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Supervised by:

Francisco del Pozo Guerrero

Juan Antonio Hernández-Tamames

A thesis submitted for the degree of

PhilosophiæDoctor (PhD) in Biomedical Engineering

2015 March

mailto:joseangel.pineda@ctb.upm.es
http://www.ctb.upm.org
http://www.upm.es


1. President:

2. Secretary:

3. Vocal 1:

4. Vocal 2:

5. Vocal 3:

Day of the defense:

Signature from head of PhD committee:

ii



Preface

In this thesis I apply concepts from mathematics, physics and statistics to

the neurosciences. This field benefits from the collaborative work of mul-

tidisciplinary teams where physicians, psychologists, engineers and other

specialists fight for a common well: the understanding of the brain. Re-

search on this field is still in its early years, being its birth attributed to the

neuronal theory of Santiago Ramón y Cajal in 1888. In more than one hun-

dred years only a very little percentage of the brain functioning has been

discovered, and still much more needs to be explored. Isolated techniques

aim at unraveling the system that supports our cognition, nevertheless in

order to provide solid evidence in such a field multimodal techniques have

arisen, with them we will be able to improve current knowledge about hu-

man cognition.

Here we focus on the multimodal integration of magnetoencephalography

(MEG) and diffusion weighted magnetic resonance imaging. These tech-

niques are sensitive to the magnetic fields emitted by the neuronal currents

and to the white matter microstructure, respectively. The combination of

such techniques could bring up evidences about structural-functional syn-

ergies in the brain information processing and which part of this synergy

fails in specific neurological pathologies. In particular, we are interested in

the relationship between functional and structural connectivity, and how

two integrate this information. We quantify the functional connectivity by

studying the phase synchronization or the amplitude correlation between

time series obtained by MEG, and so we get an index indicating similar-

ity between neuronal entities, i.e. brain regions. In addition we quantify

structural connectivity by performing diffusion tensor estimation from the

diffusion weighted images, thus obtaining an indicator of the integrity of

the white matter or, if preferred, the strength of the structural connections
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between regions. These quantifications are then combined following three

different approaches, from the lowest to the highest level of integration, in

chapters 3, 4 and 5. We finally apply the fused information to the char-

acterization or prediction of mild cognitive impairment, a clinical entity

which is considered as an early step in the continuum pathological process

of dementia.

The dissertation is divided in six chapters. In chapter 1 I introduce con-

nectomics within the fields of neuroimaging and neuroscience. Later in

this chapter we describe the objectives of this thesis, and the specific ob-

jectives of each of the scientific publications that were produced as result

of this work. In chapter 2 I describe the methods for each of the tech-

niques that were employed, namely structural connectivity, resting state

functional connectivity, complex brain networks and graph theory, and fi-

nally, I describe the clinical condition of mild cognitive impairment and

the current state of the art in the search for early biomarkers. In chapters

3, 4 and 5 I have included the scientific publications that were generated

along this work. They have been included in in their original format and

they contain introduction, materials and methods, results and discussion.

All methods that were employed in these papers have been described in

chapter 2. Finally, in chapter 6 I summarize all the results from this the-

sis, both locally for each of the scientific publications and globally for the

whole work.
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Prefacio

La investigación para el conocimiento del cerebro es una ciencia joven, su

inicio se remonta a Santiago Ramón y Cajal en 1888. Desde esta fecha a

nuestro tiempo la neurociencia ha avanzado mucho en el desarrollo de

técnicas que permiten su estudio. Desde la neurociencia cognitiva hoy se

explican muchos modelos que nos permiten acercar a nuestro entendimiento

a capacidades cognitivas complejas. Aun ası́ hablamos de una ciencia casi

en pañales que tiene un lago recorrido por delante. Una de las claves del

éxito en los estudios de la función cerebral ha sido convertirse en una dis-

ciplina que combina conocimientos de diversas áreas: de la fı́sica, de las

matemáticas, de la estadı́stica y de la psicologı́a. Esta es la razón por la

que a lo largo de este trabajo se entremezclan conceptos de diferentes cam-

pos con el objetivo de avanzar en el conocimiento de un tema tan complejo

como el que nos ocupa: el entendimiento de la mente humana.

Concretamente, esta tesis ha estado dirigida a la integración multimodal de

la magnetoencefalografı́a (MEG) y la resonancia magnética ponderada en

difusión (dMRI). Estas técnicas son sensibles, respectivamente, a los cam-

pos magnéticos emitidos por las corrientes neuronales, y a la microestruc-

tura de la materia blanca cerebral. A lo largo de este trabajo hemos visto

que la combinación de estas técnicas permiten descubrir sinergias estructuro-

funcionales en el procesamiento de la información en el cerebro sano y en

el curso de patologı́as neurológicas. Más especı́ficamente en este trabajo se

ha estudiado la relación entre la conectividad funcional y estructural y en

cómo fusionarlas. Para ello, se ha cuantificado la conectividad funcional

mediante el estudio de la sincronización de fase o la correlación de ampli-

tudes entre series temporales, de esta forma se ha conseguido un ı́ndice

que mide la similitud entre grupos neuronales o regiones cerebrales. Adi-

cionalmente, la cuantificación de la conectividad estructural a partir de
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imágenes de resonancia magnética ponderadas en difusión, ha permitido

hallar ı́ndices de la integridad de materia blanca o de la fuerza de las conex-

iones estructurales entre regiones. Estas medidas fueron combinadas en

los capı́tulos 3, 4 y 5 de este trabajo siguiendo tres aproximaciones que

iban desde el nivel más bajo al más alto de integración. Finalmente se

utilizó la información fusionada de MEG y dMRI para la caracterización

de grupos de sujetos con deterioro cognitivo leve, la detección de esta pa-

tologı́a resulta relevante en la identificación precoz de la enfermedad de

Alzheimer.

Esta tesis está dividida en seis capı́tulos. En el capı́tulos 1 se establece un

contexto para la introducción de la connectómica dentro de los campos de

la neuroimagen y la neurociencia. Posteriormente en este capı́tulo se de-

scriben los objetivos de la tesis, y los objetivos especı́ficos de cada una de

las publicaciones cientı́ficas que resultaron de este trabajo. En el capı́tulo

2 se describen los métodos para cada técnica que fue empleada: conectivi-

dad estructural, conectividad funcional en resting state, redes cerebrales

complejas y teorı́a de grafos y finalmente se describe la condición de dete-

rioro cognitivo leve y el estado actual en la búsqueda de nuevos biomar-

cadores diagnósticos. En los capı́tulos 3, 4 y 5 se han incluido los artı́culos

cientı́ficos que fueron producidos a lo largo de esta tesis. Estos han sido

incluidos en el formato de la revista en que fueron publicados, estando

divididos en introducción, materiales y métodos, resultados y discusión.

Todos los métodos que fueron empleados en los artı́culos están descritos

en el capı́tulo 2 de la tesis. Finalmente, en el capı́tulo 6 se concluyen los

resultados generales de la tesis y se discuten de forma especı́fica los resul-

tados de cada artı́culo.
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Chapter 1

Introduction & objectives

1.1 Multimodal neuroimaging

In 1888, Ramón y Cajal established the beginning of modern neuroscience (1). He

provided strong support for describing a discrete brain, in which the neurons were

separate units which communicate between each other through synapses. Neurons

are since then conceived as the processing units of the brain, whose operations were

dependent on the inputs from other neurons. It is now known that the human brain

is a huge complex network of about one hundred billion neurons and around one

hundred trillion connections. Since Cajal’s discovery, a bulk of neuroimaging appli-

cations have tried to characterize and study these neurons in-vivo, with the aim of

understanding this organ that makes us humans.

A huge step in the in-vivo study of the brain occurred in 1929, when Hans Berger

characterized brain oscillations in the 8− 13Hz frequency band using what he called

Elektrenkephalogramm (2). Technological development in the field of neurophysiology,

along with the arise of new recording systems such as the magnetoencephalogram,

allowed the recording of magnetic fields generated at the brain, allowing to enrich

the characterization of brain oscillations in frequencies ranging from the 2Hz of the

delta oscillations to the 100Hz of the ultra-fast gamma oscillations. Simultaneously

to the development of the neurophysiology, other neuroimaging techniques attempt-

ing to characterize the brain structure also presented an evolution. Using the Rönt-

gen’s X-rays, Allan McLeod Cormack and Godfrey Newbold Hounsfield developed

the computerized axial tomography (CAT), which allowed to non-invasively observe
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1. INTRODUCTION & OBJECTIVES

the brain as a whole, but with a very low contrast and exposing subjects to a very high

levels of ionizing radiation. In the 70s a new technique, called magnetic resonance

imaging (MRI), is invented by Paul Lauterbour (3). MRI images present a very high

contrast in soft-tissues, and therefore, CAT imaging of the brain has been reserved for

specific purposes: bone tissue imaging, emergencies or surgical planning. Between

the main contributors to this technique are Peter Mansfield and Paul Lauterbour, and

their contribution was awarded with the Nobel Prize in Medicine in 2003. In the 80s

the single-photon emission computed tomography (SPECT) and the positron emission

tomography (PET) achieved the characterization of metabolic activity in the brain by

means of the injection of radioactive tracers in the bloodstream. These techniques

permit, by employing different types of tracers, to observe the glucose or oxygen con-

sumption in the brain, and thus sensitive to brain activations. The application of PET

in the neurosciences has been very intense, and numerous studies have tried to map

brain function using this technique since then. However, in the 90s the real revolu-

tion happened in neuroimaging with the birth of the functional magnetic resonance

imaging (fMRI) (4).

MRI is the most flexible technique that has appeared in the field of neuroimaging.

By combining different sequences of radiofrequency pulses and magnetic gradients it

is possible to measure tissue properties such as proton density, magnetic susceptibil-

ity, T1 and T2 relaxation times, molecular diffusion and proton spectroscopy, among

and many others. These MRI techniques, often called MRI contrasts, allow the char-

acterization of pathological tissues, neuronal density, metabolic quantification, white

matter integrity and several other structural properties. In addition to these contrasts

which can be termed more specifically as structural contrasts, there are others that

allow the quantification of cerebral blood perfusion, oxigen/carbon dioxide ratio or

oxygen consumption. These contrasts are dynamic and sensitive to brain function. As

they are less invasive than SPECT and PET, the latter have been replaced in almost all

modern neuroscience brain mapping applications.

For many years the brain was considered as a black box where the role of a region

only could be identified by observing the effects of a lesion in it. With all the technical

development described above, the possibilities in neuroscience for characterizing the

brain exploded. There is a recent view of the brain in which the network of connec-

tions between neurons is what really makes us what we are (5), and thus by mapping
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1.1 Multimodal neuroimaging

this network we could understand how the brain works. However, this conception

has generated some controversy, as it presupposes that brain connectivity is invariant

(6), and in the brain, synaptic connections are constantly being depressed or poten-

tiated, and even structural connectivity might change at different scales from single

synapses to several axons in neurodevelopment processes. In any case, the mapping

of the whole brain network of connections has generated a lot of interest, as it aims

to build simplified brain descriptors that could be used in applications such as the di-

agnosis of neurological and psychiatric diseases (7) or brain-computer interfaces (8).

This field of study received the name of connectomics, where the connectome is a com-

prehensive map of neuronal connections in the brain (9). This map of connections

might represent structural paths, or functional interaction between neuronal distant

regions (i.e. nodes).

A connectome will naturally differ according to the spatial scale in which it is stud-

ied. At the microscopic scale (∼ nm3) we refer specifically to synaptic connections and

synaptic transmission, thus a connection between a pair of neurons could be defined

as the presence or absence of an axo-dendritic synapse. Although this quantification

can be assessed in a small sample of tissue (∼ 30µm2), by using techniques such as

the electron microscopy, its application to the whole brain is still a challenge. The ref-

erence to the map of connections at this scale has also be named as the synaptome

(10). Of course, this technique is extremely invasive, as it can only be applied in post-

mortem samples or in brain sections extracted in surgical procedures.

In order to study in-vivo the whole brain it is necessary to move towards a macro-

scopic scale (∼ mm3) where regions comprising few millions of neurons are con-

sidered as nodes of the network. This macroscopic scale can then be studied using

non-invasive techniques such as MRI, electroencephalography (EEG) and magnetoen-

cephalography (MEG), or invasive techniques such as PET and SPECT. At this scale,

when referring to brain connectivity it is necessary to distinguish two different frame-

works: anatomical and functional connectivity. The term anatomical (or structural)

connectivity refers to the density (or integrity) of axons connecting a pair of regions.

Macroscopic anatomical connections can be mapped in-vivo using diffusion weighted

MRI (dMRI), which by quantifying the diffusion of water molecules allows to re-

construct tractography maps, a representation of the white matter brain architecture.

On the other hand, anatomical connections make possible the transfer of information
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1. INTRODUCTION & OBJECTIVES

through synapses. It has been hypothesized that the underlying neurophysiological

mechanism that is beneath this flow of brain data is the temporal synchronization (11).

Thus, by mapping synchronization between brain regions it could be possible to iden-

tify which regions are ”talking” to each other. In this framework two different con-

cepts arise. Functional connectivity (FC) is defined as statistical dependences between

remote time-series (12), whereas effective connectivity (EC) refers to the specific influ-

ence that any neuronal population exerts over another (6). If two populations exhibit

synchronized patterns of activity they are likely to be functionally connected, but this

may not necessarily imply causality. In order to identify causal relations, specific bio-

logical models of connections should be tested (13). Both FC and EC can be studied at

the microscopic and macroscopic scales, from synapses to cortical connections. At the

microscopic scale, neuronal firing patterns might be measured using highly invasive

or in-vitro techniques. These techniques, however, can only measure simultaneously

few locations in the brain, while macroscopic techniques such as MEG, EEG, PET,

SPECT or functional MRI (fMRI) allow the study of whole brain dynamics, and thus

they seem, at least at the time of this research, better choices for the construction of

connectomes.

Different perspectives in the building of connectomes provide different and com-

plementary information. Hence, the integration of different perspectives or modalities

in the same brain characterization constitutes a valuable tool. If we consider that some

pathological condition is determined by the anomalous organization in the functional

connectomes, knowing the integrity of the white matter could help to understand

possible causes to this anomalous evidence. This could aid in the design of neuro-

modulatory treatments such as deep brain stimulation or transcraneal magnetic stim-

ulation, which by stimulating could convert the functional patterns toward healthy

ones. The diagnosis of neurological diseases could also potentially benefit from the

discrimination potential of multimodal techniques. In this thesis we have approached

the multimodal representation of connectomes using MEG and dMRI in order to un-

ravel the pathological landmarks in the connectomes of mild cognitive impairment

(MCI), a condition that is considered to be an early stage of Alzheimer’s disease.
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1.2 Objectives

1.2 Objectives

1.2.1 Main objectives

Objective 1 Quantification of functional connectivity during resting-state using mag-

netoencephalography at both sensor and neuronal sources spatial scales.

Objective 2 Quantification of cortico-cortical structural connectivity using diffusion

weighted magnetic resonance imaging and deterministic tractography.

Objective 3 Development of multimodal integration strategies for the combination

of functional and structural connectivity.

Objective 4 Development of classification algorithms for the discrimination of mild

cognitive impaired subjects from healthy aging subjects using the integrated informa-

tion of functional and structural connectivity.

1.2.2 Objectives of scientific publication and contribution of the candidate

The fulfillment of the four objectives led to three peer-reviewed papers that are in-

cluded in this thesis work in chapters 3 to 5. In this subsection the specific objectives

of each of these scientific publications are described. In addition it is indicated which

aspects of the research work in each scientific publication were carried out by the can-

didate.

1. In Chapter 3 we study separately the differences both in brain functional net-

work organization (objective 1) and in white matter anisotropy in a sample of

amnestic MCI patients against healthy subjects. Then, we characterize the de-

pendence between the anisotropy of the white matter and the functional organi-

zation, by identifying which white matter tracts were related with an anomalous

functional organization (objective 3). The candidate performed the analysis of

the differences in white matter anisotropy, the analysis of the brain functional

networks organization, the study of inter modality dependance, the preparation

of part of the manuscript, and the presentation of the results at two international

conferences: AAIC held in Boston (USA) in July 2013, and at the ESMRMB held

in Toulouse (France) in October 2013.
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1. INTRODUCTION & OBJECTIVES

2. In Chapter 4 we study, using the same sample as in chapter 3, differences in

structural and functional connectivity in regions of the default mode network.

Here the functional connectivity is studied at the source level, thus allowing

for a multimodal comparison of functional and structural connectivity at the

same level (objectives 1 and 2). The candidate contributed in the design of the

study, the analysis of structural connectivity and, the preparation of part of the

manuscript.

3. In Chapter 5 we increase the sample from previous chapters to include a new

group of multi-domain MCI patients, a category that comprise subjects with

other cognitive domains affected in addition to the memory. In this scientific

publication we construct sparse functional networks using a graphical lasso reg-

ularization approach. We introduce structural priors which intend to penalize

functional connections where structural connections are absent or too weak.

Then, the obtained networks are inputs to several classification algorithms, in

order to test the accuracy of our multimodal approach against other single-

modality alternatives. All the four objectives were fulfilled along this work. The

contributions of the candidate involved the design of the study, the functional

and structural connectivity analyses, the design of search strategies for the pa-

rameters in the graphical lasso, the training and evaluation of the classifiers and

the writing of the manuscript.
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Chapter 2

Methods

2.1 Structural connectivity

Up until the end of the 90s, understanding of structural connections among brain areas

relied mostly on data from post-mortem dissections, post-mortem passive diffusive

tracer studies and clinical-pathological correlations. These approaches have many

limitations, e.g., they do not offer a big picture of the whole brain, they are tedious

tasks and most importantly they are ex-vivo approaches. With the advent of MRI a

manifold of sequences allow now to non-invasively map the human brain. Basic MRI

contrasts, T1, T2 and proton density (PD) do not contribute in the analysis of the mi-

crostructructure of the brain white matter (WM) nor the axonal organization. In 1986

Denis LeBihan published a seminal paper on diffusion weighted MR (14) initiating a

new age in the challenging field of human brain mapping.

2.1.1 Diffusion weighted MRI and diffusion tensor MRI

The theoretical basis of diffusion weighted MR were set in 1827, when the Scottish

botanic Robert Brown observed that pollen grains suspended in a glass of water de-

scribed what he called a ”random walk”. This finding was later used by Albert Ein-

stein to consider that this motion should be caused by external forces where the wa-

ter molecules in motion buffeted the larger-sized particles (15). Einstein postulated

that the water molecules described random motion related to their thermal energy,

i.e. Brownian motion, that was causing the pollen grains to displace. Einstein named

this diffusion phenomena ”free diffusion”, and postulated the following equation to
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2. METHODS

describe it:

<(r′ − r)2> = 6Dtd (2.1)

where td is the diffusion time, r and r′ are the initial and last positions of the water

molecule, and D is the diffusion coefficient, that is measured in mm2/s. Diffusion

might be defined here as the process by which molecules or particles are displaced as

a result of collisions exerted by Brownian motion. This diffusion can be determined by

measuring the concentration of molecular species at different times t = 0 and t = td.

There are some methods that allow us to monitor the diffusion process using tracers

and measuring the tracer concentration in the medium based in chemical, fluores-

cent, or radiotracer techniques. These techniques allow to observe displacements of

millimeters over diffusion times of minutes, but of course this is very invasive. An

alternative is to study the molecular diffusion itself, i.e., the molecular random walk.

To do this we could benefit of using MRI. By applying a linear magnetic gradient to

the main field magnitude, B0, the Larmor frequency will be affected in the direction in

which the gradient is applied as follows:

ω(r) = γB0 + γG · r (2.2)

where γ is the gyromagnetic ratio and G is the gradient field strength applied. This

relation is the basis of both the spatial encoding in MRI and the measurement of the

molecular displacement.

By the application of a pulsed gradient field it is possible to introduce a dephasing

in the magnetized molecules as θ = arg(exp(iγG · rδ)), where δ is the time in which

the gradient is applied, and θ is the phase of the precessing spins. Following this

principle, in 1965, Stejskal and Tanner proposed a pulsed gradient spin echo (PGSE)

scheme, which, by employing two pulsed gradients sequentially, made the MR signal

sensitive to the molecular diffusion effects (16). The PGSE sequence consists of the

following steps. Initially a radiofrequency (RF) pulse of 90◦ is applied to excite the

slice selected with the spatial selection gradient. Then, the first diffusion sensitizing

gradient magnetically labels the water protons according to their spatial location, and

thus introduce a dephase dependent on δ and G. Later the transverse magnetization is

inverted by the application of an 180◦ RF pulse. Through the application of a second

diffusion sensitizing gradient (same amplitude and duration than the first), at time

∆ after the first gradient, the spins that remained in the same position are rephased,

8



2.1 Structural connectivity

and then they contribute to the measured echo signal. However, spins belonging to

molecules that have changed their location in the direction in which the gradient was

applied won’t be fully rephased, hence their measured echo will be attenuated. Figure

2.1 shows a schematic representation of the PGSE sequence.

RF

Gx,y,z

signal

90º

180º

G

TE

A.

g

B.

time

Figure 2.1: Pulsed gradient spin echo (PGSE) sequence scheme - A. Sequence of radiofre-
quency pulses and magnetic gradients to obtain molecular diffusion sensitization in the
magnetic resonance signal. In B. the effect of the gradient and pulses in the net trans-
verse magnetization along the direction of the gradient is depicted. Molecular diffusion
is described as a red arrow.

According to the Stejskal and Tanner experiment (16), the attenuation, A, in the

echo due to molecular diffusion is measured as:

A ∝ e−γ2G2Dδ2(∆−δ/3) (2.3)

Although the effects of diffusion sensitization during and between gradients do not

scale in the same way, the time in which the diffusion is being monitored, td, is here ap-

proximated as ∆−δ/3, by assuming that the gradients were applied as perfect rectan-

gular pulses. Assuming that δ<<∆, the diffusion time can be written as ∆. A b-factor

or b-value accounts for the degree of diffusion-weighting in the MR pulse sequence,
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2. METHODS

and then equation 2.3 is written as:

A ∝ e−bD (2.4)

where b = γ2G2δ2∆. In order to extract D from equation 2.4, other factors contributing

to the signal attenuation in a spin echo sequence must be first considered, such as

longitudinal and transverse relaxation, i.e. T1 and T2. The complete echo attenuation

in a spin-echo experiment is formulated as:

A = [1− e−TR/T1 ]e−TE/T2 e−bD (2.5)

where TR is the repetition time and TE is the echo time. In order to eliminate these not

diffusion-related effects, and to sensitize the images just to the diffusion weighting,

another image without diffusion sensitization is acquired, i.e., its b-value is approxi-

mately equal to zero. This image is known as a b0 image. Then the diffusion coefficient

is obtained as:

D = − ln
[

A(b)/A(b0)
]
/(b− b0) (2.6)

Echo readout in diffusion-weighted images is typically made by using echo-planar

imaging (EPI) (17). EPI is a fast MRI readout technique where a full 2D k-space can be

acquired in single-shot in approximately 25− 100ms. With EPI, motion artifacts affect-

ing the reconstruction are mitigated, and the sensitization to diffusion after previous

application of the encoding gradients is quite good. However, EPI is very vulnera-

ble to susceptibility artifacts, responsible for imaging geometrical distortions or signal

dropout. Despite this, DW-MRI using EPI is still today applied in almost all clinical

settings.

Considering typical values for water diffusion, and diffusion times achievable on

conventional MRI equipments (D ≈ 10−3mm2/s at body temperature and td ≈ 50ms),

free water molecules diffuse over distances in the order of 10µm, which approximates

the size of many tissue structures, i.e. cells. Hence, the non-invasive observation of

the water displacements in vivo provides information about the structural features

and the geometric organization of neuronal tissues. Of note is that only the compo-

nent of the molecular motion along the direction where the gradient is applied will be

sampled. In order to sample the motion in the three-dimensional frame, more sophis-

ticated models based in many diffusion measures are employed, defining the diffusion

tensor (DT).
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2.1 Structural connectivity

An image acquired with a diffusion sensitized sequence presents a degree of diffu-

sion weighting, and thus is named a diffusion weighted image (DWI). In these images,

regions with high diffusion have more signal attenuation, and hence the image inten-

sity is darker (see the brain ventricles in the first row of figure 2.2). When computing

D, darker intensities mean lower diffusion, whereas brighter voxels refer to faster dif-

fusion coefficients (see the brain ventricles in the second row of figure 2.2). However

are we just observing diffusion due to the Brownian motion in these maps? The mea-

sure of diffusion is contaminated by perfusion effects in the small capillaries, which

when distributed in a random manner can mimmic the molecular random walk and

hence contribute to the DWI. Due to the higher spatial scale in which this perfusion

happens, the diffusion coefficients due to perfusion are one order of magnitude higher

than the true diffusion effects (D ≈ 10× 10−3mm2/s), and thus the sensitivity to this

contribution will be higher at lower b-values. As a consequence, it was suggested that

motion processes occurring in a biological tissue could be quantified using the micro-

scopic free diffusion model; never though, instead of using the diffusion coefficient, D,

it is more appropriate to use an apparent diffusion coefficient (ADC) to take into account

both diffusion and other pseudo-diffusion processes such as capillary perfusion and

motion (14).

During diffusion times of around 50− 100ms water molecules displace between 1

and 15µm. In these times, these molecules interact with many tissue components, such

as cell membranes, organelles, fibers or macromolecules, all of them constraining the

random walk of the molecules. Thus, whereas at very short diffusion times the ADC

reflects local intrinsic properties such as viscosity, at longer times the effects of the

obstacles become dominant. Because of the possible different scenarios, there are four

main consequences for the diffusion processes (see Fig. 2.3):

1. Restricted diffusion. In the restricted case, water molecules are not allowed to

move freely. A limit exists for the diffusion time, where for longer times, the

diffusion distance will saturate at a maximum defined by the geometry of the

tissue boundaries. ADC will decrease linearly towards zero when increasing the

diffusion time.

2. Permeable barriers. In this case, the walls of the biological tissues can absorb or

let the molecules go across, i.e. they are permeable. For short diffusion times
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Figure 2.2: Diffusion weighted and apparent diffusion coefficient images - Scalar im-
ages showing the average of a series of diffusion weighted images (first row), and the
apparent diffusion coefficients (second row)

water molecules behave as for free diffusion, i.e. diffusion distance increases

linearly with the diffusion time. For longer diffusion times the ADC decreases,

as happens for restricted diffusion, but stabilizes at a value depending on the

permeability of the tissue boundaries.

3. Tortuosity. This case represents the necessity of avoiding obstacles when de-

scribing a trajectory, thus the total displacement will be larger than the net dis-

placement, making the measured ADC lower than real.

4. Hindered diffusion. Such a low ADC for the intracellular space in comparison

with free water diffusion cannot just be explained solely by neither restricted dif-

fusion nor tortuosity. It has been suggested that biological components, smaller

than the measured diffusion lengths, caused this reduced intracellular ADC that

deviates from Gaussian behavior in comparison with free diffusion.

The measurement of ADC may depend on the direction of diffusion sensitization,

i.e., non-isotropic diffusion. When this happens, it is said that diffusion is anisotropic.

12
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Figure 2.3: Molecular interactions contributing to diffusion - A. Schematic description of
the four possible interactions between water molecules and biological tissues in the intra-
and inter-cellular media. In B. the quantitative representation of the observed diffusion
distance for each interaction versus the diffusion time is shown.

The most common way to study diffusion anisotropy is through the diffusion tensor,

DT. Instead of characterising the diffusion using a unique value, ADC, we employ a

symmetric tensor, which describes the molecular displacements along the three main

axes, and the correlations between displacements along these axes (18). The diffu-

sion tensor constitutes a three-dimensional Gaussian representation of the molecular

diffusion.

DT =

Dxx Dxy Dxz

Dxy Dyy Dyz

Dxz Dyz Dzz

 (2.7)

In some tissues and fibrous environments, e.g., the brain white matter, the presence

of diffusion anisotropy relies on the existence of a microstructural organization (19).

In these media we expect some degree of anisotropy, since the water molecules might

find a more difficult trajectory when diffusing perpendicular to the fibers than when

moving along the fibers. In order to study this anisotropy we move into the diffusion

tensor framework. The b-value will be transformed into a b matrix with the corre-

spondent b-value for each element of the tensor. The estimation of DT is obtained by
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2. METHODS

substituting the new diffusion model in equation 2.7:

ln[A(b)/A(b0)] = −
(

∑
i=x,y,z

∑
j=x,y,z

bijDTij
)

(2.8)

In order to solve DT it is necessary to acquire at least six diffusion encoded images

(i.e. equal to the number of unknowns in the symmetric tensor), where gradients have

been applied in different non-coplanar directions, and a b0 image. Then using multi-

variate linear regression it is possible to estimate all the unknowns of the tensor. The

eigenvalues of DT are the three principal diffusivities (λ1, λ2 and λ3) corresponding

to the three respective principal directions of diffusion (ε1 ε2 and ε3). Principal dif-

fusivities must be positive, hence the DT must be positive-definite. There are several

approaches for the estimation of DT: maximum likelihood (20), least squares (21) and

other approaches called themselves ”robust approaches” (22). Between them the most

widely applied approach is the least squares, which presents three variants: linear

least squares (LLS), weighted linear least squares (WLLS) and nonlinear least squares

(NLS). Although expensive computational methods such as NLS or robust tensor es-

timation ensure the tensor to be positive definite, when the signal to noise ratio (SNR)

is not too low the LLS approach returns a decent tensor estimate with the advantage

of smaller computational times.

In order to describe the tensor, its shape and its size, there are many orientation-

invariant parameters that aim to inform about the anisotropy or isotropy of the un-

derlying tissue. These parameters are, in some cases, sensitive to pathologies such as

edema (high isotropic diffusion) and ischemia (extremely low isotropic diffusion), and

even to white matter integrity. However, the latter has generated a lot of controversy

in the recent years (23).

The three eigenvalues by themselves provide us with a lot of information of the

subjacent microstructure. λ1 represents the main diffusivity, i.e. the largest eigen-

value, which corresponds to the first eigenvector ε1. λ2 and λ3 represent the second

and third diffusivity coefficients. DT can be visualized as an ellipsoid, where the semi-

principal axes are defined by the eigenvectors and the length of the ellipsoid in each

axis is defined as the eigenvalues (see Fig. 2.4). If λ1 � λ2 and λ3 then the ellipsoid

will have a cigar shape, indicating that the tissue in a voxel presents an anisotropic

organization, maybe because there are fibers arranged in a particular direction. If λ1

and λ2 � λ3 then the ellipsoid will have the shape of a disk, and this might indicate
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2.1 Structural connectivity

two things: 1. that the diffusion is happening in a plane, which is quite unlikely in

the brain, or 2. that there are a two bundles of fibers crossing, kissing or dispersing at

the voxel measured, and the tensor model, which cannot characterize this organiza-

tion, ends up modeling the diffusion as it was happening in a plane. If λ1 ≈ λ2 ≈ λ3

then the ellipsoid will have the shape of a sphere indicating that diffusion is isotropic,

probably because the absence of obstacles (i.e. cerebrospinal fluid, CSF), or because the

obstacles are not organized in any particular orientation (i.e. brain gray matter, GM).

In addition to these tensor derived eigenvalues, there are other measures to character-

ize DT, but all of them are computed as a combination of eigenvalues, e.g., the trace,

the mean diffusivity, and the fractional anisotropy.

