estimates this probability when both the histories of x(t) and y(t) are taken into 

account. Note that this is conceptually very similar to the idea of GC described in section 3.4. 

However, as commented later, transfer entropy does not assume a priori any kind of 

dependence (whether linear or nonlinear), and is non-parametric. The price to pay in return 

for these advantages is that it is necessary to estimate probabilities from the data, which is 

normally not an easy task.  

The equality above is fully satisfied when the transition probabilities (i.e., the 

dynamics) of y are independent of the past of x, that is, in the absence of causality from X to 

Y. To measure the departure from this condition (and therefore the presence of causality), 

(Schreiber 2000) uses the Kullback-Leibler divergence between the two probability 

distributions at each side of (28) to define the transfer entropy from x to y as: 

1

1
1

, , 1

( | , )
( | , ) log

( | )
t

t
X Y t

y t

p y
T p y

p y
+

+
→ +

+

 
=  

 
∑
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t t
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y x
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y
  (49) 
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It measures the amount of directed information flow from x to y. 

DEFINITION: Based on the definition above, the transfer entropy from time series xt 

to yt can be written as: 

1 , ,

( | , )
( | , ) log

( | )

y x
y x

y
d dy x

t

d d
d d t u

X Y t u d

t uy

p y
T p y

p y
+

+
→ +

+

 
=   

 
∑

t t

t t
t t

ty x

y x
y x

y
 (50) 

where t is a discrete valued time-index and u denotes the prediction time, a discrete 

valued time-interval. Besides, yt
dy and xt

dx are dx- and dy-dimensional delay vectors, as 

detailed below: 

( )
( )

( ), ( ),..., ( ( 1)

( ), ( ),..., ( ( 1)

x

y

d
t x

d

t y

x t x t x t d

y t y t y t d

τ τ

τ τ

= − − −

= − − −

x

y
    (51) 

It is easy to see that (51) is equivalent to (22) if we take dx=dy=d, but here we 

explicitly take into account that the embedding dimensions (i.e., the memory of the Markov 

process in each signal) may be different for x and y. 

HERMES computes transfer entropy between x, y and w, as a combination of 

entropies: T(w,X,Y)=H(w,X)+H(X,Y)-H(X)-H(w,X,Y), where H is the Shannon entropy (45) 

and w is the future of x.  

RANGE: 0≤TEX->Y<∞. (0): there is no causality between x and y, (>0): x is ‘causing’ 

y. 

REMARKS: Transfer entropy naturally incorporates directional and dynamical 

information, because it is inherently asymmetric and based on transition probabilities. Its 

main strength is that it does not assume any particular model for the interaction between the 

two systems of interest. Thus, the sensitivity of transfer entropy to correlations of all order 

becomes an advantage for exploratory analyses over GC or other model based approaches. 

This is particularly relevant when the detection of some unknown non-linear interaction is 

required (Vicente et al. 2011).  

 Partial transfer entropy (PTE) 3.1.7.4

As in the case of MI, it is possible to define a partialized version of TE, the so-called 

Partial transfer entropy (PTE), which measures the amount of directed information flow from 
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x to y while discounting the possibility that z drives both x and y. The partial transfer 

entropy between the random variables x, y, z, and w is defined as PTE(w,X,Y|Z)= 

H(w,X,Z)+H(X,Z,Y)-H(X,Z)-H(w,X,Z,Y), where H is the differential entropy (45) and w is 

the future of x. If z is independent of both x and y, then PTE degenerates to TE (section 

3.1.6.3) 

REMARKS: In the calculation of both PMI (section 3.1.6.2) and PTE, it is possible 

to take into account more than one additional (i.e., other than z) variable. Thus, for instance, 

PMI between x and y can be further partialized by removing the effect (if any) of a fourth 

(fifth, sixth,..) variable(s) z1(z2, z3…). This is accomplished simply by considering Z as a 

multidimensional random variable composed by several one-dimensional random variables 

(Z=z1,(z2,z3,…)). However, in the current version of the toolbox, the calculation of PMI and 

PTE is possible for data containing up to ten variables, because the computational time 

necessary to calculate them in larger data sets is almost prohibitive. Besides, if the number of 

variables is high, it may better to use a recently derived method based on probabilistic 

graphic models (Runge, Heitzig, Marwan, et al. 2012; Runge, Heitzig, Petoukhov, et al. 

2012), which has been shown to outperform PTE in distinguishing direct from indirect 

connections in multivariate data sets. 

 Parameters for the Information Theoretic measures 3.1.7.5

• Embedding dimension (d) and Embedding delay (ττττ): the same ranges, 

default values and remarks already mentioned in section 3.1.4.8 are applicable here. 

• Mass of the nearest neighbour search (k): level of bias and statistical error of 

the estimate. RANGE: [d, 2d]. DEFAULT: 4, according to Kraskov et al. (2004). 

REMARKS: All the information theory based indexes described in this section 

(3.1.6), are computed using the code included in TIM 1.2.0 (http://www.tut.fi/tim), 

developed by Kalle Rutanen (Gomez-Herrero et al. 2010). There is also an interesting toolbox 

to analyse information flow in time series data with transfer entropy, TRENTOOL (Lindner 

et al. 2011). 
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3.1.8 Summary table 

Table 2, in the next page, summarizes all the connectivity indexes included in 

HERMES as well as a detailed description of their properties. 

Index/Characteristic 
Non 

linear 

Detect 

causal 

relations 

Normalized 

Discard 

indirect 

links  

COR   �  

XCOR   �  

COH   �  

PSI  �   

PLV �  �  

PLI �  � � 

WPLI �  � � 

RHO �  �  

DPI � � �  

S �  �  

H �    

N �  �  

M  �  �  

L �  �  

SL �  �  

GC  �   

PDC  � � � 

DTF  � �  

MI �    

TE � �   

PMI �  � � 

PTE � � � � 

 

Table 3.2: Summary of the characteristics of the different connectivity indexes 

The list of indexes covered in the current version of HERMES, indicating also which characteristics has each 

index  
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3.2 Statistical significance of the indexes 

To evaluate the statistical significance of the indexes, HERMES includes the option of 

computing different surrogate data tests. The surrogate data method was introduced into 

practice two decades ago (Theiler et al. 1992) and it is nowadays the most popular test for 

non-linearity in experimental data. It belongs to a more general type of statistical tests 

known as hypothesis tests (see, e.g., (Andrzejak et al. 2003) or Appendix A in (Pereda et al. 

2005)). 

Its usefulness in the field of connectivity analysis lies in the fact that sometimes the 

value of the FC / EC is not a direct effect the existence of statistical or causal relationship 

between the time series, but are the result of some feature of the individual signals (such as 

their complexity, their limited length of their non-stationarity, (Bhattacharya et al. 2003; 

Pereda et al. 2001; Quiroga et al. 2000). To test whether an index is actually measuring 

interdependence, multivariate surrogate data can be constructed, compatible with the null 

hypothesis that the signals are independent, and the significance of the corresponding indexes 

can be tested by comparing their values from the original data to those from these surrogate 

data. 

3.2.1 Surrogate data for the nonlinear synchronization 
indexes 

Surrogate data maintaining the amplitudes but destroying the phase relationship (if 

any) between the original signals are computed for the PS and GS indexes. The phases of the 

signals in the frequency domain are randomized by adding the same random quantity to the 

phases of each signal at each frequency. The procedure is carried out in the frequency 

domain, shuffling symmetrically the data, to obtain a real signal when transforming back to 

the time domain. This phase-scrambling algorithm, included in HERMES, was first described 

in (Davison & Hinkley 1997), and consists of the following steps: 

1. Let be x(t) the original data for t = 1, 2, …, N 

2. Let X(f) be the discrete Fourier transform (DFT) of x(t): X(f) = DFT(x(t)), which 

is generally complex function, i.e., has real and imaginary components 

3. Randomization of phases: X’(f)=X(f)·eiϕ(f), where ϕ(f) is uniformly distributed in [0, 

2]] 

4. Symmetrize phases to obtain a real inverse Fourier transform, such that  

• ℜ (X’(f)) = ℜ (X’(f)+ X′(N + 1 – f))/2  

• ℑ (X’(f)) = ℑ (X’(f) ′− X (N + 1 – f))/2  
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where ℜ and ℑ are the real and imaginary parts of a complex number, 

respectively 

5. Invert the DFT to obtain the resulting surrogate data: x′(t) = DFT−1(X’(f)) 

This algorithm maintains the linear covariance structure of the data, but it may not 

emulate nonlinear, non-normal, or nonstationary properties correctly. There are other 

alternative ways of generating surrogate data, for example, by simply shuffling trials 

arbitrarily between task conditions. More refined tests have been described in the literature 

to test, e.g., for PS. In particular, I mention the method of twin surrogates (Thiel et al. 

2006), which is included in the Cross Recurrence Plot toolbox (Marwan et al. 2007), the 

recently derived time reversed surrogates, which are very useful in combination with GC 

measures, to discard connections in sensor space (Haufe et al. 2013) and those to control for 

artifacts of volume conduction for FC methods proposed by (Shahbazi et al. 2010) . 

Additionally, the well-known TISEAN package (Hegger et al. 1999) includes also routines to 

generate different types of uni- and multivariate surrogate data.  

3.2.2 Surrogate data for amplitude and phase 

Surrogate data where any correlation in phase or amplitude has been removed (by 

randomly shuffling the time samples) are generated to estimate the statistical significance of 

the classical indexes. 

3.2.3 Parameters for the surrogate data 

For every index, there is the possibility of performing a surrogate data test, as 

described above, by selecting the option in their parameters panel. Once selected, you can 

indicate the number of surrogates to compute. 

• Number of surrogates: to have a p-value equal to P for the confidence of your 

test, you will need at least 1/P surrogates. A usual value for P is 0.05. In this case, 

by applying non-parametric rank statistics (the most conservative but often also the 

most realistic choice (Schreiber & Schmitz 2000)), it will be necessary that only 1 

out of the 20 values of the index for the surrogate data is lower than your original 

index value for the test to be significant. If you select p<0.01, then 100 surrogates 

are needed, and only 1 of the indexes for the surrogate data could be higher than 

the original, and so on. RANGE: [20,10000]. Please, bear in mind that the higher 

number of surrogates, the longer the computation will take. DEFAULT: 100, to get 

a p-value of 0.01. 
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3.2.4 How are the results from the surrogate data taken into 
account? 

For a given connectivity index, the results for the M variables (whether electrodes, 

MEG sensors or sources) are stored in the interdependence matrix A for each subject. Thus, 

the element ak
ijis the interdependence index between variables i and j (i,j=1,..,M) for subject 

k. If the user decides not to perform the surrogate data test, these values are directly used in 

the statistical test described in the next section. If, however, he/she decides to make use of 

the multivariate surrogate data test, then an additional matrix B (a “mask”) is produced for 

each subject, in the following way: 

0

0

0, cannot be rejected

1, can be rejected
k

ij

if H
b

if H


= 


  (52) 

where H0 is the null hypothesis of independence of the time series, which is rejected (or 

not) at the selected p level of statistical significance.  

Then, a matrix ck
ij=ak

ijbk
ij is produced, and finally the values fed to the statistical test 

are ck
ij. In other words, the effect of the surrogate data test is setting to zero all the non-

significant original indexes. This can be rephrased by saying that the statistical test is always 

performed on the ck
ij values, and that, should the surrogate data test be not applied, bk

ij = 1. 

∀ i,j,k.  
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3.3 Statistical test for multiple comparisons 

The statistical analysis of functional connectivity measures in EEG/MEG 

measurements is a challenging task, given the huge amount of information that normally 

must be subjected to statistical testing. If connectivity measures computed on recordings 

from two different subject groups are naively compared at the single sensor-pair level, the 

sheer largeness of the number of comparisons (which may have to be multiplied by the 

number of times windows and/or frequency bands taken into consideration) makes the 

finding of individually significant tests not only in conflict with the “p<0.05” statement, but 

at times almost irrelevant, in the sense that the probability of not finding one single 

individual may rapidly approach zero as the number of simultaneous tests being performed 

increases. This is the well-known multiple comparisons problem, which has received much 

attention in the statistical literature (see, for instance, (Tukey 1991) for a review and 

(Curran-Everett 2000) for its importance in the context of biomedical statistical analyses and 

a review of some popular solutions). 

HERMES includes the possibility of computing false discovery rate (section 5.1) and 

non-parametric cluster-based permutation test (section 5.2) between two different groups or 

conditions for a given index. Both tests can be selected in ‘statistics’ panel. 

3.3.1 False discovery rate 

HERMES allows the computation of statistical tests between different groups and 

conditions, which take into account the abovementioned problem of multiple comparisons. 

One of the statistical methods used for multiple hypothesis testing is false discovery rate 

(FDR), which corrects for multiple comparisons (Benjamini & Yekutieli 2001; Genovese et al. 

2002) and could be applied to find channel pairs with significant differences between two 

groups of subjects. In a list of rejected hypotheses, FDR controls the expected proportion of 

incorrectly rejected null hypotheses (type I errors). It is a less conservative procedure for 

comparison than the Bonferroni correction, with greater power than familywise error rate 

control, at a cost of increasing the likelihood of obtaining type I errors. 

Briefly, the FDR is the expected proportion of false positives among all significant 

hypotheses. For each channel pair, a between-groups t-test (or its non-parametric equivalent, 

the Wilcoxon test) is calculated. From the resulting p values, a significance threshold was 

calculated with a corresponding q (typically q=0.2, (Genovese et al. 2002)) using the type I 

FDR implementation. The q-value is the expected fraction of false positives out of all 

positives and is the FDR analogue of the p-value of a typical hypothesis test. To understand 

how the method works, consider the problem of testing simultaneously m (null) hypotheses 



Functional and effective connectivity in MEG 
Application to the study of epilepsy 

 
 
 

 78

(Benjamini & Hochberg 1995), of which mo are true. R is the number of hypotheses rejected, 

as summarized in Table 3.3: 

 
Actual 

values 

Declared  

non-significant 

Declared 

significant 

True null hypotheses m0 U V 

Non-true null hypotheses m- m0 T S 

Total m m - R R 

Table 3.3: False discovery rate 

Explanation of the variables involved in the FDR method. 

The specific m hypotheses are assumed to be known in advance, and R is an observable 

random variable, whereas U, V, S and T are unobservable random variables. The proportion 

of erroneously rejected null hypotheses is: Q=V/(V+S). Q is an unknown random variable, as 

we do not know V and S, even after experimentation and data analysis. We define the FDR 

Qe as the expectation of Q: Qe=E(Q)=E{V/(V+S)}. 

 Type I vs. Type II FDR 3.3.1.1

(Genovese et al. 2002) describe two methods for thresholding of statistical maps in 

functional neuroimaging, which easily adapts to the case of EC/FC analysis. In brief, for V 

voxels/sensor/sources being tested, a constant c(V) is defined for FDR type I (c(V)=1) or 

type II (c(V)=
1
1/cN

i
i

=∑ ), where Nc is the total number of performed comparisons14. Then, 

one proceeds as follows: 

First, select a desired FDR q-value between 0 and 1. This is the maximum FDR that 

the researcher is willing to tolerate on average.  

Then, order the p values from smallest to largest: p(1) ≤ p(2) ≤ … ≤ p(Nc). Now, let 

v(i) be the comparison corresponding to the value p(i) and r the largest i for which 

( )
( ) C

iq
p i

c V N
≤   (53) 

                                            

14 In the original paper by Genovese et al. (2001), Nc=V, as they study situations where only one 

comparison per voxel is performed to determine whether the voxel is significantly activated in a given 

group/situation. However, in the case of FC/EC indexes, Nc is the number of different indexes, which equals V(V-

1)/2 and V(V-1) for symmetric and asymmetric indexes, respectively 
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Finally, declare the comparisons v(1),...,v(r) significant, or in other words, threshold 

the test statistics at the value p(r) . 

The choice of c(V) depends on assumptions about the joint distribution of the p values. 

The type II choice applies for any joint distribution of the p values, whereas the type I choice 

(c(V)=1) applies under slightly more restrictive assumptions: it holds when the p values are 

independent and under a technical condition, called positive dependence, when the noise in 

the data is Gaussian with non-negative correlation across sensor/voxels (Benjamini & 

Yekutieli 2001). This is typically the case when multiple comparisons are applied, e.g., to 

close MEG sensors as in the case of the epilepsy data analyzed in this thesis.  

Since, the constant in type II is larger than that in type I, the corresponding cut-off for 

significance and number of comparisons declared significant is smaller in type II FDR. 

 Parameters for the FDR test 3.3.1.2

• q: minimum FDR at which the test may be called significant. RANGE: [0.01, 0.4]. 

DEFAULT: 0.2.  

• Type: ‘Type I’ is more permissive, ‘Type II’ is harder, more restrictive. 

DEFAULT: Type II. 

• Method: i)‘t-test’ for normal measures, ii)‘Wilcoxon’, its non-parametric 

equivalent. DEFAULT: Wilcoxon. 

3.3.2 Cluster-based permutation tests 

The other possibility to perform statistical tests for multiple comparisons included in 

the current version of HERMES is the so-called nonparametric cluster-based permutation 

tests (Maris & Oostenveld 2007; Nichols & Holmes 2002). These types of test offer an 

intuitive and powerful nonparametric framework for the statistical analysis of functional 

connectivity measures (as well as signal amplitude measures, power spectra, etc.) that 

accounts for the inherent multiplicity involved in the statistical testing. The working 

assumptions of the variant of the method implemented in HERMES are relevant in a great 

majority of cases: if a statistical effect found in the comparison between groups or 

experimental conditions is to be considered significant, it should be ‘larger’ than the effects 

found when the measurements are randomly assigned to groups or conditions (which in 

principle can be accounted for by just the data structure, redundancy and multiplicity, and 

not by group membership or the performance of a task). “Largeness” refers to a combination 

of the statistical strength of the effect and to its spatial largeness (and also its time duration 
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or its frequency content, if the functional connectivity measure is sensitive to those 

dimensions as well), and its operational definition is linked with the concept of “exceedance 

mass”, as explained below. 

