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ABSTRACT 

The study of the dynamical connections between different parts of the brain is crucial to 

understand brain function. Thanks to its temporal resolution, magnetoencephalography 

(MEG) is one of the best suited techniques for this endeavor. When studying 

connectivity with MEG two important challenges are field spread and low spatial 

resolution.  To improve the interpretability of the results, it is therefore advisable to 

work at the source level. A critical aspect of source-level connectivity that has been 

largely overlooked in the literature is the effect of the chosen inverse method on the 

subsequent connectivity analysis. The time series of the cortical sources can be 

reconstructed using various MEG inverse methods, and the most used ones make 

different assumptions about the correlation of the sources.  How each method 

specifically affects the reliability of long-range source coupling estimation is still poorly 

understood. In this project, we set out to develop a methodology that allowed us to 

objectively compare the performance of the most used inverse methods in the 

connectivity estimation from MEG data.  

To meet this objective, we build a framework to systematically compare the effect on 

connectivity estimates of the most used inverse methods, i.e., the Minimum Norm 

Estimate (MNE) and the beamformers, using simulated and real data.  As the product of 
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for source estimation has a significant effect on subsequent connectivity estimation. 
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between their elements, have a significant effect on the performance of the methods to 

reconstruct the interactions between the sources. Finally, our results also show that the 

performance of the methods to reconstruct interactions is independent from their 

performance to reconstruct activity. 
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1. INTRODUCTION 

The study of neural synchronous activity is fundamental to understand brain function. 

Indeed, the achievements in this area have led to important advances in the comprehension 

of high order cognitive functions like attention, the production and perception of language 

and music; emotions, sleep, and psychiatric disorders (Buzsaki, 2006; Giraud and Poeppel, 

2012; Goswami, 2012; Lopes da Silva, 2013, 2010). 

Both temporal and spatial information are important to understand the dynamics that 

underlie cognitive process. The synchronous activity of the human brain was first reported 

by the father of Electroencephalography (EEG), Hans Berger, in 1929. He described a slow 

rhythm below 12 Hz that he named alpha wave and a faster one, above 12 Hz, that he 

named beta wave. From this time on, other frequency bands from 0.05 Hz and up to 200 

Hz have been described (Buzsáki and Watson, 2012). Spatially, two main scales are 

differentiated: local and large scale connections.  Locally synchronized activity gives rise 

to specialized function; large-scale integration allows the coordination of local distributed 

activity that supports complex cognitive functions (Varela et al., 2001a).  The mechanism 

by which brain waves intervene in brain processes is an area of active research (Buzsáki 

and Watson, 2012; Güntekin, 2008; Lopes da Silva, 2013; Lord et al., 2013).   

The non-invasive techniques best suited to study brain oscillations are EEG and 

Magnetoencephalography (MEG), thanks to their temporal resolution in the order of 

milliseconds.   The signals from both of them are a direct measure of the neuronal activity 

and they share the same neurophysiological principle. Nonetheless, they have important 

differences in the way they pick up the electro-magnetic brain signals, and rather than 

being redundant, they are complementary techniques. As this project is part of a 

collaboration with two worldwide highly recognized centers on MEG research, the Centre 

de Recherche en Neuroscience de Lyon, France, and the Departement de Psychologie from 

the Université de Montréal, Canada, this project is focused on MEG. 

One major drawback of MEG (and EEG) is its spatial resolution.  As MEG signals are 

recorded at the scalp, it is necessary to estimate the location of the neuronal generators of 
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those signals to improve the interpretability of the results. These kind of problems, were 

the parameters that define the problem (i.e. the location of the neuronal sources) cannot be 

directly observed, are called inverse problems. Inverse problems are ill-posed problems, 

which means that they either do not have a solution, or the solution is not unique, and/or 

the solution is unstable. In the case of the MEG problem the solution is not unique and its 

subject of instabilities produced by noise. The approaches used to estimate the solution are 

called inverse methods.  

There are several inverse methods to localize the neuronal sources of MEG. The main 

differences between them are the assumptions they make on the neuronal sources. Many 

studies have compared the performance of these methods to reconstruct power activity, 

concluding that there is an effect of the method used on these reconstructions; nonetheless, 

there is hardly any study on how the choice of the inverse method affects the connectivity 

results. 

The most used inverse methods in the field are the Minimum Norm Estimate (MNE) and 

the beamformers (or Spatial Filters). MNE solution is the distribution of sources with the 

minimum current that give the minimum difference (L2-norm) between the observed and 

the estimated data. The beamformers are a set of spatial filters, one for each source that 

will be reconstructed. Each filter passes the activity of the source of interest while 

suppressing the activity of other sources. Noteworthy in the context of connectivity 

analysis, beamformers assume the sources to be uncorrelated, while MNE does not.   

Various studies have investigated how the selection of the inverse method affects the 

results of local activation (power maps); but practically none have studied how this 

selection affects the results of connectivity analysis. Up to the development of this project, 

the question of how beamformers reconstructions affect the connectivity analysis in 

comparison to methods like MNE (which do not make assumptions about the correlation of 

the sources) remained totally open.  Various studies had shown that beamformers can 

reconstruct the activity of low-correlated, point-like sources, but their performance for 

connectivity analysis and other kind of sources has been almost untackled.  
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As MNE and beamformers are the most used methods in the area, we set out to investigate 

if the selection of one method over the other influences the output of connectivity analysis. 

To reach this goal, our task was to develop a methodology that allowed us to objectively 

compare the performance of the MNE and beamformers in the estimation of connectivity 

using MEG simulated and real data. Overall, our results demonstrate that the choice of the 

inverse method impacts the results of MEG source-space coherence analysis, and that the 

optimal choice of the inverse solution depends on the profile of cortical activity and 

interactions. This document presents the results and advancements in the field that we have 

made through the development of this project. 