Figure 2.4: Diffusion tensor ellipsoid - In A. three possible organizations of the brain
microstructure are depicted, i.e. axonal fibers along a single direction; two set of axonal
fibers crossing in two directions and cerebrospinal fluid. In B. the corresponding tensor
estimations for each of the three organizations are depicted.

The trace (Tr) is computed as the sum of the eigenvalues, which is three times the
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mean diffusivity (MD):

Tr(DT) = λ1 + λ2 + λ3 = 3MD (2.9)

Both metrics are the most applied techniques in the clinical monitoring of stroke.

Another metric that characterizes the shape of DT is the fractional anisotropy (FA)

(24).

FA =

√
3
2

√
(λ1 −MD)2 + (λ2 −MD)2 + (λ3 −MD)2√

λ2
1 + λ2

2 + λ2
3

(2.10)

FA values ranges between 0 and 1, indicating the fraction of DT that is anisotropic.

Figure 2.5 shows an axial slice for MD, AD and FA images. A decrease in FA has been

related with a damage in the axonal membranes (25), and thus is the most selected

metric to study the axonal integrity. However, a disk shaped tensor might be the

result of kissing or crossing fibers. Hence, a low FA in a voxel with such a tensor is not

giving a correct representation of the underneath white matter architecture. Therefore,

results obtained with these metrics must be handled carefully.

Recent advances in diffusion characterization attempt to reconstruct a orientation

distribution function (ODF) able to describe more complex white matter architectures.

Examples of these models are Q-ball (26), Diffusion Orientation Transform (27) or Dif-

fusion Spectrum Imaging (28). Nevertheless, these techniques require of a large set of

diffusion weighted images, at cost of larger acquisition routines, which at the time of

this research were out of the possibilities of the clinical use. In this work the diffusion

tensor was employed as a measure of white matter integrity and organization, so we

left the description of the other techniques out of the scope of this dissertation.

2.1.2 Diffusion tensor deterministic tractography

DTI tractography is the mathematical procedure of following fiber tract trajectories

within the brain (29) and other fibrous tissues, such as the heart (30), using DTI.

In order to reconstruct the whole white matter fascicles, deterministic tractography

approaches attempt to depict the trajectory described by directional information in-

cluded in the DT. The most common directional assignment corresponds to the ten-

sor eigenvector with the largest eigenvalue. A deterministic tractography map is then

generated by starting at a seed point (i.e. a voxel), propagating the tracts according
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MD AD FA

Figure 2.5: Diffusion tensor scalars - Scalar images obtained from the eigenvalues of the
diffusion tensor. From left to right, the mean diffusivity (MD) computed as the mean of
the eigenvalues; the axial diffusivity (AD), which is equal to the maximum eigenvalue;
and the fractional anisotropy (FA).

to a tractography algorithm, and stopping the tracts once stopping criteria have been

reached. There are two main subtypes of deterministic tractography: streamline trac-

tography, which uses the directional information of the main eigenvector in the tensor,

and tensor deflection tractography, which uses the whole tensor in order to propagate

the trajectories (31). Streamline tractography was initially proposed by Basser (1998)

(29). They proposed an algorithm called Fiber Assignment by Continuous Tracking

(FACT), in which the streamlines are represented as three-dimensional space curves,

estimated by integrating the following partial differential equation:

δρ(τ)

δτ
= ε1(ρ(τ)) (2.11)

where ρ(τ) is the pathway, δρ is the representation of the unit tangent vector to the

trajectory as a function of the highest DT eigenvector. This equation is approximated

using a Taylor expansion (32):

ρ(τ1) ≈ ρ(τ0) + αε1(ρ(τ0)) (2.12)

where τ1 and τ0 are two continuous steps following each other in the reconstruction.

α is commonly fixed, but it can be efficiently modified, e.g., according to the level

of anisotropy in a voxel, thus being able to avoid errors in the reconstruction due to

noise in the images. There are some alternatives according to the use of ε1. While
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FACT method uses the same vector across the propagation in the whole voxel, other

methods such as Euler integration use an interpolation of the DT data to estimate the

local ε1 in each sub-voxel. In Fig. 2.6 an example of the propagation in the described

streamline methods is depicted.

FACT / Euler Integration

Figure 2.6: FACT and Euler integration tractography - Trajectory of the streamlines prop-
agation in the algorithms Fiber Assignment by Continuous Tracking (FACT) and Euler
integration. The tracts are represented over an axial slice of a FA image and propagated
from two different seeds, blue for FACT and soft-blue for Euler integration.

An alternative to the streamline tractography is the tensor deflection (TEND). Whereas

the major eigenvector will work well for highly anisotropic regions, regions with low

anisotropy will have some ambiguity in the definition of the major eigenvector, reflect-

ing for example regions of crossing fibers. In such a configuration, the use of the whole

tensor might yield a better result. TEND defines the output vector in the trajectory as

the product of the whole tensor with the input vector (31):

ρ(τ1) = DT(ρ(τ0)) (2.13)

This approach is used to permit the propagation of tracts through regions with low

anisotropy. Specifically for regions of isotropic diffusion, the estimated tract direc-

tion will be unaltered for TEND. In addition it tends to penalize trajectories with high

curvature. Figure 2.7 represents the modifications of trajectories with TEND. If fibers

cross perpendicularly, the tensor will have a disk shaped, and TEND trajectories will

pass through the intersection correctly. However, if the crossing is not perpendicu-

lar, the trajectories will be modified (31). One variation of TEND is called tensorline
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A. B.
F
A

Figure 2.7: TENsor Deflection tractography (TEND). - In the panel A. the possible de-
viations of the streamlines using the TEND algorithm are shown, while the fractional
anisotropy of the diffusion tensor is increased. In panel B. situations in which streamline
directions are not modified are depicted.

(33), which is a weighted combination of both approaches streamline tractography

and TEND:

ρ(τ1) = f ε1(ρ(τ0)) + (1− f )
(
(1− g)(ρ(τ0)) + gDT(ρ(τ0))

)
(2.14)

where f and g are user-defined weighting factors that vary between 0 and 1.

Tractography maps are initiated at some seed locations, which can span all voxels

in the whole brain or the WM, or just some voxels in specific regions of interests (ROI).

It is common to place multiple seeds within the same voxel in order to increase the

robustness of the result, at a cost of increasing the number of false-positives. Once the

seeds are defined, the trajectories are initiated in both opposite directions, and they

will propagate until some stopping criteria is fulfilled (see Fig. 2.8 for some illustrative

representations of tractography maps), such as:
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Figure 2.8: Tractography algorithm evaluations - The performance of the three discussed
tractography algorithms is evaluated in the reconstruction of two specific fiber bundles,
i.e. the left cingulum and the left inferior fronto-occipital fascicles (IFO). It can be ob-
served that the tensorline algorithm presents the largest number of streamlines, while
by using the FACT algorithm, this number is diminished. The same stopping criteria,
(FA < 0.2;φ > 35◦), were selected for the three algorithms.

1. Low anisotropy: reaching a voxel of low anisotropy could indicate that the tract

is entering in grey matter (FA < 0.2) or in the CSF (FA < 0.1) .

2. High bending: when the trajectory modification in a single step is more than a

threshold angle, e.g., φ > 35◦, as large angular deviations are not realistic. In ad-

dition, this criteria avoids the trajectories to enter in circular loops. Nevertheless

there are tracts that describe pathways with large angles, such as the U-shaped

cortico-cortical fibers. In these cases a low angular threshold might not be desir-

able.

One of the main disadvantages of deterministic approaches is that errors, although

they can be small at a specific location, can accumulate during the tract-following

process, increasing the probability of finding tracts that do not exist (false positives)

or omitting tracts that should exist (false negatives).

2.1.3 Quantifying structural connectivity

In order to quantify the structural (or anatomical) connectivity using deterministic

tractography, the first step is to reconstruct the WM tracts for the whole brain. Then,

the structural connectivity between a pair of pre-segmented regions can be related to
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the strength of the connection (i.e. number of streamlines connecting the regions), the

integrity of the connection (i.e. mean scalar measure of the DT across the streamlines

in the connection) or the density of the connections, (i.e. measure relative to the brain

volume, the total number of tracts or to the volume of the pair of regions). Figure

2.9 outlines the main steps in the computation of the structural connectivity between

regions, or in the case that the number of regions is greater than two, the computation

of brain structural networks.

Figure 2.9: Pipeline in the computation of structural connectivity networks - Flowchart
representing the process of creating tractography structural connectivity networks. The
steps presented show the cortical segmentation of the grey matter and the estimation of
the deterministic tractography maps, and finally the computation of the structural con-
nectivity as a combination of these two.

In this thesis, in chapters 4 and 5, tensorline tractography (31) was used to es-

timate whole brain structural connectivity networks. In chapter 4 the connectivity

was assessed through the absolute number of streamlines connecting each pair of re-

gions, and we term this connectivity as direct structural connectivity (dSC). In addition,

weighted FA was computed along the streamlines between each pair of regions (i, j)

to define the weighted SC (wSC) as in the following equation:

wSCij =
1

Nij

nij=Nij

∑
nij=1

1
Vnij

vnij=Vnij

∑
vnij=1

FAnij,vnij
(2.15)
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where Nij = dSCij is the number of streamlines, vnij is the set of voxels that are crossed

by the streamline nij, and FAnij,vnij
is the fractional anisotropy at the voxel vnij for the

streamline nij. In chapter 5 it was considered more appropriate to estimate the struc-

tural connectivity as a density (see equation 2.16). In this case the connection between

two regions was in relative proportion to the total number of streamlines, N, in the

tractography map (i.e. to account for variations between subject specific differences)

and to the volume of the two regions, Si and Sj (i.e. to account for variations in vol-

umes of the cortical regions between subjects).

FDij =
Nij

N
2

Si + Sj
(2.16)

2.2 Resting state functional connectivity

The successful performance of cognitive tasks requires the integration of several func-

tional areas distributed over the brain, which are in constant interaction with each

other. It was hypothesized that such integration could be mediated by neuronal groups

that oscillate synchronously (34). Using multiunit neuronal recordings in the visual

cortex of cats, Singer and Gray 1995 (11) contributed to this hypothesis, in which the

synchronization of neuronal activity on a millisecond time scale may build the frame-

work of linking information between different parts of the cortex. This hypothesis has

since then become the most common, economical, and biologically plausible mecha-

nism for information communication in the brain (35, 36).

In principle, two spatial scales of synchrony are distinguished, short-range and

long-range. The majority of the first animal studies on this topic focused mainly on

the first (37), computing correlograms to study synchrony between adjacent areas.

These local synchronies have been thought to serve for the feature binding. Later

studies observed long-range synchronization between widely separated brain regions

(38). This long-range synchronization might support the integrative processing for

cognitive dimensions of complex tasks, instead of just binding of sensorial inputs.

The fact that phased-locked events can be recorded at the surface of the cortex

or the scalp, using techniques such as electroencephalograms or electrocorticograms,

suggest a degree of local phase-locking, as otherwise no signal could be observed

due to phase cancellation. This microscopic synchrony enable studying long-range
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interactions with macroelectrodes (39). Long-range functional connectivity (FC) is the

term used to describe this macroscopic synchrony that is quantified using macroelec-

trodes. FC has been defined as the statistical interdependence between remote sig-

nals (12), and it has been already characterized in the human brain with a variety of

macroscopic techniques including electrocorticography (ECoG), electroencephalogra-

phy (EEG), magnetoencephalography (MEG), blood oxygen level-dependent (BOLD)

functional MRI (fMRI), near-infrared spectroscopy (NIRS) and positron emission to-

mography (PET).

Even in the absence of any attention-demanding task, also known as resting state

condition, there are a series of long-range connectivity networks describing superior

cognitive functions such as memory or language. This was first evidenced by Bharat

Biswal in 1995 (40), who showed that BOLD signal of the motor cortex areas that were

activated when performing a bilateral finger tapping task happened to be temporally

correlated in the absence of such a task. This finding was later replicated in many

studies (41, 42, 43). In addition to the somatomotor system, other networks were

also identified: visual, auditory, hippocampus or episodic memory, language, dorsal

attention, ventral attention systems, and, finally, the default mode network (DMN).

The identification of these networks was carried using either seed based approaches

(44), hierarchical clustering approaches (45, 46), or independent component analysis

(ICA) (47), being the latter the most popular approach due to its data-driven and non-

hypothesis-driven nature. The conclusion of this finding is that networks including

regions with similar functionality, i.e. being activated by various task paradigms of

the same cognitive domain, tend to be correlated in their spontaneous BOLD activity.

Of note is the DMN, a system that seems to deactivate in the performance of any

attention-demanding task, but that remains activated in the resting state (48). This

system has been related to many processes, including autobiographical remembering,

theory-of-mind and the envisioning of the future (48). Although, in its early times

its relevance drove a lot of controversy, this system was later identified in macaques,

neonatal brains, and humans during sleep, different resting conditions or under anes-

thesia, increasing its robustness. Nevertheless, we must not forget that this system has

a neuronal basis, and since BOLD fMRI measures a mixture of cerebral blood flow and

oxygen consumption, a better characterization of this system should be performed us-

ing electrophysiological techniques, such as EEG or MEG.
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The exact relation between BOLD fMRI activations and electrical measures of brain

activity is still an open research. Some human studies combining EEG and fMRI in-

dicated that power in alpha (8− 13Hz) and beta (13− 30Hz) frequency bands were

positively correlated to BOLD activations in resting state acquisitions (49), thus indi-

cating a degree of dependance between electrical power amplitude and BOLD activa-

tion. In addition to this finding, large-scale resting state networks observed for fMRI

were later replicated using MEG (50, 51, 52) in the same frequency bands and also in

the performance of attention-demanding tasks (53). Considering these findings, to-

gether with the benefits of using MEG (e.g. richer temporal resolution and a more

direct representation of the neuronal activity), we believe that there exists a potential

benefit in the study of resting state with electrophysiological techniques such as MEG,

and thus in this thesis work we attempted to characterize this condition using three

different approaches, one for each of the scientific publications included in chapters 3,

4 and 5.

In chapter 4 we characterized FC in a single system, the default mode network,

using MEG. We focused on this network in terms of structural and functional con-

nectivity, and we studied which specific differences arise in mild cognitive impaired

subjects when compared with age-matched healthy controls. In chapter 3 and 5 we

did not focus in a specific system, instead we characterized the whole brain FC. This

is another promising sub-field in the analysis of FC, which pretend to be very use-

ful in the early diagnosis of several neurological diseases such as Alzheimer’s disease

or Schizophrenia (6, 7). By studying the whole brain, we are considering all possi-

ble source, sinks and transmissions of information together as a whole. Graph theory

analysis arouse as a analysis framework to process this information, and in chapter 3

we make use of this technique to characterize these networks and to identify which

network properties differ between mild cognitive impaired patients and healthy con-

trols. In chapter 5 we developed a new concept of FC, i.e. direct FC, which avoids

considering indirect transfers of information, thus attempting to include in the char-

acterization of the whole brain FC only real communication between brain regions.

This technique will be introduced later in this section, and also fully described in the

methods section of chapter 5.

In this section we will introduce the methodological principles of the technique

that we have employed in the course of this thesis, the MEG. In section 2.2.1 we in-
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troduce biological principles of MEG measurements and the hardware system. The

theoretical considerations for solving forward and inverse problems are introduced in

section 2.2.2, highlighting the spatial filters or beamformers. Finally, in section 2.2.3 we

describe the FC analysis pipelines that were carried out in the papers included in this

thesis work, in chapters 3 to 5.

2.2.1 Magnetoencephalography

2.2.1.1 MEG system. Hardware and acquisition

A brain magnetoencephalogram is the temporal recording of the magnetic fields emit-

ted as a result of the neuronal firings. These records can be obtained through a mag-

netoencephalography (MEG) scanner, a system that registers magnetic fields in the

range of 10 f T to several pT. The signals measured in MEG are generated by the syn-

chronized neuronal activity in the brain. The main advantage of this system against

other non-invasive functional techniques is the temporal resolution in the order of

the milliseconds, which together with the electroencephalography (EEG) is the best

achievable resolution to observe the brain dynamics. The neurophysiology beneath

the MEG signals suggests three possible electric currents that can generate the ob-

servable magnetic fields. These are: 1. the action potentials in the axons connecting

neurons, 2. the currents through the synaptic junctions connecting axons with den-

drites or neurons, and 3. the post-synaptic potential (PSP) currents traveling along

the dendrites to the neuronal soma. Among these three possibilities, only the PSP

fills the necessary criteria to be observable with EEG or MEG. The action potentials

are negligible due to its quadrupolar nature and to its fast dynamics (≈ 1ms) which

makes unlikely summation across axons, and thus complicate to exceed the MEG sen-

sitivity of 10 f T. Synaptic junctions are very small and the current flow is very slow,

but more importantly, they are randomly distributed over the dendritic walls and the

soma, thus contributing to the field cancellation. Finally, the PSP are slower than the

action potentials in the axons (≈ 10ms), thus permitting temporal summation across

PSP. The magnetic field generated by a single PSP dipole is about 20 fA m (54). In ad-

dition, the magnetic dipole moment required to explain the measured magnetic-field

outside the head is on the order of 10nA m (54). Hence, in order to detect measur-

able activity that surpasses the MEG threshold we need about one million excitatory
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synapses activating simultaneously and contributing to a cumulated field. Lorente de

Nó found that the apical dendrites of the pyramidal neurons are oriented in parallel

perpendicularly to the cortical surface (55), and, as this allow the potential summing

of the synchronous fields. The excitatory synapses in these neurons are considered the

principal contributors to the observed magnetic fields in the MEG signals.

PSPs induce intracellular currents (primary currents) and extracellular or volume

currents (secondary currents). The secondary currents are the main source of the EEG

signals, whereas their contribution to the MEG signal, is very small in comparison to

the primary currents (see figure 2.10). Of note is that while EEG is sensitive to currents

aligned both tangentially and radially, MEG mostly detects the tangential component

of the currents. This is an advantage of the EEG systems against MEG; EEG signals,

instead, have great distortion from the different tissues interfaces, i.e. brain, skull or

scalp, whereas the MEG, due to the homogeneous magnetic permeability, is minimally

distorted.

Primary current

Figure 2.10: Neuronal dipoles. - Distribution of the pyramidal neurons along a section
of the brain cortex. At the bottom of the figure a representation of a pyramidal neuron is
drawn. In the right upper side of the figure a scheme of the magnetic field and volume
currents that are generated by a current dipole is depicted. In MEG, the current dipoles
model the post-synamptic potentials of the apical dendrite.

Even in the simultaneous depolarization of millions of dendrites, the emitted mag-

netic fields (10 f T) are still about a factor of 107 to 1010 lower than external noises such
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as the Earth’s magnetic field (0.5mT), ambient mechanical noise including vehicles,

elevators or power lines (1nT − 1µT), and other physiological noises such as the hu-

man heart, skeletal muscles or eye movements which can rise up to 100pT. For all that

we need first to shield as much as possible all sources of noise external to the brain,

and then to use devices sensitive to the low magnetic fields originating at the brain.

To reduce external (i.e. not coming from the human body) noise sources, the MEG

system is isolated in a mu-metal and aluminum room, which attenuate these external

magnetic fields by a factor of almost 60dB. Once external sources do not overshadow

the brain magnetic fields, the readout of these weak fields is carried out with sensitive

magnetometers by using Superconducting Quantum Interference Devices (SQUIDs)

(56).

Superconductors are materials that, when subjected to some specific conditions,

lose their electrical resistance completely and they become perfect diamagnetics. In

the presence of a magnetic field, they generate an opposite magnetic field that cancels

the externally applied field within the material. In order to allow the functioning of

the conductors as superconductors they need to work in specific conditions of temper-

ature. A typical superconducting material is the niobium, whose critical temperature

is below 20 Kelvin (−253◦C). These temperatures are achieved by immersing the ma-

terials in liquid helium, whose boiling temperature is −269◦C. The liquid helium is

stored in a cryogenic container, the dewar, which has a vacuum layer that prevents

heat transmission.

Although SQUIDs are sensitive to the brain magnetic fields, they still require com-

plex amplifying electronics. To avoid this the magnetic fields are first collected with a

flux transducer. This device consists on a pair of superconducting sensor coils of dif-

ferent sizes, which collect a large area of flux and project it into the SQUID. The pickup

coil, typically of a size of around 10mm, collects the magnetic field that originates in

the brain, then a current is generated in the flux transformer. This current generates

a magnetic flux through a multi-turn input coil, which is coupled to the SQUID. The

diameter of the pickup coil is about 100 times larger than that of the input coil and the

SQUID magnetometer, being the latter minimized in size to ameliorate the intrinsic

flux noise contribution (56).

Superconductors present a limitation, i.e. they don’t allow to directly measure cur-

rents from them, as their superconducting state would be altered. SQUIDs count with
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two small gaps (≈ 10nm) of non superconductor material, the Josephson junctions.

When a current, larger than a critical threshold is introduced in the SQUID, non-zero

resistance appears at the junction, and hence a voltage can be measured across the

SQUID. This critical current is maintained at the operating SQUIDs and is called bias

current. The output voltage measured across the SQUID is maintained at a fixed op-

erating point with a feedback system. In addition, when the SQUID is supplied with

a bias current, it generates a magnetic flux itself. When a magnetic flux, coming from

the input coil, disturbs the SQUID’s own magnetic flux, the output voltage is modi-

fied. The feedback controller introduces a compensating flux at the SQUID to stabilize

the voltage at the operating point. The current that generates a compensating flux

is proportional to the one circulating in the pickup sensor coil, thus this is the mea-

sure that is sampled, quantized and stored. To avoid aliasing at the typical sampling

frequency of 1000Hz, an online analog band-pass filter 0.1− 330Hz is applied to the

signals previous to the digitalization.

Different configurations of pickup coils give rise to different measures of the emit-

ted magnetic fields from the brain. Magnetometers, a single loop coil, have the best

sensitivity, but also are more vulnerable to external sources. Gradiometers instead,

consist of two-loops coil, and thus register the spatial derivatives to the perpendicu-

lar (i.e. axial gradiometers) or to the tangential (i.e. planar gradiometers) magnetic

components. Gradiometers are considered a more reliable estimation of the magnetic

sources, as are more protected to the non-brain magnetic sources by the cancellation

of homogeneous fields being generated at distant locations (see Fig. 2.11B for a rep-

resentation of the different pickup coils). The MEG system employed in this thesis

was an Elekta Vektorview System, which has an array of 102 measuring units, each

of them comprising a magnetometer and two planar gradiometers in perpendicular

orientations.

Head motion is a major confound in the analysis of MEG datasets. During a MEG

acquisition the relative position of the subject’s head to the sensor array in the MEG

system must be localized, thus at least three coils must be attached to the head of the

subject. These coils emit an RF pulse at a high frequency (avoiding conflicts with brain

intrinsic activity), which is recorded by the MEG sensors and used to trace the head’s

position. In order to monitor subjects’ movements within the same scanning session,

a periodic localization of the coils must be performed.
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Previously to entering in the MEG system, a subject’s head shape must be digi-

tized. In the dataset collected for this thesis, this digitalization is performed using

the Polhemus Fastrak system. During the digitalization, the three-dimensional shape

of the head is drawn, together with the position of three fiducial points, (i.e. nasion

and two pre-auricular points). and, the RF coils. RF coils position is necessary for

the head motion correction procedures. The headshape, instead, is necessary for the

reconstruction of brain activity sources. In order to get anatomical landmarks of the

magnetic sources, the headshape will be realigned to a T1-weighted image.

Figure 2.11: Magnetic measuring devices in MEG. - Subfigure A represents the hardware
pipeline from the collection of the external magnetic field, its coupling into the SQUID,
and the feedback control system which assures that the voltage in the output of the SQUID
is stable, thus generating a feedback intensity, which is proportional to the input intensity.
In B. the different configurations of pickup coils are depicted.

2.2.1.2 Noise rejection - offline alternatives

In order to eliminate external sources of noise that are not shielded with the isolated

room, offline techniques are usually employed. An option is the signal-space separa-

tion (SSS) approach. In this method, the magnetic recordings are transformed to a new
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dimensional space, a truncated expansion of harmonic basis functions. Interestingly,

the new subspace is formed by separate basis functions for both signals arising from

inside and for signals arising outside the sensor array (57). Consequently, the sub-

space contains two linearly independent subspaces that can be identified to project

back only the interesting biomagnetic signals. In this work, a variation of the SSS in-

cluding a temporal dimension was employed, the temporal signal-space separation

(tSSS) (58). This method performs a SSS approach in different time intervals consider-

ing that the subspace function basis is not static. SSS and tSSS approaches have a clear

limitation: datasets are transformed into rank deficient matrices, thus all applications

that requires covariance computations (i.e. Beamforming source reconstruction) need

to keep this under consideration. Some physiological sources of noise survive SSS and

tSSS, e.g. skeletal muscular noise, e.g. jawing, cardiac activity, or eye movements such

as blinks, saccades or other movements. In order to minimize these sources of noise,

during scanning sessions subjects are asked to focus their eyes in a cross, and to blink

in specific rest time intervals. Nevertheless, the subjects can’t avoid them in many

cases, causing the trials to be artifacted. In this thesis, trials including these types of

noise were identified with automated algorithms (fieldtrip toolbox (59)) and rejected

from further analyses. An alternative to eliminate these artifacts is to use independent

component analysis (ICA) (60) in order to identify artifacted independent components

and to eliminate them from the data. Nevertheless, this solution would also eliminate

some real biological data.

2.2.1.3 Oscillatory time scales

Brain operates at multiple time scales. Since the early discoveries of Hans Berger of

the alpha (8− 12Hz) and beta (12− 30Hz) frequency bands, oscillations have been

documented in the brains of many mammalian species ranging from very slow oscil-

lations of tens of mHz to very fast oscillations reaching 600Hz. Traditional oscillatory

bands include delta (0.5− 4Hz), theta (4− 8Hz), alpha (8− 12Hz), beta (12− 30Hz)

and gamma (> 30Hz), where the borders of these oscillatory bands have been drawn

according to clinical observations.

In fact, a single fast oscillating frequency would be enough for neuronal process-

ing, so we can ask why are there different oscillatory speeds in the brain. The presence
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of slow oscillations is often explained as an evolutionary remainder (61). Ancient sim-

pler animals might not require faster neuronal processing for survival, and thus their

system could operate at lower frequencies. Another explanation for this oscillatory

segmentation is the way neurons communicate. Action potentials propagate through

axons to establish communication between neurons, thus introducing a delay in the

transfer. Considering the same axon characteristics and the same axon and myelin

sheet thicks, the longer the connection, the longer the delay. Considering these delays,

it makes sense to accept that slow oscillations correspond to mechanisms involving

large brain areas, whereas fast oscillations are best represented as segregated process-

ing.

Even though different oscillatory time scales might correspond to different mag-

nitudes of neuronal pools, it is considered that the segmentation of brain oscillations

into bands should correspond to the attribution of specific neuronal mechanisms. The

same mechanism giving rise to different frequency bands in different species, or the

same frequency bands in different states (e.g., sleep, anesthesia) of the same species

ought to be referred by the same name, even though the dynamics underlying the

rhythms may be different (61).

In this thesis work, in order to be congruent with previous resting state MEG find-

ings, and to be able to confront our results with the MCI literature, we have carried

out the analyses in the traditional frequency bands.

2.2.2 Source activity reconstruction - ”The Inverse Problem”

In order to estimate the source currents that generate the fields that MEG measures

it is necessary to solve an inverse problem. An inverse problem is the determination

of ”what” causes an observation by the application of a model, e.g. the location of

the source that generates a sound, where the observation is the signal recorded in a

series of microphones. The solution of an inverse problem requires, previously, to

formulate and solve a forward problem, which represents the opposite concept to the

inverse problem. In the case of a sound source, we will be interested in the theoretical

formulation that defines the propagation of sound waves in space. Nevertheless, our

interest here is the determination of the neuronal currents that produce the recorded

magnetic activity. In this case, a forward problem would explain the measured field

in each sensor (i.e. observations) produced by a source current.

31



2. METHODS

The inverse problem that we are considering is an ill-posed problem. A problem

is termed as ill-posed if any of the following three conditions is satisfied (62): there

is no solution that fits into model and observations; there are infinite solutions or

the solution is unstable (i.e. small errors in the measurement of observations lead

to indefinitely large errors in the solution). Although the problem of matter has an

ill-posed nature, it is possible to turn it well-posed by including some a-priori.

The first step in the obtention of distributed current sources is to perform a grid-

ding of the space, i.e., discretize space, typically in voxels of 0.5− 1cm3 that would

represent our dipole model. Then the forward model, or leadfield, L, is estimated

for each grid cell. Once the forward model is estimated, an inverse transformation

defined by one of the many available options estimates the current at each specific

location and orientation of a current dipole.

2.2.2.1 The forward model

The forward model in the EEG and MEG formulation is an approximation to the esti-

mation of the electric or magnetic signals in the system sensors that are generated by

neuronal sources. This approximation is carried out using electromagnetic field the-

ory. Electric currents in the brain are represented as the sum of two terms, the primary

currents Jp, and the return currents Jr (see fig. 2.11). While the first represents the

current that flows within neurons, the latter is the extracellular current which follows

a trajectory dependent on the conductivity profile of the medium. The return current

is quantified as the product of the local conductivity σ and the electric field intensity

E.

J = Jp + σE (2.17)

Considering a region of constant conductivity σ and a known source current J, then

using Maxwell’s equations (see Table 2.1) with the continuity equation∇· J = −∂ρ/∂t,

where ρ is the charge density, it is possible to estimate the electric field E and the

magnetic field B at any location r from Jp. The permeability of the tissue in the head,

that is the same as in free space µ = µ0, together with the fact that the frequency

range of interest in neuro-electromagnetism is below 100Hz, i.e. extremely slow in

comparison to other electromagnetic phenomena, it is possible to adopt the quasi-

static approximation of the Maxwell equations (see Table 2.1).
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Faraday’s law Amperè’s law Gauß’s law Gauß’s law
Original ∇× E = − ∂B

∂t ∇× B = µ0(J + ε0
∂E
∂t ) ∇ · E = ρ

ε0
∇ · B = 0

Quasi-static ∇× E = 0 ∇× B = µ0J ∇ · E = ρ
ε0

∇ · B = 0

Table 2.1: Maxwell’s equations

In the quasi-static approximation, since the divergence of the curl is zero,∇·∇× =

0, it turns that ∇ · J = 0 and E = −∇V, where V is the electric potential. Combining

these with equation 2.17, it is possible to obtain the following relation:

∇ · Jp − σ∇2V = 0 (2.18)

The electric potential is estimated as the solution for equation 2.18 that satisfies the

Cauchy boundary conditions (see Eq. 2.19), i.e. V is continuous and the normal com-

ponent of the return current is continuous on the boundary separating regions with

conductivities σ′ and σ′′, (see Fig. 2.12).

V ′ = V ′′; σ′n · ∇′V = σ′′n · ∇′′V (2.19)

The solution to the quasi-static approximation to Amperè’s law (see table 2.1) is

given by the Biot-Savart law, which allows to estimate the magnetic field produced by

a current density in a closed volume G that would be measured at any location of a

tissue with constant conductivity:

B(r) =
µ0

4π

∫
G

J(r′)× d/d3dr′ (2.20)

where d = r− r′ and d = |r− r′|. Equations 2.18, 2.19 and 2.20 constitute the basis

of the quasi-static approximation to the Maxwell’s equations. An important property

of these equations, that will be employed in the estimation of the forward model, is

that the solution for the sum of two neuronal sources is the sum of the solutions for

the individual sources, hence we are able to estimate the forward projection by sum-

ming the contributions of many source current units. A current dipole Q is a common

concept in neuro-electromagnetism to approximate a localized primary current (54).