The cluster-based permutation method included in HERMES works as follows: first, for 

each ‘statistical unit’ (the value of the functional connectivity measure for each sensor-pair or 

the combination of sensor-pair, a time window and/or a frequency band), a t-test is 

performed at the (uncorrected for multiplicity) p<0.05 significance level, which gives a naive 

first approximation to the study of statistical differences between groups or conditions. Units 

that pass this initial threshold are clustered together with those of their neighbours (adjacent 

units in space, but, whenever pertinent, also contiguous units in time or frequency) that also 

pass the test with consistent statistical differences (the associated t-values must have equal 

signs). Thus, for each of these cluster, the exceedance mass, defined as the sum of the t-

values of all units belonging to a cluster (see, e.g., (Poline et al. 1997)), is computed, and the 

exceedance masses of the largest clusters are stored. The functional connectivity indexes from 

different data sets are then randomly assigned to two subsets of the same size as the original 

ones, thereby forming a division that is no longer faithful to the original real partition of the 

data sets into subject groups or experimental conditions, and the procedure is repeated 

hundreds or thousands of times. The exceedance mass of the largest cluster of each of these 

random realizations is computed, to be subsequently used as cluster-level statistic in the 

permutation test (see (Ernst 2004) for a review of the permutation test rationale). For all the 

largest clusters in the original labelling of data sets into groups/conditions, a Monte-Carlo p-

value is obtained according to the proportion of elements in the distribution of largest cluster 

exceedance masses from all random realizations exceeding the observed cluster-level test 

statistic. For example, if we generate 10000 of these random realizations and the exceedance 

mass of a given cluster is greater than that of the original partition for, say, 19 of such 

realizations, then the level of significance for this cluster is p<20/10000=0.002. 

A pair of nodes (channels) is considered to be adjacent to another pair of nodes 

(channels), whenever a node of the first pair is closer than the maximum distance to one of 

the nodes of the second pair, and the other node of the first pair is also closer than the 

maximum distance to the remaining node of the second pair. In any other case, the edges 

(the connectivity between those pairs of nodes) are not considered to be adjacent. 

 Parameters for the cluster-based permutation test 3.3.2.1

• Max distance coefficient: CBPT spatially groups pairs of sensors, so a maxdist 

radius for considering two sensors as neighbours is needed. This maxdist(i) is 

computed as coef*mindist(i), where mindist(i) is the minimum distance of 

sensor(i) to all the others. RANGE: [1, 3]. DEFAULT: 1.5. 
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• Alpha: p-value for significant level. RANGE [0.001, 0.1]. DEFAULT: 0.05. 

• Number of clusters: RANGE: [1, 10]. DEFAULT: 10.  

• Number of permutations: RANGE: [20, 10000]. Please, bear in mind that the 

higher number of permutations, the longer the computation will take. DEFAULT: 

100, for a p-value of 0.01. 

REMARK: For asymmetric (i.e., EC) indexes, HERMES works with the average of 

the two indexes (x to y and y to x).  
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3.4 Results: HERMES toolbox 

3.4.1 Project creation 

As stated above, HERMES is a Matlab® toolbox. Thus, it has to be launched from the 

Matlab® environment. The simplest and most straightforward way of using HERMES is 

through its graphical user interface (GUI, see Fig. 1), which is invoked by typing, in the 

command line: 

>> HERMES 

 

Figure 3.5: HERMES graphical user interface 

The HERMES Graphical User Interface (GUI) is divided in the ‘data set’ zone (top), which contains the project’s 

most relevant data, and the ‘connectivity measures’ zone (bottom), which gathers the different types of indexes 

the toolbox can compute 

This command opens the GUI and allows the user to start creating a new project. 

HERMES is a project-based toolbox. This means that a new project must be created before 

we can start working on the data. The project contains the data matrices to be analysed, the 

metadata of these matrices (i.e. sampling rate, pre-stimulus time, conditions, etc.) and all (if 

any) previously calculated indexes. 
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As commented in the Introduction, the main purpose of HERMES is the analysis of 

brain FC and EC. Therefore, it does not include any artefact-removal, detrending or any 

similar pre-processing tools, which are already available in popular Matlab® toolboxes 

oriented to specific neuroimaging data analysis (Delorme et al. 2011; Tadel et al. 2011). Thus, 

the data loaded should be clean (i.e. artefact-free) and, if necessary, epoched. For those 

indexes that require filtering the data (i.e. PS indexes), the signal will be internally filtered 

using a finite impulse response (FIR) filter of optimal order (i.e., one third of the window 

size, in samples). 

A project may contain a single data matrix or data obtained from different subjects 

and/or under different conditions. HERMES can load both matrices and FieldTrip structures 

(Oostenveld et al. 2011) stored in MAT files. If more than one data file is loaded, HERMES 

will ask the user for information about the subject(s), group(s) and condition(s) of each file, 

by means of the Data labelling panel. 

Some features of HERMES (mainly the visualization tools, see section 5) require spatial 

information about the data. HERMES includes bi-dimensional spatial information (layouts) 

to simplify the representation of some of the most commonly used EEG and MEG systems, 

namely:  

1. 10-20 (21 channels) international EEG system, with 10-10 (up to 86) and 10-5 (up 

to 335 channels) extensions 

2. 4D Neuroimaging MAGNES 2500 WH 148 MEG system and MAGNES 3600 WH 

system 

3. Elekta Neuroscan 306 MEG system and Neuromag 122 system  

4. Biosemi EEG systems 

5. Yokogawa MEG systems 

6. CTF MEG systems 

If possible, the system used to acquire the data is automatically detected, and the user 

is asked for confirmation by means of the Layout selection panel. This panel includes the 

possibility of using a variation (subset) of one of the pre-saved systems, by downsizing the 

number of channels as specified by the user (e.g. a subset of the 10-20 EEG system discarding 

the central electrodes Fz, Pz and Oz). For details about the visualization of the data/results, 

refer to section 3.4.2. 

 Windowing the data 3.4.1.1

To obtain temporal resolution for the calculated indexes, a windowing parameter was 

included in the configuration. However, this windowing procedure should not be considered in 
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the traditional sense of Fourier transform applications, but just as a segmentation of the 

given signal in smaller pieces. Thus, no window type parameter is available, as the window is 

always rectangular in shape. 

The following parameters are available for all the indexes (except GS-based measures): 

Length of the sliding window (ms): in case you want to calculate a time-varying 

version of, say, a phase synchronization (PS) index, you can divide the data in windows of a 

given length. This parameter fixes the length of the desired window you want to apply. 

RANGE: [t100,tend] ms; where t100 corresponds to a minimum window of 100 samples 

(depending on the sampling rate, it will take a value in ms); and tend is the whole epoch, that 

is, all the data will be considered in the same window (is the same as not having windowing 

at all). If the data set has less than 100 samples the choice of windowing is disabled. 

DEFAULT: tendms (no windowing) 

Overlapping (%): RANGE: [0,100] %. When 100% is entered, the computation will 

be sliding just one sample, (note that total overlapping does not make sense). DEFAULT: 0% 

(no overlapping) 

Windows alignment (only available for trials): i) With the epoch: the windowing 

starts with the beginning of the data (time 0 – when the stimulus appears – does not 

necessarily coincide with the beginning of a new window) or ii) With the stimulus: the 

windowing starts at time 0 – when the stimulus appears – (the beginning of the data does not 

necessarily coincide with the beginning of a the first window) 

 Calculation of the indexes 3.4.1.2

HERMES calculates different families of indexes that estimate the degree of FC and 

EC between signals. Each of these families contains, in turn, many indexes, each of them 

with a different set of configurations. The indexes to be calculated have to be selected by 

clicking in the checkbox next to their names. Characteristics of each index will be detailed in 

section 3.  

 Exporting the results 3.4.1.3

Once the desired calculations have been performed in a project, the indexes may be 

exported as a structure stored into a MAT file or, if desired, stored in a variable named 

“indexes” in the workspace. This structure contains as many sub-structures as indexes were 
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calculated, each one named after the short name of the index (i.e. COR for correlation, COH 

for coherence, etc.). 

Calculated indexes are stored in the field name data (i.e. the calculated indexes using 

the correlation are stored in indexes.COR.data, where COR is the key word for correlation, as 

defined in section 3.1.1) in the form of a bi-dimensional cell array. This cell array contains as 

many columns as subjects in the project, and as many rows as conditions. Each one of these 

cells contains a matrix, whose dimensions are determined in the metadata of the indexes (i.e. 

indexes.COR.config.dimensions in the previous case). 

Other fields in the structure contains metadata about the index configuration 

(indexes.{}.config), values for each dimension (indexes.{}.dimensions) or, if required, 

statistical significance (indexes.{}.pval). 

 Project log 3.4.1.4

Every time a set of indexes is calculated, HERMES creates a new session in the project 

log. This entry includes the indexes to calculate, the parameters for each family of indexes, 

and the time of beginning and ending of the calculation for each index. In the case of user 

cancelation, of some error has raised while the execution, it is also stored in this log, for 

future access. 

The project logs can be accessed via the “File/View project log” menu. In addition, 

each log session is stored as a separated file in the “<Project>/logs” directory. 

3.4.2 Data representation 

Since the main purpose of the toolbox is to provide a user-friendly, easy way of 

calculating FC and EC indexes, I have not included in HERMES many options for data 

representation. Moreover, many popular freely available Matlab® toolboxes, such as EEGLab 

(Delorme et al. 2011; Delorme & Makeig 2004), FieldTrip (Oostenveld et al. 2011), or 

BrainStorm (Tadel et al. 2011) already serve this purpose. Nevertheless, for the sake of 

completeness, I have also included in HERMES a Visualization menu, which can be accessed 

from the main panel, at the Visualization tab. 
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 Signal visualization 3.4.2.1

Henceforth we show some screenshots of the output of the signal visualizations you can 

get with the Sensors 2D option. In this example, we use MEG recordings carried out with the 

4D Neuroimaging MAGNES 2500 WH 148 MEG system. Data were acquired at a sampling 

rate of 250Hz, with on-line band-pass filter of 0.5–50 Hz. The task consisted of a modified 

version of the Sternberg’s letter-probe task (Bajo et al. 2012). Data is only of hits. To have 

an equal number of epochs across participants, 35 epochs (0.9 s each one) were randomly 

chosen from each of the participants. We study 10 subjects: 5 from the control group and 5 

from the mild cognitive impairment (MCI) group. We include these ten subjects at the 

‘Example data’ section of the webpage (and its .her file with the computed measures to 

import it easily). Figure 3.6 shows the raw data in each sensor location, whereas Figure 3.7 

shows the corresponding power spectra. 

 

Figure 3.6: Raw data 

Left: Raw data of the whole set of sensors at each location. Right: Zooming into one single sensor (#1). Time 

range and channels’ distribution can be adjusted. Subject’s number and condition can be selected too 

 

Figure 3.7: Power spectra 

Left: Power spectra of the whole set of sensors at each location. Right: Zooming into one single sensor (#1). As 

in Figure 3.6, frequency range and channels’ distribution can be adjusted. Subject’s number and condition can 

be selected, too 
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 Connectivity visualization 3.4.2.2

Likewise, I also present some screenshots of the visualization of connectivity indexes in 

2D. There are two main ways of visualization: Figure 3.8 (left) presents the values of the 

PLV (section 3.2.1), a PS index of FC. In turn, Figure 3.8 (right) presents the values of 

Granger Causality (section 3.4.1), an asymmetric linear index estimating EC between two 

sensors.  

 

Figure 3.8: 2D connectivity visualization 

Left: 2D visualization of the PLV, a PS symmetric index of FC, for a 148 MEG sensor cap. The segments 

between two sensors indicate that there exists FC, as assessed by this index, at the significance level 

considered (p<0.05). Right: 2D visualization of GC asymmetric index for a 148 MEG sensor cap. The arrows 

between two sensors indicate that there exists EC, as assessed by this index, at the significance level 

considered. The head of the arrow points to the “effect” sensor. Different time and frequency ranges can be 

explored. Subject’s number, group and condition can be also adjusted. 

You can navigate in the time and frequency axis, and select the subject, the group, the 

type of condition and the index you want to visualize. Moreover, you can also modify another 

three parameters:  

• Threshold: it refers to the minimal value of the synchronization index from which 

all the other values are represented.  

• Minimum distance: it refers to the minimum distance between two sensors (in 

3D) from which links are represented (if no 3D coordinates are loaded this 

parameter is disabled). 

• p-value: in the case you performed surrogate data tests for you indexes, this 

parameter is enabled, and reflects the degree of confidence you have in the index (as 

explained in section 0), being the closer to 0, the more significant the values of the 

indexes. 
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You have the option of saving the images as a PDF file. All the images are appended 

to the same file, which is saved with the name: ‘H_previousname.pdf’ in the directory 

HERMES/Projects. 

 Statistics visualization 3.4.2.3

Statistically significant clusters can be visualized using the ‘Statistics visualization’ 

panel. There, you can select the specific statistics results computed for a certain index with 

the chosen statistic method. Links where connectivity is stronger for the control group are 

represented in red, whereas if connectivity is stronger in the MCI group, they are represented 

in blue. 

 

Figure 3.9: Statistics visualization 

2D visualization of the statistical differences for the PLV index between two groups of 5 subjects, as described in 

the text: healthy controls and mild cognitive impairment (MCI) subjects. A segment between two sensors 

indicates the existence of significant between-groups differences (type I FDR method, with p<0.05, q=0.3). In 

each panel, the group that presents a higher PLV value is indicated. Left: Pair of sensors presenting higher PLV 

values for the ‘control’ group (red lines). Right: Same but for the ‘mci’ group (blue segments) 
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4 Application to epilepsy 

As commented in section 2, the objectives regarding some of the currently open 

questions on the practical application of complex networks to brain MEG signals are going to 

be carried out though the case study of epilepsy. Concretely, I will analyse two groups of 

epileptic patients (generalized and focal epilepsy) and one control group, as detailed below.  

4.1 Materials & methods 

The data was recorded from epileptic patients who came to our lab from the Hospital 

General Universitario in Ciudad Real to be recorded by an MEG and their informed consent 

was needed (section 4.1.1.1). The description of the MEG system used and how the artefacts 

were controlled during the recordings is explained in section 4.1.1.2. The detailed description 

of the subjects (epileptic and control group) and the task performed can be found in section 

4.1.1. The process of artefacts removal, once the signals were recorded, as well as the data 

selection and the pre-processing steps of the data are detailed in section 4.1.2. Finally, the 

last sections are devoted to each of the analysis performed: total and relative power spectrum 

(section 4.1.3), functional connectivity analysis (section 4.1.4), networks analysis (section 

4.1.5) and statistical tests (section 4.1.6). 

Data acquisition and analysis have been carried out following as close as possible the 

recommendations included in (Gross et al. 2013) for conducting and reporting MEG research. 
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4.1.1 Subjects and task 

 Consent 4.1.1.1

Once subjects arrived at the Laboratory of Cognitive and Computational Neuroscience 

at the Centre for Biomedical Technology in Madrid, derived from the Ciudad Real Teaching 

Hospital, they got acquainted with the MEG chamber in which the recording took place and 

were instructed about the experimental procedure. All the recordings took place during 

morning hours.  

Ethical approval was granted by the Local Ethics Committee of the Hospital. All data 

were analysed anonymously. Subjects who underwent MEG recordings for research purposes 

had given written informed consent before participating. 

 MEG system 4.1.1.2

MEG recordings were obtained using a 306-channel whole head Elekta Neuromag® 

MEG system (Elekta Oy, Helsinki, Finland). The system has 102 magnetometers and 204 

planar gradiometers in a helmet-shaped array covering the entire scalp. Subjects were seated 

inside a magnetically shielded room during MEG recordings (Vacuumschmelze GmbH, 

Hanau, Germany) 

Eye movements were monitored by simultaneously recording an electrooculogram 

(EOG), with three Ag/Cl electrodes, two above and below the right eye and one at the right 

earlobe used as ground reference. 

Participants were seated with their head in the MEG sensor helmet, which covers the 

entire head except the face. Four head position indicator coils (HPI) were placed on the 

scalp, appropriately spaced in the region covered by the MEG helmet. The locations of the 

nasion, two pre-auricular points, and the four HPI coils were digitized prior to each MEG 

study using a 3D-digitizer (FASTRACK; Polhemus, Colchester, VT) to define the subject-

specific Cartesian head coordinate system. 100-200 additional anatomical points were 

digitized on the head surface to provide a more accurate shape of the subject’s head. Once a 

subject was comfortably positioned in the MEG machine, short electrical signals were sent to 

the HPI coils to localize them with respect to the MEG sensor array. The data from the HPI 

coils were used to correct head movement during the session. 
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 Subjects 4.1.1.3

Data used in this study were acquired from 60 subjects belonging to three different 

groups. However, from these 20 subjects of each group, only 15 were finally selected due to 

severe artefacts and other technical issues. Therefore, the study was performed over 15 

patients suffering from frontal focal epilepsy (FE), 15 patients suffering from idiopathic 

generalized epilepsy (or presumed genetic, as the new terminology stands) (GE) and 15 

healthy subjects (HS). Their age ranges were, respectively (mean±SD): FE: 32±16, GE: 

27±7, HS: 24±6. 

 

Figure 4.1: Groups of the study 

 

We performed a descriptive cross-sectional observational study, which included patients 

diagnosed with idiopathic generalized epilepsy (IGE) and presumably frontal epilepsy. These 

patients were seen consecutively in the outpatient clinics of neurology at the University 

General Hospital of Ciudad Real, with average evolution track of 9 years, during the period 

between May 2009 and December 2010.  

We excluded all patients with mental retardation, connate anoxia history, history of 

head trauma or meningitis in early childhood. A total of 72 charts were reviewed, and 40 of 

these patients were finally selected and divided afterwards according to the clinical 

presentation of his/her epilepsy into 2 groups: 20 EGI and 20 frontal epilepsies. For the 

diagnosis and classification of seizures and epileptic syndromes, the clinical and 

electroencephalographic classification of the ILAE 1989 has been applied (see section 1.8.3). 



Functional and effective connectivity in MEG 
Application to the study of epilepsy 

 
 
 

 92

      

      

      

Figure 4.2: Example of generalized and focal discharges 

Subject EPI_07 (GE group, left) and EPI_17(FE group, right), see Table 4.1. Figures obtained with Brainstorm 

(Tadel et al. 2011) for minimum norm source estimation (wMNE) using overlapping spheres over cortex surface. 

Top: Source reconstruction at the signalized point (in red) on the middle image. Middle: Left Frontal 

mafnetometers. Bottom: All magnetometers (gradiometers: MEGXXX2 and MEGXXX3; magnetometers: 

MEGXXX1). Observe how generalized discharges spread all over the brain, while focal ones remain bounded to 

the fontal area, in this case predominantly left.  
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Each clinical history gathers epidemiological data (sex, age of onset of the first seizure, 

personal history, pregnancy and delivery, neonatal period, psychomotor development and 

febrile seizures, family history of epilepsy, duration, educational level), clinical data (type of 

seizures and neurological findings) and treatments used, along with additional examinations 

(EEG, neuroimaging studies, magnetic resonance imaging (MRI) of 1.5 and 3 Tesla), in order 

to establish if the etiology was idiopathic, symptomatic or cryptogenic. The entire sampled 

patients were also evaluated using a comprehensive neuropsychological test battery.  