This manuscript is organized in article-based format. This first chapter is an introduction 

that includes the state of the art of MEG source connectivity analysis and the motivation to 

develop this project (section 1.1), the hypothesis and objectives (section 1.2), methodology 

(section 1.3), and the main results of each article and their relation with the objectives 

(section 1.4). Chapter two contains our first published article (Hincapié et al., 2016), in 

which we report, for the first time in the literature, that MNE requires a different 

regularization parameter when reconstructing source activity and interaction of the sources. 

Chapter three is the second article, which is now under the second revision in Neuroimage, 

and in which we compare the effect of the three most used methods in the area (MNE and 

two beamformers) when reconstructing connectivity using simulations. Chapter four 

corresponds to the third article, which is currently under review in Frontiers in Psychiatry, 

and where we reviewed findings from MEG resting-state (where subjects are asked to let 

their minds wander) connectivity within Major Depressive Disorder (MDD) and Bipolar 

Disorder (BD), from a methodological perspective. Chapter five contains the description of 

the work in progress with real data. And, Chapter 6 presents the main conclusions and 

perspectives of the project and the annex. 

 

1.1.  State of the art 
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This section presents the electrophysiological basis of brain connectivity, the basic features 

of MEG, the reconstruction of sources from MEG recordings, the most used methods to 

study functional connectivity with MEG and lastly a discussion.  

 

1.1.1. Electrophysiological basis of brain connectivity 

 

Neurons are fundamental for processing information in the brain. Our brain has about 100 

billion neurons and a quadrillion of connections (Buzsaki, 2006). The strength of brain 

function comes from its capacity to synchronously integrate the activity between local 

specialized neuron populations. Understanding how the brain accomplishes this long-range 

integration is a central question to neuroscience research. This section explains the basic 

notions of neural signaling, neural networks and oscillations and the main approaches to 

study connectivity.  

 

1.1.1.1. Neural signaling 

 

Electrical signaling is the fundamental neuronal process and an elementary building block 

of brain function.  Neurons are organized in networks, where these electrical signals are 

transmitted. Electrical signals are based upon the flow of ions across the neuronal plasma 

membrane. These signals are transmitted by other neurons through the synapse, which is a 

junction between the signal-passing neuron (presynaptic cell) and the target neuron 

(postsynaptic cell) (Figure 1-1).   
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Figure 1-1. Transmission of electrical signals (Purves et al., 2012). The electrical signal is 

transmitted along the axon of the presynaptic neuron to the synapses with the postsynaptic cell. 

There are two kind of synapses, chemical and electrical. The most common ones are the chemical 

synapses, where chemical molecules called neurotransmitters are released to bind receptors at the 

postsynaptic cell, as shown in the figure. 

 

There are excitatory and inhibitory synapses, and the interplay between them is key to 

modulate brain function. An excitatory synapse is a synapse in which the signal 

from a presynaptic neuron increases the probability of the signal to be transmitted by the 

postsynaptic neuron; this signal is called an Excitatory Postsynaptic Potential (EPSP). An 

inhibitory synapse decreases the possibility of the signal to be transmitted, and this signal 

is called an Inhibitory Postsynaptic Potential (IPSP). The electric potential of the interior 

of a neuron with respect to the exterior is negative at rest. For the target neuron, the signals 

transmitted by the presynaptic neurons can either hyperpolarize it (increase its negative 

potential with respect to the exterior) or depolarize it (diminish its negative potential with 

https://en.wikipedia.org/wiki/Synapse
https://en.wikipedia.org/wiki/Presynaptic_neuron
http://www.human-memory.net/brain_neurons.html
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respect to the exterior).  A signal is transmitted by the target neuron when its level of 

depolarization reaches the neuron’s receptor threshold. Thus, signals that contribute to the 

hyperpolarization of the target neuron are inhibitory signals.  The signals that contribute to 

depolarization could have an inhibitory or excitatory role, depending on various 

characteristics of the synapse, such as the synapse’s type (electrical or chemical), the 

concentration of ions at each side of the neuron’s membrane, and the nature of the 

receptors (the proteins that receive the signal) and neurotransmitters. 

When an excitatory signal (EPSP) is transmitted, the target neuron can either have a 

passive or an active response. A passive response results when the stimuli is not enough to 

reach the threshold and therefore the signal is not transmitted further; the active response, 

or action potential, results when the stimuli is enough to exceed the threshold and the 

signal is transmitted along the neuron’s axon. Thus, action potentials occur in an all or 

nothing fashion. Action potentials of a given neuron have approximately the same 

amplitude and time course. Noteworthy, a stronger stimulation current does not increase 

the amplitude of the action potential, but increases the amount of action potentials per time 

(their frequency).  

EPSPs and IPSPs have a temporal and spatial additive effect. This is, the postsynaptic 

neuron sums up or integrates the excitatory and inhibitory signals coming from 

simultaneous inputs (spatial summation) or/and fast repeated inputs (temporal summation) 

(Figure 1-2). The result of this operation determines the occurrence of an action potential 

and its strength.  Most synapses are weak and not enough to trigger an action potential, so 

multiple excitatory inputs are required to fire an action potential. Two remarks come from 

this fact. The first one is that the dynamic of a network is facilitated by the contribution of 

excitatory and inhibitory inputs to the constituents of the network. The second one is that 

in order to acquire relevant observations of integration of information, it is necessary to 

analyze the activity of a functional interconnected population of neurons (a higher scale). 
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Figure 1-2. Neural integration of EPSPs and IPSPs (Carlson, 2011). Four examples of the outcome 

of EPSPs and IPSPs summation.  A) No summation: Two excitatory stimuli coming from the same 

synapse that are not strong nor close in time enough to produce an action potential. B) Temporal 

summation: Two excitatory stimuli coming from the same synapse that are individually not strong 

enough to reach the threshold but are close in time enough to produce an action potential. C) 

Spatial summation: Two simultaneous excitatory stimuli coming from different synapses that are 

individually not strong enough to reach the threshold but their EPSP’s sum up to produce an action 

potential. D) Spatial summation of EPSP’s and IPSP’s: Two simultaneous excitatory and inhibitory 

stimuli that sum up to cancel each other out. 