It can be considered as a concentration of Jp at a single point, then equation 2.20, in an

infinite homogeneous medium, is transformed into:

B(r) =
µ0

4π
Q× d/d3 (2.21)
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Figure 2.12: Cauchy boundary conditions in the head model. - Representation of the
Cauchy boundary conditions for the conductivity in the head-skull-brain interfaces.

The head, however, is not a homogeneous medium, thus, to solve the forward

model it is also necessary to define a head model, which is a specification of the geome-

try and conductivity of the various compartments of the head, e.g., the brain, the skull

and the scalp. The head model is defined by using an anatomical T1-weighted MRI,

where all compartments of the head can be delineated. The isotropic conductivity val-

ues for these compartments have been empirically obtained in other works (see Table

2.2). In addition, spatial correspondence between the brain, skull and head surfaces,

with the location of the MEG sensors must be computed. Therefore, the headshape of

the digitized head, which is obtained previously to the MEG scanning session, must

be realigned to the headshape of the T1-weighted image.

Let’s consider that the head is a piecewise homogeneous conductor G. Then we

divide this volume by surfaces Sj, j = 1, . . . , n, into subvolumes Gj in such a way that

σ = σi within each Gj. Then, the magnetic field at any point can be estimated using
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Tissue Conductivity in S/m References
Brain gray matter 0.3 (63)
Brain white matter 0.2 (63)
Cerebrospinal fluid 1.79 (64)
Compact bone 0.004 (65)
Spongiform bone 0.02 (66)
Scalp 0.43 (67)

Table 2.2: Isotropic conductivity values in head tissues

the Geselowitz’s formula (68)

B(r) =
µ0

4π

[
(
∫

G
Jp(r′)× d/d3dν)− (

n

∑
j=1

(σ′j − σ′′j )
∫

Sj

V(r′)n(r′)× d/d3dSj)
]

(2.22)

where σ′j and σ′′j are the conductivities at the inner and outer sides of the surface Sj,

and r is any position in G except for the boundaries. The second term of the equation

is the contribution of the electric potential due to the return currents, and the first term

represents the contribution of the primary current.

Using the second Green’s identity, the Cauchy boundary conditions (see Eq. 2.19)

and equation 2.18, it is possible to estimate an equation for the electric potential at any

point r in the head volume (69).

σ(r)V(r) =
1

4π

[
(
∫

G
Jp(r′)×d/d3dν)− (

n

∑
j=1

(σ′j −σ′′j )
∫

Sj

V(r′)n(r′) ·d/d3dSj)
]

(2.23)

where the first term represents the potential due to Jp in an infinite homogeneous

medium with conductivity equal to 1S/m. The potential at position r is determined

only if the potential at the surfaces of discontinuity of the conductivity is already

known. By performing the limit of r → rj, where rk describes any position in Sk,

it is possible to estimate the potential at any surface (70):

σ′k + σ′′k
2

V(rk) =
1

4π

[
(
∫

G
Jp(r′)× d/d3dν)− (

n

∑
j=1

(σ′j − σ′′j )
∫

Sj

V(r′)n(r′) · d/d3dSj)
]

(2.24)

Equations 2.22, 2.23 and 2.24 provide the means to compute V and B for a given

head model and a given Jp. Under special conditions, i.e. considering a spherically

symmetric head model, it is possible to solve these equations analytically.
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Spherical approach The spherical approach permits to estimate the forward model

following a simple assumption. In this case, brain, skull and scalp are treated as spher-

ical concentric regions, and σ depends only on the distance to the origin. Then the

magnetic field outside the head due to a point current dipole with moment Q at posi-

tion r′ is (70):

B(r) =
µ0

4πF2 [FQ× r′ − (Q× r′ · r)∇F] (2.25a)

F = a(r · a + ra) (2.25b)

a = r− r′ (2.25c)

Boundary element model - BEM Using BEM, the head model is defined as an isotropic

and piecewise homogeneous volume conductor. A series of compartments are defined

in such a way that they represent the conductivity discontinuities. In MEG, the vol-

ume currents outside of the interior side of the skull contribute relatively little to the

measurements outside the head, and thus the skull and scalp compartments are often

neglected (71). The BEM approach consists on two steps: first, the boundaries are dis-

cretised into a mesh of small elements, usually triangles, and second equations 2.22

and 2.24 are applied in the center or the vertices of the mesh triangles. This model,

was employed in chapter 5 of this thesis, using the inner skull surface as an unique

boundary.

Finite element model - FEM In order to account for a more detailed representation

of the head conductivity, including the intrinsic conductivity anisotropy that might be

present in the brain white matter, or in the skull, FEM needs to be employed. FEM con-

sists on a three-dimensional discretisation of the whole volume. Then, for a particular

source distribution, V is estimated in each of the FEM units, which can be hexaheders

(i.e. image voxels) or tetraheders. In any case, a set of equations is applied for each

unit, including the Cauchy boundary conditions and the Laplace equation δV = 0. By

applying numerical derivation to the estimated potential a current can be estimated,

which is the one used to compute the magnetic induction the MEG sensors.
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Nolte’s adaptation to the spherical approach In 2003, Nolte derived a forward model

that consisted in establishing a correction to the equation 2.25 based on a spherical har-

monics expansion (72). The head is initially assumed to be a homogeneous single vol-

ume with isotropic conductivity. Then a harmonic function, constructed with a series

of spherical harmonics, is employed to redefine the magnetic field of equation 2.25, in

order to be sensible only to tangential sources and to fit the boundary conditions in a

more accurate volume, e.g. the inner skull surface. This model was employed in the

chapter 4 of this thesis.

Lead-field notation The results of any of the previous approaches are usually stored

in a matrix called the lead-field Lr′ a N × 3. In this matrix, each row ln,r′ represents

the contribution of the dipole current in the position r′ of a pre-defined brain grid,

to each of the sensor collectors, n, i.e. magnetometers or gradiometers. L has three

columns accounting for the contribution of each of the canonical orientations, e.g., x,

y, z. Qr′ = [qr′,x, qr′,y, qr′,z]
T is a 3× K matrix, where K is the number of time points.

Qr′ represents the net current of a dipole at location r′ flowing in the canonical axes.

Spatial sampling for the gridding with voxels of size 5− 10mm are typical. Once the

matrix form of the lead-field is defined, any dipole orientation can be represented by

the superposition of the contributions of the three canonical orientations as in:

mn,r′(t) = ln,r′Qr′(t) (2.26a)

mn(t) = ∑
r′

ln,r′Qr′(t) + ε(t) (2.26b)

M = ∑
r′

Lr′Qr′ + E (2.26c)

where M = [mn=1, mn=2, . . . , mn=N ]
T are the measured sensor time-series of dimen-

sions N× T, N is the number of sensors, and E = [εn=1, εn=2, . . . , εn=N ]
T are the resid-

ual errors.

2.2.2.2 Spatial filters - ”Beamformers”

There are several source reconstruction approaches, but among them, the spatial filters

or beamformers are one of the most widely used. Beamformers localize the time-

courses at each source location (and in each orientation) independently of all other

locations.
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Spatial filtering was initially developed for radar and antenna array processing

(73), and early applications to MEG and EEG source analysis were described by Van

Veen and colleagues (1997) (74). A spatial filter passes the brain electrical activity

from a specified location while attenuating the activity originating at other locations.

Following this principle, it is possible to estimate the neuronal activity at each location

r′ and orientation, as a weighted sum of the sensor data M.

Q̂r′ = Wr′M (2.27)

where Wr′ is the spatial filter, and has dimensions 3 × N, accounting for the three

canonical axes. Ideally, the spatial filter should preserve the activity of the location of

interest r′ but would completely reject any activity coming from other locations r 6= r′.

WT
r′ Lr =

{
I, if r = r′

0, if r 6= r′
(2.28)

To solve equation 2.28, there are several alternatives. One of them is the linearly

constrained minimum variance (LMCV) approach, which consists on estimating a Wr′

that minimizes the variance at the filter output while satisfying the imposed constraint

in the equation 2.28. This approach is formulated as:

minWr′

[
trace(Wr′CWT

r′ )
]

subject to Wr′Lr′ = I (2.29)

where C is the covariance matrix of the sensor data. Equation 2.29 can be solved using

Lagrange multipliers, and results in the following formulation:

Wr′ =
[
LT

r′C
−1Lr′

]−1LT
r′C
−1 (2.30)

In the following cases, the covariance matrix C = MMT/(K − 1) is rank deficient: 1.

there is not sufficient amount of time points in the sensor data; 2. the data has a poor

SNR or 3. the data has been processed with SSS noise rejection techniques. In such

cases it will be necessary to introduce some regularization, through amplification of

the diagonal of the C, also known as diagonal loading (75). This procedure provides

some robustness against erroneous estimations of the covariance matrix, resulting in

a more stable solution. However, the regularization diminishes the spatial selectivity

of the beamformer (76) which as a consequence results in poorer spatial resolution
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of the beamformer estimates (77). Usually the diagonal of C is modified by: Ĉ =

C + µλmin I, where µ is the regularization factor and λmin is the smallest eigenvalue

of the covariance matrix, and is an estimate of the noise variance (78). The selection

of µ follows a trade-off between ensuring stable covariance matrix estimation (i.e.,

at high values) and maintaining spatial specificity (i.e., at low values). Whereas this

regularization procedure is employed in chapter 4, in chapter 5 another technique

which estimates the optimum regularization directly from the data is implemented.

This technique reduces the dimensionality of the sensor data using Bayesian principal

component analysis (PCA) (79) previous to the estimation of C.

Beamformer projections are usually normalized by the projection of noise in or-

der to have a uniform noise distribution across the brain. This normalization does

not affect to the computation of the functional connectivity, however in chapter 5, as

we were interested in studying the classification accuracy that was obtained using as

input features the power of the time series, source projections were normalized as

follows:

Q̂r′,Θ =
Wr′,Θ M√
WT

r′,ΘWr′,Θ

(2.31)

where Wr′,Θ represents the filter coefficients for a dipole at location r′ with orienta-

tion as Θr′ = [θ1, θ2, θ3]. The filter coefficients for a particular location and orientation

are obtained by linear combination of the coefficients for each of the canonical axes,

weighted by Θr′ . The estimation of Θr′ can be imposed a priori according to the geom-

etry of the head (i.e., tangential sources) or it can be obtained in a SNR maximization

search (80).

The beamformer fails in the estimation of the sources when they are strongly cor-

related. This happens because, in its formulation, the beamformers assume that the

currents associated with the different dipoles are uncorrelated. In Van Veen and col-

leagues (1997) it is demonstrated that if the correlation between two time series is

approximately 1 then the localization can not be achieved any more; however, for a

moderate correlation strength the sources can still be localized with sufficient accu-

racy (74). In addition, there is empirical evidence showing that such strong correla-

tions between dipole currents, that could affect the beamformer performance, are not

observed in long periods (i.e. several minutes) of resting state MEG recordings (51).
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2.2.3 Quantifying functional connectivity

The large manifold of available FC measures attempt in general to quantify similarities

between signals, i.e. how their amplitudes or phases covariates in time for a specific

frequency band of interest or even for the whole frequency spectrum. In fMRI, FC is

usually computed with the covariance between time-series; in MEG and EEG, instead,

due to their richer temporal resolution, several options to quantify the FC arise. These

measures can be linear or non-linear, phase or amplitude related, information-theory

based or model-driven (81).

In chapter 3 we quantified the connectivity between time-series using a phase syn-

chronization metric, the phase locking value. In this case the connectivity was quan-

tified at the sensor level, i.e., directly from the time-series that are measured in the

magnetometers and planar gradiometers. The quantification of sensor space FC has

a strong limitation, as it is strongly contaminated by the field spread, thus different

sensors can be sensitive to the same source. This effect makes the FC between sensors

to be not very informative. Through the application of source reconstruction methods

such as beamformers this problem is mitigated. In chapters 4 and 5 we reconstructed

the sources time-series and computed the connectivity between these sources. In chap-

ter 4 we computed band limited source envelope correlations. This method is non-

linear, and the reason to choose it was its proven ability in identifying fMRI large-scale

networks using MEG data (51), thus we considered that this FC measure provides an

accurately representation of the resting state neuronal processing. In chapter 5 we

estimated partial correlations between source envelopes. Partial correlations, unlike

the linear correlations, are sensitive only to direct connectivity, thus avoiding indirect

paths of information transfer. We introduced an approach to generate sparsity in the

partial correlations FC connectivity matrix, facing the non-stationarity of the neuronal

MEG time-series. Figure 2.13 describes the different pipelines followed in this thesis

for the estimation of FC networks.

2.2.3.1 Phase synchronization - Phase locking value

Phase synchronization methods attempt to compute the coupling of phases between a

pair of oscillators. This type of synchronization might be observed even in the absence

of correlation between the amplitudes, and requires the phase locking condition to be
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Figure 2.13: Pipelines for FC estimation - The figure describes the different pipelines of
FC analysis followed in chapters 3, 4 and 5. Text in red indicates seed data in the pipeline,
and text in blue indicates the final estimation of FC. The remaining labels in black indicate
intermediate steps which use either seed data or the output from other steps.
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fulfilled, i.e., ϕs1,s2(t) = |mφs1(t) − nφs2(t)| ≤ cte., where φs1(t) and φs2(t) are the

instantaneous phases of signals s1 and s2, and m, n are integers indicating the ration

of phase locking. In order to avoid sensitivity to random phase jumps of 2π, the

condition is transformed by substituting ϕs1,s2(t) for ϕ′s1,s2
(t) = ϕs1,s2(t) (mod 2π).

The first step in the computation of phase synchronization is the extraction of the

phases of the signals. The instantaneous phase of a signal can be obtained by means of

the analytic signal concept; given an arbitrary signal s, the analytic signal is a complex

function defined as:

x(t) = s(t) + jsHT(t) = A(t)ejφ(t) (2.32a)

sHT(t) =
1
π

P.V.
∫ ∞

−∞

s(t)
t− t′

dt′ (2.32b)

where sHT is the Hilbert transform of s(t). P.V. indicates that the integral is computed

in terms of Cauchy principal value, which is used to consider the singularity t =

t′. A(t) represents the instantaneous amplitude or signal envelope, and φ(t) is the

instantaneous phase.

An important advantage of this approach is that the phase can be easily obtained

for an arbitrary broad-band signal (82), whereas other approaches such as Wavelets,

are frequency-specific. Nevertheless, instantaneous amplitude and phase only are

meaningful when s(t) is a narrow-band signal. Therefore, previous to the phase ex-

traction, band-pass filtering is necessary to extract the frequency band of interest.

Once that the instantaneous phases have been extracted, the final step is the com-

putation of how accurately the phases fulfill the locking condition. For doing this in

this thesis the phase locking value (PLV) (39) was employed. The PLV metric is com-

puted as the time average of the phase difference, which quantifies how the relative

phase of the signals is distributed over a unit circle (81) (see fig. 2.14).

PLVs1,s2 = |〈e
j(ϕ′s1,s2

(t))〉| (2.33)

where 〈·〉 represents time-average. PLV ranges between zero and one. If the two

signals present phase synchronization, the relative phase will be distributed in a small

region of the circle, and the PLV will be high. In the contrary, if the two signals are not

synchronized in phase, the relative phase will spread out over the circle, and the PLV

will be near to zero.
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A.

B.

Narrow-band signals

Figure 2.14: Phase locking value (PLV) estimation - In A. two narrow-band signals are
represented as instantaneous amplitude and phase following the Hilbert transform for-
mulation. In B. the phase difference between two hypothetical signals is represented, in
order to describe the range of possible values for the PLV.

2.2.3.2 Envelopes correlations in source space

For the computation of envelope correlations, the instantaneous amplitude or enve-

lope of band-limited signals s(t) are first computed using the Hilbert transform. Then

the FC between a pair of signals is computed as the linear Pearson correlation between

envelopes, as:

RA1,A2 =
1

n− 1
∑n

i=1(A1(i)− 〈A1〉)(A2(i)− 〈A2〉)√
Var(A1)Var(A2)

(2.34)

where n is the number of time-samples, and Var is the variance. The interest in using

this metric arises from previous findings, where the resting state large-scale networks,

which have been extensively described with fMRI (83), were reproduced using MEG
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resting-state recordings (50, 51, 52). For doing this, envelopes where computed over

source reconstructed MEG time-series, and afterwards either seed-based or ICA ap-

proaches were employed to observe that the somatomotor system, the dorsal attention

system and even the DMN were reproduced using this approach (51, 53). In chapter 4

we were interested in describing anatomically and functionally the DMN, thus in or-

der to be congruent with the previous literature this FC measure was applied. Hilbert

envelopes were initially computed for the source reconstructed time-series. Signal

envelopes across voxels in each ROI of the DMN were averaged, thus obtaining one

time-serie for each of the selected ROIs. Finally, FC between regions of the DMN were

obtained by applying linear correlations.

2.2.3.3 Inverse covariance - an attempt to the discrimination of direct connections

The previous approaches to estimate FC do not imply either causality (i.e. the direc-

tion of information flow) neither direct connectivity. When the FC between two nodes

is not direct, FC might have its origin in two other possibles schemes: 1. a third node

in the route of communication or 2. a third node might be feeding the two without

a direct FC between them (see fig. 2.15). The distinction between direct and indirect

connections, is of high importance if one wants to describe the underlying biological

network (84), otherwise it would not be possible to attribute FC to a biological com-

munication mechanism. In biological terms, direct connections could be understood

as monosynaptic functional connections, whereas indirect connections would be the

polysynaptic functional connections.

Discrimination between direct and indirect FC can be achieved using partial cor-

relations (85). This metric consists in the computation of the correlation between two

time-series while regressing out the contribution of the rest of time-series in the net-

work, thus eliminating external contributions to FC and being only sensitive to direct

connections. The estimation of partial correlations between a set of time-series can

also be obtained with the precision matrix, defined as the inverse of the covariance

matrix (84). The elements in the precision matrix represent the partial correlations be-

tween time-series, and, interestingly, a value of zero in this matrix imply an absence of

direct connection. However, even if the covariance matrix is invertible, the precision

matrix will have all elements different from zero, since data samples are always finite

and noisy. Forcing the presence of zeros, i.e. sparsifying the network, is a valuable
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N1

N2 N3

Ground truth

Direct FC

Indirect FC

N1

N2 N3

Figure 2.15: Direct vs. indirect functional connectivity - On the left network the com-
munication flows from N1 to N2, and from N2 to N3. In this case indirect functional
connectivity will also be observed between N1 and N3. On the right example, a driven
node, N1, is communicating bidirectionally with N2 and N3. In this case the indirect
functional connectivity will be identified between N2 and N3.

approach to get information about how different brain regions interact. In this the-

sis a graphical lasso (GL) through `1−norm regularization was employed to achieve

sparseness in the precision matrices (86). This approach assumes that the data is mul-

tivariate Gaussian distributed with covariance matrix S and precision matrix Θ. GL

maximizes the following criterion:

log det(Θ)− tr(SΘ)− λ‖Θ‖1 (2.35)

where λ is there regularization parameter and ‖ · ‖1 refers to the `1−norm operator. To

solve this formulation a coordinate-descent procedure was employed (87).

In addition, adaptive regularization schemes led to improved efficiency in the es-

timation of the sparsity patterns (88). The adaptive formulation is easily included in

equation 2.35 by adding a element-wise multiplication with matrix of weights W.

log det(Θ)− tr(SΘ)− λ‖W ·Θ‖1 (2.36)

W elements are related to the inverse of the covariance between time-series, Wij =

1/
√

Sij. The same procedure to solve equation 2.35, can be applied to solve this new

equation. By adding the inverse of the elements of the covariance matrix in the reg-

ularization term of the equation 2.36, the penalization in elements with very low co-

variance is increased. In chapter 5, in addition to these two schemes, the benefits
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of informing the formulation with structural connectivity priors was evaluated. The

presence or absence of an anatomical connection has a lot to say when trying to dis-

criminate between direct or indirect connections, as direct anatomical paths are in

principle the only media to permit neuronal communication. So, as a third alterna-

tive, the adaptive matrix was computed as Wij = 1/
√

FDij, (see section 2.1.3 for an

explanation in the computation of FD).

2.3 Complex brain networks and graph theory

Complex networks describe interactions between a large set of units, often called

nodes. These networks originate either from cable or wireless connections between

computers, links between world wide web pages, electrical transmission lines in the

power grid or phone connections. Transportation complex networks are also present,

e.g. the map of roads, airlines, railroads or subway connections. Networks of human

interactions, journal paper citations or working collaborations are also very relevant in

the understanding of social behaviors. Finally, biological networks represent a recent

discipline which studies the interactions between genes, proteins, molecules or neu-

rons (89). Graphs are models that have been introduced to describe the mathematical

properties of these complex networks. Graphs simplify networks to consider essen-

tially their topology, i.e. a collection of nodes and their connection or edges. Graph

theory is the technical framework that allows the characterization of these simplified

models. In the case of the brain, macroscopic representation of neuronal interactions

can be modeled in terms of structural and functional connectivity brain graphs.

In graph theory a graph is conceived as a set of links or edges, E, and a set of

nodes or vertices, V. In the type of networks discussed here, i.e. macroscopic brain

networks, V may represent the set of brain locations that have been identified, e.g.

after a brain cortical parcellation approach, or the set of MEG sensors that were used

to record the brain neuronal activity. E is defined as the set of functional or structural

connections, as defined in the previous section, between the nodes in V. There are two

possible classifications of graphs; they can be weighted or unweighted, and directed

or undirected. Unweighted graphs are described just with the existence or absence of

links; commonly a value of ′1′ is assigned in the first case and ′0′ otherwise. Weighted

graphs have weights on their connections, thus indicating the strength or weakness of
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a connection. By the imposition of a threshold, it is possible to transform a weighted

graph into unweighted. The second classification of graphs describes the direction-

ality of the links, thus the connections are symmetric in a undirected graph, i.e., the

same connections happen from nodes vi → vj and from nodes vj → vi. This is not true

for directed graphs, where different connections might be represented in the different

directions, i.e. ei,j 6= ej,i. In figure 2.16, an illustrative description of the different graph

classifications has been included.

Graph theory analysis was employed in chapter 3 to characterize the topology of

FC networks obtained with the PLV. This metric does not bring information about

connectivity directionality, thus networks in chapter 3 were undirected. Also, it was

decided to maintain most of the information in networks, so as the FC measures re-

turn a weight of the connections, it was employed the whole weighted graph, instead

of thresholding to keep only the highest values. It is important to notice that these

networks were fully connected, as PLV is rarely zero.

Macroscopic brain FC networks present two important properties, they have seg-

regation and integration. Segregation properties quantify the local specialization of

nodes communities, i.e. how densely these nodes are interconnected. Integration in

a graph quantifies network’s ability to communicate globally, to transfer information

efficiently between any two nodes in the graph. The network clustering, C, is a mea-

sure that has been introduced to describe the segregation in a graph (90). Ci is the

clustering of vi, and reflects the probability of finding connected triangles in the graph

with this node. In addition, when working with weighted networks this measure is

also sensible to the strength of these triangles. C is computed as the average of the Ci

across nodes.

Ci =
∑k,m∈V eijejkeik

∑k,m∈V eijeik
(2.37)

The shortest path length, Li, quantifies the integration of a node in the network

by quantifying its minimum distance to all the nodes in the graph. The distance be-

tween two adjacent nodes is defined as the inverse of the weight between these nodes

dij = 1/eij. However, this distance is not necessarily the minimum distance, as it might

happen that an alternative path, i.e. sequence of links, between these two nodes had

a lower distance than the direct connection. The distance of a path is quantified as

the sum of the distances of the links in the path. In order to obtain the minimum
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distance lij between each pair of nodes, the Dijkstra’s algorithm is applied to the ma-

trix of adjacent distances (91). This algorithm performs an exhaustive search for the

path with minimum distance between two nodes. Li is then the average of the mini-

mum distances of the node vi with all nodes in the network, Li =
1
V ∑j∈V lij (92). The

characteristic path length, L, is the average shortest path length across nodes. An-

other measure of integration in a graph is the network strength, S. This metric simply

quantifies in average the sum of all the weights connected to a node S = 1
V ∑i ∑j eij.

Directed weighted graph

Undirected weighted graph

Directed unweighted graph

Undirected unweighted graph
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h
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o
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Figure 2.16: Graph classification and graph metrics - In the upper side of the figure classi-
fications of graphs according to directionality of the links, and the the presence or absence
of a link are depicted. Down in the figure three graph measures, strength, clustering and
shortest path are illustrated.

These measures, however, present a limitation. Although they are measures of

segregation and integration, they are strongly correlated between each other. Hence,

graphs with a high S will have a low L and a high C. Thus, sometimes, it is convenient

to normalize them across a network variant, a randomized network. A randomized

network is a counterpart version of the original network where all links have been ran-

domly shuffled. On the contrary to S, which will be the same for both networks, C and
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L can be computed for these new networks, obtaining Crdm and Lrdm. This randomiza-

tion procedure does not have an unique solution, and multiple iterations are usually

recommended. The ratio of C/〈Crdm〉 and L/〈Lrdm〉, where 〈·〉 is the mean across itera-

tions, is defined as the normalized clustering Ĉ and the normalized characteristic path

length L̂. These normalized metrics represent how close the graph metrics are to those

that are found in a random network, whose links have been created by chance and

with no biological meaning. If the normalized metrics have values close to one, then

the networks tend to a random organization, and otherwise, they deviate from pure

random organization. These metrics have eliminated the contribution of the network

strength, as it has disappeared by performing the ratio with a counterpart network.

Watts and Strogatz proposed in 1998 (92) that networks with a characteristic path

length close to that of random and a clustering significantly higher than its random

counterparts would have a small-world topology. This is the same than saying that

these networks would have high segregation, densely connected regions represented

with a high clustering, similar to those observed in random networks, and also would

have a high integration, all nodes in the networks would be easily reached due to a

low characteristic path length. The characterization of the small-world in a network

is only possible through the computation of Ĉ and L̂. Human brain functional net-

works function in a small-world configuration, as it has been observed in neuroimag-

ing studies (93, 94). This organization is impaired in many neurological diseases such

as schizophrenia (95), or Alzheimer’s disease (AD) (96). In this thesis we have applied

the developed methods in a sample of MCI subjects. This condition, as it will be ex-

plained in the next section is considered as risk factor for developing AD, and thus in

chapter 3 we decided to characterize FC networks according to these metrics in order

to observe if the same results described for AD are also evidenced in MCI.

2.4 Mild cognitive impairment and Alzheimer’s Disease

Dementia is characterized by a severe deterioration in cognition, function and behav-

ior. Around 30 million people worldwide have dementia, and this number is expected

to double every twenty years (97). Alzheimer’s disease (AD) is the most common

type of dementia, representing about 60− 80% of the dementia cases (98). AD specific

symptoms include memory impairment, apathy and depression. In a more advanced
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stage of the disease symptoms such as impaired communication, disorientation, con-

fusion, poor judgement, and behavior changes are also observed. Lately, in the final

course of the disease difficulties in speaking, swallowing and moving/walking will

occur. Moving difficulties increase the risk of infections, including pneumonia, a com-

mon factor contributing to the death of AD patients. AD is considered a progressive

brain disease that begins well before clinical symptoms emerge (99). The key patho-

logical footprints of AD are the accumulation of extracellular plaques of the amyloid-

β (Aβ) poly-peptide and the intracellular accumulation of hyper-phosphorylated tau

(p-tau), a protein in form of neurofibrillary tangles. The accumulation of these pro-

teins in the brain impairs the normal neuronal functioning, impeding the synaptical

transmission, and subsequently promotes the neuronal death, which cause the clinical

symptoms described above.

There are several risk factors attributed to the development of AD:

• aging. Most AD cases are diagnosed at age 65 or older (98), being this latter

referred as the late-onset AD. Only few cases are diagnosed at younger ages, the

early-onset AD.

• Family history. Individuals with a first-degree relative with AD are at a higher

risk of developing the disease (98).

• Genetics, Apolipoprotein E (APOE)-ε4 gene. The APOE gene is the precursor of

a protein that carries cholesterol in the bloodstream. There are three forms of the

APOE gene, ε2 , ε3 and ε4. Studies show that subjects having the ε4 form are at

a higher risk of developing AD (100).

• Genetics in the case of early-onset AD. Mutations of two presenilin genes (PSEN1

and PSEN2) have been implicated in the pathophysiology of early-onset AD

(100). These genes encode proteins involved in the failure of amyloid precur-

sor proteins, and therefore in the beta-amyloid generation.

• Cardiovascular disease. Risk factors contributing to cardiovascular disease, such

as smoking, obesity, diabetes, high cholesterol and hypertension are also risk

factors contributing to AD.
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• Education. People with lower educational level are at a higher risk for AD and

other types of dementia, in comparison with those with more years of education

(98). This fact is generally attributed to the building of a cognitive reserve, which

is considered to compensate in the brain for changes that could result in demen-

tia symptoms. However, interestingly, in a recent study it was observed that

subjects with higher education showing first signs of memory impairment are at

a higher risk of developing dementia than subjects with less years of education

(101)

• Traumatic brain injury (TBI). Moderate and severe TBI increase drastically the

risk of developing AD (102).

• Mild Cognitive Impairment, (MCI). MCI is a condition where the subject has

mild but measurable changes in cognitive skills, that are observable to the same

person or to their relatives, while other necessary abilities to perform daily liv-

ing activities are preserved. People with MCI, particularly those with memory

impairment, are more likely to develop AD than non-MCI subjects (103), and

thus this is sometimes considered as an intermediate stage between cognitively

normal aging and AD.

Although brain changes and clinical symptoms in AD are related, they don’t oc-

cur simultaneously, instead, brain changes may precede the clinical symptoms about

twenty years or more, and the accurate identification of these changes represent a

challenge in the early diagnose of AD. A possible timing describing the initial brain

changes in AD and the symptoms in advanced stages of the disease is represented in

figure 2.17. In this figure three stages of the continuum AD were proposed: preclinical

AD, MCI due to AD and dementia due to AD.

1. Preclinical AD is identified when an individual has any positive biomarker but

has no other clinical symptoms, such as memory loss.

2. MCI due to AD is attributed to the subjects with mild symptoms but still able to

perform everyday tasks.

3. Dementia due to AD is considered for the individuals with more pronounced

symptoms interfering with everyday tasks.
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Figure 2.17: Hypothetical model of biomarker’s sensitivity for the AD continuum - Aβ

is deposited initially, while the patient is still asymptomatic, and may be measured by
amyloid markers in the CSF or by PiB-PET imaging (red curve). Neuronal injury happens
next, and may be measured by tau markers in the CSF or by FDG-PET (blue curve). Neu-
ronal injury is followed by neuronal death, and may be measured by quantifying atrophy
on MR imaging (green curve). Once the neuronal death occurs, patients become symp-
tomatic, being their memory first affected (purple curve). This phase happens at the MCI
due to AD stage, and is followed by deficits in other domains, leading to impaired daily
function (dark green curve) and dementia. Reproduced from (104, 105)

The existence of a preclinical stage would strengthen the hypothesis that AD re-

lated brain changes may be occurring ten to twenty years before the clinical symp-

toms. However, at this time there is no diagnostic criteria that doctors can use to

discriminate preclinical AD in daily routine. In particular, MCI appears to be a pos-

sible candidate to the study of potential early biomarkers. The prevalence of MCI

is of 10 − 20% in people older than 65 years old (103). Among those that contact

their physicians complaining about their symptoms, about 15% develop dementia ev-

ery year. Within the MCI individuals, those with memory impairment, i.e. amnestic

MCI (aMCI), are more likely to develop dementia due to AD than to those without

memory impairment. MCI individuals might remain cognitive stable, or revert their

symptoms, being the latter more likely when the memory is not impaired. Although
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the transition to dementia is still a great unknown, many investigators consider MCI

directly as an early stage of dementia.