Next page, I present Table 4.1 which gives more detailed information about each of the 

individual epileptic patients. Most of them have been tracked for more than 10 years, and are 

now well-stabilized, suffering only 1-2 crisis per year. In order to interpret the information on 

Table 4.1 the following indications are provided: 

• AGE: age of the subject 

• ED: Education (1: primary, 2: secondary, 3: university) 

• GD: Gender (M: male, F: female) 

• LAT: Hand laterality (L: left, R: right) 

• STA: Age when epilepsy started 

• FAM: Family history with epilepsy 

• FET: Fetal distress 

• PRE: Premaurity 

• LESION (RMI): (LF: left frontal, RF: right frontal, DNT: Dysembryoplastic 

neuroepithelial tumor) 

• DIAG: Syndromic diagnosis (FLES: frontal lesional, FNOLES: frontal no lesional) 

• STATUS: (C: convulsive, NC: no convulsive) 

• CRISIS: (FOC: focal, GEN: generalized) 

• FOCAL: (PC: complex partial seizures: "frontal lobe absences", PM: motor partial 

seizures (hemicorporal clonias), SL: detention of language, OC: oculocephalic 

version, CA: lift opposite arm (fencing position), AU: somatosensory aura) 

• TYPE of GE: (IGE: Idiopathic Generalized Epilepsy, JME: Juvenile Mioclonic 

Epilepsy, JAE: Juvenile Absence Epilepsy) 

• GENERALIZED: (TC: tonic-clonic, , MIO: mioclonia, ABS: absence, GM: complex 

motor generalized during night) 

• M: Number of antiepileptic drugs 

• AED1: Name of AED1 

• AED2: Name of AED2 
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Table 4.1: Focal epilepsy (FE) and Generalized epilepsy (GE) subjects 
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 Task  4.1.1.4

MEG data was acquired at a sampling rate of 1 kHz, with on-line band-pass filter of 

0.10–330 Hz. Acquisition occurred in a single 20 min session of “resting state”; 10 min with 

eyes open looking to a cross on the screen followed by 10 min with eyes closed. Only the data 

from the eyes closed were used in the analysis, to ensure the data were free from blinking 

artefacts and that epileptic behaviour could easily emerge. 

4.1.2 Data preprocessing 

 Removing artefacts 4.1.2.1

External noise was removed from the MEG data using the temporal extension of 

Signal-Space Separation (tSSS) (Taulu & Kajola 2005) as implemented with the MaxFilter® 

software (version 2.0 ElektaNeuromag®). To correct the head position and the associated 

movement-related artefacts, tSSS identifies artefacts by their correlated temporal behaviour 

inside and outside the sensor helmet. SSS decomposes the data into a set of spherical 

harmonics and divides these basis functions in those coming from the head (brain signals) 

and those not coming from the head (noise signals). The coefficients for these basis functions 

are estimated for sections of the data using a sliding window, which therefore acts as a high-

pass filter. We used a sliding window of 10 s. Channels that were bad during the recording, 

for example due to excessive noise, were automatically discarded before estimation of the SSS 

coefficients. The temporal extension of SSS was used to remove noise signals that SSS failed 

to discard, typically from noise sources near the head. Such noise signals have a signature in 

both the brain and noise signals, and can therefore be detected (and discarded) using a simple 

correlation approach. In this work we used a subspace correlation limit of 0.98 (Hillebrand et 

al. 2013). For each subject, artefact free epochs were then carefully selected by visual 

inspection. Artefacts were typically due to (eye) movements, drowsiness or technical issues.  

 

Figure 4.3: External noise removal 
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The data were subsequently notch-filtered to remove mains (50 Hz and harmonics) 

with an IIR notch filter with a wn=50*2/fs and a bw=wn/50.  

Then, the data were divided into non-overlapping segments of 5000 ms (5000 samples 

at a sampling rate of 1 kHz), free from eye or muscular artefacts, and epileptic activities (as, 

e.g., seizures or epileptic-like activity) and far (at least 20s) from recent interictal 

epileptiform discharges15 in the period of resting state with closed eyes. On average, 100 of 

such segments for each subject (max-min: 127-85) were available for further analysis. 

 Data selection procedure 4.1.2.2

In order to have the same number of segments per each subject, I selected the 40 most 

stationary segments of 5000 ms per subjects according to the procedure explained in the 

following section, for a total of 600 non-overlapping quasistationary segments per group. 

Therefore, from now on, I am going to work with data matrixes which contain 102 sensors 

(magnetometers or PCA gradiometers, see section 4.1.2.4), of 5000 samples, and the 40 most 

stationary segments per each of the 45 subjects. The number of 40 segments is a good trade-

off between the quality of the data selected and the quantity the data available. It is also 

possible to use this repeated measures on the same subjects to refine the statistical test for 

between-group comparisons using hierarchical nested (also known as multilevel or mixed) 

models, as explained in section 4.1.6.3.1. 

Prior to the analysis, and according to standard practice in time series analysis, data 

were normalized to zero mean and unit variance. I will refer to these data from now on as 

raw data. 

  

                                            

15 To distinguish the interictal epileptiform discharges (IED), the following criteria was used (Engel & Pedley 

2008): 1) It must be paroxysmal. This means that it must be clearly distinguished from background activity. 2) 

There must be an abrupt change in polarity occurring during several milliseconds. This gives the IED its sharp 

contour and is commonly referred to as the “spikiness” of the IED. 3) Duration must be <200 msec. The Committee 

on Terminology distinguishes between spikes <70 msec, and sharp waves between 70 and 200 msec. 4) The IED 

must have a physiologic field. Practically, this means that the IED is recorded by more than one electrode and has a 

voltage gradient across the scalp. This requirement helps distinguish IEDs from artifacts. 
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 Stationarity 4.1.2.3

One important (but often neglected) question, which must be tackled during the 

preprocessing of the data, is its stationarity. The human brain is a non-stationary system, but 

for most indices of brain activity from M/EEG at least approximate stationarity is required. 

In the case of connectivity indexes, stationarity is not always a pre-requisite for their 

calculation (e.g., those PS indexes where the phase obtained by means of the Hilbert 

Transform). But certainly, if a given time series is not stationary, the possibility of different 

brain states being mixed up in it cannot be ruled out. A recent result on spontaneous and 

evoked MEG activity (Kipiński et al. 2011) has shown that, whereas these data tend to be 

mean stationary, they are also mostly variance-nonstationary especially for long segments 

(i.e., longer than 1 s). Here, we dealt with this issue by means of the KPSS test (Kwiatkowski 

et al. 1992), which has been successfully applied to multivariate M/EGG data in recent 

studies (González et al. 2013; Kipiński et al. 2011). This test calculates a statistic (ks), which 

is later used to decide whether it is possible to reject the null hypothesis of the stationarity of 

the data at the desired level of statistical significance (see (Kwiatkowski et al. 1992; Kipiński 

et al. 2011) for technical details). Since the statistics is calculated in univariate time series, 

we define: 

0

1 Ns

i
is

ks ks
N =

= ∑ɶ    (54)  

as the statistic for each multivariate (NS =102 sensors) segment. Then, all the segments 

were sorted from the lowest to the highest values of the statistic (i.e., from the most to the 

least stationary segment), and select for further analysis the 40 most stationary segments out 

of the 100 a priori selected segments. I performed the KPSS analysis with the GCCA toolbox 

(Seth 2010). 

We should mention that another method for the selection of stationary segments in 

bivariate synchronization analysis has been recently described (Terrien et al. 2013), yet it 

presents the drawback that the stationary segments occur at the same time in the two signals 

of a bivariate system, and thus it is difficult to generalize for multivariate systems. Instead, 

with our proposed approach, we objectively (i.e., by means of a mathematically defined 

statistic) select the most average-stationary multivariate segments among the available ones. 

 Planar gradiometers vs Magnetometers 4.1.2.4

One important practical issue I will tackle in this work is that, as explained before in 

section 1.4.2.4, in human MEG recording, not all types of magnetic sensors have the same 
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sensitivity to deep brain sources. Magnetometers measure the overall magnitude of the 

magnetic field component approximately normal to the head surface; whereas planar 

gradiometers measure the difference of that field component at two adjacent locations. 

Describing MEG sensors in descending order of sensitivity to the depth of sources, 

magnetometers are most sensitive, followed by first-order axial gradiometers, second-order 

gradiometers and, finally, planar gradiometers (Hansen et al. 2010). Hence, planar 

gradiometers have maximum sensitivity to sources directly under them, i.e., superficial 

cortical sources (Hämäläinen 1995), which makes them less sensitive to artifacts and distant 

disturbances. This is important in the cases of functional connectivity analysis at the sensor 

level, because gradiometers offer certain degree of protection against the well-known issue of 

volume conduction effect (Nolte et al. 2004), whereby the signals of two sensors may be 

correlated even if the two cortical sources immediately below are not because they are both 

picking up the activity of the same deep source. Besides, for the data analyzed in this work, 

gradiometers are especially suitable for studying this case, as one of the types of epilepsies 

(generalized epilepsy) have a neocortical origin. Thus, in this work I will profit from the fact 

that the MEG recording device in our lab has both magnetometers and gradiometers to 

analyze the data of both sensors, which offer complementary information, as this joint 

analysis, which is very promising, has not being properly done in the literature.  

Therefore, planar gradiometers and magnetometers lead to signals with different 

sensitivity to deep brain sources. In my study with Elekta Neuromag MEG system, I have 

magnetometers and two orthogonally oriented planar gradiometers (which I named grad1 and 

grad2). In order to reduce the dimensionality of the number of sensors, I worked separately 

with planar gradiometers and with magnetometers and select a representative signal from the 

planar gradiometers, obtained by the first principal component (PC) of grad1 and grad2. 

There are some other approaches in the literature: reducing dimensionality once computed 

the connectivity matrix, by going from 204x204 to 102x102 using the gradiometer pair (of the 

four possible combinations) with the largest connectivity value (Palva et al. 2005); using the 

whole 204x204 matrix (Deuker et al. 2009; Hsiao et al. 2009); combining the two planar 

gradiometers into an overall amplitude, A=dxBz2+dyBz2, equivalent to the electric flux 

|Jxy|2αA in the plane of the cortex (assuming Bx=By=0) (Kitzbichler et al. 2011); just select 

one of the two gradiometers; or even do not use gradiometers and only analyzes 

magnetometers (Noh et al. 2013; Becker et al. 2012).  

With the approach of computing the PCs, I aim to reduce to one single variable the 

information contained in the gradiometers, in a data-driven, adaptive and objective way. On 

average, the computed PC explained about 60-65% of the variance of both gradiometers. 

Principal component analysis (PCA) is a mathematical procedure for dimension 

reduction that “uses an orthogonal transformation to convert a set of observations of possibly 

correlated variables into a set of values of linearly uncorrelated variables called principal 

components. The number of principal components is less than or equal to the number of 
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original variables. This transformation is defined in such a way that the first principal 

component has the largest possible variance (that is, accounts for as much of the variability 

in the data as possible), and each succeeding component in turn has the highest variance 

possible under the constraint that it be orthogonal to (i.e., uncorrelated with) the preceding 

components. Principal components are guaranteed to be independent if the data set is jointly 

normally distributed. PCA is sensitive to the relative scaling of the original variables”. (This 

PCA definition is extracted from Wikipedia). You can find a mathematical detailed 

description at (Shlens 2005). 

 

Figure 4.4 Percentage explained by the first PC 

Histogram of the percentage of the variance explained by the first principal component 

Three groups presented the same pattern of percentage explained by the fisrst PC, and 

no statistical differences were found when performing a pairwise Wilkoxon test, between HS 

and each of the epileptic groups. Therefore, from now I will work with the principal 

component of the two gradiometers (grad1 and grad2)1 5. 

 Sensor space and volume conduction 4.1.2.5

As described in 1.2.2, M/EEG data have to deal with brain’s volume conduction 

problem. Volume conduction severely limits the neurophysiological interpretability of sensor-

space connectivity analyses. However, FC networks in MEG sensors data are stated to be 

qualitative similar to those obtained after reconstructing sources in the anatomical space, 

though when working with sources more frequency dependency is found (Palva et al. 2010). It 

happens with electrophysiological recording that not right direct neuronal activity is recorded 

but, as seen in section 1.2.2 the activation of several neuronal populations are being 

measured. Therefore, when working with networks from surface fields will not be inevitably 

exact have the same topology of the underlying networks from neuronal sources (Antiqueira 

et al. 2010) or of the networks obtained from anatomical connections (Ponten et al. 2010). 

Despite source reconstruction could offer better resolution and information about 

topographical distribution of brain activity following the anatomic constrains, multisource 

MEG is still a challenging problem and some algorithms can modify synchronization patterns 

(Bullmore & Bassett 2011). Therefore, I decided that the promise of greater anatomical 
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resolution was balanced by the risk of biasing the covariance structure of the sensor data by 

source reconstruction. Networks were hence constructed from sensor data rather than from 

anatomically reconstructed sources. 

However, to reduce volume conduction effects, I will take the advantage of two 

methodological approaches: first, by using the PLI, which only detects direct synchronization 

between sensors, the effect of volume conduction will be mitigated (as explained in section 

3.1.3.2), as it is assumed that synchronization between sensors due to volume conduction will 

always have zero phase lag (as field delay is negligible at the finite speed of light, at all 

frequencies below several gigahertz) (see (Kitzbichler et al. 2011)); second, the use of 

gradiometers, which perform a spatial filtering in comparison to magnetometers, as explained 

in section 4.1.2.4. 

4.1.3 Spectral Power Density 

 Total and relative band power  4.1.3.1

To begin with, I analyse total and relative power spectral density, by computing it for 

MEG signals (magnetometers and PCA gradiometers) for a range of frequencies of interest 

between 4 Hz and 40 Hz (P40Hz≈PTotal (Mormann et al. 2007)) in steps of 2 Hz. For this 

computation I used the multitaper method (MTMFFT) based on Discrete Prolate Spheroidal 

(Slepian) Sequences (DPSS), as implemented in the Fieldtrip toolbox (Oostenveld et al. 

2011). The spectral smoothing factor (tapsmofrq) was set to 2 Hz.  

First, I calculate the total power spectrum averaged across subjects in each group, 

which gives an idea of the amount of spectral power in each group. Second, to eliminate 

variability caused by the differences in individual global power, due to having bigger or 

smaller heads along with the possibly effect of the variability of the amplifiers gain, the 

relative spectral power density was computed. Therefore, with this second measure, we get 

information about the relative distribution of the power across the whole frequency range.  

4.1.3.1.1 Global spectral power density 

This was computed for every segment and sensor, and then averaged to have a global 

measure, for each subject. Instead of grouping the corresponding 18 frequency ranges ((i.e., 

[4-6 Hz), [6-8 Hz),…,[38-40 Hz)) in the traditional frequency band, I analyzed the difference in 

relative power in each of these ranges separately, and took into account the ensuing multiple 
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comparison problem as explained below. In this way, I get increased frequency resolution 

without the bias of the traditional frequency bands. 

To test the existence of statistical differences in the comparison of the two epileptic 

groups with respect to control in their relative power (GE vs. HS and FE vs. HS), I 

performed a Wilcoxon rank sum test and took p<0.025 as the critical value to determine 

whether the null hypothesis can be rejected, as both tests are independent. This p-value was 

corrected for multiple comparisons using FDR type I at the q<0.1 level (Benjamini & 

Yekutieli 2001), described in section 3.3.1. 

4.1.3.1.2 Local spectral power density 

To have a topographical distribution of the spectral power density, the spectral power 

in each of the sensor is not averaged but represented in a topographical figure. However in 

this case, the p-values obtained with the Wilcoxon rank sum test for each of the sensors in 

each of the frequency ranges for each pairwise comparison are also corrected by the FDR type 

I (Benjamini & Yekutieli 2001). 

4.1.4 Functional connectivity 

From the abovementioned raw data, I am going to study functional brain connectivity, 

using two of the PS measures described in section 3.1.3. Namely, PLV (section 3.1.3.1) and 

PLI (section 3.1.3.2).  

 Computing PLV and PLI 4.1.4.1

I have computed two phase synchronization indexes: PLV (explained in section 

3.1.3.1), and PLI (explained in section 3.1.3.2) using the HERMES toolbox (Niso, Bruña, et 

al. 2013) described in section 3.  

PLV and PLI were selected as the FC measures for this study because of two main 

reasons: first, as they are PS measures, they are able to detect weaker synchronization 

regimes, where the phases of the oscillatory component are coupled whereas the amplitude 

may not be (Hramov et al. 2005; Rosenblum et al. 1996). Instead, amplitude-based measures 

such as mutual information or GS indexes are unsuitable to analyse such synchronization 

regimes; second, as almost any FC measure, when applied in the sensor space, is sensitive to 

volume conduction effects (see, e.g., (Nolte et al. 2004; Ewald et al. 2012) and sections 
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4.1.2.5), PLI was selected because it is known to offer a certain degree of protection against 

them (Stam et al. 2007) by focusing on non-zero lag PS (see also section 3.1.2.4). The use of a 

refined version of PLI, the recently presented wPLI (Vinck et al. 2011) would have been also 

interesting; however, it has been defined for evoked rather than continuous data, as it 

requires having strictly independent data segments, which PLV and PLI are a good 

combination of indexes as the both give complementary information, PLV detecting both 

direct and indirect connections as well as volume conduction effect, whereas links and PLI is 

sensitive only to non-zero lag connectivity. We computed these two indexes on bands 

centered in the frequencies going from 6 Hz to 40 Hz with a bandwidth of 4Hz. This selection 

was made as a reasonable tradeoff between two mutually opposed requirements: first, the 

frequency bands should be narrow enough to allow for a proper phase reconstruction (see, 

e.g., (Thiel et al. 2006)), second, selecting extremely narrow bands to match those used in the 

power analysis would require a very high order for the FIR filter, which may distort part of 

the data segments due to border effects (see below). Besides, the narrower the band, the 

greater the computational cost necessary to compute the indexes, especially taking into 

account the application of the bivariate surrogate data described in section 4.1.4.3. 

 Filtering 4.1.4.2

Previously to the PS analysis a band-pass filtering is needed to separate different bands 

of interest. This step is of crucial importance, as PS results will strongly depend on the 

filtering procedure. In this study I used HERMES, (Niso, Bruña, et al. 2013),  described in 

the former chapter, for the connectivity analysis. In this toolbox, the signal will be internally 

filtered using a zero-phase Finite Impulse Response filter (FIR) of optimal order (i.e., one 

third of the window size, in samples). FIR filter was used, despite requiring a much higher 

order that an Infinite Impulse Response (IIIR) filter of equivalent characteristics, because 

FIR filters, unlike the IIR, can be applied without any phase distortion16. 