 

1.1.1.2. Neuronal Networks and Neuronal Oscillations 

 

Synchrony and therefore oscillations are present at every scale in the brain. They are a 

feature of the generation of action potentials at the level of individual neurons, the activity 

of local populations of neurons observable extracellularly (mesoscale) and at the scalp 
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(macroscale), and the activity between distant local population that are engaged in a 

cognitive, emotional or behavioral moment. 

A notable example of the importance of synchrony at the level of the neurons is synaptic 

plasticity, which is the mechanism that underlies learning and memory.  Here synchrony is 

fundamental for neural wiring. As stated by Donald O. Hebb in 1949, the coordinated 

activity of a presynaptic terminal and a postsynaptic neuron will reinforce the synaptic 

connection between them. Uncoordinated activity will deteriorate the synaptic connection. 

These changes at the synapse accumulates (one at the time) along the network, and can 

produce changes in its wiring pattern. The final effect of synchronized or desynchronized 

activity can be a major change in the structure and function of the network. 

The structure and synchronized interaction of the neurons of each functionally specialized 

brain region allows the optimal processing of information by the brain. At this local scale, 

various feedback configurations of interconnected excitatory and inhibitory neurons give 

rise to rhythmic activity. The details of the circuitry of these connections can be found in 

most mainstream neuroscience texts (Kandel et al., 2013; Purves et al., 2012).  Figure 1-3 

gives an example of one of these configurations.  
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Figure 1-3. Example of a neuronal circuit that gives rise to rhythmic activity (Dubuc et al., 2016.). 

Two reciprocally interconnected neurons, one excitatory and one Inhibitory, are continuously 

activated by the action of a third excitatory neuron. The activity of the excitatory neuron activates 

the inhibitory neuron, which originates the interruption of its own activation. The result is a cycling 

activity pattern. 

 

When a local population of interconnected neighbor neurons are active, the spatial average 

of their membrane voltage variations is perceived extracellularly as an oscillation.  Local 

Field Potentials (LFPs) are the extracellular records of these voltage variations. As LFPs 

are an average measure, their rhythmic patterns represent portion of activity from the 

population that is synchronized. These oscillations can arise from various combinations of 

the activity from subpopulations of neurons, as shown in Figure 1-4.  
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Figure 1-4. Different patterns of consistent activity across a population of neurons can give rise to 

the oscillatory pattern of activity of the LFPs (Schnitzler and Gross, 2005). AP1 and AP2 represent 

the activity pattern of two populations of neurons. The LFP rhythmic pattern can be originated by 

the sole action of AP1 or AP2 or by their combined action.  

At the large scale, oscillations generated by the synchronous activity of large local 

populations (thousands of neurons) can be registered at the scalp by means of EEG or 

MEG. A metaphor that is sometimes used to illustrate the neuronal synchronization 

mechanisms that give rise to MEG and EEG signals is that of a microphone (or numerous 

microphones) held over a stadium: although is impossible to know what each person is 

doing, one can have an idea of what is happening inside. Noteworthy, if the clapping is 

random, only noise is recorded by the microphone, but if a substantial portion of the 

audience in one part of the stadium starts clapping in synchrony, then a rhythmic signal 

will be detected by the microphone. At this macroscale, we lose resolution but we gain an 

overview of the whole system, which allows us to observe not only local synchronization, 

but also coordinated activity between different regions of the brain (large-scale 

synchronization).  Local synchronization is measured as changes in local oscillatory 
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power, while large-scale synchronization is measured as changes in inter-regional 

oscillatory coupling.  

 

1.1.1.3. The large-scale integration problem 

 

How the brain coordinates the distributed activity of its different regions regarding a 

cognitive moment is a matter of active investigation and is called the large-scale 

integration problem.  The spatio-temporal synchronization of neural activity is the most 

supported approach to tackle this problem (for reviews: Varela et al. 2001; Schnitzler and 

Gross 2005b; Cosmelli, Lachaux, and Thompson 2007), and is the one circumscribing this 

project.  It is based on the broad evidence that suggests the brain is rule by the principles of 

redundancy and distributed processing of information.  The integration of distributed 

activity is analyzed using the conceptual framework of neural assemblies. Varela et al 

(2001) defined neural assemblies as “distributed local networks of neurons transiently 

linked by reciprocal dynamic connections” (Figure 1-5). The emergence of a particular 

neuronal assembly characterizes a particular cognitive moment.  Therefore, the dynamic of 

the links between the components of theses assemblies is the relevant variable to describe 

them. The most studied mechanism of neural reciprocal interaction is phase 

synchronization between the neuronal populations.  This mechanism is a core aspect of this 

project. 
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Figure 1-5. Schematic representation of transient distributed neural assemblies with dynamic long-

range interactions (Varela et al., 2001). 

 

Another important approach is a hierarchical organization of the brain, that considers 

information coming from different parts converging into a group of cells that embodies a 

conscious perception, a concept, like one’s grandmother (Barlow, 1996; Konorski, 1967).  