This sequence of stages raises some questions. What changes can be observed in

the preclinical AD brains, that tell us the proximity of the next stage? Is it possible

to distinguish those subjects with MCI that will develop dementia from those that

will not, or more interestingly, how likely is to revert the MCI symptoms? Are there

specific changes in the brain of those MCI subjects that have memory complaints?

The answer to these questions, among others, could improve the efficiency of new

pharmacological treatments which for the moment are still not capable of slowing or

stopping the course of the disease. The administration of pharmacological treatments

in earlier stages of the disease, such as preclinical AD or MCI, is considered to be

more effective than in later stage, when the brain damage is irreversible. In order

to test these drugs, it would be necessary to develop biomarkers which permits the

identification of these early diagnoses, and that allows the monitoring of the treatment

evolution. For this reason, a bulk of research pretends to identify early biomarkers

of AD, or combinations of biomarkers, which allow its characterization in it earlier

stages.

Up until 2011, the confirmation of an AD diagnose was only possible after the pa-

tient autopsy, when Aβ plaques were identified in the brain extracellular space. In the

guidelines for AD diagnosis published in 2011 (106), some biomarker tests are incor-

porated to the diagnose of a probable AD, which are grouped according to the biology

they characterize. Biomarkers of brain Aβ protein deposition are low CSF indices of

Aβ42 and positive amyloid brain deposition, assessed with positron emission tomog-

raphy (PET) and the Pittsburgh compound B (PiB) tracer. Biomarkers of neuronal

degeneration, instead, comprise elevated CSF tau (both tau and p-tau), decreased 18

fluorodeoxyglucose (FDG) uptake on PET in the temporo-parietal cortex, and dispro-

portionate atrophy on structural magnetic resonance imaging in medial, basal, and

lateral temporal lobe and medial parietal cortex.

The invasiveness of these biomarkers is also a matter of consideration. Healthy

subjects, or with few symptoms, in a population screening might hesitate in carrying

out a CSF lumbar puncture or a PET scan, and therefore there is a strong necessity for

less invasive biomarkers. From the biomarkers described by McKann and colleagues

(106), the grey matter atrophy, assessed with MRI, is the least invasive. However, once
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that these changes in neuronal atrophy are evident, there is no turning back, thus this

biomarker is not considered to be very specific for an early diagnosis.

Figure 2.18: Neuroimaging continuum of AD - Hypothetical model of various neu-
roimaging biomarkers during the AD progression. Reproduced from (107)

Other MRI neuroimaging biomarkers are now being considered (108). Functional

MRI (fMRI) seems to be sensitive to MCI brains, showing increased hippocampal ac-

tivation in the successful performance of a particular memory task, indicating a pos-

sible compensatory brain mechanism (109). In addition, a reduced activation in the

default mode network (DMN) in resting state was related to the Aβ deposition, mea-

sured with PiB-PET, confirming a pathological modulation of the resting state net-

works (110). All these metabolic changes come across with the characteristic neuronal

degeneration of dementia. The region of the hippocampus, although not exclusively,

presents an correlation between degree of atrophy and Aβ deposition (111). See figure

2.18 for a description of the possible evolution of these biomarkers in the continuum
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of AD.

In addition to the previous biomarkers, dMRI has also prove its utility aiding dis-

crimination of MCI and AD from healthy subjects. Due to its mainly neuronal compo-

nent, little attention was initially given to the utility of WM sensitive MRI to the de-

scription of AD. However, axonal and dendritic integrity is affected in the early stages

of the disease. Studies of dMRI in MCI and AD using region of interests (ROIs), voxel-

based analysis (VBA) or tract-based spatial statistics (TBSS) analysis found significant

decline of FA, and increase of MD, in many WM regions. Currently, it is known that

several tracts are specifically damaged in MCI, including the uncinate fascicle, infe-

rior and superior longitudinal fascicles, the cingulum (especially the posterior part),

and the splenium of the corpus callosum (112, 113, 114, 115, 116, 117). In AD, the

WM damage spread towards many tracts in the parietal, frontal and temporal lobes,

covering the cingulum, fronto-occipital fascicles, inferior and superior longitudinal

fascicles, uncinate fascicles and the descending cingulum (cingulum of the hippocam-

pus) (113, 116, 117, 118, 119). The WM changes observed in MCI and AD seems to be

correlated to cognitive evaluation as reported in Huang and colleagues in 2007 (120).

Recently, a group of authors hypothesized that WM damage could happen even ear-

lier than neuronal death in the hippocampus (121). If this was definitely proven to be

truth, then the characterization of the WM would be a better descriptor of the course

of the pathology than the simple cortical atrophy. Nevertheless, there is still necessity

for larger evidence and more standardized dMRI clinical protocols.

Neurophysiological studies using EEG and MEG have also attempted to charac-

terize MCI and AD. Due to their non-invasive nature, in specific cases, such as pop-

ulation screening initiatives, they would be the ideal biomarkers. Also, due to their

richer temporal resolution, these techniques may be sensible to the earliest functional

changes in the course of the pathology, that might occur secondary to neuropatho-

logical processes (122). However, their usefulness as a diagnostic tool remains to be

confirmed. EEG analyses in MCI and AD have reported a slowing of the brain os-

cillations, marked by an increase of oscillatory power in delta (2 − 4Hz) and theta

(4− 8Hz) fequency bands, together with a decrease of power in alpha (8− 12Hz) and

beta (12− 30Hz) bands (123). Also differences in power in theta and alpha in posterior

regions of the brain seems to be a good discriminator of MCI subjects that will develop

AD (124). Although there is some evidence pointing to MCI as an intermediate stage
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between healthy aging (HA) and AD, there is still a significant degree of overlap be-

tween healthy and pathological EEGs (125), leading to some authors to conclude that

power spectrum analyses of EEG might not be a sufficient diagnostic tool (126).

Using FC analyses in EEG, some authors observed decreased connectivity in AD

compared to MCI and healthy subjects (127). Under the performance of a memory

task, increased FC was observed in MCI (128), being also related with the risk of de-

veloping AD. Results of FC analyses under task conditions, have driven a hypothetical

compensatory theory, where this mechanism permits MCI subjects to perform satis-

factory although neuropathological changes are starting to be present.

Nevertheless the specificity of EEG for MCI is still inadequate to be considered

as a clinical biomarker, MEG has proven to be a more sensible technique as it solves

some of the technical limitations of EEG. MEG is not affected by differences in con-

ductivity between tissues interfaces, thus having a higher SNR in faster frequencies,

and facilitating the source reconstruction analyses; it has no necessity for a reference

sensor, thus improving the utility for FC analyses; and finally provides, in most set

ups, a larger spatial resolution than EEG, due to the larger number of sensors. Source

reconstruction analyses in MEG have revealed the slowing of the frequency power

spectrum in the brains of aMCI patients, in particular a decrease on the resting state

alpha power in posterior regions, which was inversely correlated to the volume of the

hippocampus (129), thus indicating a relation between the characteristic brain changes

in MCI and AD and the changes observed in MEG. Resting state FC analyses using

MEG showed a loss of long-distance connectivity (96, 130). In MCI, similar patterns

of disconnection have been observed in comparison with HA subjects (131). In atten-

tion demanding tasks an increase of synchronization in MCI compared with healthy

controls was observed (132). This result was discussed as in EEG in the context of a

compensatory response, which can be observed during the MCI stage. Following this

evidence, Bajo and colleagues (133) proposed a model for the course of AD as assessed

with MEG, showing that task-based functional connectivity tend to initially decrease

in preclinical stages of AD, referred in the paper as subjective memory complaints,

later in MCI this connectivity increased, i.e. following a compensatory mechanism,

and finally this compensation was fully disrupted in AD, causing to a global reduc-

tion of FC. These results contribute to start perceiving MEG as a potential biomarker in
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the characterization of preclinical AD (subjective memory complaints subjects), MCI

due to AD and dementia due to AD.

These observations in the AD continuum, i.e. decrease of resting state FC, de-

crease of WM anisotropy and increase of diffusivity in several tracts, lead to many

researchers to explain AD cognitive symptoms as a disconnection syndrome. In such a

syndrome, the impairment of the brain network connections leads to the patients cog-

nitive impairment (134). This disruption of the anatomical and functional connections

in AD might also be happening at the earliest stages of the preclinical AD, and thus

the accurate characterization of these connections could contribute to the discovery of

accurate and non-invasive early biomarkers of the disease.

Until now, only findings using single modal approaches have been mentioned.

However, although single modal analysis are useful in showing differences, they present

a limitation, i.e. they are weak in providing a full explanation of the process that it is

taking place in the brain. Specifically, if we consider the disconnection model, we

could benefit of the complementary information of structural and functional connec-

tions, as one has no meaning without the other.

Although it is clear that FC should rely upon SC, the exact relation that exists be-

tween the anatomical and FC in the brain is still an open question (117, 135, 136).

There is a long trajectory of approaches attempting to fuse both kinds of informa-

tion. Early research on this topic focused on relating FC to SC within few regions

in the brain (137, 138, 139, 140, 141, 142). Some results support that functional pat-

terns of resting state connectivity are generated by underlying anatomical networks

(143, 144, 145, 146, 147). Interestingly, the disruption of this FC−SC relation has been

thought to result in significant behavioral deficits related to other disconnection syn-

dromes such as schizophrenia (148). In this thesis we have designed and followed

three multimodal approaches to study MCI patients using MEG and dMRI. In chap-

ter 3 white matter integrity is related to the organization of the FC networks in sensor

space using multivariate linear regression and graph analysis. In chapters 4 and 5, in

order to increase specificity in the results, the source brain activity was reconstructed

following a beamforming approach (see section 2.2.2.2). In chapter 4 SC from DTI

tractography is directly compared with the changes in FC between MCI and healthy

subjects. Finally, in chapter 5 both SC and FC are combined to inform a regression

model that generates a brain network which quantifies the direct FC between cortical
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regions. This approach led us to promising results in the classification of MCI against

healthy subjects.
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Chapter 3

White matter damage disorganizes
brain functional networks in mild
cognitive impairment
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White Matter Damage Disorganizes Brain Functional
Networks in Amnestic Mild Cognitive Impairment
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Abstract

Although progressive functional brain network disruption has been one of the hallmarks of Alzheimer’s Dis-
ease, little is known about the origin of this functional impairment that underlies cognitive symptoms. We in-
vestigated how the loss of white matter (WM) integrity disrupts the organization of the functional networks at
different frequency bands. The analyses were performed in a sample of healthy elders and mild cognitive im-
pairment (MCI) subjects. Spontaneous brain magnetic activity (measured with magnetoencephalography) was
characterized with phase synchronization analysis, and graph theory was applied to the functional networks.
We identified WM areas (using diffusion weighted magnetic resonance imaging) that showed a statistical de-
pendence between the fractional anisotropy and the graph metrics. These regions are part of an episodic mem-
ory network and were also related to cognitive functions. Our data support the hypothesis that disruption of the
anatomical networks influences the organization at the functional level resulting in the prodromal dementia
syndrome of MCI.

Key words: diffusion tensor image; graph theory; magnetoencephalography; mild cognitive impairment; multi-
modal integration; phase synchronization

Introduction

Alzheimer’s disease (AD) is the pathological cause of
the most common dementia in the world, and as many

as 50% of people older than age 85 may be afflicted (Corrada
et al., 2010; Evans et al., 1989; Fitzpatrick et al., 2004). The
diagnostic hallmarks of AD are neurofibrillary tangles and
amyloid plaques that are easily identified in postmortem ex-
amination (Braak and Braak, 1991), and more recently with
in vivo brain imaging techniques (Frisoni et al., 2013). This
disease causes significant alterations in brain function, loss
of cortical gray matter, and results in premature death
(Brookmeyer et al., 2002; Ganguli et al., 2005).

However, in the mild stage of the dementia syndrome, and
even in the pre-dementia stage of mild cognitive impairment

(MCI), the exact relationships between brain structure, func-
tion, and clinical symptoms, are not well understood. For ex-
ample, there is a significant disruption of the connections
between neurons at synaptic level (Selkoe, 2002), which
resulted in the ‘‘disconnection syndrome’’ (Bajo et al.,
2010; Delbeuck et al., 2003; Geschwind, 1965; Geschwind
and Kaplan, 1962; Morrison et al., 1986) model of AD.
The defining characteristic is the loss of interregional con-
nectivity (and subsequent clinical symptomatology), but it
is still unknown how these changes affect brain function.

Impairment at the neural network level can be evaluated
by techniques of recording brain activity in real time
[using technologies like magnetoencephalography (MEG)
or by studying the brain anatomical network [using diffusion
tensor image (DTI)]. MEG has provided critical insights into
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the disruption of functional brain network architecture
(Buldú et al., 2011; Stam et al., 2009) across the spectrum
of cognition in aging ranging from a state of normal cogni-
tion, through subjective (but not objective) memory symp-
toms, to MCI to frank dementia (Bajo et al., 2010; Buldú
et al., 2011; Stam et al., 2006). Studies of the anatomical net-
works and connectivity with DTI have shown impairment of
the white matter (WM) in MCI (Medina et al., 2006;
O’Dwyer et al., 2011). However, little is known about the re-
lationship between these two components of brain network
organization (Teipel et al., 2009).

Here, we have attempted to answer a core question related
to the underlying disruptions of brain structure and function
that characterizes the prodromal dementia syndrome of MCI.
That is, what are the relationships among changes in the
structural integrity of the connections between brain regions,
the dynamic patterns of the brain activity measured with
MEG, and the clinical symptoms of MCI? We used the meth-
odologies of graph theory (Bullmore and Sporns, 2009) to
analyze the functional connectivity (FC) networks that we
obtained through our MEG scans. We then combined these
data with those derived from DTI, which allows measure-
ment of the integrity of the connective tracts between brain
regions. We were specifically interested in knowing the ex-
tent to which physical changes in the brain, manifested as
a disruption of the connecting fibers as revealed by DTI,
resulted in alterations in the FC networks as measured by
MEG, and to changes in cognitive function.

We addressed this question by studying 89 elderly indi-
viduals: 52 healthy elderly subjects, and 37 MCI patients
whose main feature was a significant loss of memory referred
to as amnestic mild cognitive impairment (aMCI) (Petersen,
2011). We studied the relationship between graph theory-
derived measures of FC, anatomical interconnectedness mea-
sured with DTI data, and neuropsychological test performance.
We found significant correlations between the integrity of WM
and functional integrity measured in the patients with MCI. Of
most importance, we found that those WM tracts that were
linked to the measures of FC corresponded to parts of an ana-
tomically defined network that supports episodic memory.
Thus, we have identified, for the first time, using multimodal
imaging techniques, a direct link between anatomical intercon-
nectedness as measured by magnetic resonance imaging
(MRI), and functional interconnectedness as measured by
MEG imaging. These results provide important confirmation
of the disconnection hypothesis of the structure–function ab-
normalities in AD, and suggest a possible mechanism that
may increase the risk of MCI in normal aging.

Materials and Methods

Sample selection

Eighty-nine individuals participated in this study: 52
elderly healthy controls (HC) and 37 MCI patients (demo-
graphical description is included in Table 1). The two groups
showed significant differences ( p < 0.01) in the age, educa-
tion scores, and MMSE evaluation after a paired t-test. No
significant differences were found for the gender distribu-
tions after a Chi-square test ( p = 0.11). None of the partic-
ipants had histories of major psychiatric disorders or
neurological diseases. There was no evidence of stroke
or tumor from the structural MRI scans.

The diagnosis of MCI was based on a neuropsychological
examination made at the Hospital Clı́nico de Madrid and the
‘‘UPDC del Ayuntamiento de Madrid.’’ Healthy people were
recruited from the ‘‘Seniors Center of the district of Chamar-
tı́n, Madrid.’’ MCI patients were classified at stage 3 of the
GDS and were diagnosed according to the Grundman et al.
(2004) criteria. All of the MCI patients had a Clinical
Dementia Rating (Berg, 1988) score of 0.5, and none were
taking cholinesterase inhibitors (e.g., donepezil) or other
cognitive enhancing medications (e.g., memantine) before
MRI and MEG scanning.

The research described in this report was reviewed by the
Ethics Committee of the Technical University of Madrid. All
of the participants signed a written informed consent before
participating in any research activities.

MEG acquisition and analysis

MEG data were acquired with a 306 channel Vectorview
system (Elekta-Neuromag) at the Center for Biomedical
Technology (Madrid, Spain). The system comprises 102
magnetometers and 204 planar gradiometers, located inside
a magnetically shielded room. Sampling frequency was
1 kHz and online filtering 0.1–330 Hz was applied. A head
position indicator (HPI) system and a three-dimensional dig-
itizer (FastrakPolhemus) were used to determine the position
of the head with respect to the sensor array. Four HPI coils
were attached to the subject (one on each mastoid, two on
the forehead), and their position with respect to the three fi-
ducials (nasion and left and right preauricular points) was de-
termined. We recorded vertical eye movements, using two
electrodes attached above and below the left eye, and a ref-
erence electrode on the left earlobe. Subjects were asked to
stay calm with their eyes closed for 3 min.

External noise was removed from the MEG data using the
temporal extension of signal-space separation (Taulu and
Kajola, 2005) in MaxFilter (version 2.2, Elekta-Neuromag)
using a 10s raw data buffer and subspace correlation limit
of 0.9. The data were subsequently adjusted for head move-
ment every 200 ms and transformed into a common space.

Data were then preprocessed with Fieldtrip (Oostenveld
et al., 2011). The continuous time series (resting state) were
split into contiguous 4 sec trials. Jump, muscle, and ocular ar-
tifacts were automatically detected and trials containing arti-
facts were removed. Subjects with fewer than 25 clean trials

Table 1. Demographic Variables Including Gender,

Age, MMSE Scores and Education Scores

Group

Gender:
% male

(p = 0.11)a
Age

(p < 0.01)b
MMSE

(p < 0.01)b
Education
(p < 0.01)b

HC (n = 52) 28 69.92 (4.45) 29.31 (0.86) 3.64 (1.21)
MCI (n = 37) 52 74.22 (6.48) 27.44 (2.45) 2.82 (1.34)

Education level is quantified as: 1. Illiterate; 2. Elementary school
studies; 3. Secondary school studies; 4. Technical or Mid-level stud-
ies; 5. Higher-education or University studies. Data is given as mean
(standard deviation).

aThe p-value was obtained by Pearson Chi-square.
bThe p-value was obtained by two-sample two-tailed t-test.
MMSE, mini-mental state examination; HC, healthy control;

MCI, mild cognitive impairment.
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were not considered for further analyses. Notch filters were
used to remove the frequency of the power line (50 Hz) and
its harmonics, and a bandpass filter of 1–150 Hz was applied.
The time series were then filtered into five frequency bands:
delta (2–4 Hz), theta (4–8 Hz), alpha (8–12 Hz), beta (12–
30 Hz), and gamma (30–60 Hz) with linear finite impulse re-
sponse filters of order 1000 and 1 sec padding.

We computed the FC between all 5151 unique pairs of the
102 magnetometers in all frequency bands using phase lock-
ing value (PLV), a measure of phase synchronization (Mor-
mann et al., 2000). Phase synchronization is not sensitive to
the amplitudes of the signals. The instantaneous phase of a
signal uj (t) is first computed using the Hilbert transform,
then 1 sec is removed from edges on each side. The instanta-
neous phase difference is then computed between pairs of
signals uj (t). The PLV was obtained as the mean phase vec-
tor, which is based on the circular variance of the phase dif-
ferences projected onto the unit circle:

PLV =
1

M
+
M

m = 1

ei(uj(tm)�uk(tm))

����

����

where M = 4000 is the number of samples in the time series
(4 sec sampled at 1000 Hz). PLV indices have values that
range from 0.0 to 1.0, where 0.0 indicates uncorrelated
phase differences and 1.0 corresponds to perfect phase syn-
chronization.

The computation of PLV between all pair of magnetome-
ters yields a measure of the PLV networks (PLVn), which
consists of all 102 nodes connected by their PLV. The net-
works were fully connected because PLV was never 0.
PLVn were averaged across trials leading to one PLVn for
each frequency band and subject. The PLVn were processed
with graph analysis using two metrics that have already been
shown to discriminate AD from healthy elderly people (Stam
et al., 2009): network clustering (C ) and the characteristic
path length (L) normalized over random networks

�
Ĉ, L̂

�

[see Rubinov and Sporns (2010) for a review].
The clustering of a node Cj reflects the probability of find-

ing connected triangles in the network with this node. It can

be calculated as Cj = +
k, m2N

wjkwkmwjm

+
k, m2N

wjkwjm
, where wjk represents the

weight (PLVs) between nodes j and k (Onnela et al.,
2005), and N is the set of nodes (102 magnetometers). The
network clustering is obtained by averaging C = 1

N
+

j2N
Cj.

The characteristic path length depends on the distance
between nodes. The distance between a pair of nodes is con-
sidered as the inverse of the weights between these two nodes
djk = 1/wjk. We define now a path as a sequence of links that
connect a pair of nodes. The shortest path between every
two nodes ljk is computed using Dijkstra’s (1959) algorithm.
The characteristic path length is the average of all shortest
paths between nodes in the network L = 1

N2 +
j, k2N

ljk (Watts
and Strogatz, 1998).

Graph metrics such as C and L are absolute measures of
the network segregation and integration properties respec-
tively. However, these measures are biased by the strength
of the connections and their interpretation is not straightfor-
ward. Because we are more interested in the topological
properties of these measures, that is, the network organiza-
tion, we needed to eliminate the contribution of the connec-
tion strength. For that we followed the method described by
Maslov and Sneppen (2002).

The original networks were ‘‘randomized’’ 100 times, by
permuting the weights of the connections. C and L were
recomputed for each random matrix and averaged across ma-
trices. Finally, we ‘‘normalized’’ the metrics by dividing the
original network parameters by the average of the same pa-
rameter from the random networks (Fig. 1). If

�
Ĉ, L̂

�
are

close to 1.0, this means that the measures of segregation
(C ) and integration (L) are similar to those of random net-
works. By contrast, if the normalized graph metrics differ
from 1.0, the network parameters (clustering and characteristic
path length) indicate that the system is deviating from a pure
random organization, but they do not shed light on what
kind of guiding rules are responsible for this deviation. In ad-
dition, we computed the network strength, S, a measure of the
global level of connectivity of the network. S is calculated as
the average of all node’s strengths S = 1

N
+

j2N
Sj, Sj being

the sum of all weights connected to node j Sj = +
k2N

wjk.

FIG. 1. From the neurophysiological signal to the network metric. (1) Synaptical currents produce magnetic fields that are
measured with a magnetoencephalography (MEG) scanner. (2) Phase synchronization [phase locking value (PLV)] between
pairs of MEG time series is computed, yielding a functional network per subject and frequency band. Random versions of the
networks are obtained by random reshuffling of the original links. (3) Graph theory analysis is applied to obtain the normal-
ized network shortest path and clustering. Color images available online at www.liebertpub.com/brain
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The graph metrics were compared between groups with mul-
tivariate ANOVA tests. Kolmogorov–Smirnov and Levene
tests were used to ensure normality of the data and equal var-
iances across groups. Three-way ANOVA analysis was per-
formed considering diagnosis, age, and gender as factors.
We tested the significance of any observed differences in
the diagnosis main effect using a false discovery rate (FDR)
(Genovese et al., 2002) of q < 0.1.

MRI acquisition and analysis

All images were collected using a General Electric 1.5T
magnetic resonance (MR) scanner, using a high-resolution an-
tenna and a homogenization PURE filter. Three-dimensional
T1-weighted anatomical brain MRI scans were acquired
with a Fast Spoiled Gradient Echo (FSPGR) sequence with
the following parameters: TR/TE/TI = 11.2/4.2/450 ms; flip
angle 12�; 1 mm slice thickness, a 256 · 256 matrix, and
FOV 25 cm. T2-weighted and FLAIR images were also ac-
quired to identify vascular lesions and WM abnormalities.

Diffusion weighted images (DWI) were acquired with a
single shot echo planar imaging sequence with the following
parameters: TE/TR 96.1/12,000 ms; NEX 3 for increasing
the signal to noise ratio; 2.4 mm slice thickness, 128 · 128
matrix, and 30.7 cm FOV yielding an isotropic voxel of
2.4 mm; 1 image with no diffusion sensitization (i.e., T2-
weighted b0 images); and 25 DWI (b = 900 sec/mm2).

DWI were pre-processed with FMRIB’s Diffusion Tool-
box (http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FslOverview/). Pre-
processing consisted of eddy-current correction, motion
correction, and the removal of non-brain tissue using the ro-
bust Brian Extraction Tool (Smith, 2002). Diffusion tensor
images (DTI) were created using the weighed least squares
fitting method. We derived images of fractional anisotropy
(FA) from the DTI, where higher values (i.e., anisotropic
movement) are considered a marker of healthy WM tracts
(Basser and Pierpaoli, 1996). We used a voxel-based analysis
(VBA) pipeline to find differences in FA between groups,
and later to find correlations between FA and graph metrics
from FC networks.

Voxel-based analyses

VBA of FA images was carried out with SPM8 software
(www.fil.ion.ucl.ac.uk/spm/software/spm8/). First, b0 im-
ages were manually aligned to the AC-AC line, and the
same alignment was applied to the FA images. Then, these
FA images were co-registered to a FA template from FSL
(http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FMRIB58_FA) using lin-
ear affine registration with normalized mutual information
as the fitness function (Collignon and Maes, 1995). The reg-
istered images were normalized to the FA template using a
non-linear registration algorithm (Ashburner, 2007) and
were then smoothed with a 3D Gaussian kernel [4 mm full
wide half maximum (FWHM)]. The resulting FA images
were averaged across subjects, obtaining one template for
each of the two groups HC and aMCI. All FA images were
normalized to their own template and smoothed with a 3D
Gaussian kernel (4 mm FWHM). Differences in FA between
groups were obtained by performing a general linear model,
with age and sex as covariates. We tested the significance of
any observed differences using a paired t-test with p < 0.001
with an extent threshold of 20 voxels.

T
a

b
l

e
2

.
G

r
a

p
h

M
e

t
r

i
c

s
C

o
m

p
a

r
i
s
o

n
B

e
t

w
e

e
n

H
C

a
n

d
a

M
C

I
G

r
o

u
p
s

C
lu

st
er

in
g

C
h

a
ra

ct
er

is
ti

c
p

a
th

le
n

g
th

S
tr

en
g

th

G
ro

u
p

G
ro

u
p

G
ro

u
p

F
re

q
u

en
cy

b
a

n
d

H
C

M
C

I
p
-V

a
lu

e
H

C
M

C
I

p
-V

a
lu

e
H

C
M

C
I

p
-V

a
lu

e

A
lp

h
a

0
.3

1
8

4
(0

.0
3

8
0

)
0

.3
2

6
1

(0
.0

3
9

6
)

0
.1

8
5

8
3

.3
1

6
1

(0
.3

2
8

0
)

3
.2

3
6

0
(0

.3
5

4
8

)
0

.1
1

4
9

3
3

.6
9

6
9

(3
.7

9
1

2
)

3
4

.4
8

1
4

(3
.9

7
6

8
)

0
.1

7
7

9
B

et
a

0
.2

1
1

8
(0

.0
1

6
4

)
0

.2
1

8
7

(0
.0

1
5

6
)

0
.0

1
3

7
a

4
.4

1
8

7
(0

.3
2

0
6

)
4

.2
5

8
7

(0
.3

0
3

4
)

0
.0

0
2

3
a

2
3

.8
5

6
3

(1
.6

6
8

9
)

2
4

.5
8

7
9

(1
.6

0
4

1
)

0
.0

1
1

1
a

T
h

et
a

0
.2

7
8

7
(0

.0
1

7
3

)
0

.2
8

5
3

(0
.0

1
8

1
)

0
.2

0
2

7
3

.7
4

0
1

(0
.1

9
6

1
)

3
.6

4
1

1
(0

.2
1

8
1

)
0

.0
8

8
0

2
9

.8
0

5
8

(1
.8

2
2

6
)

3
0

.4
7

5
0

(1
.8

1
2

2
)

0
.2

1
5

7
D

el
ta

0
.2

7
2

2
(0

.0
1

7
3

)
0

.2
8

0
9

(0
.0

2
3

9
)

0
.0

7
9

7
3

.8
3

2
3

(0
.2

0
3

4
)

3
.7

2
6

8
(0

.2
6

1
5

)
0

.0
5

5
7

2
9

.1
1

4
4

(1
.8

4
3

7
)

2
9

.9
7

7
2

(2
.3

3
0

3
)

0
.0

8
3

6
G

am
m

a
0

.1
4

0
0

(0
.0

2
8

6
)

0
.1

3
7

6
(0

.0
1

4
8

)
0

.7
2

7
1

5
.6

4
1

3
(0

.5
3

3
4

)
5

.6
3

2
1

(0
.3

9
4

4
)

0
.8

1
7

3
1

7
.2

3
7

8
(2

.9
0

3
0

)
1

7
.0

1
3

4
(1

.4
9

7
6

)
0

.7
4

4
7

D
at

a
ar

e
g
iv

en
as

m
ea

n
(s

ta
n
d
ar

d
d
ev

ia
ti

o
n
).

T
h
e

p
-v

al
u
es

w
er

e
o
b
ta

in
ed

b
y

m
u
lt

if
ac

to
ri

al
A

N
O

V
A

,
w

h
er

e
ag

e
an

d
g
en

d
er

w
er

e
in

cl
u
d
ed

as
fa

ct
o
rs

.
a
F

D
R

co
rr

ec
ti

o
n

fo
r

m
u
lt

ip
le

co
m

p
ar

is
o
n
s

(q
<

0
.1

).
aM

C
I,

am
n
es

ti
c

m
il

d
co

g
n
it

iv
e

im
p
ai

rm
en

t;
F

D
R

,
fa

ls
e

d
is

co
v
er

y
ra

te
.

4 PINEDA-PARDO ET AL.



Multimodal MEG-FA regression analysis

Here, we use a VBA to discover dependencies between
graph metrics from FC networks and FA in aMCI subjects.
This methodological pipeline was previously employed in
a recent research (Fernández et al., 2011), identifying rela-
tionships between complexity in MEG signals and FA.
Here instead, we introduced into the VBA the graph metrics
as covariates to evaluate our initial hypothesis that the integ-
rity of the functional organization of the networks is related
to the structural integrity of the WM. We built 10 SPM8 de-
sign matrices (5 frequency bands · 2 graph metrics) and
obtained statistical parametric maps representing the depen-
dency of FA (measured at the voxel-level) with the graph
theory parameters. We used an FDR threshold of q < 0.01
with an extent threshold of 50 voxels.