 Significance of PS values 4.1.4.3

If we calculated the PS index for all possible pair of sensors of the same kind (e.g. 

magnetometers, and pca of the planar gradiometers) we get two connectivity matrixes, where 

each element PSij measures the degree in which the signal in the sensor i is synchronized with 

                                            

16 Using filtfilt Matlab instruction, which performs zero-phase digital filtering by processing the input data, x, 

in both the forward and reverse directions (Oppenheim et al. 1999) 
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that of the sensor j (i,j=1,..,102). However, it is necessary to determine whether the value of 

each given index is due to real synchronization between the corresponding two sensors or 

rather it is not zero due to statistical fluctuations in the estimation of variance of the 

forecasting. This task can be easily accomplished computing surrogates, and considering 

significant the links with a p-value < 0.05.  

These surrogates were computed (as described in section 3.2.1) to generate 40 

independent sets of surrogate time series for each sensor and then synchronization between 

each pair of surrogate time series was estimated, using exactly the same methods (described 

below) as were applied to the experimental data (see, e.g., (Kramer et al. 2009; Bialonski et 

al. 2011). Despite of the computational cost associated, I followed the recent recommendation 

of estimating the distribution of the PS indexes under the null hypothesis of independence for 

each individual edge (Bialonski et al. 2011); rather than using the same estimated 

distribution for all the edges (Kramer et al. 2009), as the latter approach has been shown to 

yield an increased number of false positives. Since we also do not correct for multiple 

comparisons, the approach used here have to be considered quite conservative when it comes 

to rejecting a given edge as a false connection.  

Other types of bivariate data have been suggested in the literature for this purpose. In 

particular, I would like to mention the method of twin surrogates (Thiel et al. 2006), which is 

included in the Cross Recurrence Plot toolbox (Marwan et al. 2007). This kind of surrogates, 

however, is parametric, i.e., they require the estimation of two parameters, the embedding 

dimension and the embedding delay, which complicates its practical applicability. 

Recent results show that correlations between magnetic field sensors located at a 

distance less than 4 cm cannot distinguish between spontaneous activities of epileptic patients 

and control subjects (Garcia Dominguez et al. 2005). To reduce the influence of these 

spurious correlations between MEG signals, I have excluded the nearest sensors (those 

separated less than 4 cm from each other) from the computation of PS values. 

4.1.5 Brain functional connectivity networks 

The functional connectivity matrixes obtained in section 4.1.4 can be interpreted as the 

adjacency matrix (A) of an undirected weighted network. Hence, network analysis methods 

derived from graph theory (Rubinov & Sporns 2010) can be applied to assess the features of 

the brain connectivity networks in the groups of subjects described before (i.e. GE, FE and 

HS), during the resting state task with closed eyes (Chavez et al. 2010; van Dellen et al. 

2012). And from that, study their differences. 
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To characterize the functional brain network structure, a list of measures for 

undirected weighted graphs could be evaluated (Boccaletti et al. 2006). In this approach, 

MEG sensors were considered as vertices (nodes) and the connectivity values (PS, GS, IT, 

GC,…) between sensors as edge weights. The edge weight represents the strength of the 

connection between the vertices. 

 Network measures 4.1.5.1

In this study I focused on two global measures: the degree and the strength (section 

4.1.5.1.1); four measures of segregation: the clustering coefficient (section 4.1.5.1.3), 

transitivity (4.1.5.1.4), local efficiency (4.1.5.1.8) and the modularity (section 4.1.5.1.5); five 

measures of integration: characteristic path length (4.1.5.1.6), global efficiency (4.1.5.1.7), 

eccentricity, radius and diameter (4.1.5.1.9); and two measures of centrality: betweenness 

(4.1.5.1.10) and eigenvalue spectral density (4.1.5.1.2). All these indexes were computed using 

BCT toolbox (Rubinov & Sporns 2010). 

These indexes could also be classified as measures of degree and similarity (D,S), 

measures of clustering and community structure (C,T,El,Q); measures of paths and distances 

in the network (L, Eg, ecc, rad, diam) and finally, measures of centrality (B,v).  

I have decided to work with weighted networks instead of its binary version, as there 

are several studies showing that results from weighted networks are not different from its 

binarized counterpart (Li et al. 2009; Ponten et al. 2009), and there is some difficulty to 

establish the optimal threshold to obtain these latter matrix (Kim et al. 2013), as we will see 

in section 4.1.6.2. 

Here some notation is explained for a given graph G with the adjacency matrix A (see 

(Rubinov & Sporns 2010) for details): 

• N is the set of all nodes in the network, and n is the number of nodes. 

• L is the set of all links in the network, and l is number of links. 

• (i, j) is a link between nodes i and j, (i, j ∈ N). 

• Links (i, j) are associated with connection weights wij. 

• aij is the connection status between i and j: aij=1 when link (i, j) exists (when i and 

j are neighbors); aij=0 otherwise (aii=0 for all i). 

We compute the number of links as l=Σi,j∈N aij (to avoid ambiguity with directed links 

we count each undirected link twice, as aij and as aji). The sum of all weights in the network 

is lw, and it is computed as lw=Σi,j∈N wij. Henceforth, I assume that weights are normalized, 

such that 0≤wij≤1 for all i and j. All the following definitions are specifically for weighted 

undirected graphs. 
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Figure 4.5: Some networks metrics 

4.1.5.1.1 Degree (D) and Strength (S) 

The degree (D) of a node is the number of links connected to it.  

1

1 N

i ij i
j N i

d a D d
N∈ =

= =∑ ∑   (55) 

The global degree of a network is the average of all its nodes’ degree. Note that 

connection weights are ignored in calculations. The mean network degree is most commonly 

used as a measure of density (see 4.1.5.1.2), or the total “wiring cost” of the network. The 

weighted variant of the degree, sometimes termed the strength (S), is defined as the sum of 

weights of links connected to the node. 
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4.1.5.1.2 Density (K) 

Density (K) is the fraction of present connections to possible connections. It ranges 

between 0 and 1, being 0 a totally disconnected network and 1 a totally regular network in 

which every node is connected to all the others. 
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4.1.5.1.3 Clustering coefficient (C) 

The clustering coefficient C describes the likelihood that neighbors of a vertex are also 

connected. It is the fraction of triangles around a node, and is equivalent to the fraction of 
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node’s neighbors that are neighbors of each other. It quantifies the tendency of network 

elements to form local clusters. 

I used here the weighted version of this measure (Onnela et al. 2005), which 

characterizes local clustering as:  

21 1

( 1)

w
w w i

i
i N i N i i

t
C C

n n k k∈ ∈

= =
−∑ ∑  (58) 

where Ci is the clustering coefficient of node i (Ci=0 for ki<2), and the number of 

triangles tiw around a node i, is defined by the geometric mean of triangles around it: 
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Triangles are important since they are directly related to the robustness and error 

tolerance of the network (Boccaletti et al. 2006). 

The superscript ‘w’ denotes that the indexes are calculated for weighted networks.  

4.1.5.1.4 Transitivity (T) 

The transitivity (T) is the ratio of triangles to triplets in the network and it is an 

alternative to the clustering coefficient (e.g., (Newman 2003)). Note that transitivity is not 

defined for individual nodes, it is only a global measure. 
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4.1.5.1.5 Modularity (Q) 

The optimal community structure is a subdivision of the network into non-overlapping 

groups of nodes in a way that maximizes the number of within-group edges, and minimizes 

the number of between-group edges. The modularity (Q) is a statistic that quantifies the 

degree to which the network may be subdivided into such clearly delineated subgroups or 

modules. I used a modification for weighted networks by (Newman 2004): 
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Roughly speaking, the greater the value of Q, the more modular a network is, i.e., the 

greater the density of within-group connections as compared to the between-group ones. 

4.1.5.1.6 Characteristic path length (L) 

To define this index, it is necessary to first introduce the notion of “path”. A path 

consists of a sequence of linked nodes that never visit a single node more than once. It is 

important, to differentiate it from “walks”, which are sequences of linked nodes that may visit 

a single node more than once. The characteristic path length, then, is defined as the average 

shortest path length in the network (Watts & Strogatz 1998). 
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where Li is the average distance between node i and all other nodes. The shortest 

weighted path length between i and j, is defined as: 
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where f is a map (e.g., an inverse) from weight to length and gi↔j is the shortest 

weighted path between i and j. . Here we followed the suggestion of (Boccaletti et al. 2006), 

and set the length of the edge connecting nodes i and j inversely proportional to the weight: 

dij=1/wij. The shortest path length quantifies the extent of average connectivity or the overall 

routing efficiency of the network (Achard & Bullmore 2007). 

4.1.5.1.7 Global Efficiency (Eg) 

The global efficiency (Eg) is related to the previous index, as it is defined as the average 

inverse shortest path length in the network, hence they will be inversely correlated (Latora & 

Marchiori 2001). 
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where Ei is the efficiency of node i. It reflects the global efficiency of parallel 

information transfer in the network. 

4.1.5.1.8 Local Efficiency (El) 

The local efficiency (El) is the global efficiency (see 4.1.5.1.7) computed on node 

neighborhoods, so it will be related to the clustering coefficient (4.1.5.1.3) (Latora & 

Marchiori 2001) . 
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where Eloc,i is the local efficiency of node i, and djh(Ni) is the length of the shortest path 

between j and h, that contains only neighbors. The local efficiency can be understood as a 

measure of the fault tolerance of the network, indicating how well each subgraph exchanges 

information when the index node is eliminated (Achard & Bullmore 2007). 

4.1.5.1.9 Eccentricity (ecc), radius and diameter 

The node eccentricity is the maximal shortest path length (see 4.1.5.1.6) between a 

node and any other node. The lower the eccentricity, the more central a vertex is in a 

network. The radius is the minimum eccentricity and the diameter is the maximum 

eccentricity (see above). 

4.1.5.1.10 Betweenness (B) 

Node betweenness centrality (B) is the number of all shortest paths in the network that 

contain a given node. Nodes with high values of betweenness centrality participate in a large 

number of shortest paths. It can be defined as in (e.g., (Freeman 1979)) 
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where ρhj is the number of shortest paths between nodes h and j, and ρhj(i) is the 

number of shortest paths between these two nodes that pass through node i. As an example 

of application to MEG data in epilepsy, this index has been recently used, along with the 

minimum spanning tree, to assess the outcome of surgery in a follow up study of lesional 

epilepsy patients (van Dellen et al. 2013). 

4.1.5.1.11 Eigenvector Spectral centrality (v) 

Eigenvector centrality (v) is a self-referential measure of centrality. It determines the 

importance of a node on the basis of its connections to other nodes, but also with respect to 

how those other nodes are connected (and so on). It weighs the connections of a node 

(Bonacich 2007), so that when connected to a highly connected “hub” makes it more 

influential than being connected to many poorly connected peripheral nodes. In this way, 

eigenvector centrality takes the relation within the whole network into account and allows for 

the identification of hubs (Hardmeier et al. 2012). 

4.1.5.1.12 Small worldness (SW) 

Network small-worldness (Humphries & Gurney 2008; Watts & Strogatz 1998) 

/

/
rand

rand

C C
SW

L L
=   (67) 

where C and Crand are the clustering coefficients, and L and Lrand are the characteristic 

path lengths of the respective tested network and a random network. Small-world networks 

often have S≫1. 

 

Figure 4.6: Small world networks 
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Small-world property is characterized by a high local clustering of connections between 

neighboring nodes and short path lengths between any pair of nodes. It was after (Watts & 

Strogatz 1998) introduced this concept, that it has been observed in many complex networks 

of nature, including social, economic and biological networks. The cortical networks of other 

mammalian brains as well as functional and structural human brain networks have been 

found to exhibit small-world properties (Li et al. 2009). 

A real network would be considered as small-world if it meets the Cr=γ=C/Crand>>1 

and Lr=λ=L/Lrand=1, in which Crand and Lrand are the mean clustering coefficient and mean 

shortest path length of the random network (Watts & Strogatz 1998). For the calculation of 

Crand and Lrand, I generated 50 random networks for each subject’s functional connectivity 

matrix by a randomization (using BCT toolbox (Rubinov & Sporns 2010)), in which the 

original connectivity matrix was randomly permuted (randomly reshuffling links), while 

keeping the degree distribution of each node constant (Maslov & Sneppen 2002; Rubinov & 

Sporns 2010; Fornito et al. 2013). Then, the average across all 50 generated random networks 

was performed to obtain the mean Crand and Lrand indexes, and thus the small-world indices Cr 

and Lr were calculated for the weighted FC networks. 

4.1.5.1.13 Algebraic connectivity (ac) 

Now I will introduce two parameters (algebraic connectivity, this section, and 

synchronizability, next section) based on the spectral graph theory, which studies the 

properties of graphs via the eigenvalues and eigenvectors of their associated graph matrices: 

the adjacency matrix (A) and the combinatorial Laplacian matrix (L), also known as 

Kirchhoff matrix (since it was originally proposed by Kirchhoff) and its variants. The 

connection between the Laplacian and the adjacency matrices is L=D–A, where D is the 

diagonal degree matrix D:=Dii, being Dii the strength of node i. 

We denote the set of eigenvalues of the adjacency matrix A as λ1≤λ2≤…≤λN, where the 

largest eigenvalue λN is called the spectral radius; and the eigenvalues of the Laplacian matrix 

L as 0=µ1≤µ2≤…≤µN. The eigenvalues of the adjacency matrix are real, while the eigenvalues 

of the Laplacian matrix are real and non-negative. (see (Boccaletti et al. 2006) for details). 

The largest eigenvalue λµN characterizes dynamic processes on networks such as virus 

spreading and synchronization processes. Its inverse, 1/µN, describes the threshold of the 

phase transition, which specifies the onset of a remaining fraction of infected nodes and of 

locked oscillators, respectively, of both virus spread and synchronization of coupled oscillators 

in networks (Li et al. 2011). 
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The algebraic connectivity (ac), measures how difficult it is to tear a network apart 

(Fiedler 1973). The algebraic connectivity is defined as the second smallest eigenvalue of the 

Laplacian matrix, µ2. It is greater than 0 if and only if the network is fully connected.  

2ac µ=    (68) 

The magnitude of the algebraic connectivity is important for synchronization, and 

reflects also network robustness (resilience against damage).  

4.1.5.1.14 Synchronizability (sync) 

The term “synchronizability” is often used for the ratio of Laplacian’s largest and 

second smallest eigenvalues µN and µ2, respectively. It gives the idea of the stability of a 

graph. The larger the ratio, the more difficult to synchronize the oscillators; the smaller it is, 

the more stable the network synchronization (Arenas et al. 2008).  

2

NR
µ
µ

=   (69) 

This ratio is also referred to as the “paradox of heterogeneity”. It shows that 

(unweighted, undirected) networks with a more homogeneous degree distribution synchronize 

more easily than networks with a more heterogeneous degree distribution (Li et al. 2011; 

Mieghem 2012). This index has been recently used in neuroscience (Li et al. 2011; de Haan, 

van der Flier, Koene, et al. 2012; Lehnertz et al. 2013). Here, however, I will used the inverse 

(69) following (De Haan 2012), to obtain an index ranging between 0 and 1, which is closer to 

1 when the network is easier to synchronize. 

1
sync

R
=   (70) 

4.1.6 Comparison of brain functional connectivity networks 

For the sake of clarity, I will henceforth omit the w superscript (which denotes 

weighted network) in the name of the indexes. 
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 Are all network measures really necessary? 4.1.6.1

There is theoretical (Li et al. 2011) and empirical evidence (Li et al. 2011) (Lynall et 

al. 2010) that many of the indexes described above, commonly used to characterize brain 

functional connectivity networks, are strongly correlated with each other. Given this fact, it is 

somewhat surprising that almost all the studies to date using MEG to characterize brain 

networks calculate many of these indexes without further checking for the existence of this 

correlation. To tackle this question, in this work I use Pearson’s correlation coefficient17 to 

analyze the similarity between any two of the network measures described above and take the 

resulting correlation matrix to evaluate how many truly different groups of measures are 

actually there, and which of them should be taken as a representative exemplar of the group 

by making use of the affinity propagation clustering algorithm (Frey & Dueck 2007; Givoni & 

Frey 2009). 

Affinity propagation (AP) is a recently described clustering data method that takes as 

input measures the similarity between pairs of data points and simultaneously considers all 

data points as potential exemplars, in contrast to traditional data clustering algorithms. Real-

valued messages are exchanged between data points until a high-quality set of exemplars and 

corresponding clusters gradually emerges. It has been used to solve a variety of clustering 

problems18 and it was been shown to uniformly find clusters with much lower error than other 

methods, in less than one-hundredth the amount of time (Frey & Dueck 2007; Givoni & Frey 

2009). In our particular application, AP presents three additional advantages: first, it works 

with similarities (i.e., correlations between the data, instead of distances); second, it is 

adaptive to the data; and third, it is not necessary to fix a priori the number of clusters, but 

the algorithm determines, in a purely data-driven way, the optimal number of clusters, 

thereby providing a direct answer to our question of how many different networks measures 

are enough to fully describe the data. This allows us to reduce the number of graph 

theoretical network measures to be further analyzed in the epileptic study, by selecting only 

one representative from each cluster. 

To compare global measures, local measures at the sensor level (D, S, C, El, ecc, B 

and v) were averaged for each segment, so that the whole network is finally characterized by 

a reduced set of measures. 

                                            

17 The results obtained applying the non-parametric equivalent, the Spearman’s rank correlation coefficient, 

were the equivalent. 

18 see http://www.psi.toronto.edu/index.php?q=affinity%20propagation 
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 Surrogates vs. fixed density approach 4.1.6.2

Selecting an appropriate threshold to decide whether a certain connectivity value is 

significant and should be included in the network analysis is still an open question (see, e.g., 

(Quraan et al. 2013; Fornito et al. 2013; Kim et al. 2013; Wilenius et al. 2013; Lehnertz et al. 

2013)). There are different approaches. For instance, some studies try different thresholds and 

observe when the results start to become stable (Quraan et al. 2013; Kim et al. 2013). In 

other cases, researches have compared the area under the Measures vs. Density curve 

(Fornito et al. 2013; Bassett & Lynall 2013), but none of these approaches are without 

problems (Fornito et al. 2013). In this thesis, as indicated in section 4.1.4.3, I have used the 

surrogate data tests as a data-driven, detailed, edge-by-edge evaluation of the significance of 

each of the edges (Kramer et al. 2009; Bialonski et al. 2011). This methodology would provide 

a reliable, yet computationally costly, way of dealing with this problem, but as it turns out, it 

may create a different one. Indeed, it has been shown that the values of the complex network 

indexes are affected in a nontrivial way for the density of the network (van Wijk et al. 2010), 

so that comparing networks of different density, even if they have the same size, may be 

problematic. 