The experimental evidence for this mechanism comes specially from cases of highly 

adaptive importance, like the recognition of faces (Fried et al., 2000; Gross, 2000, 1998, 

Gross et al., 1972, 1969; Logothetis and Sheinberg, 1996; Tanaka, 1996). Nonetheless, 

consistent evidence has shown that even the highest hierarchical cells (and therefore the 

most concept-wise selective) are also activated by stimuli of a similar nature (like another 

person’s grandmother) and their activation varies depending upon different features of the 

stimuli (Desimone, 1991; Gross and Schonen, 1992). This evidence suggests that groups of 

these neurons work as an ensemble to represent an object category rather than they work 

individually as concept detectors (Crick and Koch, 2003; Gross and Schonen, 1992). Also, 

feedback loops between higher and lower order areas of information processing have been 

found (Crick and Koch, 2003).  
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1.1.1.4. Measures of connectivity 

 

Brain connectivity refers to the interrelated characteristics of brain organization. The aim 

of a connectivity analysis is to describe the links between the different elements (nodes) of 

a network (Horwitz, 2003). There are mainly three ways in which we study brain 

connectivity, depending on how we measure the links of the network. The first one is 

anatomical or structural connectivity, which refers to the anatomical links between 

different neural assemblies; the second one is functional connectivity, that studies the 

statistical dependencies between them; and the third one is effective connectivity, that 

refers to the causal interactions between neural assemblies (Friston, 1994). All three 

measures of connectivity are related and contribute to understand a part of the story of how 

the brain works. Functional and effective connectivity benefit from structural connectivity, 

but structural connectivity per se does not give a complete explanation of brain 

connectivity as it is described below.  This project is centered on functional connectivity. 

 

Anatomical or structural connectivity 

Anatomical connections typically correspond to white matter tracts between pairs of brain 

regions. It studies both the physical pattern and biophysical characteristics (like synaptic 

strength) of a neural network. The characterization of the constituents of the neuronal 

networks and their interconnections is known as the connectome (Sporns et al., 2005).   

Physically, the brain is a complex system and this imposes various challenges to the study 

of structural connectivity. One of these challenges is the definition of the basic units or 

elements that build a network. The first idea that comes to mind is to use single neurons as 

the basic elements for which the connections will be described. Single neurons are easy to 

identify and demarcate.  Nonetheless, truthful identification of direct axonal connections is 

only possible by using invasive tracing studies. Also, there is gigantic number of 

connections between neurons; if we take single neurons as the basic element to build the 

connectome, the size of the connectome will be 10
15

, which is the estimated number of 
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connections between the 10
11

 neurons in the brain ( raitenberg and Sch z, 1991; Murre 

and Sturdy, 1995). Furthermore, connections between individual neurons may experience 

fast plastic changes (see section 1.1.1.2), that may modify the connections between large 

numbers of synaptic sites, which gives rise to high variability and dynamics that are 

difficult to track (Bonhoeffer and Engert, 1999; Kalisman et al., 2005; Stepanyants et al., 

2002).  

 A more suitable idea is to use brain areas and neuronal populations as the basic elements, 

at least as a first step. The challenge is that brain areas or neuronal populations are more 

difficult to demarcate and up to now, there is no a universally accepted parcellation scheme 

of the human brain.  Also, it is possible that different brain regions would need different 

standards for parcellation. Nevertheless, at this macroscale, there is the notion that 

segregated brain regions sustain individual connection profiles.  These individual 

connectivity patterns determine the functional characteristics of the brain region and 

facilitate their anatomical demarcation and mapping (Passingham et al., 2002). Another 

advantage of studying anatomical connectivity at this level is that there exist various 

suitable non-invasive experimental techniques. Among them, techniques like the Diffusion 

Tensor Imaging (DTI), lack the spatial resolution of the invasive ones, but are useful to 

study temporal changes in fiber tracts in the whole brain (Sporns et al., 2005).  

 

Functional connectivity 

Functional connectivity refers to the statistical dependence between the time series of two 

elements of a system, irrespective of whether these elements are structurally directly 

connected, and without specifying the direction of the effect between them. The statistical 

effects vary on different time scales, some of them being in the order of tens of 

milliseconds. Because of this, functional connectivity is highly time-dependent and 

therefore EEG and MEG are excellent techniques to study it (Gross et al., 2010). As this 

work is centered in functional connectivity, this section describes important 

methodological considerations when working with this kind of connectivity analysis. 
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When working with EEG and MEG it is advantageous to work at the level of the sources. 

This implies the reconstruction of the activity of the sources from the recordings at the 

sensors. The reconstruction is done by means of the inverse methods, which are the main 

topic of this project. Among the motivations to perform the connectivity analysis at the 

level of the sources there is field spread. The challenge of field spread is that it generates a 

wide-spread representation of the sources at the sensors, which can hinder the 

interpretability of results. Other important motivations to perform connectivity analysis at 

the level of the sources are to get a more precise idea of the anatomical location of the 

interacting regions and to facilitate group analysis (Schoffelen and Gross, 2009). 

There are many methods to study functional connectivity, the most used ones are described 

in section 1.1.4. Some of them also aim at diminishing the effects of field spread and the 

confounding effects of the amplitude of the sources. Another approach to reduce the effects 

of field spread is to use permutation tests or other non-parametric methods, where 

surrogate data is used to differentiate true interactions from cross-talk coming from field 

spread (Andrzejak et al., 2003; Prichard, 1994). In practice, it is very difficult to find a 

permutation scheme that preserves cross-talk but removes true interactions (Hui et al., 

2010). 