Results

Graph absolute measures C and L showed differences be-
tween HC and aMCI groups. C was lower for the HC in beta
frequency band ( p < 0.05), while L was higher for the HC in
beta frequency band ( p < 0.01) (Table 2). However, these
parameters depend on the strength of the connections: as S
increases, C increases and L decreases (Table 2). Thus, nor-
malized graph metrics seems to be a better marker that over-
come these differences and just describe the network
topography. The results obtained with

�
Ĉ, L̂

�
indicate that

the normalized characteristic path length in aMCI is lower
than controls for beta frequency band ( p < 0.01) (Table 3).
No differences were observed for the normalized clustering.
Additionally, we observed that for both groups and for all
frequency bands there was no sign of small-world organiza-
tion (Watts and Strogatz, 1998).

We identified the anatomical basis of the brain network or-
ganization by analyzing the integrity of the WM tracts using
DTI. We found significant areas of unhealthy WM in the
aMCI patients relative to the controls including long fiber
bundles connecting to and from the frontal lobes, and more
localized damage affecting the integrity of the Papez Circuit,
which is critical for memory processing (Fig. 2 and Table 4).
There was damage to the anterior thalamic radiations in the
left hemisphere, which connects the anterior and medial tha-
lamic nuclei to the frontal lobes (Hua et al., 2008). There
were differences in the inferior fronto-occipital fasciculus
in both hemispheres, which project caudally from the frontal

lobes via the corona radiata to the temporal and occipital
lobes (Hua et al., 2008). The interhemispheric connections
of the forceps major (occipital lobes) were also abnormal
in aMCI patients (Fig. 2). Finally, we found damage in the
long inter-regional connections formed by the inferior and
superior longitudinal fasciculi, and more localized damage
to the cingulum of the hippocampus, which is a critical path-
way within the Papez Circuit (Shah et al., 2012).

We then examined the relationship in both groups (HC and
aMCI) between FA (at the voxel level) and all the normalized
graph indices in an exploratory analysis, to identify which
metrics were dependent on the integrity of the WM. We ana-
lyzed the associations between the Ĉ and L̂ measures in each
frequency with FA in a whole-brain SPM8 model; we in-
cluded age and sex as covariates (FDR q < 0.01).

We did not find significant associations between graph
metrics and FA for the HC group. For aMCI we found signif-
icant associations between the normalized measure of clus-
tering (C) and FA in the delta, theta, and alpha bands, but
no significant links between normalized characteristic path
length and FA (Fig. 3 and Table 5). We observed significant
correlations of the FA in the cingulum of the hippocampus in
both hemispheres for Ĉ in the delta, theta, and alpha bands.
Also, clusters of voxels in the forceps minor and the inferior
longitudinal fasciculus (ILF) in the left hemisphere corre-
lated with Ĉ. We found more frequency-limited correlations
between FA and Ĉ in delta and theta bands in the right ante-
rior thalamic radiation, and in the alpha band in the left hemi-
sphere. We studied the WM integrity in these clusters of
association identified for the aMCI group. Average FA was
computed across the clusters for both groups. We observed
that there was a significant FA decrease in most clusters
for the aMCI group compared with HC group (Table 5).

These WM regions were also related to the cognitive func-
tions of the aMCI patients. We correlated performance on
our neuropsychological tests with the average FA of the clus-
ters. We found that interregional and interhemispheric con-
nections were critical for the successful performance of
these tasks. Specifically, phonemic fluency (‘‘tell me as
many words as you can beginning with the letter F’’) corre-
lated with FA in the forceps minor (connecting the frontal
lobes), and that semantic fluency (i.e., ‘‘name as many ani-
mals as possible within one minute’’) was not only correlated
with FA in the forceps minor, but also the right anterior tha-
lamic radiation, the right inferior fronto-occipital fasciculus,

Table 3. Normalized Graph Metrics Comparison Between HC and aMCI Groups

Normalized clustering Normalized characteristic path length

Group Group
Frequency
band HC MCI p-Value HC MCI p-Value

Alpha 1.0023 (0.0019) 1.0021 (0.0014) 0.8254 1.1969 (0.0513) 1.1879 (0.0454) 0.1891
Beta 1.0040 (0.0017) 1.0040 (0.0015) 0.8912 1.4174 (0.0712) 1.3893 (0.0608) 0.0058a

Theta 1.0023 (0.0021) 1.0017 (0.0008) 0.3065 1.2641 (0.0287) 1.2484 (0.0398) 0.0749
Delta 1.0019 (0.0015) 1.0020 (0.0012) 0.3934 1.2679 (0.0354) 1.2567 (0.0520) 0.2615
Gamma 1.0083 (0.0050) 1.0072 (0.0021) 0.1903 1.6217 (0.0794) 1.6199 (0.0849) 0.6514

Data are given as mean (standard deviation). The p-values were obtained by multifactorial ANOVA, where age and gender were included
as factors.

aFDR correction for multiple comparisons (q < 0.1).
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and the right ILF—that is the long interregional connections
(Table 6). The ability of the aMCI patients to recall short
prose passages immediately after presentation was associ-
ated with FA in the right inferior fronto-occipital fasciculus,
right ILF, and the left cingulum of the hippocampus. Recall
of those same prose passages after a delay of 20 min was

linked to FA in the right inferior fronto-occipital fasciculus.
Finally, a measure of frontal system function (i.e., the Trail-
making Test) was correlated with FA in the right cingulum of
the hippocampus, the right anterior thalamic radiation, and
the forceps minor.

Discussion

First, and most important, we report here for the first time
the significant associations between the structural integrity of
WM as revealed by the DTI, and the functional integrity of
the neuronal networks in aMCI patients as revealed by
graph theory metrics. In the process of reaching these find-
ings, we also confirmed prior observations of the significant
alterations in the integrity of WM in aMCI patients relative
to healthy controls (Medina et al., 2006; O’Dwyer et al.,
2011), and that there are disruptions of FC of the neuronal
networks measured with MEG (Buldú et al., 2011; Stam
et al., 2009). It is worth mentioning that this study counts
with some limitations: (1) the groups did not match in age
nor education level. Although we included age and gender
as regressors in all statistical analyses, this could bias the re-
sults and hence more homogeneous samples are needed to
confirm the findings; (2) the differences in the graph analyses
were not statistically robust as they just overcome an FDR
correction of q < 0.1, however, due to the low number of
comparisons we consider this threshold to be enough; further
analyses with the networks will be needed to identify more
robust markers of the pathology in the topography of the
functional networks; (3) the lack of small-world organization
in the functional networks has also been observed (Stam
et al., 2009), and it could be a consequence of using fully
connected weighted un-thresholded networks.

The normalized graph metrics showed that the network or-
ganization was more random for the aMCI patients than for
the healthy controls in beta frequency band. The aMCI pa-
tients had less well organized FC, meaning that brain regions
were not communicating as effectively with each other as

FIG. 2. Fractional anisotropy (FA) voxel-based analysis between healthy control (HC) and amnestic mild cognitive impair-
ment (aMCI) groups. Regions that showed higher FA values in HC compared to aMCI (uncorrected p-value p < 0.001 and min-
imum cluster size of 20 voxels) have been highlighted in orange-yellow colors. The colors represent the t-value of the voxels.
Color images available online at www.liebertpub.com/brain

Table 4. MNI Coordinates of the VBA Results

Showing Differences in FA Between HC
and aMCI Groups (Uncorrected p-Value p < 0.001

and Minimum Cluster Size of 20 Voxels)

Region X Y Z

Cluster
size

(voxels) t

Anterior thalamic
radiation L

�6 �37 �19 1240 6.12

Cingulum (hippocampus) L �23 �30 �13 97 4.09
Cingulum (hippocampus) R 18 �44 2 475 4.84
Forceps major 15 �44 3 266 4.41
Inferior fronto-occipital

fasciculus L
�36 �52 8 119 4.07

Inferior fronto-occipital
fasciculus R

36 �22 �3 129 3.84

Inferior longitudinal
fasciculus L

�36 �53 9 95 4.05

Inferior longitudinal
fasciculus R

41 �4 �36 106 4.83

Superior longitudinal
fasciculus L

�52 �46 �12 90 4.28

Superior longitudinal
fasciculus R

39 �4 �35 27 4.80

The tracts were identified with the probabilistic atlas from Johns
Hopkins University (Hua et al., 2008). In the table are shown the
main tracts where the differences were identified. The table includes
the MNI coordinates of the voxel with highest significance, the clus-
ter size and the peak t-value.

MNI, Montreal Neurological Institute; VBA, voxel-based analy-
sis; FA, fractional anisotropy.
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they were in the cognitively healthy individuals. The more a
normalized graph metric differs from one, the further from
random the network organization is. In our results all normal-
ized graph metrics were higher than one, therefore positive
correlations between the metrics and FA means that this

measure of network integrity is related to the ‘‘health’’ of
the WM in that particular fiber tract.

The WM regions that were related to the functional archi-
tecture of the neuronal networks have a common property;
they are anatomical hubs with the role of connecting spatially

FIG. 3. (A–C) Dependency of the FA with the random normalized graph metrics in the aMCI group: (A) Normalized clus-
tering in delta band; (B) normalized clustering in theta band; (C) normalized clustering in alpha band. Montreal Neurological
Institute (MNI) T1 template of 1 mm isotropic voxel was chosen for representation. The highlighted voxels (red) showed
statistical significance corrected for multiple comparisons with false discovery rate (FDR) q < 0.01. (D–F) Depict the neuro-
psychological scores versus the average FA for the highlighted clusters in (A–C) respectively. Color images available online
at www.liebertpub.com/brain
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distant brain regions. The affected frequency bands, delta,
theta, and beta all show the loss of clustering organization,
which is one sign of a tendency to form a random network
among the MCI patients. The WM loss disrupts the normal
communication along the entire episodic memory functional
network (Lockhart et al., 2012). Although we did not find a
significant association between FA and the normalized graph
metrics for the HC group, healthy subjects showed a higher
average FA in the clusters identified for the aMCI group.
This led us to consider that the damage of those regions
might form the anatomical basis of cognitive and functional
decline.

In our work, a lower performance in episodic memory
tests was associated with a reduced network organization
during resting state in the MCI group. This is consistent
with the observations that the resting state network architec-
ture has been linked to episodic memory performance in

healthy control subjects (Buckner et al., 2008), in patients
with damage in the medial temporal lobe (MTL) (McCor-
mick et al., 2013), and in AD patients (Stam et al., 2009).
The tendency toward a random architecture of the network
that we found during ‘‘rest,’’ coupled with the loss of WM
integrity, could, at the very least affect memory processing
by disrupting encoding and recall stages. This is supported
by the observation that there is a correlation between disrup-
ted WM (i.e., lower FA) in the inferior fasciculus and the cin-
gulum of the hippocampus with both encoding and delayed
recall of prose passages. Thus, it appears that the MTL,
ILF, anterior thalamus, and the forceps minor are forming
a network necessary to encode, maintain, and recall informa-
tion from episodic memory.

Although damage to WM can sometimes be considered
secondary to gray matter loss, there is evidence of dam-
age to the WM in the absence of gray matter loss both in

Table 5. MNI Coordinates for the Tracts Showing Dependence Between FA
and the Normalized Graph Theory Metrics in the aMCI Group

Metrics/region X Y Z Cluster size t hFAiaMCI hFAiHC p-Value

Ĉ (2–4 Hz)
Anterior thalamic radiation R 5 �14 �21 9 6.42 0.19 (0.02) 0.19 (0.02) 0.495
Cingulum (hippocampus) L �34 �18 �21 60 6.52 0.14 (0.02) 0.16 (0.02) 0.005a

Cingulum (hippocampus) R 32 �18 �23 74 7.06 0.14 (0.02) 0.16 (0.02) 0.012a

Forceps minor 6 �13 �21 13 7.41 0.23 (0.02) 0.24 (0.02) 0.021a

Inferior longitudinal fasciculus L �35 �18 �21 48 7.05 0.14 (0.02) 0.16 (0.02) 0.001a

Ĉ (4–8 Hz)
Anterior thalamic radiation R 5 �13 �20 17 6.93 0.19 (0.02) 0.19 (0.02) 0.533
Cingulum (hippocampus) L �37 �18 �21 128 7.81 0.14 (0.02) 0.16 (0.02) 0.024a

Cingulum (hippocampus) R 30 �16 �22 194 7.89 0.15 (0.02) 0.16 (0.02) 0.006a

Forceps minor 7 �13 �21 16 8.11 0.23 (0.02) 0.24 (0.02) 0.034a

Inferior fronto-occipital fasciculus R 26 �76 �17 140 8.88 0.11 (0.01) 0.11 (0.01) 0.636
Inferior longitudinal fasciculus L �36 �18 �21 111 8.85 0.15 (0.02) 0.17 (0.02) 0.001a

Inferior longitudinal fasciculus R 25 �77 �17 53 8.23 0.11 (0.01) 0.11 (0.01) 0.268

Ĉ (8–12 Hz)
Anterior thalamic radiation L �16 26 1 26 6.46 0.10 (0.02) 0.12 (0.02) 0.129
Cingulum (hippocampus) L �36 �16 �23 191 6.95 0.15 (0.02) 0.16 (0.02) 0.028a

Cingulum (hippocampus) R 32 �18 �23 203 7.70 0.15 (0.03) 0.17 (0.02) 0.058
Forceps minor �15 26 2 131 6.99 0.10 (0.02) 0.12 (0.02) 0.123
Inferior fronto-occipital fasciculus R 33 �22 �15 20 7.15 0.13 (0.02) 0.14 (0.02) 0.029a

Inferior longitudinal fasciculus L �36 �17 �21 110 7.31 0.16 (0.02) 0.18 (0.02) 0.003a

Only the normalized clustering in delta, theta and alpha bands showed significant dependence (FDR q < 0.01) with the FA in the indicated
tracts. These tracts were identified with the probabilistic atlas from Johns Hopkins University (Hua et al., 2008). The table includes the MNI
coordinates of the voxel with highest significance, the cluster size (i.e., number of voxels) and the peak t-value. The last three columns con-
tain the average FA and standard deviations across subjects in the WM clusters, and the p-values after a multifactorial ANOVA, including
age and gender as factors.

aFDR correction for multiple comparisons (q < 0.1).
WM, white matter.

Table 6. Correlates of the Neuropsychological Scores with the Mean FA Values in Specific WM Tracts

Region Neuropsycological test Rho-Spearman

Anterior thalamic radiation R Semantic fluency, TMT b, TMT b-a 0.33; �0.36; �0.36
Cingulum (hippocampus) L Logical memory I, reverse digit span 0.31; 0.44
Cingulum (hippocampus) R TMT b-a, reverse digit span �0.40; 040
Inferior fronto-occipital fasciculus R Semantic fluency, logical memory I, logical memory II 0.37; 0.37; 0.31
Inferior longitudinal fasciculus R Semantic fluency, logical memory I 0.31, 0.34
Forceps minor Phonetic fluency, semantic fluency, TMT b-a 0.40; 0.35; �0.36

The mean FA values were obtained in the clusters of voxels that showed statistical dependence with the normalized graph theory metrics.
All correlations were statistically significant with p < 0.01.
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human and animal models (Desai et al., 2009; Selnes et al.,
2012). Perhaps most important, is the fact that at least
some of the WM damage is related to the vascular changes,
which are often represented as WM hyperintensities (Zhuang
et al., 2010).

Our findings are provocative because they lend support to
the idea that the clinical syndrome of AD is at least partially
represented as a disconnection syndrome, and that such dis-
connection can be observed in the prodromal phase between
normal cognition and clinical dementia (i.e., MCI). The joint
use of anatomical and neurophysiological data in this study
provides us with the opportunity to address this question in
a way that could not be done with either modality alone.
What is not clear from our data is the extent to which other
variables, including the presence of the APOE*4 risk gene
or the extent of beta-amyloid deposition, affect brain struc-
tural and functional health.

The data that we report here are fully consistent with prior
MEG studies [see Zamrini et al. (2011) for review]. AD pa-
tients have a general decrease in FC across all frequencies
(Stam, 2010), indicating less organized functional networks.
However, MCI patients are able to muster a possible com-
pensatory response by increasing inter-regional connectivity
to support their performance on memory tasks (Bajo et al.,
2010), and which may be one expression of brain or cogni-
tive reserve (Satz, 1993; Stern et al., 1992, 1994). The net-
work architecture in MCI patients has a loss of cluster
organization and a tendency toward a more random (i.e.,
less organized) network structure (Buldú et al., 2011), and
those patients who subsequently become demented have
higher synchronization values (Bajo et al., 2012a). This latter
point is important because it suggests that hypersynchroniza-
tion reflects a pathological state within the neuronal net-
works. By contrast, individuals with subjective memory
complaints (but no evidence of object memory loss) actually
underexpress a network that supports recognition memory
(Bajo et al., 2012b). Thus, there seems to be a dynamic
change in brain function over the spectrum of normal
aging through subjective memory complaints to MCI to de-
mentia. Our data suggest a consistency in the observations
regarding the neural networks in MCI patients, and add to
our understanding of the altered function by providing a
structural basis for the functional changes.

It is important to note the contributions of graph theory
(Bullmore and Sporns, 2009) to our understanding of brain
functional networks. In graph theory we conceptualize an un-
derlying network as consisting of a series of nodes or verti-
ces, and a set of links that connect the nodes. While the
nodes in our MEG analysis are grounded in physical space—
they represent the individual MEG sensors—the links be-
tween the nodes, or path lengths, are related to functional,
not physical proximity. Thus, the shortest path length param-
eter may connect spatially disparate points but which have a
high degree of interconnectedness with a relatively few num-
ber of intervening nodes. While these graph theory metrics
have been used in other electrophysiological studies (Bassett
et al., 2006; Stam et al., 2009), this is the first time that these
metrics have been shown to be related to brain structural in-
tegrity, and specifically the physical connections between
brain regions. Teipel et al. (2009) showed a correlation be-
tween WM structure in the thalamus, among other structures,
and the frontal coherence values at the alpha band with elec-

troencephalography. However, they did not report how the
damage of specific WM tracts disrupted the organization of
the whole brain network.

There is a growing body of evidence that suggests that
measures of the brain functional organization as revealed
by MEG show a progressive pattern of change as an individ-
ual moves from a state of normal cognition, through subjec-
tive memory complaints, to MCI, and finally to clinical
dementia. The extent of brain functional abnormality may
be related to the speed at which an individual may develop
dementia, or may be viewed as representing the extent of
neuronal network abnormality that is not completely cap-
tured by clinical examination. As the requirements of science
demand our ability to detect the earliest evidence of patho-
logical change in the brains of individuals destined to de-
velop the dementia of AD, the sensitivity of MEG to brain
functional changes prior to clinical change may be critical.

Conclusion

We have provided evidence that the impairment in specific
WM tracts is related to a shift of the functional networks to-
ward a random organization. How these changes fit into the
natural history of AD and dementia is yet to be determined.
However, these and related data go a long way toward vali-
dating the utility of the anatomical-FC (DTI/MEG) in our
studies of the natural history of AD.
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Over the past years, several studies on Mild Cognitive Impairment (MCI) and Alzheimer3s disease (AD) have re-
ported Default Mode Network (DMN) deficits. This network is attracting increasing interest in the AD communi-
ty, as it seems to play an important role in cognitive functioning and in beta amyloid deposition. Attention has
been particularly drawn to how different DMN regions are connected using functional or structural connectivity.
To this end, most studies have used functional Magnetic Resonance Imaging (fMRI), Positron Emission Tomogra-
phy (PET) or Diffusion Tensor Imaging (DTI). In this study we evaluated (1) functional connectivity from resting
state magnetoencephalography (MEG) and (2) structural connectivity from DTI in 26 MCI patients and 31 age-
matched controls. Compared to controls, the DMN in the MCI group was functionally disrupted in the alpha
band, while no differences were found for delta, theta, beta and gamma frequency bands. In addition, structural
disconnection could be assessed through a decreased fractional anisotropy along tracts connecting different DMN
regions. This suggests that the DMN functional and anatomical disconnection could represent a core feature of
MCI.

© 2014 The Authors. Published by Elsevier Inc. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/3.0/).

1. Introduction

Mild Cognitive Impairment (MCI) is a clinical condition that is often
seen as an intermediate stage between normal aging and Alzheimer3s
disease (AD). MCI patients show a cognitive decline that is not severe
enough to be classified as dementia. However, they have a higher con-
version rate to dementia than their age-matched controls, particularly
of the Alzheimer type (10–15% annually for MCIs versus 1–4% for con-
trols) (Petersen and Negash, 2008; Petersen, 2001). Over the past few
years a lot of attention has been given to this MCI stage, as a deeper un-
derstanding of its pathological basis could help understand or delay AD.

The pathophysiology of AD involves the Default Mode Network
(DMN). This network was first introduced in Raichle et al. (2001). and
has garnered increasing attention from the neuroscience and neurology
communities ever since (for a review, see Rosazza and Minati, 2011). It
is highly active during an idle state, it deactivates during task perfor-
mance, and it includes brain regions such as the precuneus, posterior
and anterior cingulate, and the inferior parietal cortex (Buckner et al.,
2008; Greicius et al., 2003; Raichle and Snyder, 2007). The precuneus
and posterior cingulate cortex have been found to be relevant in AD as
they show decreased metabolic activity (Matsuda, 2001) and accumu-
late beta-amyloid plaques at an early stage in the disease (Mintun
et al., 2006). DMN alterations such as decreased activity and connectiv-
ity have been reported in AD andMCI (Agosta et al., 2012; Greicius et al.,
2004; Jones et al., 2011; Qi et al., 2010; Rombouts et al., 2005; Sorg et al.,
2007). Furthermore, these alterations were found to be related to the
severity of the disease and its progression (Brier et al., 2012; Petrella
et al., 2011).

To date, functional Magnetic Resonance Imaging (fMRI) is the most
widespread technique used to explore the DMN in MCI or AD. Blood-
oxygenation-level-dependent (BOLD) fMRI signals measure hemody-
namic responses to neuronal activity with great spatial resolution and
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have led to the discovery of multiple resting state networks, including
the DMN. Other imaging modalities can also provide insight into DMN
integrity in MCI: structural MRI reveals brain atrophy; Diffusion Tensor
Imaging (DTI) reconstructs white matter tracts; Positron Emission To-
mography (PET) detects metabolic activity or beta-amyloid plaques
and magnetoencephalography/electroencephalography (MEG/EEG)
measures magnetic/electric fields generated by neural currents. Based
on this fact, researchers have combined fMRI (often controlling for
brain atrophywith T1-weighted structuralMRI) with other neuroimag-
ing modalities such as PET (Hedden et al., 2009; Sheline et al., 2010;
Sperling et al., 2009) and DTI (Wee et al., 2012), or DTI with PET
(Bozoki et al., 2012) to investigate DMN functional and structural con-
nectivity impairment in AD and MCI.

While fMRI and PET give an indirect estimation of neural activity,
EEG andMEG are directmeasures of neural firing. Therefore, these neu-
rophysiological techniques enable us to gain a better understanding of
the time–frequency dynamics of the DMN, providing us with useful in-
formation as to how its regions are connected at different frequency
bands. Complementary structural information about DMN connectivity
is given by DTI, as it enables the modeling of the white matter connec-
tions that support the network. Using this technique, we can compute
direct or weighted structural connectivity measures that estimate the
number of tracts connecting two regions and the integrity of anatomical
connections, respectively. However, thus far, the combination of MEG
and DTI has not been used to unravel DMN abnormalities in MCI. In
this study, we investigated the DMN in MCI patients compared to age-
matched controls using resting-state MEG and DTI data to extract both
functional and structural networks. The purpose of the study was to de-
termine the functional connections that were altered in MCI relative to
controls at different frequency bands, and how this relates to the under-
lying structural network. For that, source spaceMEG functional connec-
tivity (FC) was computed and two different structural connectivity (SC)
measures were used to evaluate whether the amount of tracts or their
integrity influences the organization of the functional networks. Our ini-
tial hypothesis is that both functional and structural connectionswill be
significantly impaired inMCI patients and therewill be a strong correla-
tion between functional and structural connectivity abnormalities.

2. Materials and methods

2.1. Subjects

This study included 26 patients with a diagnosis of amnestic-MCI
and 31 age-matched controls. MCI patients were diagnosed by clinical
experts. Criteria for MCI included: (1) memory complaint confirmed
by an informant, (2) normal cognitive function, (3) none or minimal
impairment in activities of daily life, (4) abnormal memory function,
and (5) not being sufficiently impaired to meet the criteria for
dementia (Grundman et al., 2004). Table 1 summarizes the subject3s
characteristics.

Additionally, all participants were in good health and had no history
of psychiatric or other neurological disorders (other than MCI). They
underwent anMRI brain scan to rule out infection, infarction or focal le-
sions. Meeting any of the following conditionswas considered an exclu-
sion criterion: Hachinski score (Rosen et al., 1980) higher than 4,
Geriatric Depression Scale score (Yesavage et al., 1982–1983) higher

than 14, chronic use of anxiolytics, neuroleptics, narcotics, anticonvul-
sants, or sedative–hypnotics or a history of alcoholism. MCI patients
underwentmedical tests to rule out possible causes of cognitive decline
such as B12 vitamin deficiency, thyroid problems, syphilis, or HIV. The
investigation was approved by the local Ethics Committee.

2.2. MEG acquisition

Three-minute MEG resting-state recordings were acquired at
the Center for Biomedical Technology (Madrid, Spain) using an
Elekta Vectorview system with 306 sensors (102 magnetometers and
204 planar gradiometers), inside a magnetically shielded room
(Vacuumschmelze GmbH, Hanau, Germany). During the measure-
ments, subjects satwith their eyes closed andwere instructed to remain
calm andmove as little as possible. A Fastrak Polhemus system digitized
each subject3s head and four coils were attached to the forehead and
mastoids, so that the head position with respect to the MEG helmet
was continuously determined. Activity in electrooculogram channels
was also recorded to keep track of ocular artifacts.

Signals were sampled at 1000 Hz with an online filter of bandwidth
0.1–300 Hz. Maxfilter software (version 2.2, Elekta Neuromag) was
used to remove external noisewith the temporal extension of the signal
space separation (tsss) method with movement compensation (Taulu
and Simola, 2006).

2.3. MRI acquisition

3D T1 weighted anatomical brain MRI scans were collected with a
General Electric 1.5 T magnetic resonance scanner, using a high-
resolution antenna and a homogenization PURE filter (Fast Spoiled Gra-
dient Echo (FSPGR) sequence with parameters: TR/TE/TI = 11.2/4.2/
450 ms; flip angle 12°; 1 mm slice thickness, a 256 × 256 matrix and
FOV 25 cm). For MEG source analysis, the reference system of the T1
volumes was transformed manually using 3 fiducial points and head
shape, until a good match between MEG and T1 coordinates was
reached. Diffusion weighted images (DWI) were acquired with a
single shot echo planar imaging sequence with the following parame-
ters: TE/TR 96.1/12,000 ms; NEX 3 for increasing the SNR; 2.4 mm
slice thickness, 128 × 128matrix and 30.7 cm FOV yielding an isotropic
voxel of 2.4 mm; 1 image with no diffusion sensitization (i.e., T2-
weighted b0 images) and 25 DWI (b = 900 s/mm2).

2.4. Definition of the Regions of Interest

For this bimodal connectivity analysis, we defined Regions of Inter-
est (ROIs) in the individual3s structural T1 volume using the Freesurfer
(version 5.1.0) cortical parcellation in 66 regions (Desikan et al.,
2006), such as in Hagmann et al. (2008) andHoney et al. (2009).We se-
lected four ROIs per hemisphere, which are the most common brain
structures included in the DMN (Buckner et al., 2008; Greicius et al.,
2003; Raichle and Snyder, 2007): precuneus (lPr and rPr), anterior cin-
gulate (lAC and rAC), posterior cingulate (lPC and rPC) and inferior pa-
rietal (lIP and rIP).

2.5. MEG functional connectivity (FC)

MEG preprocessing and source reconstructionwere performedwith
FieldTrip software (Oostenveld et al., 2011).

2.5.1. MEG source reconstruction
First, ocular, jump andmuscular artifactswere identified and located

in the 3 minute resting state recordings. Then, the continuous resting
time-series were segmented into artifact-free segments of 4 s. All sub-
jects had a minimum of 16 artifact-free segments (control: (27.5 ±
5.9), MCI: (27.2 ± 6.1)). Data was filtered in the 1–45 Hz band for spec-
tral analysis and in delta (2–4 Hz), theta (4–8 Hz), alpha (8–12 Hz), low

Table 1
Subject characteristics. Data are given as mean ± standard deviation. M = males,
F= females, educational levelwas grouped intofive levels: 1: illiterate, 2: primary studies,
3: elemental studies, 4: high school studies, 5: university studies. MMSE = Mini mental
state examination score. Controls andMCIs differed inMMSE (p=0.0012) and education-
al level (p = 0.03), and did not differ in age (p = 0.39) or sex (p = 0.44).

n Age (years) Sex (F/M) MMSE Educational level

Control 31 70.8 ± 4.2 21/10 29.5 ± 0.7 3.5 ± 1.2
MCI 26 72.5 ± 6.7 15/11 27.7 ± 2.4 2.8 ± 1.3
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beta (12–20 Hz), high beta (20–30 Hz) and gamma (30–45 Hz) bands
and for the functional connectivity analysis. To do so while avoiding
edge effects, the continuous 3minute data was first filteredwith a finite
impulse response filter of order 1000, and then the artifact-free seg-
ments were extracted for further analysis.

Source locations were defined in the subject3s space using the corti-
cal segmentation produced by Freesurfer. A regularmesh of points with
1 cm spacing was created inside each ROI. The number of source loca-
tions depended on individual3s data (control: (124 ± 14), MCI:
(118 ± 15)). The forward model was solved with a realistic single-
shell model (Nolte, 2003).

Source reconstruction was performed with Linearly Constrained
Minimum Variance beamformer (Van Veen et al., 1997) separately for
each frequency band. For each subject, the average covariance matrix
over all trials was used to compute the spatial filter3s coefficients,
and then these coefficients were applied to individual trials, ob-
taining a time series per segment and source location. To avoid mixing
MEG sensors with different sensitivities or resorting to scaling,
only magnetometers were used for this source reconstruction step.
We must note, however, that gradiometer information is indirectly
present as both magnetometers and gradiometers were used in the
tsss filtering.

2.5.2. Preliminary power spectrum analysis
The goal of thisworkwas to study functional connectivity in classical

frequency bands, defined with fixed frequency limits (see Subsection
2.5.1). Prior to that, we tested if power spectrum was altered in the
MCI sample in these frequency bands. Power spectra were obtained
from the time series via amultitapermethodwith discrete prolate sphe-
roidal sequences as tapers and 1 Hz smoothing for frequencies between
2 and 45 Hz, with a 0.25 Hz step. The average spectra over trials was
used and normalized with the sum of the spectral power in the range
[2–45] Hz. Then, an average power spectrum per ROI and subject was
obtained. Power was averaged per frequency band andMann–Whitney
tests were performed to compare power values between controls and
MCIs. Alpha peaks were computed as in Garcés et al. (2013) to evaluate
a possible slowing of the spectra.

2.5.3. Functional connectivity
Functional connectivity (FC) was obtained from the source recon-

struction with the amplitude correlation method (Brookes et al.,
2011a). For this, the amplitude of the bandpass filtered time series
was extracted with Hilbert transforms and correlation coefficients be-
tween the amplitude of all source locations were computed. Then, con-
nectivity values were averaged over links connecting the same ROIs,
producing an average 8 × 8 connectivity matrix per subject. Additional-
ly, we calculated the correlation between beamformer weights in both
groups in order to have an estimate of volume conduction.