There is currently no gold-standard for selecting the optimal density threshold for the 

FC matrix. Recently, (Kim et al. 2013)19 have shown that some brain networks measures 

reach a maximum value for a density slightly above the critical density kER defined in the 

Erdös–Rényi model (Erdős & Renyi 1961) of random graphs, where a random graph with N 

nodes is fully connected when its connection density is larger than kER=2lnN/N (≈0.09 in our 

case).  

As a compromise solution, I propose to select two values (based on the previous results 

using surrogates) to set the range of density values to explore: kmin, which is the minimal 

significant density of all the studied networks (across all bands, subjects and groups); and 

kmax, which is the maximum density significant for at least one of the networks for any group 

in any band. Thus, for kmin, all the edges for all the band and subjects are significant (the 

most conservative approach), whereas kmax is determined by the least sparse of all the 

analyzed brain networks. 

  

                                            

19 This work, however, is not without its own problems, as the authors used only 29 EEG channels to 

characterize the functional brain network. 
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 Comparison of global network structure 4.1.6.3

As in the case of the spectral power, brain connectivity networks can be compared at 

two levels (Meskaldji et al. 2013): the global (averaged over all sensors) and the local one. 

But contrary to the case of the power, the local level, in the case of the networks, is further 

divided in two: differences between sensors (nodes), which is the exact counterpart to the 

power spectral test, and differences between edges (connectivity values), which is specific of 

the network case.  

Global network indexes were statistically pairwise compared using a Wilcoxon rank 

sum test between both epileptic groups with respect to controls (GE vs. HS and FE vs. HS) 

as in the case of the global power spectrum (see section 4.1.3) and corrected by the FDR type 

I at the q<0.1 level (Benjamini & Yekutieli 2001), as the channels are positive dependent and 

thus, being this test the most appropriate. 

4.1.6.3.1 Multilevel modeling  

Hitherto I have not commented in detail on the way the statistical analysis at the 

global level is performed, for both the spectral power and the network measures. Indeed, in 

either case I have 40 segments per subject (600 segments per group) but differences were 

tested using the average of each variable for each subject, thereby reducing the number of 

samples per group to that of the subject (15), thereby reducing the power of the statistical 

test, a pervasive problem in modern neuroscience (Button et al. 2013). One should naively 

ask whether it would be not a better idea to simple take the value of each of the 600 

segments per group, to increase the sample size and increase the power of the test. It must be 

taken into account, however, that by doing so I would be implicitly considering that each of 

the segments is independent of the rest, which is one of the assumptions underlying most of 

the commonly used hypothesis test such as, e.g. ANOVA or Kruskal Wallis. Instead, the 

values of a given variable for the segments of a given subject are likely to be more related to 

each other than they are to those of another randomly selected subject even from the same 

group. In other words, the effect of inter-subject variability (random effect) is likely to be at 

least as important as that of the intergroup variability (fixed effect). Neglecting this so-called 

intraclass correlation (ICC) results in an artificial increase of the sample size, with the 

subsequent underestimation of the standard error and an inflation of the alpha level (i.e., a 

higher probability of a type I error20 (Meyers et al. 2012)). Thus, it seems that one either 

                                            

20 Interestingly, this incorrect approach has been recently used in the analysis of interictal brain MEG 

networks of epileptic patients in a study appearing in a high impact factor journal (Chavez et al. 2010) 
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inflates type II error to control type I error by taking the averages (the approach I took), 

which may result in missing significant effects, or risks to increase the number of false 

positive by taking all the segments, thereby inflating the sample size. There is, however, 

another possibility, which consists of using a more sophisticated statistical analysis that uses 

all the available segments and at the same time takes the intra-subject correlation into 

account. Such a statistical analysis is the so-called hierarchical modeling, also termed as 

nested modeling, mixed modeling or multilevel modeling (Goldstein 2011). Multilevel models 

are statistical models of parameters that vary at more than one level and provide an 

alternative type of analysis for univariate or multivariate analysis of repeated measures (see 

chapter 19 at (Field 2009)). In our study, the lowest level of data is formed by the 40 

segments (repeated measurements) of each subject. Being the second level of the data, the 

group to which they belong. In this way we can make profit of the advantage of having 40 

segments of data for each subject, with not having to average them and thus, lose statistical 

power, neither increasing artificially the sample size by considering each of the segments as 

one ‘subject’ of the group. Mixed models are being incorporated into the mainstream data 

analysis techniques in many disciplines, a trend that is expected to continue in the future 

(Meyers et al. 2012). In this type of analysis, the value of the ICC is taken into account to 

estimate the percentage of the variance of each variable within each group that is associated 

with the intra-subject effect, effectively reducing the sample size and controlling at type I 

error while keeping also type II error at bay. In this way it is possible to use all the data 

segments available without artificially inflating the alpha level.  

In order to estimate whether the use of the mixed modeling would have an impact on 

the results of the statistical analysis at the global level, I estimated the between-group 

differences for the four networks measures (PLI and PLV indexes, all frequency bands) using 

a mixed model with the group as fixed effect and the subject as random effect including the 

values of all the 1800 segments (600 per group). The analysis was carried out using the 

STATISTICA® v10 software package (Statsof, Inc., 2011)21. 

  

                                            

21 StatSoft, Inc. (2011). STATISTICA (data analysis software system), version 10. www.statsoft.com 
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 Local network parameters comparison 4.1.6.4

As commented before, to evaluate differences at the local level, it is necessary to 

distinguish two cases: the behavior of nodes (4.1.6.4.2), and the behavior of edges (4.1.6.4.1). 

(Meskaldji et al. 2013) 

4.1.6.4.1 Between edges 

In order to study differences between the three groups, a nonparametric permutation 

test (NPT) was performed using the connectivity matrixes. The number of permutations was 

set to 1000 and the statistical test used was the t-test. 

It has to be mentioned that the local comparisons at the edge level for brain 

connectivity networks can be also carried out using other approaches (Meskaldji et al. 2013), 

most notably, for instance, the so-called Network Based Statistic (NBS) method (Zalesky et 

al. 2010). The NBS method is becoming very popular especially in fMRi studies, perhaps 

because it is a less conservative approach than the NCPT when controlling the overall type I 

error. In fact, it has been regarded as the equivalent to the permutation test for the case of 

network motifs. However, it crucially depends on one parameter, namely the p value initially 

selected to determine which links should be further analyzed. Thus, I chose to use the NPT, 

which provides a more strict control of type I error for each edge for independent samples.  

4.1.6.4.2 Between nodes (sensors) 

In this case, I have the value of local indexes on each node. Thus, I want to study its 

topographical distribution in the three groups of subjects and on each of the bands.  

Pairwise differences between the two epileptic groups with respect to control (GE vs. 

HS and FE vs. HS) were analyzed by means of a two-sided rank sum test (Wilcoxon test), 

which tests the null hypothesis that the network parameters obtained for each group of 

subjects are independent samples from identical continuous distributions with equal medians, 

against the alternative that they do not have equal medians. This test is equivalent to a 

Mann-Whitney U-test. Differences were considered significant if p<0.025, (i.e., the traditional 

p<0.05 is Bonferroni adjusted for two independent test); and as in the previous case, these p-

values were further corrected with FDR type I (Benjamini & Yekutieli 2001). 
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Table 4.2: Summary of the methods used in the analysis 

 

G
L
O
B
A
L
 

Power 
spectrum 

Wilcoxon 
HS vs GE 
HS vs FE 

FDR type I 
(q<0.1) 
4:2:40 Hz 

Networks 
indexes 

Wilcoxon 
HS vs GE 
HS vs FE  

FDR type I 
(q<0.1) 
4:4:40 Hz 

Mixed Models (network measures) 

L
O
C
A
L
 

Power 
spectrum 

Wilcoxon 
HS vs GE 
HS vs FE 

FDR type I 
(q<0.1) 

1:102 channels 

Networks 
indexes 

N
O

D
E

S Wilcoxon 
HS vs GE 
HS vs FE 

FDR type I 
(q<0.1) 

1:102 channels 

E
D

G
E

S 

Non parametric permutation test 

Table 4.3: Summary of the statistical tests applied to the epilepsy data 
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4.2 Results 

In this section, results of the experiment described in 4.1.1 are presented. Power 

spectrum results are depicted in section 4.2.1. Functional connectivity results are described in 

section 0. Network analysis results are detailed in section 4.2.2.2. All the figures presented in 

this study have been created following as close as possible the latest indications for data 

visualization in the neurosciences as included in (Allen et al. 2012). 

4.2.1 Results of spectral power density 

 Total spectral power density 4.2.1.1

As explained in section 4.1.3.1, the total power spectrum from gradiometers (pca) and 

magnetometers was computed for the three groups. The results are shown in Figure 4.7. 

Global power distribution was qualitatively very similar for gradiometers and magnetometers. 

After performing a pairwise Wilcoxon rank sum test with (FDR type I corrected, q-value 

<0.1) pairwise differences were found, with the GE group showing the higher values than 

healthy subjects in the whole range of frequencies, except from alpha band, for the two type 

of sensors; and FE group having higher total power density the beta1 band for 

magnetometers. These results are shown in Figure 4.7. 

 

Figure 4.7: Total power spectrum  

Total power spectrum for the PCA of the gradiometers (top) in pT2/m2Hz and magnetometers (bottom) in pT2/Hz 

for each pairwise comparison (GE vs. HS and FE vs. HS). Groups are represented in blue (HS), green (GE) and 

red (FE). Asterisks denotes when the differences are significant with FDR type I corrected p-values (q<0.1) in the 

ranksum Wilkoxon test. Shades represent the group’s standard deviation. 
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As already commented, global between-group differences in the power spectrum are 

only a part of the picture. Indeed, it is also necessary to explore, at the sensor level, whether 

there are any differences in their topographic distribution over the head. For that reason, I 

represent in Figure 4.8 the mean distribution of the total spectral power of each of the 

studied groups for those bands where significant statistical differences were found at the 

global level. Multiple comparisons were corrected using FDR type I, as the channels are 

positively correlated (as explained in section 4.1.3.1).  

Firstly, I present both the topographical distribution for each group (Figure 4.8), as 

well as between-group differences (Figure 4.9) for the total power spectrum for both type of 

sensors for the range of frequencies between 6 and 40 Hz, where GE presented significant 

differences as compared to HS group.  

 

Figure 4.8: Topographical distribution of the total spectral power in the 6-40 Hz range 

Topographical distribution of the total spectral power in pca gradiometers (top) and magnetometers (bottom), for 

the three groups of subjects: HS (left), GE (middle), and FE (right).  

 

              

Figure 4.9: Total spectral power distribution in brain regions for the 6-40 Hz range 

Left: Results of the Wilcoxon test (*p<0.025, ** p<0.01, ***p<0.001). Boxplots represent the distribution of the 

subjects of each group. Results are presented for pca gradiometers (top) and magnetometers (bottom). Blue: 

healthy subjects; green: idiopathic generalized epilepsy; red: frontal focal epilepsy. Right: Power differences (in 

percentage) between groups. * denotes significant between group differences (FDR corrected q-value < 0.1) in 

the Wilkoxon test. 
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Dividing the brain into four different regions (i.e., frontal, parietal, temporal and 

occipital (see Figure 4.12)), and performing statistics for these four regions instead of each 

sensor, a simplified representation is shown in Figure 4.9 (left). For the meaning of the 

boxplot representation see Figure 4.13. 

In Figure 4.10 and Figure 4.11 the same information is shown for the beta1 band (16-

18Hz) which is the only band where the FE presented significant differences as compared to 

controls. 

 

Figure 4.10: Topographical distribution of the total spectral power in the 16-18 Hz range 

 

            

Figure 4.11: Total spectral power distribution in brain regions for the 16-18 Hz range 

 

I decided to use box plots as they are a useful way of representing the data, through 

their quartiles, and provide easily visualizing information about the statistical distribution of 

the data. I also plot lines extending vertically from the boxes (whiskers) indicating variability 

outside the upper and lower quartiles, and a notch to indicate the median confidence interval. 

See Figure 4.13 for boxplot parameters scheme for representation. 
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Figure 4.12: Schematic diagram of the sensors in each brain region 

Left: Lobes of human cerebral cortex and cerebellum, seen from the right side, the front of the brain (above the 

eyes) is to the right. Right: schematic representation of sensors according to brain lobes: frontal (red), parietal 

(blue), temporal (green) and occipital (pink). 

 

 

 

 

Figure 4.13: Boxplot representation 

Schematic diagram of boxplot representation: 

median, 1Q (1st quartile, 25th percentile), 3Q (1st 

quartile, 25th percentile), whiskers represent 

maximum and minimum observations (99th 

percentile) and notch indicates the median 

confidence interval. 

 

 Relative spectral power density 4.2.1.2

At the same time, to obtain complementary information, I computed the distribution 

when normalized by the total spectral power, having, thus, the relative influence of every 

frequency (as explained in section 4.1.3.1). Results are displayed in Figure 4.14. In this case, 

significant differences were only found in the 16-18 Hz (beta1) band for FE vs. HS 

comparison, for both magnetometers and gradiometers.  
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Figure 4.14: Relative spectral power 

Relative spectral power for the PCA of the gradiometers (top) and magnetometers (bottom) in pT2/Hz for each 

pairwise comparison (GE vs. HS and FE vs. HS). Groups are represented in blue (HS), green (GE) and red (FE). 

Asterisks denote significant differences with FDR type I corrected p-values (q<0.1) in the ranksum Wilkoxon test. 

Shades represent the std of the group. 

Looking to Figure 4.15, we can observe how in the band of 16-18 Hz, FE subjects 

present higher values of power spectrum than healthy subjects, and specially in those located 

in the frontal areas as commented above. These differences were found both in gradiometers 

and magnetometers. 

 

Figure 4.15: Topographical distribution of the relative spectral power 

Left: Topographical distribution of the relative spectral power for gradiometers (top) and for magnetometers 

(bottom) for the three groups of subjects: HS (left), GE (middle), and FE (right). Right: Percentage power 

differences between groups. The black * denote that the differences are significant with a FDR corrected p-

value<0.1 in the Wilkoxon test, between each two groups.  
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Figure 4.16: Relative spectral power distribution in brain regions for the 16-18 Hz range 

4.2.2 Comparison of brain functional connectivity networks 

In this section I will present brain functional connectivity networks results obtained 

after applying the methodology explained in section 4.1. However, to an easy understanding 

of the results, I will first present local differences between edges of the FC values in section 

4.2.2.1, to then evaluate the similarity between global network indexes in section 4.2.2.2 and 

finally present differences between groups of subjects in those exemplar indexes obtained, and 

display their topographical distribution at the sensor level in section 4.2.2.4. 

 Differences between functional connectivity measures  4.2.2.1

Results with functional connectivity measures 

In this section I present the results in functional connectivity patterns, i.e., the edges of 

the networks, computed pairwise as indicated in section 4.1.6.4.1.  

In this case, we observe in Figure 4.16 the PLV and PLI computed for both pca 

gradiometers and magnetometers in the five abovementioned bands: 6Hz (theta), 10 Hz 

(alpha), 18 Hz (beta1), 30Hz (beta2), 46 Hz (gamma), (with a surrogate data test of p-

value1=1 (no mask), as described in section 4.1.4.3). We then computed a t-test between the 

15 subjects of each group with a p-value2 of 0.01 and then performed 1000 permutations in 

order to randomly distribute the subjects in each of the two groups, as explained in section 

4.1.6.4.1. Taking finally, those values of the significant values of the t-test, that presented a 

permutation test p-value3 < 0.01. 
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Figure 4.17: Functional connectivity measures 

Functional connectivity measures between the three groups for gradiometers (top) and for magnetometers 

(bottom) for the five studied bands and the two studied indexes PLV (left) and PLI (right). The thickness of the 

line represents the percentage of increment between both groups. Only those links with p-value2 for the t-test < 

0.01 were included in the permutation test with N=1000 

Qualitative results with functional connectivity measures 

To have a qualitative idea of the connectivity matrix appearance for each of the 

indexes and sensors, Figure 4.18 presents a representative visualization of these matrixes. Left 

side represents only one subject trial, and the right side represents the average of all the trials 

and subjects of one group. Only results for HS group are displayed, as the global appearance 

is very similar between groups, being the sparsest the gradiometers with PLI matrix and the 

more densely connected the magnetometers with PLV matrix. 
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Figure 4.18: Connectivity matrixes for beta1 band in HS group  

Left: Connectivity matrixes for beta1 band for one subject of HS group and one trial. 

Right: Mean connectivity of HS group for beta1 band 

In the same line, the network structure corresponding to these connectivity matrixes at 

the sensor space is shown in Figure 4.19. This figure represents the structure of functional 

clusters that maximizes the modularity index Q (section 4.1.5.1.5) of the averaged 

connectivity of each group of subjects for the beta 1 band, the one that presented the 

greatest differences in network’s indexes as we will see in the following sections.  

Even from these qualitative network pictures, two features are apparent. The first one 

is that the density of significant edges (PS values) is much higher for the case of the 

magnetometers as compared to the pca gradiometers (see also section 4.2.2.5). The second 

one is that there are between-group differences in the modular network structure, with the 

GE group showing a higher number of clusters than the HS group and this, in turn, a higher 

number of clusters than the FE group. As we will see henceforth, these two features will be 

reflected in the quantitative indexes at the global as well as the local level. 
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HS GE FE 

Figure 4.19: Functional clusters in each group as assessed by PLV in the beta1 band. 

The size of the nodes represents their overall strength, the color of nodes and edges stand for their modularity 

class and the thickness of the edges their weight of connectivity. Top row: Gradiometers, Bottom row: 

Magnetometers. The plots were obtained with Gephi22 by directly exporting the average connectivity matrix of 

each group obtained with HERMES 

In Figure 4.19, only the PLV results were displayed, because mean PLI matrixes for 

all the groups were so sparse (less than 10% of total connections were present, see Figure 4.18 

and section 4.2.2.5) that when averaging and representing, the topographic coherence is lost, 

which results in blurry representations. 

  

                                            

22 Gephi is “an interactive visualization and exploration platform for all kinds of networks and complex 

systems, dynamic and hierarchical graphs”, publicly available at https://gephi.org/ 
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 Comparison between global network measures 4.2.2.2

In this section, I present the results of the complex network measures. Prior to this 

study, as explained in section 4.1.5, a study of the correlation pattern between all the graph 

theoretic measures described in section 4.1.5.1 was performed to determine the degree of 

redundant information provided by the measures.  