Most connectivity analysis are performed using a set of Regions Of Interest (ROIs), either 

calculating connectivity measures between every pair of the selected ROIs or between 

some ROIs and the rest of the brain. The selection of ROIs is therefore another important 

step in functional connectivity. There exist various strategies to select the ROIs. A first 

approach is to use prior knowledge of the involvement of different brain areas in a specific 

task from previous experimental evidence (Astolfi et al., 2005, 2004; Babiloni et al., 2005; 

Gross et al., 2001; Lin et al., 2004). Another approach is cortico-peripheral coherence, 

where a peripheral physiological signal is used as reference to identify brain areas whose 

activity is modulated by the rhythmic activity of the peripheral signal. The brain areas of 

greater affinity with the peripheral signal can be used as reference for a subsequent cortico-

cortical connectivity analysis. This strategy has been successfully used for oscillatory 

components in movements recorded with electromyography and devices to track 
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movements (Gross et al., 2003, 2002, 2001; K. Jerbi et al., 2007; Lin et al., 2004; Pollok et 

al., 2004; Schnitzler and Gross, 2005; Timmermann et al., 2003). One of the most used 

approaches is to select regions with the strongest activity on a map of neural activity with 

regards to an experimental task or with strongest differences of activity between 

experimental conditions (David et al., 2002; David and Friston, 2003; K. Jerbi et al., 2007). 

This power map based selection may not be optimal because there is the risk to miss areas 

strongly interacting with other areas but that have a weak activation. 

Another step towards the correct identification of a network is the proper representation of 

the signal. The optimal signal representation is the one that maximizes the signal to noise 

ratio (SNR) of the effect of interest. In the case of oscillatory components, frequency 

spectra are the optimal signal representation (Gross et al., 2010).  Lastly, an important 

caution when interpreting results of functional interactions between areas is that there is no 

a straightforward way to assure the completeness of a network. There is always the 

possibility that interactions that have been identified as direct are in fact due to the 

influence of a non-identified third area. 

 

Effective connectivity 

Effective connectivity quantifies the direct effect of one neuronal system over another. As 

stated by Aersten and Preissl (1990) ‘‘effective connectivity should be understood as the 

experiment and time-dependent, simplest possible circuit diagram that would replicate the 

observed timing relationships between the recorded neurons.’’ From this statement, we can 

highlight two important remarks: effective connectivity depends on a model of interactions 

and is activity dependent.   

The most important characteristic of effective connectivity is that relies on a model 

comparison or model optimization. That is, one builds various models that are hypothesis 

of how the data were caused, then compares them and chooses the most plausible one 

(Friston, 2011). The most used measures of effective connectivity are Granger causality 

analysis  (Astolfi et al., 2005, 2004; Gow et al., 2008; Granger, 1969; Kujala et al., 2007; 
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Supp et al., 2007), its frequency domain analog multivariate autoregressive models 

(MVAR-models) (Astolfi et al., 2008; Schlögl and Supp, 2006), and Dynamic Causal 

Modelling (DCM) (David and Friston, 2003). 

With MVAR-models, the first step is to fit the model to the estimated time courses of the 

sources and then quantify the direct interactions using the Directed Transfer Function 

(DTF) (Kamiński and Liang, 2005), or the partial directed coherence (Baccalá and 

Sameshima, 2001; Kaminski and Blinowska, 1991).  DCM looks for a generative model of 

the measured data that is biophysically plausible. The model explains how the input 

activates a network and produces the measured signals (David and Friston, 2003; 

Schoffelen and Gross, 2009).  

Connectivity, as Friston (2011) stated it, is “as transient, adaptive, and context-sensitive as 

brain activity per se”. Functional and effective connectivity are very well suited to follow 

these properties. Anatomical connectivity contributes to functional and effective 

connectivity with constraints on the models, and facilitating the estimation of parameters 

and the comparison of models (Friston, 2011; Sporns et al., 2005). 

 

1.1.2. MEG 

 

MEG is a non-invasive technique which allows us to record at the scalp the magnetic fields 

generated by the neuronal activity of the brain and is therefore an important tool to 

estimate the interaction among its parts. Its excellent temporal resolution of milliseconds 

and its whole head coverage makes it ideal to detect ongoing brain activity and to study it 

as a network. Varying brain activity can be measured with MEG in relation to different 

states of activity, e.g., while executing a task or at rest, and its principal applications 

include clinical (Lopes da Silva, 2013; Van ’t Ent et al., 2003) and cognitive neuroscience 

research (Lopes da Silva, 2013; Salmelin and Hari, 1994). This section describes the 

physiological and physical basis of MEG, the characteristics of the equipment and its 

advantages and disadvantages when compared to EEG and fMRI. 
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1.1.2.1. Electrophysiological basis 

 

As mentioned in section 1.1.1, an excitatory stimulus that is transmitted along a 

postsynaptic neuron is an electrical signal. The electrical signal is composed of separated 

opposite electrical charges along short spaces on the cell membrane. These charges act as a 

battery, with the positive terminal at the side where the current is leaving (See Figure 1-6). 

These temporary batteries generate a current that travels inside the cell that is called a 

primary current and they are a direct reflect of the neuron’s activity. As the primary current 

moves along the neuron, extracellular currents flow in the opposite direction to close the 

loop and maintain the electrical balance. These extracellular currents are called secondary 

or volume currents. Both primary and secondary currents contribute to the magnetic fields 

detected outside the head. As the brain is a conductive medium, inducted and secondary 

currents are conducted through the brain tissue, the skull and the scalp and are the origin of 

EEG signals. When a large population of neighbor neurons are stimulated within a short 

period, the magnetic fields associated to their electrical currents can be sensed at the scalp.  