2.6. Structural connectivity (SC)

Diffusion weighted images were pre-processed with FMRIB3s Diffu-
sion Toolbox (FDT) (http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FslOverview/).
Pre-processing consisted of eddy-current correction, motion correction
and removal of non-brain tissue using the robust Brain Extraction Tool
(Smith, 2002).

Diffusion Toolkit (DTK — http://www.trackvis.org) was used to fit
the diffusion tensor model. We used tensorline tractography (Lazar
et al., 2003) to estimate the fiber tracts between the selected ROIs. Stop-
ping criteria for the streamline propagation were a maximum angle of
35° between consecutive steps and a lower threshold of fractional an-
isotropy of 0.2 (Johansen-Berg et al., 2004). A streamline was consid-
ered a connection between two ROIs if it entered at least one voxel of
each ROI. We then computed two different SC estimates: direct SC
(dSC) and weighted SC (wSC). dSC was defined as the number of
streamlines connecting a given pair of ROIs and represents the number

of tracts that connect two ROIs. wSC is weighted with fractional anisot-
ropy (FA) and evaluates the integrity of the structural connection:

wSC ¼ 1
N∑

N
n¼1

1
Vn
∑Vn

v¼1 FAn;v

where N= dSC is the number of streamlines connecting a pair of ROIs,
v = 1…Vn is the set of voxels that are crossed by a given streamline n
and FAn,v is the fractional anisotropy in the voxel v of the streamline n.

2.7. Statistical analysis

To examine the differences between controls and MCIs in spectral
power and functional or structural connectivity we used non-
parametricMann–Whitney tests. In all cases, in order to correct formul-
tiple comparisons we followed a permutation approach which was in-
troduced by Maris and Oostenveld (2007). First, the original values
were 2000 times randomly assigned to the original groups (controls
and MCIs) and a Mann–Whitney test was performed for each random-
ization. Then, theU-value original datasetwas compared to the ones ob-
tained with the randomized data. The final p-value was defined as the
proportion of permutations with U-values higher than the one in the
original data.

3. Results

3.1. MEG power spectrum

Preliminary spectral analyses were carried out to determine wheth-
er power spectrum was altered in MCI. MCIs tended to have higher
spectral power in the theta band, and lower power in the beta and
gamma bands, but no significant differences were obtained. Alpha
peak frequency was lower for MCIs than for controls in all ROIs, al-
though differences were only significant for the inferior parietal cortex
bilaterally (p b 0.05).

3.2. Functional connectivity

MEG FC networks differed significantly between controls and MCIs
in the alpha band, while no differences were found for the delta, theta,
beta and gamma bands. Table 2 contains the p-values of the statistical
analysis for each link and frequency band. In the alpha band, functional
connectivity was lower in theMCI group, especially in links including Pr
and IP, as displayed in Fig. 1. To determine whether volume conduction
could be causing these differences, we calculated the correlation be-
tween beamforming weights, which is an estimate of source leakage.
If two source locations have similar weights (or a high correlation be-
tween their weights), the reconstructed time series would be highly
correlated. In the opposite case, if two source locations have a low
weight correlation but the corresponding reconstructed time series
are correlated, it is unlikely that the high correlation results from vol-
ume conduction. Beamformer weights did not differ between controls
and MCIs in any frequency band, whichmakes it unlikely that the func-
tional connectivity differences were caused by volume conduction.

3.3. Structural connectivity

Streamlines connecting all ROIs were reconstructed with tensorline
tractography, yielding a dSC measure. Thousands of streamlines were
found between most ROIs (on average over all links and subjects,
dSC = 4413 ± 5594 tracts, given as mean ± std). Higher dSC values
(~104) were obtained between pairs of neighboring regions (such as
lPr–rPr, lAC–rAC or lPC–rPC). Conversely, lower dSC values were
found (~102) for some long distance connections such as AC–Pr
and AC–IP. Small amounts of reconstructed tracts, especially in long
connections, can be caused by the inherent limitations of the DTI and
tractography techniques: fiber crossing, fanning or kissing impair the
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accuracy of the tractography. To control for this effect, links between
ROIswere not included in the statistical analysis if, for at least three sub-
jects, less than 100 streamlineswere reconstructed (dSC b 100). Follow-
ing this criterion, the following 8 linkswere removed from the statistical
analysis: lAC–lIP, lAC–rIP, rAC–lIP, rAC–rIP, lAC–rPr, rAC–lPr, lAC–rPC
and rAC–lPC. For the remaining links, we compared dSC and wSC (the
mean fractional anisotropy along the reconstructed tracts) between
controls and MCIs. No differences were found for dSC (p b 0.05). How-
ever, wSC was significantly lower in the MCI group than in the control

group (p b 0.05), especially in links involving IP and PC, as displayed
in Fig. 2. p-Values for each link are included in Table 2.

3.4. Correlation between FC and SC

To determine the relationship between FC and SC,we examinedhow
FC values changed with dSC and wSC for all links and subjects with
Spearman correlations, as shown in Fig. 3. All links between ROIs with
dSC N 100were used for analyses. FC and dSCwere positively correlated

Table 2
Functional and structural connectivity differences between controls andMCIs. p-Values are indicated for each link, after correction formultiple comparisons. Significant p-values (p b 0.05)
are shown inbold. All significant differences corresponded toMCI b control. For structural connectivity, n.i. indicates that this linkwas not included in the statistical analysis (Pr: precuneus,
IP: inferior parietal, PC: posterior cingulate, AC: anterior cingulate, l: left, r: right).

Link Functional connectivity Structural connectivity

Delta Theta Alpha Low beta High beta Gamma

lPr–rPr 0.32 0.40 0.24 0.29 0.24 0.34 0.06
lPr–lPC 0.18 0.19 0.15 0.12 0.55 0.20 0.10
lPr–rPC 0.73 0.56 0.78 0.37 0.35 0.55 0.005
lPr–lIP 0.44 0.32 0.004 0.46 0.42 0.65 0.13
lPr–rIP 0.26 0.87 0.012 0.19 0.74 0.54 0.024
lPr–lAC 0.68 0.46 0.014 0.97 0.34 0.35 0.26
lPr–rAC 0.68 0.69 0.08 0.82 0.77 0.72 n.i.
rPr–lPC 0.23 0.23 0.15 0.09 0.16 0.08 0.052
rPr–rPC 0.99 0.96 0.47 0.85 0.85 0.82 0.15
rPr–lIP 0.87 0.77 0.003 0.06 0.29 0.29 0.014
rPr–rIP 0.09 0.21 0.002 0.08 0.72 0.65 0.072
rPr–lAC 0.18 0.71 0.008 0.68 0.60 0.18 n.i.
rPr–rAC 0.82 0.35 0.29 0.25 0.59 0.12 0.17
lPC–rPC 0.75 0.43 0.73 0.29 0.42 0.59 0.007
lPC–lIP 0.30 0.61 0.45 0.78 0.78 0.93 0.008
lPC–rIP 0.90 0.99 0.004 0.12 0.89 0.87 0.029
lPC–lAC 0.17 0.42 0.30 0.92 0.22 0.89 0.49
lPC–rAC 0.71 0.59 0.07 0.85 0.23 0.25 n.i.
rPC–lIP 0.36 0.51 0.34 0.13 0.38 0.97 0.002
rPC–rIP 0.88 0.83 0.09 0.19 0.79 0.89 0.041
rPC–lAC 0.27 0.22 0.003 0.84 0.38 0.13 n.i.
rPC–rAC 0.52 0.97 0.38 0.85 0.41 0.82 0.75
lIP–rIP 0.83 0.58 0.009 0.21 0.32 0.85 0.11
lIP–lAC 0.54 0.55 0.40 0.27 1.00 0.85 n.i.
lIP–rAC 0.60 0.51 0.93 0.29 0.87 0.78 n.i.
rIP–lAC 0.84 0.72 0.06 0.97 0.85 0.08 n.i.
rIP–rAC 0.30 0.26 0.50 0.67 0.65 0.38 n.i.
lAC–rAC 0.79 0.74 0.94 0.98 0.94 0.94 0.031

Fig. 1. Functional connectivity: differences between controls and MCIs in the alpha band.
Green links display connectionswith a significant decrease inMEG functional connectivity
in the MCI group (p b 0.05). ROIs are represented as circles (Pr: precuneus, IP: inferior pa-
rietal, PC: posterior cingulate, AC: anterior cingulate, l: left, r: right).

Fig. 2. Structural connectivity: differences between controls andMCIs. Green links display
connections with a significant decrease in weighted structural connectivity (wSC) in the
MCI group (p b 0.05). ROIs are represented as circles (Pr: precuneus, IP: inferior parietal,
PC: posterior cingulate, AC: anterior cingulate, l: left, r: right).
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in bothMCIs (r= 0.68, p b 10−5) and controls (r= 0.69, p b 10−5), and
high values of FC corresponded with high dSC values. FC and wSC were
not significantly correlated for MCIs (r = 0.03, p = 0.48) or controls
(r = –0.01, p = 0.84). For both dSC and wSC, the dependency pattern
was similar for controls and MCIs.

4. Discussion

In this study, we examined FC and SCwithin the DMN in a sample of
MCI patients and healthy elderly subjects. FC derived from MEG source
space reconstruction of resting state data, and SC was extracted from
tensorline tractographyofDTI images. Threemainfindingswere obtain-
ed. Firstly, the DMNwas functionally disrupted in theMCI group, specif-
ically in the alpha band, as shown by a decreased FC relative to controls.
Secondly, the DMN was also structurally damaged in the MCI group, as
indicated by a reduction in fractional anisotropy along the reconstruct-
ed white matter pathways connecting DMN regions. Lastly, FC and dSC
measures were related, while no significant correlation was obtained
for wSC.

The overall results are in line with some previous studies in MCI.
Functional disruption of the DMN in MCI has already been reported in
fMRI experiments (Agosta et al., 2012; Sorg et al., 2007). Recent reports
indicate that lower FC values relate to a worse performance in cognitive
tests, a higher conversion rate from MCI to AD (Binnewijzend et al.,
2012) or to AD progression (Damoiseaux et al., 2012). Thus, FC appears
to offer valuable information in the MCI–AD continuum. Using fMRI,
Sambataro et al. (2010) observed that FC in the DMN decreased with
age along with task performance in a sample of healthy young and old
subjects.

Our MEG findings confirm and extend the notion that the DMN is
functionally impaired inMCI, and show that this connectivity disruption
occurs specifically in the alpha frequency band, while no differences
were found in delta, theta, beta or gamma frequency bands. Alpha
band alterations are in fact well-known in MCI and they have been

shown to relate for instance to the stability of the clinical condition
(Babiloni et al., 2011) or amygdalo–hippocampal atrophy (Moretti
et al., 2009). Additionally, the alpha band seems to be themost relevant
frequency band in the DMN, even in healthy subjects. For instance,
Brookes et al. (2011b) performed an independent component analysis
to extract resting state networks from MEG data, and achieved a great
similarity for the DMN between fMRI and MEG data filtered in the
alpha band. Knyazev et al. (2011) identified the DMN exclusively in
the alpha band using EEG activity during rest and during the perfor-
mance of a cognitive task, and Mayhew et al. (2013) demonstrated an
interaction between alpha power and fMRI responses in the DMN. For
this study, this could imply that the coupling between DMN regions is
impaired in MCI in its main working rhythm (alpha), while their con-
nectivity remains unaffected for the other frequency bands.

With regard to SC, anatomical disconnection or loss of white matter
integrity (often assessed through fractional anisotropy) has been re-
peatedly observed in MCI, especially in cingulum fibers (Bozoki et al.,
2012; Kiuchi et al., 2009). These white matter abnormalities have
been considered relevant, as they have been associated with perfor-
mance in neuropsychological tests (Fellgiebel et al., 2005) or conversion
rate to AD (Fu et al., 2014).We also noted that differences between con-
trols and MCIs in SC were only significant for wSC but not for dSC. This
indicates that SC disruption of the DMN in MCI may be mainly attribut-
ed to an abnormal structural integrity of tracts rather than to a reduction
of the number of streamlines connecting DMN regions. Therefore, frac-
tional anisotropy along reconstructed tracts appears to have a higher
sensibility to detect this disruption than the dSC index.

We observed that dSC correlated positively with FC, while no signif-
icant correlation was found for wSC and FC. This suggests that the FC
measure is more dependent on the amount of tracts connecting two
ROIs than on the integrity or FA of these tracts. Other studies had also
found positive correlations between SC and fMRI FC in the DMN
(Honey et al., 2009; Khalsa et al., 2013), although this is to our knowl-
edge the first study that combines MEG FC and SC in MCI patients.

Fig. 3. Relation between structural and functional connectivity. Functional connectivity (FC) as a function of structural connectivity (SC) for all subjects and pairs of ROIs, separately for
controls andMCIs (in the left and right columns respectively). The dependencewith the direct SC (dSC) is shown in the top row, and the dependencewith fractional anisotropyweighted
SC (wSC) is shown in the bottom row. The Spearman correlation coefficient between FC and SC is plotted along in each case.

218 P. Garcés et al. / NeuroImage: Clinical 6 (2014) 214–221



Additionally, we found that the topographic pattern of network disrup-
tion inMCIwas similar for FC and SC. FC and SCwere reduced inMCI pa-
tients in the posterior part of the DMN, particularly affecting links
connecting IP with Pr or PC. While FC between the anterior cingulate
and the posterior part of the DMN was reduced in MCI, no differences
could be seen with SC, although this may be attributed to limitations
in the tractography technique (Jbabdi and Johansen-Berg, 2011; Jones
et al., 2013).

The exact physiological mechanisms that underlie functional and
structural disconnections are unknown. However, some bimodal PIB-
PET–fMRI studies have provided an insight into the matter: reduced
functional connectivity seems to relate to amyloid-β in healthy controls
and AD patients (Hedden et al., 2009; Sheline et al., 2010; Sperling et al.,
2009). Similar findings have been obtained in transgenic mice with an
optical intrinsic signal imaging technique (Bero et al., 2012). The
present MEG study provides additional information to this functional
disruption seen in MCI: it is strongest in the alpha band. Interestingly,
alpha rhythms are especially sensitive to the number of active synapses
and firing rate in cortical and thalamic neuronal populations
(Bhattacharya et al., 2011; Hindriks and van Putten, 2013), and
amyloid-β deposition has been shown to contribute to synaptic loss in
AD (Bate and Williams, 2011; Reddy and Beal, 2008). With regard to
the structural white matter abnormalities, although they are often at-
tributed to Wallerian degeneration (Bozzali, 2002), some studies point
out that amyloid-β deposition could be involved as well (Serra et al.,
2010).

It is important to note that this study is subjected to some method-
ological and experimental limitations. Firstly, quantifying FC from rest-
ing state MEG data is not trivial. Here, we used beamforming for source
space reconstruction and amplitude correlation as an FC metric. This
amplitude correlation algorithm has a clear drawback: it is sensitive to
volume conduction. Other methods such as Phase Lag Index (Stam
et al., 2007) overcome this problem since they are not affected by
zero-phase lag interactions. However, they have the disadvantage of
discarding true zero-phase lag interactions. Given that the amplitude
correlation method has been proven to be suitable for reproducing
fMRI networks (Brookes et al., 2011a), we chose this method to assess
FCwithin the DMNnetwork: the DMNwas in fact discovered andmain-
ly explored in the fMRI community. However, taking into account that
volume conduction could contaminate this FC metric, we used the
weight correlation as an estimate of volume conduction to ensure that
differences between groups were not caused by this factor. Secondly,
quantifying structural connectivity is also a delicate task: tractography
techniques are prone to errors, especially when fibers cross, kiss or
bend (Jbabdi and Johansen-Berg, 2011; Jones et al., 2013). Long distance
connections tend to be biased due to error accumulation and are there-
fore difficult to evaluate. Thus, we decided not to include connections
with a small amount of reconstructed fibers into the statistical analysis.
Thirdly, we employed anatomically defined ROIs to study the DMN.We
relied on the literature and selected 8 ROIs that are commonly included
in the DMN, and thereby assumed that these ROIs really form the DMN
in our sample. However, it would be interesting to explore the spatial
extent of the DMN in an MCI sample with MEG at different frequency
bands, possibly with an independent component analysis (Brookes
et al., 2011b; Luckhoo et al., 2012) or combining resting state with
task activity (Petrella et al., 2011; Wang et al., 2013).

5. Conclusions

In conclusion, we studied functional and structural connectivity in
the DMN in a sample of MCI patients and healthy controls using resting
state MEG and DTI. When compared with the control group, the DMN
was functionally disrupted in MCI subjects in the alpha band and also
structurally disconnected, as indicated by a reduction in fractional an-
isotropy in the tracts connecting different DMN regions. The correla-
tions between these two approaches (functional and structural) could

indicate that they are dependent and it highlights the importance of
white matter integrity in the early stages of the disease. These findings
are in agreement with previous fMRI and DTI experiments and indicate
that MEG is sensitive to early functional connectivity abnormalities that
occur in MCI disease. Thus, cognitive symptoms could be the conse-
quence of an early disruption of structural and functional connections
and this would support the idea that a progressive disconnection
accompanies AD. Future studies with bigger samples and clinical
follow-up would be needed to confirm these results and assess their
clinical impact. Additionally, the introduction of classifiers at the indi-
vidual level would contribute to evaluate the usefulness of structural
and functional connectivity in the DMNas a potential biomarker of MCI.
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Whole brain resting state connectivity is a promising biomarker that might help to obtain an early diagnosis in
many neurological diseases, such as dementia. Inferring resting-state connectivity is often based on correlations,
which are sensitive to indirect connections, leading to an inaccurate representation of the real backbone of the
network. The precision matrix is a better representation for whole brain connectivity, as it considers only direct
connections. The network structure can be estimated using the graphical lasso (GL), which achieves sparsity
through l1-regularization on the precision matrix. In this paper, we propose a structural connectivity adaptive
version of the GL, where weaker anatomical connections are represented as stronger penalties on the corre-
sponding functional connections.We applied beamformer source reconstruction to the resting stateMEG record-
ings of 81 subjects, where 29 were healthy controls, 22 were single-domain amnestic Mild Cognitive Impaired
(MCI), and 30weremultiple-domain amnesticMCI. An atlas-based anatomical parcellation of 66 regionswas ob-
tained for each subject, and time series were assigned to each of the regions. The fiber densities between the re-
gions, obtained with deterministic tractography from diffusion-weighted MRI, were used to define the
anatomical connectivity. Precision matrices were obtained with the region specific time series in five different
frequency bands. We compared our method with the traditional GL and a functional adaptive version of the
GL, in terms of log-likelihood and classification accuracies between the three groups.We conclude that introduc-
ing an anatomical prior improves the expressivity of themodel and, in most cases, leads to a better classification
between groups.

© 2014 Elsevier Inc. All rights reserved.

Introduction

The pre-dementia stage of Mild Cognitive Impairment (MCI) repre-
sents an intermediate state of cognitive decline that precedes the de-
velopment of Alzheimer’s disease (AD) and other types of dementia
(Petersen, 2011). The prevalence of MCI patients ranges from about
10% to 20% in people older than 65 years (Busse et al., 2006). From
those that suffer from MCI there is a rate of progression to dementia
of about 10% (Petersen, 2011). The pathophysiology of the disease

lead to a progressive loss of synapsis efficacy (Selkoe, 2002) and loss
of neurons as well as damage in the white matter, due to the phos-
phorylation of the Tau protein affecting axon transmission, and the
accumulation of the beta amyloid protein, which impairs gabaergic
transmission (Garcia-Marin et al., 2009). All these lead to the view of
AD as a “disconnection syndrome” (Bajo et al., 2010; Delbeuck et al.,
2003; Stam et al., 2009) in which a progressive damage of global func-
tional and structural connections are potentially the cause of the insid-
ious cognitive impairment. The functional consequences of this
“disconnection syndrome” inMCI patients has been assessedwith func-
tional magnetic resonance imaging (fMRI) (Binnewijzend et al., 2012;
Toga and Thompson, 2013; Wang et al., 2013), electroencephalography
(EEG) (Stam, 2003) and magnetoencephalography (MEG) (Bajo et al.,
2012; Buldú et al., 2011; Zamrini et al., 2011).

The structural underpinnings associated with the functional discon-
nection may be studied in-vivo using diffusion-weighted magnetic
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resonance imaging (DW-MRI). Structural disconnection in MCI has
been studied in terms of white matter integrity (Medina et al., 2006;
O’Dwyer et al., 2011) and connectivity strength between pre-defined
brain regions (Daianu et al., 2013; Shao et al., 2012). However, little
is known about the relationship between the functional and struc-
tural components of brain network organization. A recent paper
(Pineda-Pardo et al., 2014) showed that the functional impairment of
resting-state MEG networks in MCI patients was related to the white
matter (WM) integrity of specific tracts, thus pointing to a structural-
functional relationship that could provide complementary information
when studying this type of pathology.

The application of machine-learning classifiers to resting-state (“off-
task”) functional connectivity (FC) is rapidly spreading, and is proving
to be a valuable tool in the diagnosis of neurological and psychiatric
pathologies (Atluri et al., 2013; Castellanos et al., 2013). The use of
resting-state fMRI in the diagnosis of amnestic MCI was applied by
Wee and colleagues (Wee et al., 2012b,c). They achieved a 86% accuracy
in patient classification, which was increased to 96% when including
structural connectivity datasets.

The fact that structural and resting-state functional connectivity are
strongly related has already been confirmed (Greicius et al., 2009; Van
den Heuvel et al., 2009). However, the best way of combining these
modalities to enrich our understanding of brain networks or to increase
the diagnostic potential is still unclear. Computational models that sim-
ulate brain dynamics include the structural connectivity between nodes
as coupling or constraining factors (Deco et al., 2013; Haimovici et al.,
2013; Honey et al., 2007, 2009; Woolrich and Stephan, 2013). These
models are capable of accurately reconstructing the large-scale net-
works derived from the slow fluctuations (b0.1Hz) of fMRI data. There
is also evidence that these models explain up to 40% of the functional
connections that are observed with empirical MEG and fMRI datasets
(Cabral et al., 2013; Honey et al., 2009). Diffusion-tractography in-
formed priors have also previously been shown to improve inference
of effective connectivity using Dynamic Causal Modelling of fMRI data
(Stephan et al., 2009). Thereforewe hypothesize that the structural con-
nectivity may also increase the accuracy in the estimation of the FC for
MEG data.

Traditionally empirical FC has been computed as linear correlations
between time-series. However, correlation-based approaches only
measure pairwise dynamics, and are unable to provide accurate topog-
raphies of the interactions between many brain regions (Smith et al.,
2011). Also, standard correlation analysis produces fully connected
functional networks, which are difficult to interpret. Furthermore, it is
impossible to discriminate direct from indirect functional connections
between two nodes, which can be driven by third nodes (Friston,
2011; Smith et al., 2011). The best way to overcome these limitations
is to use biophysical models, such as Dynamic Causal Modelling, to
infer effective connectivity (Friston et al., 2003). However, this becomes
unfeasible for whole-brain connectivity analyses for both computation-
al and statistical efficiency reasons.

Simpler models, such as the multivariate Gaussian distribution,
where direct connectivity is modelled bymeans of the precisionmatrix,
represent a useful alternative (Marrelec et al., 2006). The precision
matrix is the inverse of the covariancematrix. Zero elements in this ma-
trix represent an absence of direct connections, i.e., the partial correla-
tion is zero. Regularization approaches based on the l1-norm (Vidaurre
et al., 2013), such as the graphical lasso, allow one to find the zero ele-
ments in the precision matrix (Friedman et al., 2008; Smith et al.,
2011), hence sparsifying the connection map, and, as a consequence,
eliminating indirect functional connections. Sparse regression methods
have been widely applied with fMRI time-series (Smith et al., 2011;
Valdés-Sosa et al., 2005; Wee et al., 2014), however they typically do
not consider DW-MRI structural connectivity information. One excep-
tion was the analysis by Hinne and colleagues (Hinne et al., 2014),
where a shared adjacencymatrix was estimated from an average across
subjects of the structural connectivity. This matrix imposes a hard

constraint on the precisionmatrix, completely defining the sparsity pat-
tern before estimating the actual precisionmatrix. Inclusion of this spar-
sity constraint was observed to produce a significant improvement in
the estimation of the FC compared with non-structurally informed FC.

In this paper, we present a flexible approach for including DW-MRI
structural connectivity information in FC estimation based on resting
state MEG data. In our approach, the structural connectivity guides
(without strictly constraining) the precision matrix structure. This
means that, for example, in the case of a questionable estimation of
the structural connectivity, the model still has room to depart from
the structural sparsity pattern. For this purpose, we include one
adaptive penalization factor per connection. Unlike the approach used
by Hinne and colleagues (Hinne et al., 2014), this adaptive factor is
individualised for each subject. Although a similar approach has been
employed using fMRI time-series obtained from healthy subjects (Ng
et al., 2012), to our knowledge structural connectivity priors have not
been previously applied to neurophysiological data such as MEG. We
expect this approach to yield interesting results because, compared to
fMRI data, MEG data is a more direct representation of the neural activ-
ity with finer temporal resolution, thus allowing us to study functional
networks on a much wider frequency spectrum. Indeed, it has recently
been shown that MEG can be used to infer appropriate FC in the resting
state. However, FC is not computed as correlations on the raw time-
series as it usually is done in fMRI, but over band-limited power time-
series, particularly in the alpha and beta bands (Brookes et al., 2012;
Luckhoo et al., 2012).

The aim of this work is hence to accurately estimate FC between
brain regions, and to quantify how much the structural connectivity
contributes to the estimation. We hypothesize that the element-wise
adaptive penalization based on structural connectivity increases the
accuracy in the estimation of the sparse networks. We compare this ap-
proach to cases in which we compute the adaptive penalization relying
only on functional data, and in caseswhere the penalization is not adap-
tive. We also check whether the contribution of the structural connec-
tivity to the functional connectivity estimation improves the accuracy
of the discrimination between amnestic MCI subjects and healthy
controls, and between the single-domain and multiple-domain sub-
types of MCI. We carry out this analysis in different frequency bands.
The accuracies are tested in a 10-fold cross-validation approach using
four different classifiers: linear discriminant analysis (LDA), k-nearest
neighbours (kNN), support vector machines with polynomial kernels
(SVM), and support vector machines with radial basis functions kernels
(SVMrbf). Consistently with the literature on other modalities, our re-
sults indicate that an appropriate inclusion of structural connectivity
improves the classification.

Materials and methods

We next describe in detail our workflow, which comprises five
parts: sample selection, MRI acquisition and analysis, MEG acquisition
and analysis, estimation of the connectivity matrix and MCI condition
discrimination. A summary in flowchart format can be found in Fig. 1.

Sample selection

From an initial sample of 142 participants, we selected 81 due to: ar-
tifactual MEG dataset (N= 33); presence of vascular or tumour disease
after structural MRI scans (N= 2); artifactual MRI datasets due to mo-
tion (N = 7); or due to unmatched ages between groups (N = 19).
Twenty-nine subjects in the sample were healthy elderly controls
(HC) that were recruited from the “Seniors Center of the district of
Chamartín, Madrid”. The remaining fifty-two subjects were amnestic
mild cognitive impairment (MCI) patients. Diagnosis of theMCI patients
was reached through neuropsychological examination at the Hospital
Clínico de Madrid and the “UPDC del Ayuntamiento de Madrid”. The diag-
nostic examination included: the Spanish version of the Mini Mental
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State Examination (MMSE) (Lobo et al., 1999), the Global Deterioration
Scale (GDS) (Reisberg et al., 1982), the Functional assessment question-
naire (FAQ) (Pfeffer et al., 1982), the Geriatric Depression Scale (GDS)
(Yesavage et al., 1982), the Hachinski Ischemic Score (Rosen et al.,
1980), the questionnaire for Instrumental Activities of Daily Living
(Lawton and Brody, 1969), and the Functional Assessment Staging
(FAST) (Auer and Reisberg, 1997). MCI patients were classified at the
stage 3 of the Global Deterioration Scale (GDS), and were diagnosed ac-
cording to the criteria of Grundman et al. (2004) and Petersen (2004).
All MCI patients showed memory complaints, abnormal memory
functions, normal general cognitive functions (MMSE N 23), absence
or minimal impairment in activities of daily living. They had no history
of major psychiatric disorders or neurological diseases. None of the
participants were medicated for their condition with cholinesterase
inhibitors (e.g., donepezil) or other cognitive enhancing substances
(e.g., memantine) before MRI and MEG scanning.

MCI patients were further divided in two groups, according to their
clinical and neuropsychological profile. Single-domain MCI (sdMCI)
showed isolated memory impairment, whereas multiple-domain MCI
(mdMCI) showed a memory deficit accompanied by various degrees
of impairment in cognitive domains such as executive functions, visuo-
spatial skills, and/or language. A demographical description of the sam-
ple is included in Table 1. The groups showed no differences in age after

t-test statistical comparison (p N 0.08). Also, no statistical differences
were observed between groups in gender distributions after chi-
squared statistical comparison (p N 0.16). However, revealed by a
paired t-test (p b 0.01), there were differences in education scores and
in mini-mental state examination (MMSE) evaluation.

The research described in this report was approved by the Ethics
Committee of the Hospital Clínico San Carlos, Madrid. All of the partici-
pants signed a written informed consent before completing in any re-
search activities.

MRI acquisition and analysis

All images were collected using a General Electric 1.5 T magnetic
resonance (MR) scanner, using a high-resolution antenna and a homog-
enization PURE filter. 3D T1-weighted anatomical brain MRI scans were
acquired with a Fast Spoiled Gradient Echo (FSPGR) sequence with
parameters: TR/TE/TI = 11.2/4.2/450 ms; flip angle 12°; 1 mm slice
thickness, a 256×256 matrix and FOV 25 cm. Diffusion-weighted im-
ages (DWI) were acquired with a single-shot echo-planar imaging se-
quence with the following parameters: TE/TR 96.1/12000 ms; NEX 3
for increasing the signal to noise ratio (SNR); 2.4 mm slice thickness,
128×128 matrix and 30.7 cm FOV yielding an isotropic voxel of
2.4 mm; 1 image with no diffusion sensitization (i.e., T2-weighted b0
images) and 25 DWI (b = 900 s/mm2).

T1-weighted images were fed to Freesurfer (version 5.1.0) in order
to segment each participant’s cortex into sixty-six anatomical cortical
regions (Fischl et al., 2004) (see Supplementary Table 1 for region
labels). These regions constituted the nodes for the anatomical and
functional networks. Because of the low SNR in sub-cortical MEG source
time-series, we used only cortical nodes. All segmentations were visual-
ly inspected, concluding that there was no need to discard any of the
subjects of the sample due to incorrect grey matter segmentation.
even in the presence of cortical atrophy (see Supplementary Fig. 1 for
an example). Although omitting the connections to subcortical struc-
tures could potentially mislead the cortico-cortical connectivity, this
atlas has still been proven to be useful in previous multimodal fMRI-
DWI studies (Hagmann et al., 2008; Honey et al., 2009).