 We can classify the network measures in two groups:  

• global indexes, when we have only one value per network: Q,T,L,Eg,rad,diam. 

• local indexes, when we have one value per node, which are averaged to get the 

corresponding global value per network): C,S,D,k,El,v,ecc,B. 

Thus, to study the correlation pattern, the local measures in the second group, have 

been averaged over sensors, to have one single value per network, as in the case of the 

indexes in the first group. Significant correlation values obtained are represented in Figure 

4.20. Additionally, to gain further insight into the possible relationship between the power 

and the network measures, I included also the relative power as one additional index in the 

correlation study23. 

 

Figure 4.20: Matrix of correlations between complex network measures 

 

                                            

23 If the relative power is excluded, the four groups of measures and their exemplars as described below 

remain the same with the only exception of the SW index, which moves to the B-Q group. 
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Figure 4.21: Dendrogram between complex network measures 

 

Performing the affinity propagation analysis (Frey & Dueck 2007), as detailed in 

section 4.1.6.1, I obtained the following groups: 

• Group 1 (exemplar (Eg)): C, T, S, El, Eg [relationship] 

• Group 2 (exemplar (ac)): syn, ac,v [synchronizability] 

• Group 3 (exemplar (ecc)): ecc, L, rad, diam [lenghts] 

• Group 4 (exemplar (B)): B, Q, SW [structure] 

These results were consistent with those obtained with the hierarchical clustering, as 

shown in the dendrogram of Figure 4.21, when the number of clusters is a priori fixed to 

four. Therefore, for the sake of clarity and to avoid redundant information, henceforth I will 

work only with the exemplar representatives of each of the groups (Eg, ecc, ac and B).  

 Results from the multilevel model 4.2.2.3

Once the set of exemplar indexes has been determined by means of the Affinity 

Propagation method, the second question to elucidate is whether it is possible to take all the 

segments for each subject as independent samples. As commented in section 4.1.6.3.1, this 

can be tackled using the multilevel model approach. Here, I present the results obtained when 

analyzing the multilevel modeling of both indexes (PLV and PLI) and sensors (mag and pca 

gradiometers). As an example, Figure 4.22 shows the percentage of estimated variance of the 

Eg index accounted for the fixed effect of the group (in blue) and the random effect subject 

(in orange). The interclass correlation (ICC), which estimates the average degree of 

correlation between the values of the dependent variable (in this case, Eg) for all the segments 

of a subject, is the relative length of the orange segment. As it is apparent from the figure, 

the ICC is greater for the PLV than for the PLI, but very similar for the two types of 

sensors. 



Julia Guiomar Niso Galán 
EPILEPSY 

 
 
 

 129

       

        

Figure 4.22: Multilevel modeling results 

Intraclass correlation (ICC) in orange for each of the five studied bands. Results are presented for pca 

gradiometers (top) and magnetometers (bottom) for the two FC indexes: PLV (left) and PLI (right). 

As commented above, with the multilevel (or mixed) model, the null hypothesis of 

independence of the segments from each subject (random factor) is tested, along with the 

more traditional one of between group differences. For all the network measures analyzed, the 

p-value for the random factor is highly significant (p<10-5 on average). Thus, the null 

hypothesis of the independence of the values of the indexes for the segments for each subject 

can be rejected. As a consequence, the values of the segments of each subject are highly 

correlated. Besides, the ICC was not small enough for any of the band/index combination. 

Thus, results obtained with the mixed models are approximately equivalent to those obtained 

by averaging the number of trials of each subject and performing a Wilkoxon test between 

the two groups to be compared, which were presented in the former section. Therefore, in the 

following, only the results with the nonparametric conventional approach are represented. 

 Differences of FC global and local network measures 4.2.2.4

In this section, I present the results for the global and local networks exemplar indexes. 
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4.2.2.4.1 Global Efficiency 

The global efficiency for all groups, indexes, sensors and bands is presented in Figure 

4.23 for both pca gradiometers (top) and magnetometers (bottom) with the two FC indexes: 

PLV (left) and PLI (right). 

 

Figure 4.23: Statistical differences in global efficiency 

Results of the Wilcoxon test (*p<0.025, ** p<0.01, ***p<0.001). Boxplots represent the distribution of the subjects 

of each group. Results are presented for pca gradiometers (top) and magnetometers (bottom) for the two FC 

indexes: PLV (left) and PLI (right). Blue: healthy subjects; green: idiopathic generalized epilepsy; red: frontal 

focal epilepsy. 

I further analyzed differences in network indexes distribution at the sensor level by 

testing pairwise differences through a two-sided rank sum test (Wilcoxon test), FDR type I 

corrected. This characterization of groups’ topography of sensors is presented in Figure 4.24. 

Note that El has to be selected, instead of Eg, as the Eg is a global measure, whereas El gives 

the information at the sensor level. 

      

Figure 4.24: Topographic differences in local efficiency at the sensor levels 

Bullets indicate significant differences at the sensor level using a Wilkoxon test, FDR corrected. These results 

are obtained for gradiometers (top row) and magnetometers (bottom row) with the PLV (left) and PLI (right). 

Green heads represent GE-HS and red ones FE-HS differences. 
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In Figure 4.23 it is clear that there were differences on global efficiency only for bands 

beta1 and beta2, with GE group greater than HS, and in gamma, being FE smaller than HS 

group. Furthermore, in Figure 4.24, when studying the topography we can see that these 

differences were mainly in temporal and parietal regions for GE group and in frontal region 

for FE group. 

4.2.2.4.2 Algebraic connectivity 

As the exemplar of the second group, algebraic connectivity differences are presented in 

Figure 4.25. For the case of ac, topographical differences were chosen from v (the local 

measure of its group) and shown in Figure 4.26 

 

Figure 4.25: Statistical differences in algebraic connectivity 

Same as in Figure 4.23 but for the ac index 

      

Figure 4.26: Topographic differences in eigenvalue spectral density at the sensor levels 

Same as in Figure 4.24 but for the v index 
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In Figure 4.25 it is clear that there were differences on algebraic connectivity only for 

bands beta1 and beta2 for PLV, with GE group being greater as compared to HS group. 

Furthermore, in Figure 4.26, when studying the topographic differences in eigenvalue spectral 

density at the sensor level, we scarcely see differences between groups. However, the FE 

group seems to have higher values in the parietal region as compared to HS group. 

4.2.2.4.3 Eccentricity 

As the exemplar of the third group, eccentricity global differences are presented in 

Figure 4.26 and its topographical differences at the sensor level are shown in Figure 4.27. 

 

Figure 4.27: Statistical differences in eccentricity 

Same as in Figure 4.23 but for the ecc index 

      

Figure 4.28: Topographic differences in eccentricity at the sensor level 

Same as in Figure 4.24 but for the v index 

In Figure 4.27 it is clear that there were differences on eccentricity only for bands 

beta1 and beta2, with GE group having lower values than HS, and in gamma, being FE 
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bigger than HS group. These differences were only detected with PLV. Furthermore, in 

Figure 4.28, when studying the topography we can see that these differences were spread all 

over the head for GE group, in theta, beta1 and beta2 bands; and in frontal and parietal 

regions for FE group in beta1 and gamma bands, and also slightly in the theta band in the 

parietal area. 

4.2.2.4.4 Betweenness 

As the exemplar of the fourth group, betweenness differences are presented in Figure 

4.29 and its topographical differences at the sensor level are shown in Figure 4.30. 

 

Figure 4.29: Statistical differences in betweenness 

Same as in Figure 4.23 but for the B index 

      

Figure 4.30: Topographic differences in betweenness at the sensor levels 

Same as in Figure 4.24 but for the B index 

In Figure 4.29 it is clear that there were differences on betweenness only for bands 

beta1 and beta2, with GE group having lower values than HS, and in gamma, being FE 
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bigger than HS group. Furthermore, in Figure 4.30, when studying the topography we can see 

that these differences were very sparse and spread over the parietal region for GE group; and 

also very sparse and non-remarkable for FE group as compared to HS group. 

4.2.2.4.1 Small-worldness 

 

Figure 4.31: Statistical differences in small-worldness 

Same as in Figure 4.23 but for the SW index 

4.2.2.4.1 Summarizing global networks results 

The comparison between the overall average measures for each group is presented in 

Table 4.4 There, results for the two PS indexes PLV and PLI are presented for both type of 

sensors (pca gradiometers and magnetometers), for each of the above-mentioned four 

exemplars. In general for all the measures, there were more differences with the PLV as 

compared to the PLI. 

The following tables summarize all the results for the high frequencies (>16Hz), where 

almost all the differences are concentrated. 

 ββββ1111    ββββ2222    γγγγ    

(Eg), C, El, T, S HS < FE,GE HS < GE  FE < HS 

(ac), syn, v HS < FE,GE HS < GE FE < HS 

(ecc), L, rad, diam GE,FE < HS  GE < HS HS < FE 

(B), Q GE,FE < HS GE < HS HS < FE 

Table 4.4: Summary of statistical differences for the corresponding measures 
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 ββββ1 ββββ2 γγγγ     β β β β1 ββββ2 γγγγ      BAND 

In
de

x 

GRAD 
PLV 

GRAD 
PLI 

MAGN 
PLV 

MAGN 
PLI 

 
GE-HS 

(+) GE>HS, (-) GE<HS 
 

FE-HS 
(+) FE>HS, (-) FE<HS 

    

Eg 
+ + +        - -  

+  +    +    - -  

ac 
+  +           

+  +    +    -   

ecc 
-  -        +   

-  -    -    +   

B 
- - -        +   

-  -    -    +   

Table 4.5: Summary of the statistical differences for the network measures  

 Density 4.2.2.5

As explained in section 4.1.6.2, the optimal approach to select an appropriate threshold 

to include or discard an edge in brain network analysis is still an open question (Fornito et al. 

2013; Langer et al. 2013). In this same section, we commented that the use of surrogates may 

give rise to networks of different densities across groups, which may be problematic (van 

Wijk et al. 2010), but would be a very interesting result in itself, indicating the existence of 

between-group differences in the overall network structure. The average network density for 

each group, band, sensor and index is shown in Figure 4.32.  

 

Figure 4.32: Statistical differences in density 

Results of the Wilcoxon test (*p<0.05, ** p<0.01, ***p<0.001, FDR corrected for multiple comparisons). Boxplots 

represent the distribution of the subjects of each group, with the horizontal line in the middle indicating the 

median; whiskers represent the 95% confidence interval of the mean value. Results are presented for pca 

gradiometers and magnetometers for the two FC indexes: PLV (top) and PLI (bottom). Blue: healthy subjects; 

green: idiopathic generalized epilepsy; red: frontal focal epilepsy. 
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It is evident that differences in network densities are found mainly in the high 

frequency bands, which are the same in which the differences between networks measures 

were also found. For this reason, to ensure the density does not have any effect on the 

measures(van Wijk et al. 2010), I represent below, the previously studies network indexes, 

when thresholding the raw connectivity matrix with a fixed density for all the subjects, as 

explained in section 4.1.6.2.  

For the PLV, as we could see in Figure 4.33 (left), the densities ranged from kmin=0.22 

to kmax=0.35. So the figures have been performed with a density of 0.25. For the PLI, as we 

could see in Figure 4.33 (right), the density ranged from kmin=0.05 to kmax=0.15. So PLI 

figures are performed with a density of 0.1, which goes in line with the threshold proposed by 

(Kim et al. 2013) for Erdös–Rényi model (Erdős & Renyi 1961) of random graphs, where a 

graph with N nodes is fully connected when its connection density is larger than 2lnN/N 

(≈0.09 in this study). Note that in general, PLI gives less dense connectivity matrixes than 

PLV. As we can observe, main differences are kept. 

The figures below present the evolution of the network parameters as a function of the 

density. 

     

Figure 4.33: Evolution of Eg and ac as a function of edge density 

Lines of the plot represent the value of the index for each of the three groups: HS in blue, GE in green and FE in 

red. Light grey shadow: min/max density range [kmin,kmax], dark grey shadow: mean density, kmin (0.25 for PLV 

and 0.1 for PLI), blue line: Erdös–Rényi model density (0.1). Asterisks denote significant between group 

differences *: GE vs HS, *: FE vs HS, *: both significant GE vs HS and FE vs HS. Left: Eg. Right: ac. 
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Figure 4.34: Evolution of ecc and B as a function of edge density 

Same as in Figure 4.33 but for ecc (left) and B (right). 
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5 Discussion 

5.1 Hermes 

HERMES is a new Matlab® toolbox for the analysis of brain connectivity from 

neuroimage data. In contrast to existing toolboxes (Zhou et al. 2009; Seth 2010; Tadel et al. 

2011; Delorme & Makeig 2004), HERMES encompasses both linear and nonlinear indexes of 

functional and effective connectivity, visualization tools and two different types of statistical 

tests to address the multiple comparisons problem. The main aim of the toolbox is to make 

the analysis of brain connectivity accessible to a wide community of researchers who are not 

familiar (and/or comfortable) with the mathematical and computational complexity of 

connectivity measures. This is why we have opted for producing a (hopefully) user-friendly 

GUI, from which all the calculations can be performed. Both spontaneous activity and event 

related (evoked) responses with many trial per subjects can be analysed, and the type of data 

to be analysed comprises any kind of neuroimage data where several (at least M=2, but 

clearly M>>2 is the most common case) channels/sensors/sources/voxels are simultaneously 

recorded. This includes (but is not limited to) EEG (scalp of intracranially recorded), MEG 

and fMRI data, with the only limitation of the minimal length of the time series necessary for 

the proper calculation of each selected index. Additionally, and fully aware of the current 

popularity of related toolboxes that include preprocessing methods yet have their own data 

structure (e.g., (Oostenveld et al. 2011)), we allow HERMES to deal not only with raw data, 

but also compatible with these special data structures, to ease the work of those researchers 

who want to make use of both toolboxes.  

As commented in section 3.1.1, we feel that such a toolbox was called for, as it includes 

many of the most popular FC and EC indexes in the literature, while at the same time keeps 

them simple and easy to deal with, thanks to the GUI environment. On making the effort of 

producing HERMES, we had in mind cases such as that of the TISEAN package (Hegger et 

al. 1999), which greatly helped to popularize the nonlinear analysis of time series by making 

publicly and freely available to the community a set of routines for the preprocessing and 

calculation of several nonlinear indexes from time series. Certainly, it would be too ambitious 
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to expect that HERMES become as popular as TISEAN, the latter having being used in no 

less than 1000 papers as of Sept. 23rd, 2013 (Source: Google Scholar). But we do believe that 

our toolbox, even though intended for proprietary (yet extensively used) software such as 

Matlab® -instead of being simply Fortran or C++ code as in the case of TISEAN-, has the 

potential to be useful to a wide group of researchers of the neuroscientific community, who 

are willing to apply connectivity techniques to their data. 

5.1.1 Future work 

As the field of FC/EC analysis is rapidly evolving, for the toolbox not to become 

outdated it is necessary to keep on updating and upgrading it on a regular basis. Besides, 

advances in computational methods and computer hardware should be taken into account to 

improve the performance of HERMES and, specifically, speed up the computation of the 

indexes.  

Regarding future upgrades/updates, we have already commented our intention of 

including in it all those new connectivity indexes that may be relevant (such as the recently 

published directed PLI (Stam & van Straaten 2012) cited in section 3.1.3.2 or the 

methodology cited in section 3.1.6.4 that outperforms PTE in certain situations (Runge, 

Heitzig, Marwan, et al. 2012)). Another two recently derived and potentially very useful FC 

indexes that we are planning to add to HERMES are the power envelope correlation between 

orthogonal signals (Hipp et al. 2012)commented in section 3.1.2.4 and the MIC (Reshef et al. 

2011) briefly described in 3.1.6.1. Indeed, in the newest version released on September, 2013, 

we have included already added an improved version of the imaginary coherence (Ewald et 

al. 2012) as well as new layouts for visual representation. 

Besides these bivariate FC/EC indexes, we think it will be worthwhile to include in the 

toolbox truly multivariate indexes such as those described in, e.g., (Allefeld & Bialonski 2007; 

Allefeld et al. 2007; Bialonski & Lehnertz 2006), which estimate the collective FC of M 

signals as a whole by analysing the structure of the interdependence matrix A, whose 

elements are one of the bivariate FC indexes between every pair of signals24. 

                                            

24 These is conceptually similar to the currently very popular approach of regarding A as the adjacency 

matrix of a complex network which is then used to calculate the main parameters of the network (Stam & van 

Straaten 2012; Bullmore & Sporns 2009). However, such an approach will not be covered in HERMES, as there is 

already at least one comprehensive Matlab® toolbox for this purpose (Rubinov & Sporns 2010) 
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As for the reduction in computational time, we intend, in the short term, to speed up 

the calculation especially of GS and information theory-based indexes -those ones having the 

greatest computational cost- by programming them in C/C++ and 

producing the corresponding MEX files to use them within the 

Matlab® environment. In the longer term, we want to adapt the 

calculation algorithms to take advantage of multi-core hardware 

architectures and the Matlab® parallel computing toolbox. Both 

improvements will allow the estimation of FC/EC patterns with 

HERMES for large number of channels/sensors and long-time 

series in reasonable times. 

As an index of the interest elicited by HERMES in the scientific community, it has to 

be mentioned that the toolbox has been downloaded more than 400 times (as of Sept. 23rd, 

2013; see Figure 5.1) since last December. Visitors include people from very many countries 

such as Germany, Italy, UK, Japan, Mexico, China, EEUU and Canada, among others.  

 

Figure 5.1: Cumulative number of downloads of HERMES  

HERMES downloads as a function of time since December, 2012 

Finally, it is worthwhile to add a comparative note on the different methods. Here, I 

have provided an overall analysis and discussion of the advantages and disadvantages of each 

of the methods (section 3.1), (Niso, Bruña, et al. 2013). As of today, however, no goal 

standard for the use of one methodology or another has been established, and there exist no 

analytical and real data studies which compare all of the indexes, although some works 

comprising a partial set of them have been already carried out in the literature (Silfverhuth 

et al. 2012; Wendling et al. 2009; Kreuz et al. 2007; Ansari-Asl et al. 2006). Therefore, a 

comprehensive comparative study of the different algorithms for the purpose, e.g., of complex 

brain network analysis would be very interesting and will be the subject of future work in our 

lab with the invaluable help of HERMES. 
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5.2 Epilepsy 

5.2.1 Discussion of brain network analysis 

The assessment of functional brain networks from multivariate data (whether fMRI, 

EEG or MEG) has become a very popular line of research (Stam & van Straaten 2012; 

Rubinov & Sporns 2010). This is most likely because the measures derived from this 

approach are relatively easy to calculate and, in principle, to interpret in neurophysiological 

terms. In fact, one only needs, on the one hand, an index of functional or effective 

connectivity between any two signals and, on the other hand, a way of estimating the 

significance of such an index. Once you are equipped with these two tools, the 

characterization of the corresponding brain network is only a few calculations ahead. 