The main generators of MEG signals are macrocolumns of thousands of pyramidal cortical 

neurons synchronously activated. The dendritic trunks of these pyramidal cells are large 

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

active for about 10 ms after the synaptic stimuli (Nunez and Silberstein, 2000) (See Figure 

1-6). An important feature of the cortex is that folds forming gyri and sulci. As MEG 

detects only the magnetic fields that have a component perpendicular to the scalp, the 

generators of MEG signals are neuronal currents that have a component tangentially 

oriented to the skull, this is, mainly neurons that are on the wall of a sulcus.  What we see 

at the scalp is the addition of millions of postsynaptic activations within a small region, 

since the current in one dendrite is about 20 fA-m and the observations suggest the MEG 

sources are about 10 nA-m (Hämäläinen et al., 1993). When modelling these sources, we 

usually represent the activity of the millions of neurons that form a macrocolumn as one 
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dipole. Thus, one dipole represents the strength and orientation of the current flow in that 

area.  

The cerebral cortex has a fundamental role in cognitive processes. The cortex holds many 

of the high-order functions centers, like language, processing of visual and auditory 

information, problem solving skills, coordination of complex movements, among others. 

As MEG main generators are located in the cortex, MEG is well suited to study these brain 

functions. 

 

Figure 1-6. Electrophysiological basis of MEG.  The main generators of MEG signals are 

macrocolumns of pyramidal cells located in the cerebral cortex. The depolarization of the cellular 

membrane after an excitatory stimulus originates the intracellular (primary) currents. Extracellular 

(volume) currents flow in the opposite direction to close the loop and maintain the electrical 

balance. Both currents contribute to the magnetic field (B) detected outside the head. 

 

1.1.2.2. Equipment 

 

MEG signals are eight to nine orders of magnitude smaller than the Earth’s static magnetic 

field, and more than a thousand times smaller than common magnetic noise generated by 

electric devices (see Figure 1-7). The detection of this weak activity requires high 
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sensitivity sensors, and that has been achieve with the Superconducting QUantum 

Intereference Device (SQUID) sensors. SQUID was co-invented by J.E Zimmermman in 

the late 1960’s and was first used for MEG recordings by D.S. Cohen some years later. 

Current MEG equipment has whole-head coverage, with arrays of 100 to 300 SQUID 

sensors (Parkkonen, 2010).  

SQUID technology uses superconductors and quantum mechanics properties as operating 

principles. Although describing those principles is out of the scope of this work, we can 

have an idea of the operational mechanism of SQUIDS by understanding some 

characteristics of superconductors. Superconductors are materials that lose all electrical 

resistance when cooled down to a sufficiently low temperature. Therefore, electrical 

currents flow in these materials without friction. When these materials have a circular 

arrange, the current flows in them infinitely, which generates a magnetic field. If the ring is 

placed in a magnetic field, the field induces a shielding current around the ring that 

depends on the applied field. Therefore, the shielding current is an indirect measure of the 

magnetic field. To have a measure though, it is necessary that the ring is broken by a thin 

layer of an electrical insulator called a Josephson junction.   This junction causes an 

interference that produces a dynamic, flux-dependent resistance across the SQUID, that is 

a measurable physical quantity. SQUID measures the variation in time of the magnetic 

field, not the absolute magnetic field (Parkkonen, 2010). 
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Figure 1-7. Common magnetic noise in MEG (Hämäläinen et al., 1993). 

 

The measurement of magnetic fields is not only challenging in terms of sensitivity, but also 

in the ability to suppress noise several orders of magnitude stronger than the signals of 

interest. This noise suppression is achieved with a combination of physical and 

computational techniques that make MEG measurements feasible (Parkkonen, 2010). 

MEG instrumentation is enclosed in a shielded room made of mu-metal, copper and 

aluminum (Figure 1-8) to minimize high frequency perturbations like radiofrequency 

waves.  Instrumental noise is minimized using superconducting materials immerse in a 

Dewar cooled with liquid helium (Figure 1-9). Low frequency perturbations by objects in 

movement near the MEG are attenuated using flux transformers, devices which are 

commonly used for bringing the magnetic signal to the SQUID. Their configuration 

determines the spatial sensitivity pattern of the sensors (Figure 1-10). 
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Figure 1-8. MEG shielded room. 
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Figure 1-9. MEG equipment.  

 

The simplest flux transformer configuration is the magnetometer, which contains a single 

pick-up coil measuring one component of the magnetic field in only one location; 

therefore, magnetometers are mostly sensitive to homogeneous fields, which are often 

caused by distant noise sources. The other configuration is the gradiometer, which consist 

of a pickup coil and compensation coil. There are two main types of gradiometers, axial 

and planar. An axial gradiometer consists of a (lower) pickup coil and a compensation coil, 

which are identical in area and connected in series but wound in opposite directions. This 

configuration decreases the influence of distant noise sources which produce the same 

magnetic flux into both coils. Therefore, the output is determined by the signal of the 

nearby neural sources that produce magnetic fields with large spatial gradient. In a planar 

gradiometer, the difference is that the pickup and compensation coils are connected in 

parallel. The main advantage is that it can be fabricated easily and, for cortical sources, the 

localization accuracy is equivalent as that of axial gradiometers. The planar gradiometer 

measures the maximum signal above the source instead of at two locations in both sides as 

the axial gradiometer, so the area where the measurement must be made can be smaller 

(Baillet et al., 2001; Parkkonen, 2010). 
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Figure 1-10. Different pick-up coils. On the left, a magnetometer, which measures the magnetic 

flux; in the middle and on the right, a planar and an axial gradiometer, which measure the spatial 

derivative of the magnetic flux in the direction indicated by the thick arrow. 