Diffusion-weighted images were pre-processed with FMRIB's Dif-
fusion Toolbox (FDT-FMRIB Software Library v5.0). Pre-processing
consisted of eddy-current correction,motion correction, and the remov-
al of non-brain tissue using the Brain Extraction Tool (Smith, 2002). The
diffusion tensor model was fit for the pre-processed diffusion images
using least squares fitting with the Diffusion Toolkit Software (DTK
v0.6.2). Tensor deflection tractographywas applied to the diffusion ten-
sor images to build the tractography (Lazar et al., 2003). Stopping
criteria for the streamlines propagation were a maximum angle of
35° between consecutive steps and a lower fractional anisotropy, i.e.
FA b 0.1 (Johansen-Berg et al., 2004). Only the tracts with a length larger
than 15mmwere retained (see Supplementary Fig. 2 for an illustrative
representation of the DWI temporal-signal to noise ratio (tSNR) and the
performance of the tractography). The structural connection between a
pair of nodes (i, j)was defined as thefiber density FDij of the connection,

Fig. 1. Flow-chart diagram describing the processing pipeline of the study, from the acqui-
sition of MEG and MRI data to the statistical discrimination between healthy controls and
MCI groups.

Table 1
Demographic variables including gender, age, mini-mental state examination (MMSE)
scores and education scores. Education level is quantified as: 1. Illiterate; 2. Elementary
school studies; 3. Secondary school studies; 4. Technical or Mid-level studies; 5. Higher-
education or University studies. Data are given as mean (standard deviation). 1p b 0.01
significant difference after paired t-test statistical evaluation in comparison between HC
and sdMCI. 2p b 0.01 significant difference after paired t-test statistical evaluation in com-
parison between HC and mdMCI.

Group Gender:
Male/Female

Age MMSE1,2 Education2

HC (N = 29) 8/21 71.52 (3.36) 29.21 (0.28) 3.44 (1.24)
sdMCI (N = 22) 10/12 73.00 (5.08) 27.80 (1.87) 2.73 (1.28)
mdMCI (N = 30) 7/23 73.06 (3.42) 26.77 (1.70) 2.53 (1.14)
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i.e. number of tracts touching the two regions divided by the total num-
ber of tracts, nijN . We normalized each of the connections by the average

volume of the connected nodes, FDij ¼
nij

N
2

ViþV j
, in order to control for dif-

ferences in node size (Hagmann et al., 2008).

MEG acquisition and analysis

MEG data were acquired with a 306-channel Vectorview system
(Elekta-Neuromag) at the Center for Biomedical Technology (Madrid,
Spain). The system comprises 102 magnetometers and 204 planar
gradiometers on a sensor array, located inside a magnetically shielded
room. Sampling frequency was 1 kHz, and an online anti-alias filter
(0.1–330Hz) was applied. A head position indicator (HPI) system and
a three-dimensional digitizer (FastrakPolhemus) were used to deter-
mine the position of the head with respect to the sensor array during
the recordings. Four HPI coils were attached to the subject (one on
each mastoid, two on the forehead), and their position with respect to
the 3 fiducials (nasion, left and right pre auricular points) was deter-
mined. We recorded vertical eye movements, using two electrodes at-
tached above and below the left eye in a bipolar montage. Resting-
state acquisitions consisted of three-minutes recordings, where subjects
were asked to stay calm and with their eyes closed. External noise was
removed from the MEG data using the temporal extension of Signal-
Space Separation (tSSS) (Taulu and Kajola, 2005) in MaxFilter (version
2.2, Elekta-Neuromag), using as parameters awindow length of ten sec-
onds and a correlation limit of 0.9. Participants’ head movements were
corrected using the MaxMove extension of the software.

Electronic, muscle and ocular artifacts were automatically iden-
tified, and subsequently visually confirmed. The time series were seg-
mented into trials of four seconds avoiding the segments containing
any type of artifacts. Subjects with fewer than 15 clean trials were
discarded. The mean number of clean trials was 25.9 ± 6.9 for the HC
group, 27.8 ± 6.1 for the sdMCI group and 26.2 ± 5.5 for the mdMCI
group.

Datasets were band-pass filtered in five frequency bands: alpha
(8–13 Hz), low beta (13–20 Hz), high beta (20–30 Hz), full beta
(13–30 Hz) and a broader band containing the theta, alpha and beta
bands (4–30 Hz). The selection for these specific bands was performed
in concordance with previous results in MEG, which show that it is
the alpha band the most affected in amnestic MCI subjects (Garcés
et al., 2013; Ishii et al., 2010) and in AD (Stam et al., 2009). Also, resting
state fMRI large scale networks were shown to be reproducible in MEG
data for alpha and beta bands (Brookes et al., 2011).

Padding segments of one second to the clean trials were included
to avoid edge effects. The data covariance matrix was computed for
each clean trial and then averaged for each frequency band. Instead of
standard covariance matrix regularization, which is performed by
adding uncorrelated noise (i.e. amplifying the diagonal of the covari-
ance matrix) (Vrba and Robinson, 2000), we used a Bayesian principal
component analysis (PCA) data dimensionality reduction, which has
been demonstrated to work well in this particular domain (Woolrich
et al., 2011).

The underlying currents of the time series observed in the sensor
datasets were reconstructed using a linear constrained minimum vari-
ance beamformer (Van Veen et al., 1997). Lead-fields for all vertices in
a 5-mm grid were obtained using a single-shell Boundary-Element-
Model forward model (Mosher et al., 1999). Lead-fields for magnetom-
eters and planar gradiometers were scaled following Mohseni et al.
(2012) in order to allow the fusion of the sensor time-series. The source
currents were estimated at each vertex of the grid covering the whole
brain. Dipole orientations were estimated by searching for the maxi-
mumpower projection of thedipole (Sekihara et al., 2001). Beamformer
time-series were obtained by multiplying the beamformer coefficients
by the band-pass filtered time series. These were subsequently normal-
ized by the coefficients of variance as suggested in Hall et al. (2013) for

the purpose of connectivity analyses. We followed previous work on
resting state MEG FC (Brookes et al., 2012; Luckhoo et al., 2012) to ob-
tain a single signal for each of the sixty-six cortical regions. For thismat-
ter, in order to avoid polarity swaps, we used the Hilbert transform to
obtain the power envelopes of each time-series and then we averaged
them within each region.

Estimation of the connectivity matrix

We assume the data to have a Gaussian distribution, and we model
the connectivity matrix as the estimated precision matrix, defined as
the inverse of the covariance matrix. We denote the precision matrix
as Θ and the sample covariance matrix as S. A zero in the precision ma-
trix, say Θij = 0, indicates that the corresponding partial correlation is
zero, so that channels i and j are not directly connected (i.e., they are
conditionally independent). The Gaussian assumption implies that de-
pendencies between channels are always of second order, as higher
order moments are always zero under this assumption.

In order to identify the connectivity pattern, we estimate a sparse
precision matrix, i.e. with a number of elements exactly equal to zero.
However, even if the covariance matrix is invertible (full rank), since
data are always finite and noisy, the estimated precision matrix will
have all elements different from zero. A popular way to get around
these problems is to use l1-norm regularisation (Vidaurre et al., 2013),
which provides both a numerically stable solution and a sparse estima-
tion. Within the context of Gaussian inverse covariance matrix estima-
tion, this is achieved through the graphical lasso (Friedman et al.,
2008), which maximises the criterion

logdet Θð Þ−tr SΘð Þ–λ jjΘjj1;

where λ is the regularisation parameter and ‖ ⋅ ‖1 refers to the l1 -norm
operator. To solve this problem, we use a coordinate-descent procedure
that incorporates recent developments to accelerate computations
(Witten et al., 2011).

It is well known that adaptive regularisation, which uses adaptive
weights for regularising the different coefficients, improves the efficien-
cy of the estimator and leads to more accurate sparsity patterns (Zou,
2006). An adaptive version of the graphical lasso can be readily obtained
by maximising instead

logdet Θð Þ−tr SΘð Þ–λ jjW � Θjj1;

whereW is amatrix of weights with elementsWij ¼ 1=
ffiffiffiffiffi
Sij

q
, and the op-

erator ⋅ denotes element-wise multiplication. The same algorithm can
be used to solve this problem. Thus, the adaptive setting is completely
driven by the sample covariance matrix of the functional data.

In our approach, we assign values toWij based on structural connec-
tivity information. In particular, we setWij ¼ 1=

ffiffiffiffiffiffiffiffiffi
FDij

p
. By doing this, we

inform the pattern of functional connectivity by a priori structural infor-
mation in order to estimatemoremeaningful networks.Wehave imple-
mented the three aforementioned flavours of the graphical lasso: non-
adaptive graphical lasso (GL), functional data based adaptive graphical
lasso (GLa), and structural data based adaptive graphical lasso (GLd).
The computation of the Graphical Lasso was performed in R with
the glasso Package,1 and we base on this to implement the adaptive
varieties.

We used a 10-fold cross-validation to assess themethods in terms of
log-likelihood and density of the networks. Within each fold we took
the NIM11576 that minimizes the Bayesian Information Criteria (BIC),
which amounts to choosing the model with the largest approximate
posterior probability (Hastie et al., 2009). Model selection is performed

1 http://cran.r-project.org/web/packages/glasso.
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within a routine in which we define an initial sequence of λ values. We
estimate the precisionmatrices for each λ and compute the BIC statistic.
We select λmin, which corresponds to theminimumBIC, andwe define a
new sequence of λ values within a relatively small vicinity of λmin. Fol-
lowing this procedure, we sharpen the search interval up to three
times to obtain a final λmin. We limit the search to a maximum network
density of 20%. This threshold is the number of non-zero links in the av-
erage of the structural networks across subjects, and is in general agree-
mentwith previous studies (Hinne et al., 2014). The final networks that
were used to predict the conditions of MCI (see next Section 2.5) were
obtained using the mean λ across the cross-validation folds.

Note that the BIC criterion needs an estimation of the effective
sample size. When data are independent and identically distributed,
this number equals the actual number of data points. In our case, each
data point corresponds to a MEG measurement, so data is strongly
autocorrelated. As a consequence, the effective sample size is lower
than the number of data points. In this paper, we obtain the effective
sample size by dividing the number of data points by one plus two
times the sum of the autocorrelation values, for lags from 1 to a suffi-
ciently high number – in practice, until the autocorrelation vanishes
(Geyer, 1992). This is implemented in the function ess from the R
mcmcse Package.2

Pattern classification

We chose four different machine-learning classifiers to evaluate the
accuracy of the predictions for the three network estimation methods:
k-nearest neighbour (k-nn), linear discriminant analysis (LDA), support
vector machine with polynomial (SVM), and radial basis functions
(SVMrbf) kernels. Validation of the classification algorithms was per-
formed with 10-fold cross-validation. For each run of the classification
algorithms (e.g. one per graphical lasso approach, per frequency band,
and per possible between-group combination), we performed a feature
selection using non-parametrical Mann-Whitney statistical comparison
between groups. The number of input features and the parameters of
the classification algorithms described below were chosen by a nested
10-fold cross-validation procedure. The classification results of each
fold were aggregated to the confusion matrix to obtain accuracies
(rate of samples correctly classified), sensitivities (rate of samples in
the second group correctly classified; see tables below), and specificities
(rate of samples in the first group correctly classified).

LDA assumes that different groups generate observations based on
different multivariate Gaussian distributions, so that, given two given
groups, it is possible to define a boundary hyperplanewhere the proba-
bility for an observation to belong to any of the two groups is the same
(Hastie et al., 2009). This boundary is then used to assign an observation
to a group. We employed a regularized variant of LDA including a vari-
able γ, in the interval [0,1], that attempts to shrink the group covariance
matrices towards a diagonal matrix (Guo et al., 2007).

The k-nn classifier non-parametrically assigns an observation to the
group to which the majority of the k closest training observations
(nearest neighbours) belong (Hastie et al., 2009). The k closest neigh-
bours were defined in terms of Euclidean distances, and k was chosen
within the range [2,10].

SVM also defines a separating hyperplane in the feature space.
The best hyperplane in this case will be the one with the largest margin
between the two groups, where the margin is the distance between
the closest samples to the hyperplane (Cortes and Vapnik, 1995). For
the case of non-separable datasets, the margin is transformed to a soft
margin, indicating that the hyperplane separates many but not all data
points. Points in the feature space are typically mapped to some conve-
nient space by means of the function ϕ(x) for which we only need to

specify a kernel so that it holds κ(x, x′) = 〈ϕ(x), ϕ(x ′)〉, where (x, x′)
are two instances in the feature space and 〈⋅〉 represents the dot
product. For SVM, we employed polynomial kernels κp(x, x′) = (1 +
〈x, x′〉)d with d ranging from one to six. For SVMrbf, we used radial
basis functions kernels κrbf(x, x′) = exp(〈(x − x′), (x − x′〉)/2σ2), with
σ taking values in 10[−5,−4,…,4,5].

Results

We first compare the ability of the different models to describe the
data by reporting the cross-validated log-likelihood, which, assuming
a Gaussian distribution, represents how well the precision matrix ex-
plains the (zero-mean) data set. Hence, the higher the log-likelihood,
the more faithfully this model represents the data.

Fig. 2 shows the average log-likelihoods for all three graphical
lasso approaches and frequency bands. Although the adaptive ver-
sions, which introduce penalizations based on the inverse of the
sample functional covariance matrix (GLa) or on the inverse of the
structural connectivity weights (GLd), present very close likelihoods,
they both are higher than the non-adaptive graphical lasso (GL).
These differences are only significant in the alpha band (p b 0.05
after paired t-test statistical comparisons for GLa-GL), but were not
significant after multiple comparisons correction using False Discov-
ery Rate (FDR).

Fig. 3 shows boxplots with the densities (ratio of non-zero con-
nections in the precision matrices) for all methods and frequency
bands. Interestingly, the densities were higher for the GL than for
the GLa or GLd. This, along with the above likelihood results, sug-
gests that the adaptive approaches lead to more robust network to-
pographies with fewer spurious connections. The differences were
statistically significant (qFDR b 0.05) for GLa-GL and GLd-GL in all
frequency bands, but, with the exception of alpha band, no statistical
differences were observed between the GLa and GLd. In general, op-
timal densities for all methods and frequency bandswere close to the
maximum (20%).

For each type of functional connectivity dataset (GL, GLa and GLd),
the aforementioned machine-learning classifiers were run to estimate
clinical group predictions using 10-fold cross-validation.

In the classification between HC and sdMCI, the best performance
was observed for LDA and SVMrbf classifiers, achieving up to 86% of ac-
curacy. Table 2 shows the accuracies along with the specificities and
sensitivities. The best classification results were obtained in alpha,
high beta and broadband ranges of frequencies. Themaximumachieved

2 http://cran.r-project.org/web/packages/mcmcse.

Fig. 2. Boxplots of the log-likelihood values for the three graphical lasso approaches:
GL, GLa and GLd. The asterisk indicates that the distributions differ with significance
p b 0.05 after paired t-test statistical comparison.

769J.A. Pineda-Pardo et al. / NeuroImage 101 (2014) 765–777



accuracy was of 86.27% (spec. 89.66% sens. 81.82%) obtained for GLd
using broadband data. The classifier employed to obtain this accuracy
was LDA and the chosen configuration parameters after the 10-fold
cross-validation were 310 input features and γ = 0.5. The best accura-
cies for GL 82.35% (spec. 89.66% sens. 72.73%) and GLa 84.31% (spec.
89.66% sens. 77.27%) were obtained in the alpha band with SVMrbf
and LDA classifiers respectively. Although these accuracies are close to
the ones observed with GLd, it is clear that all four classifiers agree in
that GLdwith wide frequency band data offers the best predictor to dis-
criminate between HC and sdMCI.

Fig. 4A−C represents, in a brain mesh, highly relevant connections
that were selected by the previous LDA classifier in at least 9 of the
10-fold cross-validation testings. The width of the connections repre-
sents the median of the weights that the classifier assigned to this con-
nection in each fold. For the sake of interpretation, only the top 1% of
relevant connections are represented. Fig. 4D shows a matrix plot that
represents in its lower part the number of folds that a specific link
was selected and the median value assigned by the classifier across
folds. The most important connections in this classification included

temporal regions (right and left transverse temporal gyri; left entorhi-
nal cortex; left parahippocampal gyrus), frontal regions (left caudal
middle frontal gyrus), and cingulate regions (left isthmus of cingulate
gyrus).

Table 3 shows the accuracies in the classification between HC and
mdMCI. The maximum achieved accuracy was of 81.36% (spec. 82.76%
sens. 80.00%). This accuracy was achieved with GLd for the frequency
band containing the full beta [13−30 Hz], and employing a LDA classi-
fierwith 385 input features and γ=0.9. Figs. 5A–C depicts themost rel-
evant selected features, following the same inclusion criteria described
for Fig. 4.

The most relevant connections in the classification between HC and
mdMCI were linked with temporal regions (right and left transverse
temporal gyri, left entorhinal cortex, right and left parahippocampal
gyri) and cingulate regions (right and left rostral anterior cingulate cor-
tices, right isthmus of cingulate gyrus). These regions had also an impor-
tant role in the classification between HC and sdMCI, where, besides,
connections with frontal regions acquired more relevance. These in-
clude the right frontal pole, the left rostral middle frontal gyrus and
the right pars triangularis.

In the classification between sdMCI and mdMCI, the LDA classifier
showed the best outcomes (see Table 4). Themaximum achieved accu-
racy was observed for GL in the broadband 84.62% (spec. 81.82% sens.
86.67%). This outcome was obtained with a LDA classifier with ten
input features and γ = 0.5 (see Figs. 6 A-C for a graphical description
of the most frequently selected features). In Fig. 6, many fewer links
were selected for the classification between sdMCI and mdMCI. In this
case, themaximum accuracywas achievedwith only ten input features,
which makes the number of depicted links (selected at least in nine of
the ten folds) low. Note that the best accuracies for GLa and GLd were
also obtained with LDA classifiers, and for the alpha and broadband
datasets respectively.

Themost important connections in the classification between sdMCI
and mdMCI included occipital regions (right and left lingual gyri; right
and left lateral occipital gyri), cingulate regions (right isthmus of cingu-
late gyrus) and frontal regions (right caudal middle frontal gyrus, right
postcentral gyrus). In this scenario, connections between temporal re-
gions were not as diagnostic as they were before for HC-sdMCI and
HC-mdMCI. This result is consistentwith the cognitive state of these pa-
tients, as both groups sdMCI and mdMCI have a memory impairment.
While in the classification between HC-sdMCI or between HC-mdMCI

Fig. 3. Boxplots of the density values for the three implemented graphical lasso ap-
proaches: GL, GLa and GLd. The double asterisk indicates that the distributions differ
with significance p b 0.05 after paired t-test statistical comparison, and survived a False
Discovery Rate multiple comparisons correction (qFDR b 0.05).

Table 2
10-fold cross-validated accuracies for the classification betweenHC and sdMCI. The table shows themean accuracies (specificities; sensitivities) in percentages for allfive frequency bands,
the three regularization methods (GL, GLa, GLd) and the four classifiers evaluated. Accuracies higher than 80% are highlighted.

HC vs sdMCI

GL GLa GLd

alpha Knn 72.55 (79.31; 63.64) 72.55 (68.97; 77.27) 72.55 (72.41; 72.73)
LDA 80.39 (93.10; 63.64) 84.31 (89.66; 77.27) 82.35 (93.10; 68.18)
SVM 64.71 (75.86; 50.00) 76.47 (82.76; 68.18) 76.47 (86.21; 63.64)
SVMrbf 82.35 (89.66; 72.73) 80.39 (86.21; 72.73) 80.39 (93.10; 63.64)

Low beta Knn 72.55 (62.07; 86.36) 72.55 (65.52; 81.82) 68.63 (51.72; 90.91)
LDA 70.59 (68.97; 72.73) 74.51 (75.86; 72.73) 72.55 (89.66; 50.00)
SVM 66.67 (65.52; 68.18) 68.63 (75.86; 59.09) 66.67 (68.97; 63.64)
SVMrbf 68.63 (72.41; 63.64) 72.55 (79.31; 63.64) 68.63 (72.41; 63.64)

High beta Knn 70.59 (65.52; 77.27) 72.55 (79.31; 63.64) 74.51 (79.31; 68.18)
LDA 82.35 (86.21; 77.27) 76.47 (79.31; 72.73) 76.47 (86.21; 63.64)
SVM 66.67 (75.86; 54.55) 70.59 (75.86; 63.64) 80.39 (86.21; 72.73)
SVMrbf 68.63 (93.10; 36.36) 76.47 (96.55; 50.00) 74.51 (86.21; 59.09)

Full beta Knn 68.63 (62.07; 77.27) 70.59 (68.97; 72.73) 68.63 (62.07; 77.27)
LDA 74.51 (82.76; 63.64) 68.63 (75.86; 59.09) 76.47 (82.76; 68.18)
SVM 72.55 (79.31; 63.64) 64.71 (65.52; 63.64) 68.63 (75.86; 59.09)
SVMrbf 76.47 (86.21; 63.64) 66.67 (96.55; 27.27) 72.55 (89.66; 50.00)

Broadband Knn 74.51 (75.86; 72.73) 72.55 (79.31; 63.64) 80.39 (72.41; 90.91)
LDA 78.43 (82.76; 72.73) 74.51 (82.76; 63.64) 86.27 (89.66; 81.82)
SVM 74.51 (75.86; 72.73) 74.51 (75.86; 72.73) 74.51 (82.76; 63.64)
SVMrbf 80.39 (82.76; 77.27) 72.55 (79.31; 63.64) 82.35 (89.66; 72.73)
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the GLd offers the best results, in the classification between sdMCI-
mdMCI the best accuracies were obtained by GL (the non-adaptive
case). In general, datasets in alpha and broadbands provided in general

the best classification results. Consistent with previous reports, alpha
is traditionally considered to be the main affected band in these
amnestic MCI patients (Garcés et al., 2013; Ishii et al., 2010). However,

Fig. 4. Selected features in the LDA classifier for HC-sdMCI for the broadband andGLd (accuracy 86.27%). A–C panels represent three views (sagittal, coronal and axial) of the selected links.
The width and color (black to soft brown) of these links grows proportional to themedian of the weights assigned to the links by the classifier across the ten folds of the cross-validation
testing procedure. The size of the ball that represents the node is proportional to the number of links converging at this node. In panel D, the upper triangular matrix shows the median
of the assigned weights and the lower triangular matrix represents the number of folds in which a specific link has been selected. The nodes were grouped according to brain lobes: FL –
Frontal Lobe; PL – Parietal Lobe; TL – Temporal Lobe; OL – Occipital Lobe; C – Cingulate Cortex. See Supplementary Table 2 for a ranking of the links with the highest weights.

Table 3
10-fold cross-validated accuracies for the classification between HC and mdMCI. The table shows the mean accuracies (specificities; sensitivities) in percentages for all five frequency
bands, three regularization methods (GL, GLa, GLd) and the four classifiers evaluated. Accuracies higher than 80% are highlighted.

HC vs mdMCI

GL GLa GLd

alpha Knn 62.71 (62.07; 63.33) 64.41 (75.86; 53.33) 64.41 (75.86; 53.33)
LDA 69.49 (75.86; 63.33) 76.27 (72.41; 80.00) 71.19 (62.07; 80.00)
SVM 66.10 (48.28; 83.33) 66.10 (55.17; 76.67) 67.80 (58.62; 76.67)
SVMrbf 59.32 (55.17; 63.33) 67.80 (72.41; 63.33) 64.41 (65.52; 63.33)

Low beta Knn 69.49 (58.62; 80.00) 67.80 (75.86; 60.00) 62.71 (55.17; 70.00)
LDA 71.19 (58.62; 83.33) 71.19 (72.41; 70.00) 76.27 (86.21; 66.67)
SVM 66.10 (68.97; 63.33) 69.49 (68.97; 70.00) 66.10 (65.52; 66.67)
SVMrbf 66.10 (79.31; 53.33) 69.49 (68.97; 70.00) 66.10 (72.41; 60.00)

High beta Knn 59.32 (65.52; 53.33) 66.10 (65.52; 66.67) 64.41 (62.07; 66.67)
LDA 62.71 (62.07; 63.33) 69.49 (68.97; 70.00) 71.19 (65.52; 76.67)
SVM 55.93 (58.62; 53.33) 62.71 (58.62; 66.67) 66.10 (62.07; 70.00)
SVMrbf 57.63 (27.59; 86.67) 59.32 (48.28; 70.00) 69.49 (65.52; 73.33)

Full beta Knn 62.71 (79.31; 46.67) 62.71 (72.41; 53.33) 62.71 (72.41; 53.33)
LDA 71.19 (72.41; 70.00) 76.27 (86.21; 66.67) 81.36 (82.76; 80.00)
SVM 69.49 (75.86; 63.33) 64.41 (62.07; 66.67) 69.49 (65.52; 73.33)
SVMrbf 62.71 (65.52; 60.00) 66.10 (62.07; 70.00) 67.80 (68.97; 66.67)

Broadband Knn 66.10 (55.17; 76.67) 61.02 (86.21; 36.67) 62.71 (72.41; 53.33)
LDA 67.80 (75.86; 60.00) 74.58 (82.76; 66.67) 71.19 (75.86; 66.67)
SVM 61.02 (62.07; 60.00) 66.10 (75.86; 56.67) 61.02 (58.62; 63.33)
SVMrbf 62.71 (65.52; 60.00) 66.10 (75.86; 56.67) 59.32 (62.07; 56.67)
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we also provide evidence that the beta band also contributes to the clas-
sification, at least in those MCI patients with multiple impaired cogni-
tive domains.

In summary, although the accuracies obtained using SVMrbf were
high in general (in particular for the classification between HC and
sdMCI), the best accuracies were obtained using LDA, suggesting that

Fig. 5. Selected features in the LDA classifier for HC-mdMCI in the full beta band for GLd (accuracy 81.36%). A–C panels are represent three views (sagittal, coronal and axial) of the selected
links. The width and color (black to soft brown) of these links grows proportional to the median of the weights assigned to the links by the classifier across the 10-fold of the cross-
validation testing procedure. The size of the ball that represents the node is proportional to the number of links converging at it. In panel D, the upper triangularmatrix shows themedian
of the assignedweights and in the lower triangularmatrix represents the number of folds inwhich a specific link has been selected. The nodeswere grouped according to brain lobes: FL –
Frontal Lobe; PL – Parietal Lobe; TL – Temporal Lobe; OL – Occipital Lobe; C – Cingulate Cortex. See Supplementary Table 2 for a ranking of the links with the highest weights.

Table 4
10-fold cross-validated accuracies for the classification between sdMCI and mdMCI. The table shows the mean accuracies (specificities; sensitivities) in percentages for all five frequency
bands, the three regularization methods (GL, GLa, GLd) and the four classifiers evaluated. Accuracies higher than 80% are highlighted.

sdMCI vs mdMCI

GL GLa GLd

alpha Knn 59.62 (68.18; 53.33) 67.31 (54.55; 76.67) 65.38 (36.36; 86.67)
LDA 71.15 (63.64; 76.67) 82.69 (63.64; 96.67) 78.85 (54.55; 96.67)
SVM 57.69 (4.55; 96.67) 69.23 (59.09; 76.67) 63.46 (59.09; 66.67)
SVMrbf 63.46 (18.18; 96.67) 76.92 (72.73; 80.00) 63.46 (27.27; 90.00)

Low beta Knn 69.23 (50.00; 83.33) 67.31 (81.82; 56.67) 67.31 (77.27; 60.00)
LDA 67.31 (45.45; 83.33) 69.23 (36.36; 93.33) 69.23 (54.55; 80.00)
SVM 65.38 (50.00; 76.67) 59.62 (13.64; 93.33) 61.54 (22.73; 90.00)
SVMrbf 65.38 (36.36; 86.67) 69.23 (59.09; 76.67) 61.54 (36.36; 80.00)

High beta Knn 65.38 (45.45; 80.00) 63.46 (100.00; 36.67) 57.69 (90.91; 33.33)
LDA 71.15 (68.18; 73.33) 69.23 (77.27; 63.33) 71.15 (72.73; 70.00)
SVM 71.15 (36.36; 96.67) 67.31 (68.18; 66.67) 63.46 (50.00; 73.33)
SVMrbf 67.31 (54.55; 76.67) 65.38 (27.27; 93.33) 61.54 (13.64; 96.67)

Full beta Knn 63.46 (45.45; 76.67) 59.62 (40.91; 73.33) 69.23 (50.00; 83.33)
LDA 67.31 (50.00; 80.00) 67.31 (36.36; 90.00) 69.23 (45.45; 86.67)
SVM 63.46 (36.36; 83.33) 61.54 (18.18; 93.33) 65.38 (50.00; 76.67)
SVMrbf 63.46 (36.36; 83.33) 59.62 (4.55; 100.00) 61.54 (9.09; 100.00)

Broadband Knn 78.85 (72.73; 83.33) 71.15 (68.18; 73.33) 71.15 (59.09; 80.00)
LDA 84.62 (81.82; 86.67) 78.85 (68.18; 86.67) 80.77 (68.18; 90.00)
SVM 67.31 (54.55; 76.67) 63.46 (45.45; 76.67) 65.38 (45.45; 80.00)
SVMrbf 78.85 (72.73; 83.33) 73.08 (50.00; 90.00) 76.92 (77.27; 76.67)
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linearity is the best,most robust choice in this context.When it comes to
the frequency contents, the alpha and broadband datasets got the best
accuracies in the discrimination of sdMCI subjects, and the beta band
gave the best performance in the classification between HC andmdMCI.

Besides the FC classification accuracies, we included the accuracies
obtained from the power of the Hilbert-envelope time-series (see
Supplementary Table 3) and from the FD matrices (see Supplementary
Table 4). None of these results were better than 80% accuracy. The best
results were obtained using the power of the envelopes in the broad-
band data as input features, reaching 78.43% (spec. 72.41%; sens.
86.36%) for the discrimination between HC and sdMCI. When using
the FD matrices, the best results were 70.59% (spec. 72.41%; sens.
68.18%) for HC-sdMCI and 71.19% (68.97%; 73.33%) for HC-mdMCI.

Discussion

In this paper, we have used three different varieties of the graphical
lasso (Friedman et al., 2008), the non-adaptive graphical lasso, the func-
tional adaptive graphical lasso, and the structural adaptive graphical
lasso, to obtain sparse precisionmatrices explaining the direct function-
al connectivity between pairs of brain regions. To our knowledge, this is
the first time that an adaptive sparse estimation has been applied to
MEG data. The three approaches were evaluated in terms of log-
likelihood, the network density, and the performance in the classifica-
tion between three groups: healthy controls, amnesticMCIwith a single
(sdMCI) or multiple domains (mdMCI) affected.

In summary, we observed that, by including structural soft con-
straints, the classification accuracies were improved between MCI and
HC groups in most cases. The best classification accuracies were
obtained for the alpha and broadband datasets when discriminating
sdMCI subjects. For HC and mdMCI, the full beta band achieved the
best classification. Among the functional connections thatwere selected
to discriminate between sdMCI andHC,we found several connections to
temporal regions and to the posterior part of the cingulate cortex
(Davatzikos et al., 2011; Sorg et al., 2007). The engagement of connec-
tions to frontal regions in the classification of mdMCI subjects agrees
with the symptomatology of this condition (Schroeter et al., 2012).