Yet even these apparently straightforward steps (e.g., estimation of bivariate 

connectivity indexes and their significance) are deceptively simple, and their careless, 

mechanical application may result in misleading outcomes and/or false conclusions. Common 

sources of error are the misuse of a given connectivity index, failing to assess its significance 

in a proper way or not taking into account what the data we have recorded are actually 

measuring. This latter issue is specially significant when dealing with extra-cranially recorded 

data (whether EEG or MEG), in which it is well-known that signals in different sensors are 

often measuring the activity of the same deep brain source, this resulting in a statistically 

significant relationship between these signals that has very few (if any) to do with the 

existence of connectivity between the sensors (some of these discussions are related to the 

ones in (Niso, Pereda, et al. 2013)). 

Here, we have applied this approach to study brain networks of functional connectivity 

from planar gradiometers and magnetometers recorded during rest with closed eyes in three 

groups of subjects, one of healthy controls and two of patients suffering from different kinds 

of epilepsy: global and frontal focal. The connectivity indexes used were the PLV and PLI 

index, whose significance was assessed by a careful combination surrogates significant 

estimation and FDR statistical test to deal with the multiple-comparison problem. 

5.2.2 Discussion of results in power spectrum 

Analysing the results on section 4.2.1, one can see that the total power increases in GE 

patients as compared to the control group in the whole frequency range analyzed, except for 

the alpha band, while the relative power distribution over frequencies remain mostly 

unaltered. The FE group presents higher total and relative power density than the control 
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group in the beta1 band. Some studies, such as (Clemens et al. 2000), have evaluated total 

and relative power in epilepsy. In this work, the researchers, using EEG in resting state with 

closed eyes, found that there was a trend for diffuse delta-theta-alpha (absolute and relative) 

power excess in idiopathic GE as compared to controls, while relative beta power was 

decreased. There are some other studies in this line, such as (Quraan et al. 2013), although in 

this study signals have been band passed in the 2 to 20 Hz range to avoid ocular and 

muscular artifacts on the EEG signal, therefore only differences in total power up to alpha 

band were found for left temporal lobe epilepsy as compared to controls. The discrepancies 

noted may exist for many reasons, including differences in the technique used (EEG versus 

MEG), the types of coupling measures used (e.g., linear versus nonlinear) and the types of 

patients analyzed. I hope that future research will help reduce these discrepancies and will 

further understanding of the functional networks of seizure. Some other differences in beta 

have been reported during epileptic spikes (rather than interictal periods with no epileptiform 

activity), localizing the sources and analyzing their power increases in beta and gamma bands 

with MEG in presurgical patients with medication refractory partial epilepsies (Guggisberg et 

al. 2008). 

In summary, GE group increases their total power while maintaining the distribution 

over frequencies as compared to controls, which suggests a generalized increase; whereas FE 

group has higher values for total and relative power for the beta band, which entails a band-

specific increase. It is well-known that the increase of total power can be interpreted as 

enhanced local synchronization in different neuronal populations (Nunez 1995). Thus, these 

findings are consistent with the intimate relationship of enhanced local neuronal 

synchronization with epilepsy, particularly in the case of idiopathic generalized epilepsy 

(Engel & Pedley 2008). 

Regarding the topological distribution of the power, I found, for the total spectral 

power density, that the GE group presented widespread higher power values for all regions 

and all frequency bands (except alpha) and both type of sensors as compared to controls, 

while for the relative spectral power density, there were no differences between GE and HS. 

In turn, the FE group presented higher values than HS, but only in the beta1 band for the 

total power of frontal, parietal and temporal regions, especially for magnetometers; these 

differences remain when studying the relative power, this time also for gradiometers. 

(Clemens et al. 2000) was one of the first studies to investigate topographic frequency profiles 

in a syndrome-oriented manner, finding regional spectral alterations in idiopathic GE, 

especially in bilateral frontal areas, which are in accordance with our findings. 

A further potential confound that needs consideration is the possibility that the 

differences seen between the patient and control group was due anti-epileptic drug effects. 

Despite the fact that patients from both GE and FE groups are medicated, they were chosen 

in such a way that the medication is similar and controlled between both groups, as can be 

observed in Table 4.1. However, there have been studies were idiopathic GE patients with no 
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medication increase power in delta, theta and alpha band as compared to controls, however 

when treated with valproate, they decrease power in delta, theta bands (Clemens 2008). 

Moreover, it has been shown a decrease in delta and theta power spectra for idiopathic GE 

treated with lamotrigine, however this drug did have no effect on FC indexes, such as 

coherence in resting state with closed eyes for EEG recordings (Clemens et al. 2007). As well 

as this, there have been evidence from clinical EEG research that beta oscillations increase in 

power if a patient has been administered acute doses of benzodiazepine, showing a frontal 

EEG distribution (Jensen et al. 2005; Hansen et al. 2010). (Hamandi et al. 2011) discusses 

also this issue, however, their setting differs as patients were established on long-term 

medication, so acute disruption to neurotransmitter systems would not have occurred; and 

their patients took a range of medications with different mechanisms of action, not all with 

GABAergic action. This similar situation is given for our study, as in principle, patients 

included were stabilised on long term medication (see table Table 4.1) and none of the AEDs 

they take is based on benzodiazepines. Furthermore the absence of differences in beta band 

on frontal regions of GE when compared to HS (with very similar medication than FE) (see 

Figure 4.15), argue against a systematic drug related bias, although this effect cannot be 

dismissed because as far as I am concerned, there are not any specific studies regarding the 

effect of these other AEDs in particular to brain network measures. 

5.2.3 Discussion of results in network indexes 

Regarding the network indexes, the present work confirms previous theoretical (Li et 

al. 2011) and empirical evidence (Lynall et al. 2010) that many of the network indexes 

commonly used to characterize brain functional connectivity networks are strongly correlated 

with each other (see section 4.1.6.1 and results in section 4.2.2.2). Results from the affinity 

propagation algorithm (Frey & Dueck 2007; Givoni & Frey 2009) are coherent and robust in 

splitting the studied indexes into four groups, whose members in many cases coincide on 

having related definitions (i.e. they are based on similar concepts). This approach, which is 

one of the main results of this thesis in the applied section, allows reducing redundant 

information by focusing only of a reduced set of networks measures, namely, the 

representative exemplars of each group. Indeed, I have also found that the average relative 

power is related to the first group of measures (C, El, Eg …). Although it would be tempting 

to speculate about the relationship between power density and network measures, further 

research would be necessary in this line before drawing any conclusions.  

Another interesting result is the high value of the interclass correlation (ICC) found for 

all the network indexes with PLV and, to a lesser extent, PLI. Apart from the methodological 

implications from the point of view of the correct procedure of the statistical test, which will 

be discussed later on (see section 5.2.7), this result has also practical implications. The most 

obvious and important one is that graph theoretical indexes of brain networks are consistent 
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within subjects. In fact, (Deuker et al. 2009) have already found high inter-session reliability 

(high ICC) of MEG network measures derived from mutual information, especially in the 

lower frequency bands at the global level, which matches my intrasession results as shown in 

Figure 4.22. Interestingly, the value of ICC for my resting state data for the PLV (both type 

of sensors are very much alike in this sense) are similar to the inter-session ones for task-

related activity reported by (Deuker et al. 2009). Besides, in this study nodal metrics in 

frontal and parietal regions were associated with high reliability, which coincides with the 

topographical differences observed in most of our indexes were mainly located at frontal and 

parietal sensors. 

As for the concrete results for network indexes, the main between-group differences 

were found on high frequency bands (i.e., beta1, beta2 and low gamma). Both groups of 

epileptic patients showed higher values of global efficiency than healthy controls (and also of 

the other components of the group25, i.e. clustering, transitivity, local efficiency and strength) 

in the beta1 band. The GE groups remain bigger than HS in the beta2 band, while FE 

smaller than HS in gamma. These results may reflect the facility the epileptic brains have to 

easily “transmit information” or in the case of seizures straightforwardly propagate. Note 

that this index (Eg) should not be confused with “metabolic efficiency” nor in the sense of 

how good a brain is, invoking to the colloquial use of the term (the more efficient the better), 

but just attain to its formal definition (see 4.1.5.1.7). 

This same pattern of statistical differences was found for the algebraic connectivity and 

the indexes belonging to its group (synchronizability and eigenvector centrality). These 

results suggest that epileptic brains are more easily synchronized, and a more robust 

synchronized state as compared to healthy controls. This fact may be intrinsically related to 

the occurrence of seizures (Lehnertz et al. 2013). However, the interpretation of spectral 

Laplacian indexes in terms of the synchronizability of the network, despite its growing 

popularity in brain connectivity analysis (Li et al. 2011; de Haan, van der Flier, Koene, et al. 

2012; Lehnertz et al. 2013), is based on the hypothesis that all the nodes of the networks are 

identical ((Mieghem 2012); J. Buldú, personal communication), which is scarcely the case for 

the recorded MEG data. Besides, a recent result (Duan & Chen 2012) suggests that the 

interpretation of some of these indexes in this line is not completely clear. 

For the eccentricity (and characteristic path length, radius and diameter), it is the 

control healthy group the one that presents higher values in beta1 and in beta2, whereas in 

the gamma band the focal epileptic group present higher values than healthy controls. It 

                                            

25 Although I have only presented here the results corresponding to the exemplar of each group, these results 

were checked for each of the network measures, to ascertain that the main significant differences were present in all 

the indexes of each group. 
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must be noted that despite the four groups obtained with the affinity propagation method, 

when looking to Figure 4.20 one can observe that the elements of two of the groups are 

tightly inversely correlated, namely, the first group (composed of C, El, Eg, T,…) and the 

third group (composed of ecc, L, rad, diam), this is in accordance with the definition of 

global efficiency, which is the average inverse shortest path length in the network. Hence, L is 

inversely related with Eg, so the shortest L, the higher Eg, and therefore, which is reflected in 

our results. 

And finally, the betweenness (and the modularity) is higher for the healthy group in 

the beta1 and beta2 bands. This result is very interesting, as the greater the value of Q, the 

more modular a network is, i.e., the greater the density of intra-module connections as 

compared to the inter-module ones. The combination of high clustering and low modularity 

facilitates that the network becomes fully synchronized (Balanov et al. 2009). Since the 

epileptic groups have less modularity and higher number of modules in these bands (see 

Figure 4.19), this would indicate that in both types of epilepsy, the network of neocortical 

sources is more prone to become (pathologically) synchronized that in normal subjects, as 

already suggested by the results of the ac-group indexes. Besides, a recent work (van Dellen 

et al. 2013) has reported the decrease of local betweenness in ROIs close to resection cavities 

only in epileptic patients who were seizure free after surgery, which according to these 

authors may reflect that surgical removal of pathological hubs results in seizure freedom. This 

work adds further support to the relationship between this measure and the increased trend 

for synchronization in epileptic brain networks.  

For the small-worldness properties of the networks, I have found that epileptic patients 

have reduced small world properties and their topologies tend to more random structures, in 

particular for GE group in beta1 and beta2 bands. This could explain the fact, that despite 

having more densely connected networks, their behavior is not optimal, as it has been shown 

that the higher number of seizures was related to a less optimal, more random brain network 

topology (Douw et al. 2010). Analyzing separately the two elements of the SW index, it is 

observed that GE group decreases significantly Cr parameter as compared to controls, while 

Lr remains almost unchanged, this means that clustering in GE group networks is closer to 

random networks than HS. Hypersynchrony and bursting was associated with a more random 

network topology (Srinivas et al. 2007; Ponten et al. 2009; Horstmann et al. 2010; Ponten et 

al. 2007; Kramer et al. 2008; Schindler et al. 2008). In particular, (Bartolomei et al. 2013) 

demonstrated that during the interictal period for mesial lobe epilepsy, the epileptogenic 

networks would be already in a more regular configuration that could evolve further toward 

regular topology during seizure. In fact, these authors suggest, by comparing their results 

with fMRI studies, that the identification of more regularized topologies could be considered 

as a new biomarker of epileptogenic network potentially useful for the presurgical evaluation. 

However, correlations between clinical and complex networks index are yet to be studied on 

larger groups of patients.  
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In addition to explore these network global measures, I further analyse between-group 

differences in terms of their (possibly local) origin, namely, whether they are due to local 

differences between the corresponding networks that can be characterized topographically. 

Indeed, we observed in Figure 4.24 and Figure 4.26 that the FE group, which is of focal 

origin, presents differences with the HS group precisely in the frontal sensors, whereas the GE 

presents differences with the control group in a higher number of sensors spread all over the 

head. These patterns could be more clearly observed in the local efficiency and the 

eccentricity for PLV, and particularly for the gradiometers, the GE group presented a more 

dominantly bitemporal distribution, whereas FE presented a more frontal one, which is 

consistent with the selection of the focal epileptic patients, which where all with frontal 

lesions or presumably frontal origin of the discharges. 

5.2.4 Discussion of fixed density vs. surrogate data tests 

Another interesting result of this work is the comparison between the fixed density and 

the surrogate data approach to construct the functional brain networks (see section 4.1.6.2). 

As seen in section 4.1.6.2, the selection of an appropriate density range for the reconstruction 

of the brain network is currently an open research question (see specially (Langer et al. 2013) 

but also (Quraan et al. 2013; Fornito et al. 2013; Kim et al. 2013; Wilenius et al. 2013; 

Lehnertz et al. 2013)). Using the surrogate data tests as a data-driven, detailed, edge-by-edge 

evaluation of the significance of each of the edges (Kramer et al. 2009; Bialonski et al. 2011), 

provides a reliable, yet computationally costly, way of dealing with this problem, but as it 

turns out, it may create a different one. Indeed, the values of complex network indexes are 

affected in a nontrivial way for the density of the network (van Wijk et al. 2010), so that 

comparing networks of different density, even if they have the same size, may be problematic 

(as indicated in section 4.1.4.3 and 4.1.6.2). In our case the number of nodes is fixed (as the 

number of sensors of the MEG system), so the size effect of the network is not present; 

however, choosing this density threshold does eliminate density effects but may lead to 

modifications of the network by enforcing (ignoring) non-significant (significant) connections. 

Opposed to fixing k, graph measures are often normalized via random surrogates but, in fact, 

this may even increase the sensitivity to differences in N and k for the commonly used 

clustering coefficient and small-world index (van Wijk et al. 2010). 

As can be observed in Figure 4.33 we can see that the surrogates can be better used to 

get an estimation of the “optimal” range of densities, i.e., the values of this parameter where 

differences between groups are found. Thus, the compromise solution proposed in this work 

consists of selecting two values (based on the previous results using surrogates) to set the 

range of density values to test for statistical differences, seems to provide good results. In the 

case of the PLV, it seems even a better approach than the value of kER derived from the 

Erdös–Rényi model, which seems to be the lowest possible limit of k to obtain consistent 
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results (Kim et al. 2013); interestingly, in the case of PLI both approaches seems to be 

roughly equivalent, since the method I proposed produces a range of k values that normally 

includes kER, as the FC matrixes for this indexes are more sparse, 

5.2.5 Discussion of functional connectivity 

Regarding functional connectivity results, the GE group presents higher connectivity 

than healthy controls in alpha, beta1 and beta2 bands, whereas the relation is inverted for 

the gamma band. The same occurs with the FE group, highlighting the strong differences in 

beta1, where the cluster in FE group is bigger than in HS, and more frontally located. This 

result goes in line with pre-ictal changes found in synchronization occurring predominantly in 

the beta band using phase synchronization analysis of the EEG signals (Chávez et al. 2003; 

Mormann et al. 2007). (Clemens et al. 2011) using LORETA (low resolution electromagnetic 

tomography) software to compute current source density for EEG recordings found in the 5–

25 Hz range a decreased FC dominated in the anterior and increased FC in the posterior 

parts of the cortex. 

Connectivity results must be analysed carefully, as similar brain anatomies are being 

assumed to compare subjects between them. This is one of the drawbacks that sensor analysis 

has, because it is known that each subject has its individual size, shape and brain anatomy. 

Moreover, some FE subjects have frontal lesions, which are not always located at the same 

place, nor even at the same brain hemisphere, despite patients selection has been done with 

the more uniform criteria as possible. For these reasons, when discussing connectivity results 

at the sensor space, these facts must be taken into account (Gross et al. 2013), being less 

affected by these caveats, the global network measures. 

When looking to the clusters of Figure 4.19 one can observe that for the gradiometers 

the last ring of sensors (i.e. 15 of 102 gradiometer pairs located in the lower posterior 

hemisphere of the skull, in the vicinity of neck muscles), are practically are independent from 

the others. It is known that especially these sensors are very sensitive to noise, as usually 

heads are smaller and they mainly contribute only very low-amplitude but highly 

synchronized signals, likely to be muscular rather than neuronal in origin, for that reason 

there are often discarded in some studies (Kitzbichler et al. 2011; Becker et al. 2012). 
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5.2.6 Discussion of volume conduction 

The problem of volume conduction, which is pervasive in the sensors space for M/EEG 

data (Ewald et al. 2012; Nolte et al. 2004) can be tackled in different ways. One obvious 

attempt consists in trying to reconstruct, from the recorded data, the neurological sources of 

activity before applying the network connectivity approach. But the so-called inverse problem 

of source reconstruction is ill-posed, in the sense that it is underdetermined, as the number of 

sources is much larger than that of the measures, and has not a single solution if no 

additional a priori information is considered, as demonstrated by von Helmholtz in the late 

19th century. In this work, we have dealt with the question in a different way, by studying 

the combination of two different approaches. The first one, taking advantage of the 

complementary information provided by two kinds of sensors (magnetometers and planar 

gradiometers), in a modern MEG recording device. The key idea is that whereas 

magnetometers are sensitive to all sources (whether cortical or deep ones) in the direction 

normal to the head surface where they record, gradiometers are only sensitive to cortical 

sources right behind the recorded surface (Hansen et al. 2010), and therefore more unlikely to 

be affected by the common source problem (see section 4.1.2.5). Thus, comparing the results 

from simultaneously recorded magnetometers and planar gradiometers from the same subject, 

we get insight into the possible effect that common sources has on the functional brain 

network assessed by the former sensors, which are the most common sensors used in MEG 

literature. The second approach, which is the methodological equivalent, has been to include 

the use of a carefully devised phase synchronization index, the PLI (see section 3.1.3.2 (Stam 

et al. 2007)), which is robust against common source effects but which, unfortunately, is not 

without their own particular problems (Vinck et al. 2011). As observed in the results, the 

combination of gradiometers, PLI and surrogate data, produce sparse connectivity matrixes 

(see section 4.2.2.5), which suggests that with a rigorous analysis the number of active direct 

connections between cortical sources is certainly not high (approximately 10% of total 

possible connections). 