 

1.1.2.3. MEG vs EEG and fMRI 

 

MEG vs EEG 

The major advantage of MEG with respect to EEG is that MEG is more sensitive to the 

primary currents, which are the ones we are more interested to measure, while EEG is 

highly sensitive to the secondary or volume currents. In comparison to electric potentials, 

magnetic fields are less deformed when passing through tissues with different 

conductivity. This facilitates source reconstruction (as it is described in section 1.1.3), 

since simpler volume conduction models are needed and more accurate source models can 

be achieved, which leads to better spatial resolution for MEG. EEG is sensitive to both 

tangential and radial components of a current source in a spherical volume conductor, 

while MEG is only sensitive to the tangential components (activity originated mainly at the 

sulci). Therefore, EEG can detect the activity of more brain areas (sulci and cortical gyri), 

but the activity detected with MEG is localized with more accuracy. Unlike EEG 

recordings, MEG does not require a reference electrode, which can facilitate data 

interpretation. 

Currently, researchers consider MEG and EEG as complementary techniques rather than 

competing techniques. Most MEG facilities are equipped for simultaneous acquisition of 

MEG and EEG data (Baillet et al., 2001; Barkley and Baumgartner, 2003; Muthuraman et 

al., 2015; Sharon et al., 2007).  

 

MEG vs fMRI 
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fMRI takes advantage of the local hemodynamic changes that take place when a neuron 

becomes active. The activation of a neuron induces changes in oxygenation and blood flow 

that are represented as a correlate of neural activity. Although fMRI has excellent spatial 

resolution (of about 1-3 mm), its temporal resolution is limited to about 1 s, which is low 

comparing it with the milliseconds range of MEG. The relatively slow hemodynamic 

response is also difficult to interpret.  The Blood Oxygenation Level Dependent (BOLD) 

changes detected by fMRI do not always correlate with locations of neural activity (Baillet 

et al., 2001). 

MEG has a low spatial resolution when compared to fMRI. MEG spatial resolution is 

limited by the intrinsic ambiguity of the electromagnetic inverse problem. Therefore, to 

obtain a spatial resolution similar to fMRI it is necessary to reconstruct the sources of 

MEG or to solve the inverse problem.  The approaches to solve the inverse problem are at 

the center of this project and are introduced in the next section. 

 

1.1.3. Source reconstruction 

 

An important limitation of MEG is that neural activity is only recorded from the scalp. 

Although the simple analysis of the temporal evolution of the magnetic field distribution 

can give approximate information on the active brain regions, the full exploitation of MEG 

data requires the solution of the electromagnetic inverse problem of determining the spatio-

temporal evolution of the neural currents which are responsible for the measured fields. 

This inverse problem, as most inverse problems of interest in the applied sciences, is ill-

posed in the sense of Hadamard. In 1853 Hermann von Helmholtz demonstrated that there 

is not unique solution for this problem. To overcome the non-uniqueness of the inverse 

problem, the standard approach is to introduce constraints on the possible solutions to 

favor the solution more suitable with the data. Different inverse methods to find the 

optimal solution exist, each one with different assumptions about the sources. The 

dependency of MEG source localization on the models and their assumptions gives as 

result that MEG source reconstructions will always have some degree of uncertainty.  
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The first step to solve the inverse problem is to solve the forward problem. To solve the 

forward problem is to calculate the magnetic fields outside the head for a specific model of 

neural sources. Thus, to solve the forward problem we need first to have a model of the 

current sources, a model of the source space, and a model of how the magnetic fields 

propagate from the sources to the scalp. This section describes the most used options to 

model the neural sources and to define a source space (1.1.3.1); the algebraic formulation 

of the forward and inverse problem (1.1.3.2); the physical model to solve the forward 

problem (1.1.3.3); and lastly the inverse problem. Figure 1-11 shows the major steps in the 

source reconstruction process. 

 

 

Figure 1-11. Source reconstruction process. 

 

1.1.3.1. Source model and source space 

 

The workhorse source model of MEG is the current dipole, given that a primary current 

source of arbitrary extent can be represented as a set of small regions, each of these regions 

represented by an equivalent current dipole. The current dipole is an extension of the 

model of the paired-charges in electrostatics. An important clarification is that brain 
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activity is not actually discretized in sets of physical current dipoles, but the current dipole 

is an appropriate representation for the synchronous activation of thousands of pyramidal 

cells, whose extension can cover a few square centimeters of gray matter. 

To describe the current dipole, let us start by assuming a small patch of activated cortex 

that is centered at location rq and that we observe at a point r’ that is some distance away 

from the patch. We can approximate the primary current J
P
 at the point r’ by an equivalent 

current dipole represented as a point source: 

              -       (1.1) 

Where δ(r’- rq) is the Dirac delta function, with moment: 

               (1.2) 

As it will be described in section 1.1.3.3, the magnetic field is linear with respect to the 

dipole moment q and nonlinear with respect to its location rq. The two general approaches 

to reconstruct MEG sources, the parametric and imaging methods, reflect this difference. 

Parametric methods assume that the sources can be represented by an unknown small 

number of current dipoles, of unknown location and momentum. Therefore, the inverse 

problem for parametric methods is non-linear and has to be solved by a non-linear 

numerical method. On the other hand, imaging methods assume the primary current is 

distributed within volume of the head or the cortical surface. The inverse problem in this 

case is to estimate the dipole moments of a dense set of dipoles that constitutes the sources 

space. Thus, the inverse problem is linear because the locations are fixed. 

The source space is a representation of the brain space, a set of positions and orientations 

where we place the current dipoles and that we use as basis for the source localization 

procedure. Usually the source space covers the whole brain, by means of a volumetric, 

regularly spaced three-dimensional grid or a triangulated cortical sheet (two-dimensional). 