The contribution of structural connectivity

Single-modality biomarkers have been widely employed for the di-
agnosis of MCI or AD. As an advantage, they rely on simple imaging
protocols, requiring less acquisition effort and costs. Nevertheless, we
believe that the integration of information from different imaging bio-
markers can considerably improve diagnosis and prognosis efficacy.
There is evidence that structurally informed functional connectivity
provides a more accurate representation of the real transfer of informa-
tion that takes place in brain networks (Hinne et al., 2014; Ng et al.,
2012). These approaches, however, have only been tested in healthy
subjects, and have never been applied to the diagnosis of brain diseases.
We demonstrate here that the inclusion of structural connectivity in the
estimation model of functional connectivity improves the accuracy in

Fig. 6. Selected features in the LDA classifier for sdMCI-mdMCI in broadband and with GL (accuracy 84.62%). Panels A-C represent three views (sagittal, coronal and axial) of the selected
links. The width and color (black to soft brown) of these links grows proportional to the median of the weights assigned to the links by the classifier across the 10-fold of the cross-
validation testing procedure. The size of the ball that represents the node is proportional to the number of links converging at it. In panel D, the upper triangularmatrix shows themedian
of the assigned weights and the lower triangular matrix represents the number of folds in which a specific link has been selected. The nodes were grouped according to brain lobes: FL –
Frontal Lobe; PL – Parietal Lobe; TL – Temporal Lobe; OL – Occipital Lobe; C – Cingulate Cortex. See Supplementary Table 2 for a ranking of the links with the highest weights.
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the classification betweenMCI and HC: up to 3% of improvement for the
sdMCI group (see Table 3) and up to 10% of improvement for themdMCI
group (see Table 4). In the classification between sdMCI and mdMCI,
however, GL provides the best accuracy, perhaps because the structural
connectivity differences are too heterogeneous, reflecting the variety of
symptoms of the mdMCI group.

Our initial hypotheses were: first, that using the structural connec-
tivity to guide the estimation of the networkwould improve the estima-
tion of the functional connectivity; and second, that the classification
accuracies between groups would benefit from this multimodal fusion.
As mentioned above, the log-likelihoods quantify how well the model
(in this case, the estimated precision matrix) describes the data under
a certain distribution of probability (in this case, themultivariate Gauss-
ian distribution). In our experiments, the log-likelihood increasedwhen
guided by the structural connectivity in comparison to the case of a
homogeneous regularization. When comparing the log-likelihoods be-
tween the adaptive cases GLa and GLd, the results are mostly indistin-
guishable. GLa uses the empirical covariance matrix computed from
the functional data in order to guide the estimation of the network
and, hence, in terms of the ability of describing the functional data, it
has a head start. The fact that the log-likelihood is roughly equal for
GLd and GLa (and higher than GL) is indeed encouraging, considering
that the adaptive penalty of GLa is defined using the samedatamodality
(functional data) that we use for computing the likelihood. This result
suggests a genuine link between functional and anatomical connectivi-
ty, consistentwith findings elsewhere (Cabral et al., 2013;Greicius et al.,
2009; Hinne et al., 2014; Honey et al., 2009).

Disruption of functional networks in MCI

The classification of MCI using whole-brain connectivity is of grow-
ing clinical promise. Previous attempts distinguished between MCI
that developed Alzheimer’s disease and HC with a 90% of accuracy
(Shao et al., 2012) by using just structural connectivity. Here we obtain-
ed an accuracy of around 70% in the discrimination between groups
when using only SC between cortical regions. This contrast of accuracies
might be in part due to differences in the methodological pipeline.
For example, we used deterministic tractography, and we did not
included sub-cortical connections. Most likely, however, this is attribut-
able to the advanced disease stage of the subjects, who would probably
have had considerable cortical and sub-cortical atrophy that decreased
the tract density, thus enhancing the discriminability power of the
tractography.

In another study using graph-theory metrics from fMRI functional
connectivity networks, Wee et al. classified amnestic MCI subjects ver-
sus HC with an accuracy of 86% (Wee et al., 2012b). This accuracy was
increased to 96%when they concatenated functional and structural con-
nectivity features (Wee et al., 2012c). These two studies had clear limi-
tations: first, the reduced sample size (ten subjects in the sdMCI group)
hinders the interpretation of the results; second, it is not clear whether
the feature selection step was carried out on the entire data (including
the testing data which is used to evaluate the model). In this case, this
would result in an overestimation of the obtained accuracies. Also,
leave-one-out cross-validation is known to be a high variance estimator
of the classification accuracy (Hastie et al., 2009), and 10-fold cross-
validation is a more reliable alternative (Kohavi, 1995).

The same group evaluated the classification performance in a similar
sample using a group-constrained sparse estimation of fMRI connectiv-
ity through l2-regularization, achieving accuracies of 84% in the best
case (Wee et al., 2014). In a third paper, they use sparse multivariate
autoregressive modelling to compute an effective connectivitymeasure
similar to Granger causality (Li et al., 2014). This time they achieved a
mean accuracy of 91%, which turned out to be higher than those obtain-
ed using full-connected matrices (Pearson correlations). This result
suggested that sparse functional networks provide amore effective rep-
resentation of the whole brain connectivity. Note that fMRI is sensitive

to other factors than brain activity, as the cerebral perfusion quantified
as the cerebral blood volume/flow. Hypo-perfusion in regions such as
the posterior cingulate has been related to cortical atrophy and cogni-
tive decline in MCI patients (Chen et al., 2011; Lacalle-Aurioles et al.,
2014). Thus, it is certainly possible that cerebral perfusion could also
have contributed to the differences observed with the mentioned fMRI
studies.

Note that not all of the patients included in our samplewill necessar-
ily develop Alzheimer’s dementia (non-converters), and, from those
that will develop Alzheimer’s dementia (converters), the time to the
conversionwill likely vary. These two factors, aswell as the possible de-
velopment of other kinds of dementia, should be monitored on this
sample, and the classifiers could be used to predict between an immi-
nent development of dementia, a delayed development of dementia,
and a return to the healthy condition.

The connections that most frequently distinguished both groups
from the healthy control group include regions of the cingulate cortex
that agree with those of previous findings in similar populations
(Davatzikos et al., 2011). These regions were previously observed to
have decreased functional connectivity in resting state networks de-
rived from independent component analysis (Sorg et al., 2007). Connec-
tionswith regions of frontal cortexwere often selected, including caudal
middle frontal gyri, rostral middle frontal gyri, frontal poles, and the
pars triangularis (Grady et al., 2003). Interestingly, both HC-sdMCI and
HC-mdMCI classifications assigned a similar importance to connections
with regions of the temporal cortex, including transverse temporal gyri,
enthorinal cortices and parahippocampal gyri. This seems reasonable, as
thememory cognitive decline that both groups presentmight be related
to a malfunctioning of regions in the temporal cortex. However, the im-
portance in the classification of connections with frontal regions was
much higher in the classification between HC-mdMCI. The fact that
the mdMCI group presents a major executive impairment in compari-
son to the sdMCI group canmotivate the role of this frontal connections
as a clinical biomarker (Schroeter et al., 2012). It has also been reported
that connections between frontal and temporal cortices are diminished
in Alzheimer’s patients (Stam et al., 2009), i.e., at a more advanced dis-
ease stage. Themedial frontal and temporal regions have been implicat-
ed in a “default-mode” network. This network comprises a set of regions
with high connectivity during rest (Buckner et al., 2008), which become
deactivated when performing any attention-demanding task. The level
of activity in this network at rest has been observed to be lowered in in-
dividuals at risk of Alzheimer’s (Petrella, 2013; Vogelaere et al., 2012;
Wang et al., 2013).

In the classification between sdMCI-mdMCI, themaximum accuracy
was obtained with ten input features. These connections included re-
gions of the occipital cortex (i.e. lateral occipital and lingual gyri), cingu-
late cortex (isthmus of cingulate gyrus) and frontal cortex (caudal
middle frontal and postcentral gyri). In other studies, the posterior
part of the cingulate, including the isthmus cingulate, showed reduced
metabolic activity in a set of patients that later developed Alzheimer’s
dementia (Minoshima et al., 1997). Additionally to the posterior cingu-
late, the medial temporal lobe and the inferior parietal lobe showed de-
creased metabolic activity in AD patients (Gusnard and Raichle, 2001).
This decreased metabolism has been found to correlate with pathologi-
cal atrophy of the entorhinal and hippocampal cortices (Huang et al.,
2002). According to Zhou et al. (2008), disruption of the anatomical
connections from the posterior cingulate and the hippocampus to the
whole brain in early AD patientswere related to immediate recall mem-
ory scores. All these findings indicate that the posterior cingulate cortex
is strongly involved in the course of AD, and the fact that connections
with the isthmus cingulate are present in the classification between
sdMCI-mdMCI might indicate that the connectivity with this region, as
revealed by the proposed approaches, could be a useful connectivity-
based biomarker to define the risk of converting to dementia.

For the sake of comparison, we have included classifiers using the
power of the Hilbert envelopes time-series as input features. We
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observed that, in general, the accuracieswere lower than those obtained
using the graphical lasso approaches.

Methodological issues and limitations

We should note a few limitations of this study. First, it is still un-
known whether the MCI patients of this sample will convert to AD.
This is important, as the classifier could lose predictive accuracy due
to high heterogeneity within the groups. As an example, we evaluated
this heterogeneity in terms of MMSE, as it seems that it could be a dif-
ferentiating factor between groups (see Table 1). The misclassified
subjects, however, were not significantly different from the rest of
the group (i.e. the correctly classified subjects) according to a non-
parametrical Mann-Whitney statistical comparison (p N 0.05) for any
of the classifications.

Second, we have restricted ourselves to the alpha and beta bands.
The selection of the frequency bands was made according to previous
findings in MEG resting-state networks (Brookes et al., 2011) and to
previous MEG literature in MCI (Garcés et al., 2013; Ishii et al., 2010).
However, the impact of introducing structural priors for estimating
functional connectivity in other classical frequency bands, such as
delta (0.5–4Hz), theta (4–8Hz) and gamma (30–50Hz), was not evalu-
ated and is still interesting. Future work should assess thoroughly the
effect of structural priors in these frequency bands as well as the corre-
sponding classification accuracies. The paper is also restricted to station-
ary measures of functional connectivity. Recent work using Hidden
Markov Models (HMMs) has shown MEG resting state networks
switching on very fast time-scales, on the order of 200 ms (Baker
et al., 2014). Futurework could assess the use of structural priors to con-
strain the cross-region interactions in the HMM observation models.

Third, the quantification of structural connectivity is prone to errors.
Fiber crossing, bending or kissing are unresolved issues when using
single DTI as a model of water diffusion. More complex models, such
as q-ball (Tuch, 2004) or spherical deconvolution (Tournier et al.,
2004) are potentially useful alternatives. However, the limited number
of encoding directions in our data hinders this estimation. Future MRI
protocols will include higher angular resolution diffusion schemes in
order to achieve a better characterization of the structural connectivity.

Fourth, no standardized brain parcellation is fully agreed by the
scientific community. There is evidence that different parcellation
schemes give rise to different network topographies (Zalesky et al.,
2010). The effects that this parcellation would have on the integration
of structural and functional information is still an open question. Here,
we employed a cortical anatomical parcellation of sixty-six regions
which has been previously employed in multi-modal whole-brain net-
work studies (Hagmann et al., 2008; Honey et al., 2009). In future anal-
yses, we will test the impact of structural connectivity on the functional
connectivity for different functional or anatomical parcellation schemes.

Fifth, we have not applied any leakage correction. Although there
may be some benefits to using leakage correction due to removal of
false positives (Maldjian et al., 2014), state-of-the-art methods are
over-conservative in the sense that they remove all the zero-lag correla-
tions (including the genuine ones), resulting in an (unknown) extent of
true positives decrement. For this reason we considered that standard
leakage correction could have unpredictable results in the context of
precision matrix estimation and therefore chose not to apply it in
these experiments. The inclusion of a structural prior, which is not con-
taminated by leakage, could havemitigated this effect as well. Note also
that, despite this caveat (which is equally applicable to all the methods
we compared), the results of the classification were still quite accurate.
In the future, we will investigate the trade-off between true and false
positives decrement by leakage correction, and, potentially,wewill con-
sider how to integrate leakage correction within the precision matrix
estimation, perhaps by an inclusion of another adaptive penalty where
closer links are more heavily penalised. This could be considered as a

softer (less conservative) alternative to the usual orthogonalisations
(Brookes et al., 2012; Maldjian et al., 2014).

Finally, the sample size of this study, although higher than previous
investigations on HC-MCI discrimination (Shao et al., 2012; Wee et al.,
2014, 2012c), is still moderate. Nevertheless, the presented results re-
main promising, and illustrate the potential of combining different mo-
dalities, for which we provide a simple but efficient method to carry
through this integration.

Conclusion

In this paper, we provide for the first time a multimodal integration
of MEG-DWI for the estimation of sparse whole-brain networks. This
integration has been compared in terms of classification accuracy be-
tween HC and MCI to two single-modality approaches: using the
power of the Hilbert envelope time-series and single-modality SC. The
conclusion is that GL-based techniques for estimating FC can yield
higher accuracies than single modality approaches. The inclusion of SC
in our FC estimation further improves the accuracies for HC-MCI dis-
crimination but not forMCI subgroups classification. The reported accu-
racies are analogous to other results obtained from samples of amnestic
MCI subjects using whole brain fMRI connectivity approaches (Wee
et al., 2014, 2012a,b). We conclude that whole brain MEG connectivity
is a powerful biomarker of MCI and that the inclusion of SC increases
the classification potential. Future studies with larger datasets and clin-
ical follow-up will contribute to validate the effectiveness of the pro-
posed integration.
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Chapter 6

Conclusions

In this section we will provide first an overview of the results obtained along this the-

sis and the consequences that this will have in the neuroimaging and neuroscience

communities. We will later emphasize in the specific results obtained separately by

each scientific publication, concluding their specific relevance in the scientific commu-

nity. We will also comment on other scientific production that was generated during

the course of this thesis work, but that we decided to release out of the main scope

of the thesis, including scientific journal contributions and international conferences.

Finally, we will discuss future perspectives.

6.1 Main results

6.1.1 General achievements

In the introduction section, four objectives were enumerated. These objectives in-

cluded the quantification of functional and structural connectivity using MEG and

DWI datasets, respectively, the integration of such multimodal information and, in

order to test the benefits of fusing multimodal information, our last objective was to

use machine learning classification algorithms to discriminate between healthy aging

(HA) and MCI groups. In chapters 3 to 5, the quantification of FC has been approached

following three different pipelines, as described in figure 2.13. The benefits of per-

forming a source reconstruction previous to quantifying FC have been evidenced, as

by projecting the time-series into the brain cortex, it is possible to establish a direct

FC-SC correspondence. In addition, by performing a source reconstruction the field
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spread problem is mostly solved, thus achieving a more accurate representation of the

brain dynamics.

With respect to the quantification of SC, in chapter 3 white matter integrity has

been quantified using fractional anisotropy (FA) images. A decrease of FA in a re-

gion of a white matter fascicle tells how much the axonal integrity (in terms of de-

creased diffusion anisotropy) has been impaired. A pipeline of combining FA-SC and

FC was proposed in chapter 3, where it was possible to identify WM regions, responsi-

ble for FC network disorganization. This approach led us to state that damage in white

matter fascicles, including the cingulum of the hippocampus and the inferior fronto-

occipital and longitudinal fascicles, drive the FC network to a random configuration

and, furthermore, this damage represents a decay in the MCI patient ability to perform

satisfactory a in several neuropsychological tests. Nevertheless, although this study

had interesting findings, the correspondence between voxel based FA and FC is not

straightforward, and therefore a quantification of SC equivalent to FC was proposed

for the next chapters. In chapters 4 and 5 DTI tractography was employed to quantify

the strength of the white matter fascicles between gray matter regions. By quantifying

SC like that it was possible to directly correlate FC-SC. In chapter 4 it was observed

that the DMN is 1. impaired functionally and structurally in MCI, and 2. that the con-

nections in this system are correlated between modalities. However, a true integration

of information requires the information to be combined, and not simply related. The

final study in chapter 5 goes a step further in fulfilling the third objective, and provides

with a suitable integration framework, where SC informs FC about the suitability of

a connection to provide a direct communication mechanism. In chapter 5 the fourth

objective is also achieved, as machine learning classifiers were used to evaluate and

validate the proposed methodology against other single-modality approaches.

6.1.2 Achievements of each paper

In chapter 3, we have seen for the first time that white matter integrity, assessed by

DTI, and functional brain organization, assessed by graph theory and MEG functional

connectivity, were interrelated. The degree of impairment in specific tracts was de-

pendent on the level of randomness in the MEG functional networks, and, in addi-

tion, correlated to a series of neuropsychological scores specific to the pathological

condition.
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MCI population comprise a step in the continuum of AD. A bulk of single modal-

ity approaches have been employed to describe this condition, however only through

intermodal integration it is possible to describe the biological cascade of changes that

occur in AD. This multimodal interrelations provide us with new ways to characterize

the pathophysiological mechanisms underlying neurological diseases, specially those

that have been identified as disconnection syndromes. In particular, we focused into

the FC-organization vs. SC-integrity relationship, and several white matter regions

were identified as responsible, or at least interrelated, to the FC network disorganiza-

tion. One of these regions was the cingulum of the hippocampus, which act as a hub of

an episodic memory system. We concluded this result with and hypothesis, in which

when this hub is impaired, the functional system is broken down, and healthy subjects

became mild cognitive impaired. However, this hypothesis needs further evaluation

in larger datasets and clinical follow-up.

In chapter 4, we moved a step forward and performed a direct mapping between

FC and SC. For studying multimodal MEG and dMRI, the only way to extract direct

conclusions of the FC-SC interrelation is by describing connections in the same spatial

scale. Thus, we mapped FC and SC between specific regions of the DMN. This system

has been extensively described using resting state fMRI. In MEG, instead, few studies

have attempted to characterize it. fMRI studies in MCI samples observed that DMN

activation decreases as compared to healthy controls, thus we hypothesized the same

result for our analyses. Indeed, we found that FC between regions in the DMN was

diminished in MCI vs. healthy controls, but in addition, thanks to the multimodal

nature of this study, we were able to identify: 1. which connections damaged in FC

were also damaged in SC, and 2. the degree of FC-SC dependance for the two pop-

ulations in the DMN, similarly as Greicius and colleagues in 2009 did, except that

they were using fMRI FC (145). Comparing different imaging modalities in the same

spatial scale is essential to establish solid hypotheses, and this study does so for the

first time for MEG and dMRI. Further research on this line will focus on identifying

sample specific DMN system (51) and using it to define the regions of interest for the

subsequent connectivity analyses. Some work attending this concept was started dur-

ing a short stay in the Sir Peter Mansfield Magnetic Resonance Center (University of

Nottingham), and continued as a supervised master thesis.
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In chapter 5 we approached a true multimodal integration. We called it true, as in

this case FC and SC were not only in the same spatial scale, but they also informed a

graphical model to create a network. This approach was achieved through the graph-

ical lasso estimation, which assumes multivariate Gaussian nature in the functional

data. This algorithm introduces a penalty to regularize the estimation of direct FC,

which was adapted to include the SC quantification. The improvement in FC esti-

mation when informing with SC was evaluated in two ways: by computing the log-

likelihood, i.e. how well our model represents our data under a distribution of prob-

ability, and by comparing accuracies in the classification of MCI vs. healthy controls.

The estimation of the log-likelihood revealed that SC informed FC was as accurate as

covariance informed FC, but greater than non-adaptive GL. This result was initially

difficult to accept, as it indicated that our model was not better than the model that

would be obtained using a single-modality approach. Nevertheless, we considered

later that this result was not as bad as we thought initially. Functional adaptive GL

uses a empirical covariance matrix obtained from the functional data, so, in terms of

ability to describe a functional data of the same nature, this approach has a leg up.

In fact, having both functional and structural GL, a similar log-likelihood indicates

that, although different priors are used, both achieve a solution in the search of a

model that describes similarly the data, thus reflecting a genuine link between func-

tional and structural connectivity. In terms of classification accuracy, the SC informed

FC boosted the classification of MCI subjects in comparison to single modality ap-

proaches: 1. vs. non-adaptive GL (5− 14%); 2. vs. functional adaptive GL (2− 6%);

3. vs. band-pass power of the functional time-series (10− 17%); and 4. vs. the SC

networks (14− 22%). These results led us to conclude that the diagnostic power of

a single-modality technique is defeated when using multimodal approaches. Further

research will be necessary to check the specificity of this technique as a prognostic

predictor of AD development.

6.2 Other publications and contributions

Garcés and colleagues 2013 - Frontiers in Aging Neuroscience (129) In this paper,

neurophysiological changes in MCI were studied in comparison with age-matched

controls. Resting state MEG recordings were reconstructed in the source space, and
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the power spectra were estimated for each source. These spectra were averaged across

regions, and specific features including the frequency and amplitude of the alpha peak

were extracted. Alpha peak frequencies were higher in the healthy group, whereas

peak amplitudes were higher in the MCI group, in particular for temporal and parietal

regions. This results were correlated to the volume of the hippocampus, indicating a

possible relation between the atrophy of the hippocampus (a robust AD biomarker)

and the pathophysiology of the MCI condition. The contribution of the PhD candidate

in this work consisted on the segmentation of the hippocampus from T1-weighted

MRI images, and helping with the review of the manuscript.

Pineda-Pardo and colleagues 2014 - Brain Topography (149) In this paper, FC and

SC networks from healthy subjects are directly compared within a graph theory frame-

work. FC was obtained from temporal correlations between fMRI time series, and SC

was obtained using a global tractography method. Although this paper, initially, was

intended to provide a fully description of both networks in term of the traditional

battery of graph theory metrics, due to a recent publication (150) this intention was

discarded. Finally, this paper described organization features of the networks when

the physical location of the nodes (i.e. its position in space) is considered. Within this

specific framework we defined a measure of network directionality, and we observed

that, first, FC networks are more randomly organized and less efficiently embedded

in space than SC networks and, second, that inter-hemispheric links have the largest

contribution in FC networks, whereas intra-hemispheric links contribute the most in

SC networks. The candidate designed this study, performed the analyses and wrote

the paper.

Papo and colleagues 2014 - Philosophical transactions of the Royal Society of Lon-

don (151) This paper is a thorough review about the past, present and future of graph

theory in the characterization of brain networks. The candidate helped in the writing

of the manuscript.

Cuesta and colleagues 2014 - Journal of Alzheimer’s Disease (152) In this paper a

sample of healthy elderly controls and MCI subjects is subdivided into APOE gene ε4

allele carriers and non-carriers. Following this sample segmentation, the groups are
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compared in terms of MEG FC of the source reconstructed time-series. MCI subjects

had lower FC in temporal and parietal regions in alpha and beta frequency bands.

Specifically for the carrier group, FC was diminished in long-range connections in

the delta frequency band. Interaction between groups was observed in frontal and

temporal regions. Whereas healthy controls increased FC between these regions in the

ε4 allele carriers group, the opposite happened in the MCI group. The contribution

of the candidate to this work consisted on the segmentation of the hippocampus from

T1-weighted MRI images and helping with the review of the manuscript.

López and colleagues 2014 - Journal of Neuroscience (131) In this paper two MCI

groups, progressive and stable, were compared using resting state MEG FC in the

source space. Five links were identified to discriminate these two groups, where the

FC was lower for the stable MCI group. The FC in these connections correlated to the

level of atrophy in the hippocampus and the entorhinal cortex, as well as to several

neuropsychological scores. In addition, these links were input (separately) to a logistic

regression analysis to estimate classification accuracies. Using the FC between right

anterior cingulate gyrus and the right lateral inferior occipital cortex, together with

the immediate memory recall neuropsychological score, the achieved classification

accuracy was of 89.8%. The contribution of the candidate in this work consisted on the

segmentation of the subcortical structures from T1-weighted MRI images, the creation

of group specific templates for the source reconstruction and helping with the review

of the manuscript. In addition the candidate performed several analysis of the SC

between specific regions, however no-results consistent with the previous findings

were identified.

6.2.1 Book chapters

• Pineda-Pardo and colleagues - El nivel macroestructural: imágenes de resonan-

cia magnética ponderadas en difusión (153)

• Solano and colleagues - Análisis de conectividad funcional y efectiva mediante

RMf (154)

• Buldú and colleagues - Las redes funcionales bajo la perspectiva de la teorı́a de

grafos (155)
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6.2.2 Contributions in national and international conferences

• J Martı́nez, P Ariza, D Papo, J Pineda, R Bajo, F Maest, JM Buldú. Utilizando

patrones de orden y redes complejas para evaluar la reserva cognitiva. NoLineal

Conference. June 2014. Given as talk.

• JA Pineda-Pardo, J Avecillas, R Arza, JJ Lpez-Ibor, B Strange, J Barcia. Multi-

modal fMRI-DWI to predict success of striatal DBS in obsessive compulsive dis-

order. Organization for Human Brain Mapping (OHBM). June 2014.

• JA Pineda Pardo, M Molina, A Cristobal, E Manzanedo, F del-Pozo Guerrero,

J Álvarez-Linera, JA Hernández-Tamames. Changes in Anatomical and Func-

tional Connectivity related to Lower Hippocampal Volume. International Soci-

ety for Magnetic Resonance in Medicine (ISMRM). May 2014. Given as talk and

awarded with Magna Cum Laude.

• CA Roman, JA Pineda-Pardo, SM Rajtmajer, GR Wylie, FG Hillary. Decreased

White Matter Integrity Predicts Hyperconnectivity Following Traumatic Brain

Injury. International Neuropsychological Society (INS). February 2014. Given as

talk.

• J Martı́nez, P Ariza, JA Pineda-Pardo, G Niso, E Solesio, F Maestú, JM Buldú.

Evaluating Brain Resilience in Memory Ageing based on Evolving Networks.

Net-Works International Conference. December 2013. Given as talk.

• JA Pineda-Pardo, P Garcés, ME López, S Aurtenexte, P Cuesta, P Montejo, A

Marcos, M Yus, JA Hernández-Tamames, F del-Pozo Guerrero, F Maestú. MEG

networks organization is related to white matter integrity. European Society for

Magnetic Resonance in Medicine and Biology (ESMRMB). October 2013. Given

as talk.

• JA Pineda-Pardo, P Garcés, ME López, S Aurtenexte, P Cuesta , ML Delgado, M

Montenegro, A Marcos, M Yus, J Arrazola, A Barabash, JA Cabranes, JM Buldú,

F del-Pozo Guerrero, F Maestú. White Matter Integrity Predicts Resting State

Network Organization in Mild Cognitive Impairment. Alzheimer’s Association

International Conference (AAIC). July 2013.
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• JA Pineda-Pardo, K Martı́nez, AB Solana, E Molina, R Colom, JM Buldú, JA

Hernández-Tamames, F del-Pozo Guerrero. Anatomo-functional Organization

in Brain Networks. XXXIII Dynamic Days Europe. June 2013. Given as talk.

• P Ariza, JA Pineda-Pardo, R Gutierrez, R Bajo, F Maestú, S Boccaletti, F. del

Pozo, J.M. Buldú. Ageing and memory maintenance: Tracking the evolution of

functional networks. XXXIII Dynamic Days Europe. Madrid, España 3-7 June

2013.

• K Martinez, J Villalon-Reina, D Kessel, A Joshi, JA Pineda-Pardo, N Jahanshad,

T Nir, K Eshenburg, FJ Román, M Burgaleta, AB Solana, MA Quiroga, R Colom,

PM Thompson. Exploratory factor analysis of brain networks reveals sub-networks

related to cognitive performance. International Symposium on Biomedical Imag-

ing (ISBI). April 2013. Presented as electronic poster.

• AB Solana, JA Hernández-Tamames, E Molina, K Martı́nez, JA Pineda-Pardo, R

Bruña, R Toledano, V San Antonio, I Garcı́a-Morales, A Gil-Nagel, E Alfayate,

J Álvarez-Linera, F del-Pozo Guerrero. Altered brain rhythms and resting-state
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6.2.3 Master thesis supervised

Structural connectivity and hubs in brain training - Miguel Medina

Dual-resgression ICA MEG analysis in MCI - Maria Jose Roblés Marı́n

6.3 Future perspectives

This thesis has contributed with new points of view in the joint-analysis and integra-

tion of multimodal information, specially in the analysis of MEG and dMRI. Never-

theless, multimodal brain connectivity is a challenging field and knowledge in this

area is still insufficient, thus the developed techniques and the generated results still

demand for more research. In general, three future directions are forecasted:

1. Computational models informed by structural connectivity. This could be a bi-

furcation evolving from methodology in chapter 4, where instead of informing a

graphical model to create a network as in chapter 5, we inform a set of coupled

oscillators, where each of them is defined by some specific governing equations,

to create a system modeling the brain dynamics. Each oscillator could define a

region in the brain network, and they could be coupled according to the struc-

tural connectivity values estimated from dMRI. By modeling the brain dynamics

in such a way, it is possible to introduce perturbations in the system of coupled

oscillators and to study the consequences of such a perturbation, e.g. damaging

a structural connection, increasing the delay between oscillators, and others as-

pects that may simulate brain pathology. There is already many research groups

working in this idea, but our intention is to apply it specifically to mild cognitive

impairment and Alzheimer’s disease. In this case, once the computational model

would be created, it could be possible to identify the effects that the damage in

the cingulum of the hippocampus could have in the network, which should be

to disorganize the functional network (see chapter 3).

2. Dynamic networks. It is indeed a very aggressive assumption to consider that

a functional network could be represented as an unique and static graph. In

fact, functional connections should arise and disappear with time. We recently

have approached this issue by segmenting the time with windows of the same
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length, and analyzing windows separately, providing each window a time-point

network description. This work is about to be published, but considering equal-

sized networks is still limited. Why should a network last the same than other?

In fact, we do not expect such a strict behaviour from brain networks. An option

is to segment time according to the network that is active during this time, thus

it could be possible to obtain time-specific description of what the brain is doing

and for how long is it doing this. Hidden Markov Models is a technique that

could be useful for such a purpose, and many applications could benefit of such

approach, e.g. seizures in epilepsy, tremor in Parkinson’s or fails in recovering

information in Alzheimer’s.

3. Longitudinal network analysis. Finally this is a research line of huge impor-

tance. Assuming that results are reproducible when following an identical method-

ological protocol, a longitudinal monitoring of the diseases is mandatory, spe-

cially for these long-lasting diseases such as Alzheimer’s, where prognostics are

of extremely relevance. Let us consider that a subject suffering from MCI or

subjective memory complaints goes through a MEG scanning session. Ideally,

clinicians would aim at discovering when this person is going to develop de-

mentia, or, if not, what are the probabilities that a cognitive training therapy

could ameliorate his symptoms. In order to provide these answers, longitudi-

nal data samples following population based screenings are required. At the

time of this thesis several initiatives are acquiring longitudinal samples focusing

in Alzheimer’s, and the application of multimodal techniques such as the de-

scribed in this thesis could address concerns in the search for early biomarkers

of the disease.
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matter microstructure underlying default mode network connec-
tivity in the human brain. NeuroImage, 49(3):2021–32, February
2010. 57

[148] P SKUDLARSKI, K JAGANNATHAN, K ANDERSON, MC STEVENS,
VD CALHOUN, BA SKUDLARSKA, AND G PEARLSON. Brain con-
nectivity is not only lower but different in schizophrenia: a com-
bined anatomical and functional approach. Biological psychiatry,
68(1):61–9, July 2010. 57

[149] JA PINEDA-PARDO, K MARTÍNEZ, AB SOLANA, JA HERNÁNDEZ-
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