5.2.7 General discussion  

I think I might rightfully conclude that the results obtained in this work justify my use 

of what we may call a multi-sensor, multi-index approach for the thorough analysis of 

functional brain connectivity networks in the sensor space. Indeed, thanks to it, two 

important questions have come out. First, if I were to analyze the data from the 

magnetometers alone, I would have come to the conclusions that the functional networks 

from the three groups are different in a number of parameters, whereas these networks, when 

only the cortical sources are recorded, do not present differences among the three groups in 

all of these parameters. Second, networks of cortical sources do present differences in all of 
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the representative exemplars from the four groups between healthy and epileptic groups, as 

well as between the two epileptic patients, in the higher bands (beta1, beta2 and low 

gamma).  

Thus, by analyzing the information provided by the combined use of both sensors and 

both indexes, I have a greater insight into the brain networks of the three groups (and the 

differences between them). The information from the planar gradiometers suggests that 

connectivity between neocortical sources is sparse. When the information from the 

magnetometers is reviewed, information about deeper brain sources is got. The first 

interesting result is that the networks constructed from magnetometers are more densely 

connected that those from the gradiometers. However, the global differences remain 

practically the same in both. Whereas, when analyzing the PLV versus the PLI, the PLV is 

more densely connected than the PLI, while much more significant differences were found 

with PLV than with PLI (although the ones observed in both keep the same tendencies).  

No matter whether these results are a consequence of more active deep sources or more 

interconnected ones, what is really important is that network theory, as applied to MEG 

data, is able to disclose changes in neurological activity of epileptic subjects as compared to 

healthy subjects even when no epileptogenic activity is apparent in the raw data. 

How to link these network-level descriptions with the vast but still incomplete 

understanding of epilepsy at the cellular and subcellular levels is probably the most difficult 

question. However, relating these different spatial scales and intellectual frameworks would 

provide a comprehensive description of the disease and undoubtedly lead to novel therapeutic 

interventions (Kramer & Cash 2012). 

A final note about the statistical analysis is in order. In this thesis, I have purposefully 

been very conservative in the statistical tests performed, (i.e., by combining non parametric 

test with Bonferroni corrections for the global measures and correcting for multiple 

comparisons at the sensor level). Besides, as explained in section 4.1.6.3.1, I have made use of 

the mixed model approach to study the possible correlation between the indexes for all the 

segments in each sensor/subject/index combination, which has not only provided additional 

information about this correlation, but has also indicated that the approach of averaging 

across segments, rather than artificially inflating the sample size of the population as, e.g. in 

(Chavez et al. 2010), is the correct way of proceeding. Thus, we can be confident on the 

robustness of the reported between-group differences, although some statistical power is 

inevitably lost (Button et al. 2013) in this way, which may be the main reasons why 

differences with the PLI-derived network measures were so scarce. In other words, in the 

thesis I have opted by a tight control of type I error at the expense of increasing the type II 

error (percentage of false negatives), which in my opinion is the right approach (see (Quraan 

et al. 2013) for a recent example of tightly controlled type I error in the same framework). 
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5.2.8 Future work 

I consider that the results presented in this thesis are certainly interesting, not only 

because of their methodological and neurological implications, but also because they pave the 

way for future studies in the same line. One obvious question to further investigate from 

these data is whether the between-groups differences found in various global network 

measures in both planar gradiometers and magnetometers mirror the connectivity networks in 

the reconstructed source space. Namely, whether the main topological features of the FC 

network of each group remains when reconstructing the internal sources that generate the 

scalp recorded data. I hypothesize, taking into account the information recorded by the 

gradiometers and measured by the PLI that, at least for the case of cortical sources, the 

results will be more similar to those obtained with the gradiometers and PLI. To the best of 

my knowledge, no such study has been carried out hitherto, and it would have important 

methodological implications.  

Another important question worth further research is the study of the dynamics of the 

brain network in the three groups. This dynamic could be studied in two situations: during 

the ictal and during the interictal periods. Ictal periods, in presence of spikes and seizures, 

have been more studied; ictal synchronizations/desynchronizations have substantially 

contributed to our understanding of epileptic pathophysiology, creating novel insights into 

the organization of epileptic networks and ictogenesis. Further, these observations may open 

new therapeutic methods for promoting seizure termination (Jiruska et al. 2013). As for the 

interictal periods, (Ramon & Holmes 2013) have very recently suggested that it is possible to 

localize the epileptogenic areas non-invasively from a short-duration (∼180 s), seizure-free and 

spike-free interictal scalp dEEG (high density EEG) recordings, studying the stochastic 

behavior of PS indexes and cross-frequency couplings along different days. This is also a 

promising field for the non-invasively study of epileptic brains. Indeed, the study of the 

dynamics of evolving brain networks is currently at the cutting-edge of the research in the 

field (see, e.g., (Bassett & Lynall 2013; Reinhart & Woodman 2013)). 

Unlike other generalized epilepsies with genetic origin, including childhood absence 

epilepsy and benign myoclonic epilepsy in infancy, which are potentially curable, juvenile 

myoclonic epilepsy (JME, belonging to GE group) requires in most cases lifetime use of 

antiepileptic medication. In addition, several patients may have cognitive impairments, such 

as frontal lobe dysfunction (Piazzini et al. 2008). However, the factors associated with 

cognitive impairment in this kind of patients are unknown. Taking into account the findings 

of this study, it would be interesting in future research using MEG and functional 

connectivity analysis to explore potential neurophysiological markers of cognitive impairment 

in GE and FE. This may help to predict what kind of patients with GE and FE will have a 

worse prognosis as indicated by cognitive abnormalities or poor seizure control.  
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One last issue of practical interest that we are currently studying is the possible 

usefulness of network connectivity patterns to assist in the classification (diagnosis) of 

recorded subjects using machine learning algorithms, an area of research that is also growing 

very fast (see, e.g., (van Diessen, Diederen, et al. 2013) for an application of scalp EEG FC 

patterns in epilepsy, and (Richiardi et al. 2013) for a recent review). This latter application is 

potentially very important from the clinical point of view, but it also allow circumventing the 

problem of determining whether the patterns of FC index (or any other connectivity index for 

that matter) are due to true connectivity or are the result of volume conduction of deep brain 

sources, which are reflected in many sensors at the same time. As long as these patterns are 

different in each group, they would be useful to detect deviations from the healthy condition. 

Here also, the fact that the information from the two type of magnetic sensors available 

(magnetometers and planar gradiometers) is not redundant but complementary, speaks 

clearly in favor of analyzing both sensors at the same time, whenever possible. With the 

results provided in this study, we can approach this issue by using the bands (beta1, beta2 

and low gamma), the indexes and the type of sensors that presented the most significant 

between-group differences. I believe that this line of research will provide further insight into 

the pattern of connectivity networks in health and disease and its possible application as an 

additional tool for diagnostic purposes in different neurologic pathologies. 
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6 Conclusions 

In this thesis, I have presented methodological approaches and original results in the 

field of the functional brain connectivity and its application to a case study in epilepsy, along 

with the characterization of complex brain networks. Hereby I briefly summarize the main 

conclusions of the work. 

HERMES is a valuable toolbox for the analysis of brain connectivity from neuroimage 

data and encompasses both linear and nonlinear indexes of functional and effective 

connectivity, visualization tools and two different types of statistical tests to address the 

multiple comparisons problem. Therefore, HERMES makes the analysis of brain connectivity 

accessible to a wide community of researchers who are not familiar (and/or comfortable) with 

the mathematical and computational complexity of connectivity measures, hence supposing a 

great value for the scientific community and a solid step towards translational research. 

Regarding the sensitivity to deep brain sources through the sensor approach, 

connectivity results between magnetometer sensors show higher artificial values as compared 

with planar gradiometers. Through the methodological approach it is the PLV which 

presented higher number of links between nodes, as compared to PLI. However, when it 

comes to characterize differences between healthy and epileptic networks it is the PLV which 

gives better results, as PLI FC networks were very sparse and less consistent even 

intrasubject. 

Studying the correlation between the most commonly used brain functional 

connectivity networks indexes through the affinity propagation algorithm, four main groups 

are obtained whose exemplars where Eg, ecc, ac and B. With this approach one can reduce 

redundant information and characterize FC networks more efficiently. 

Using the surrogate data tests as a data-driven, detailed, edge-by-edge evaluation of 

the significance of each of the edges to select an appropriate threshold to decide whether a 

certain connectivity value of the FC matrix is significant and should be included in the 

network analysis, entails an accurate approach, though computationally costly, as compared 

to results obtained when evaluating several fixed values of density of connections. 
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Interictal periods in epileptic patients could be characterized by FC networks, which 

present differences at the global and the local (sensor) level one as compared to healthy 

subjects. This topographical distribution could also help in evaluating dissimilarities between 

different types of epilepsy.  

I hope that my contributions and (partial) answers to the investigated problems in this 

field will prove useful in the understanding of these fascinating issues that arise when trying 

to characterize brain connectivity through neurophysiological data, with a novel technique as 

it is the MEG. Also, the development of such a detailed toolbox as it is HERMES, will 

hopefully lead to applications and extensions in different scientific and technological contexts 

where functional and/or effective connectivity analysis is needed, especially in the emerging 

field of brain connectivity analysis.  
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APPENDIX 1: HERMES data 
structure 

Saved results 

In HERMES, each created or imported project is stored in the folder Results in 

HERMES path. As commented in section 2, each project is stored in a folder, named after it 

by replacing the non-valid characters for the underscore character. Inside the project folder, 

several files and folders are stored at different levels. The directory tree or these files is 

detailed in Figure 0.1. 

According to this, the main project folder contains a mat-file named project, containing 

the main project structure; a file named indexes.data, containing the calculated indexes; and 

a series of folders named in the form subject{n}, with {n} correlative integer numbers in zero-

padded three digits form. 

Each subject{n} folder contains the time series of a subject, with data for each 

condition stored separately in a mat-file with the name condition{n}.data, being {n} 

correlative integers indicating the condition index as stored in the project structure. The data 

in these files is stored in a normalized form, with zero mean and unity standard deviation. 

This standardization is required by the synchronization indexes to perform an accurate 

estimation of connectivity. 
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Figure 0.1: Project directory tree 

Structure of the two files in the Projects folder: project and indexes.data 

Each one of the condition files is analysed separately, allowing to the comparison 

among different subjects and conditions. The results of this analysis are stored in the 

indexes.data file, in a Matlab® structure with one entry for each calculated index. The data 

stored in each entry includes both the configuration used to calculate the indexes and the 

obtained value, for each subject and condition, along with the (optional) significance level. 

Project structure 

The project mat-file contains only the metadata of the project. This file does not 

contain any time series or results, to minimize memory requirements. As already mentioned, 

both the time series and the calculated indexes are stored in separated mat-files. The project 

structure is created as a combination of smaller structures. The metadata of the project is 

stored in different levels, as show in Figure 0.1. 

projectmat-file: All the metadata information of the project is stored here. 

• project.version: String defining the version of HERMES where the project was 

created. 

• project.name: name of the project, assigned by the user. 

• project.filename: Filename-friendly version of the project name, obtained by 

stripping out forbidden characters and replacing them by underscores. 

• project.date: Date and time of the creation of the project, in Matlab® clock format. 
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• project.description: Description of the project provided for the user during the 

creation. 

• project.type: Type of the project: ‘continuous’ registration or data ‘with trials’. 

• project.origindata: Acquisition metadata obtained from the original files. 

• project.source: Origin from where the data were obtained. 

• project.baseline: Baseline duration (in milliseconds) in data with trials. In 

continuous data the value is always 0. 

• project.channels: Number of channels. 

• project.samples: Number of samples of the epoch. 

• project.time: Vector of the epoch times (in ms). 

• project.fs: Sampling rate (in Hertzs). 

• project.subjects: Cell array containing the name of each subject present in the 

project. 

• project.groups: Cell array containing the name of each group present in the project. 

• project.conditions: Cell array containing the name of each condition present in the 

project. 

• project.statistical: Multidimensional structure with as many elements as subjects in 

the project. The fields of the structure are: 

o project.statistical.group: The group ID of the subject as listed in the 

project.groups cell array. 

o project.statistical.trials: Array containing the number of trials for each 

condition. Each element in the array corresponds with one condition, as 

listed in the project.conditions cell array. 

o project.statistical.check: Checksums of each file for this subject. This value 

is used to check the integrity of the mat-files. 

• project.sensors: 

o project.sensors.label: Labels indicating the name of the channels. 

o project.sensors.position: Tri-dimensional position of each channel, if known. 

o project.sensors.layout: Bi-dimensional position (and size) of the plots to 

draw the 2D layout and the connectivity plots. 

o project.sensors.order: List of channels selected from the mat-files and its 

order. 

o project.sensors.system: Name of the system layout selected in the creation 

of the project. 

• project.logs: Multidimensional structure containing the metadata of the session logs 

created in the execution of HERMES for this project. The fields of the structure 

are: 

o project.logs.filename: String containing the name of the file where the 

session log is stored. 

o project.logs.date: Array containing the creation date and time of the session 

log. 
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o project.logs.description: String containing a description of the log content. 

indexes.data mat-file: This file contains the description and parameters of the indexes 

calculated for the dataset. Each index is stored in a separated variable, named after its 

abbreviation (e.g. COR for Correlation index or GC for Granger Causality index). These 

variables contain a structure {index}, with the fields: 

{index} 

• {index}.name: The complete name of the index and its abbreviation 

• {index}.type: The family of the index 

• {index}.date: Date and time when the index was calculated, in Matlab® clock 

format 

• {index}.dimensions: Cell array containing the label of each dimension in the 

calculated matrix, along with the value of each step. 

• {index}.config: Structure containing the configuration used to calculate the index 

• {index}.data: Cell array containing the computed results of the index for each 

subject and condition 

• {index}.pval: Cell array containing the estimated p-values matrix for the values of 

the index for each subject and condition 

statistics.fdr and statistics.cbpt mat-file: These files contain the description and 

parameters of the statistical tests calculated for a certain index of the dataset. Each index is 

stored in a separated variable, named after its abbreviation (e.g. COR for Correlation index 

or GC for Granger Causality index). These variables contain a structure {index}, with the 

following fields: 

{index} 

• {index}.name: The complete name of the statistical method used and its 

abbreviation 

• {index}.date: Date and time when the index was calculated, in Matlab® clock 

format 

• {index}.NFIX: Fix ‘Groups’ or ‘Conditions’ 

• {index}.FIX: Name of the group or condition fixed 

• {index}.G1: Name of one of the groups or conditions being compared 

• {index}.G2: Name of the other group or condition being compared 

• {index}.{FDR or CBPT}: Structure which contains the results obtained and the 

parameters used 

o type: ‘False discovery rate’ or ‘Non parametric permutation test’  

o config: Structure containing the configuration used to calculate the 

statistics 
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o results: Results of the statistics for the selected groups 

The fields in this structure may vary along the versions of HERMES. Thus, a project 

created by a certain version cannot be readable by another one by directly copy the project 

folder inside the Projects directory. We encourage users to interchange projects between 

different runs of HERMES by using the export/import tools described in section 3.4.1.3. The 

structure fields for each version of the toolbox will always be available in the Documents 

section of the HERMES website. 

INFORMATION SHARING STATEMENT 

HERMES (©UPM-ULL. 2012) is free software for academic use, distributed under the 

terms of the GNU General Public License v3. HERMES Toolbox and documentation are 

available freely and open-source at http://hermes.ctb.upm.es. Moreover, we have also made 

available for download in the website two sets of example data, which we think may be 

useful. The first one consists of coupled dynamic systems simulations and the second one 

includes real MEG data. 
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APPENDIX 2: HERMES indexes 

This appendix summarizes all the indexes gathered in HERMES, with their ranges and 

parameters. They are divides into five tables: Table 0.1, classical measures; Table 0.2, phase 

synchronization indexes; Table 0.3, generalized synchronization indexes; Table 0.4, Granger 

causality based measures; and finally, Table 0.5, information theoretic measures. 
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Table 0.1: Classical measures summary 
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WPLI 
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1
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= −∑  0 ≤ y ≤ 1 

DPI 
EMA -1 ≤ d xy ≤ 1 

IPA -1 ≤ r xy ≤ 1 

PS PARAMETERS RANGE DEFAULT 

• Central band frequencies (Hz) [0, fs/2] Hz
 

[10   20]
 

• Bandwidth (Hz) [0.1, fs/2] Hz
 

4 Hz
 

• Method. For DPI ‘EMA’/ ‘IPA’ ‘EMA’ 

Table 0.2: Phase synchronization indexes summary 

 

GENERALIZED SYNCHRONIZATION INDEXES
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GS PARAMETERS RANGE DEFAULT 

• Embedding dimension (d) [2, 10]
 

false nearest neighbors < 10%
 

• Embedding delay (τ) [1, 0.8Nsamples/(d-1)]
 

autocorrelation time
 

• Theiler window (w1) [τ, 2τ] τ (samples) 
• Nº of nearest neighbors [d, 2d] d+1 

• pref . For SL [0.01, 0.5] 0.05 
• w2. For SL w2=nrec/pref+w1-1 automatic 

Table 0.3: Generalized synchronization indexes summary 

 

GRANGER CAUSALITY MEASURES
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|
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DTF 
( )

( ) ( )
( ) ( )

ij
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j j

H f
DTF f f

f f
ϑ= =

h h
 0 ≤DTF ≤ 1 

GC PARAMETERS RANGE DEFAULT 

• Order of the AR model (for GC) [3, Nsamples-1]
 

Min (AIC, BIC)
 

• Order of the MAR model (for 
PDC and DTF) 

[3, (Nsamples*Ntrials-1)/ 

(Nchannels+Ntrials) -1]
 Min (AIC, BIC)/k

 

Table 0.4: Granger causality measures summary 

 

INFORMATION THEORETIC MEASURES
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IT PARAMETERS RANGE DEFAULT 

• Embedding dimension (d)  [2,10]
 

false nearest neighbors < 10%
 

• Embedding delay (τ) [1, 0.8Nsamples/(d-1)]
 

autocorrelation time
 

• Mass of the nearest 
neighbor search (k) 

[d, 2d]
 

4 

Table 0.5: Information theoretic measures summary 
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