Source spaces are based on MRI anatomical images, preferentially from each participant of 

the study to improve accuracy. If individual MRI are not available, we use a template, 
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generally the one from MNI (Montréal Neurological Institute), which is the average of 

many MRI (currently 305) from young healthy adults.  

When performing group analysis statistics, we need to combine the source-reconstructed 

data from a group of participants.  We can achieve this by normalizing the individual 

source spaces to a template grid and then perform the source reconstruction. In this way, 

the source reconstruction is done on each participant specific grid, but each grid maps onto 

a template grid in a spatially normalized space that is later used for statistical analysis. If 

we were working with a volumetric grid, each individual MRI is not regularly spaced 

anymore after the normalization procedure, but we get homologous grid points across 

participants located at the same location in the normalized space. 

 

1.1.3.2. Algebraic formulation 

 

This section describes the algebraic formulation of the forward model that is useful to 

understand the relationship between the forward and the inverse problem. In MEG, the 

magnetic field is sampled temporally and spatially on a finite number of t time samples and 

n sensors. Separating the dipole magnitude q from its orientation , we can model the 

magnetic field m measured at time t and at the sensor with location r as:  

                  (1.3)                                                                 

Where           is the lead field vector or the solution to the forward problem for a dipole 

located at rq, with unit amplitude. The simultaneous measurement at n sensors generated 

by p dipoles (defined by the source space) is described as: 

   
     

 
     

   

                         

   
                         

  

  

 
  

    

  

 
  

   (1.4) 
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Where L is the lead field matrix, constructed by the p lead field vectors l, and which relates 

the set of p dipoles to the set of n sensors. Adding noise N at the MEG sensors and 

considering time, the model for t discrete time samples is: 

   
               

   
               

         (1.5) 

Where S is the matrix of source amplitude, in which each raw is the time series for each 

dipole. Here the orientation of the dipoles is not a function of time, and therefore this is a 

fixed dipole model. The particular expression of the lead field matrix depends on the 

model we choose for the head as explained in the following section. 

 

1.1.3.3. Forward problem 

 

Maxwell’s equations can be used to describe how the magnetic field B, that is measured at 

the scalp, is produced by the neural sources. The use of these equations requires a model of 

the current sources J, and the value of the conductivity of the brain σ.  Assuming the 

permeability of the head tissue to be that of free space (µ0), Maxwell’s equations are stated 

as: 

    
 

  
                           (1.6) 

     
  

  
                       (1.7) 

                                 (1.8) 

           
  

  
         (1.9) 

Where E is the electrical field,  the charge density and 0 the permittivity of free space.  

As the frequency spectrum of MEG electrophysiological signals is usually below 1 kHz, 

and many of studies use frequencies between 0.1 and 100 Hz, we can simplify the 
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calculations assuming the electrical currents J to be steady. This is, we can use the quasi-

static approximation of Maxwell’s equations to describe the physics of MEG, and therefore 

we can omit the temporal derivatives of equations 1.7 and 1.9.  The electric field is thus 

described as the gradient of the electric potential V,  

E= -V   (1.10) 

Within the quasi-static approximation, we can use the Biot-Savart law to calculate the 

magnetic field B at a location r outside the head, associated with the current flow J at a 

location r’ and volume element dv’ inside the volume of the head Ω, as follows 

(Hämäläinen et al., 1993): 

     
  

  
      
 

 
    

             (1.11) 

The primed symbols indicate quantities in the source region. The total current density J 

can be expressed as the sum of the primary current J
P
 and the volume currents J

V
:  

                                                      (1.12) 

With  

                                         (1.13) 

When solving the MEG inverse problem, our interest is focus on the primary currents J
P
. 

Nonetheless, we must consider the effects of the volume currents J
V
 since they contribute 

to the measured magnetic field at the sensors. Thus, to compute the magnetic field 

generated by a given distribution of primary currents we need a model of the head 

conductivity. One of the most used head models assumes that the head consists of a set of 

contiguous regions, brain, skull and scalp, each one with constant isotropic conductivity 

profile σi, i= 1, 2, 3. Using this model, we can re-write the Biot-Savart law as the sum of 

the primary and volume currents as (Hämäläinen et al., 1993): 

           
  

  
             

   
 

    

            
 

      (1.14) 
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Where B0(r) is the magnetic field generated only by the primary currents. The second term 

is the magnetic field generated by the volume currents, represented as a sum of surface 

integrals over the brain-skull, skull-scalp and scalp-air boundaries. 

With this equation, we can calculate the magnetic field if we know the primary current 

distribution and the potential V on all surfaces. V(r) is defined as (Geselowitz, 1970; 

Hämäläinen et al., 1993): 

                     
 

  
               

   
 

    

            
              (1.15) 

Where V0(r) is the potential at r generated by the primary current distribution. If we 

specify the current distribution, we can calculate the primary potential and the primary 

magnetic field as: 

      
 

    
        

    

              (1.16) 

      
  

  
        

    

             (1.17) 

Once we calculate V0(r), we can solve (1.15) to find the potential on all surfaces, which is 

to solve the forward problem of EEG. Finally, with the surface potentials V(r) and the 

primary magnetic field B0 we can solve (1.14) and therefore solve the forward problem of 

MEG. 

When solving equations (1.15) and (1.14) over a realistic head shape, these equations must 

be solved numerically, which is very time consuming. A simplified but used head model 

consists in the approximation of the head shape to a sphere. Furthermore, spherical models 

work well for MEG because MEG measurements have low sensitivity to volume currents 

and volume currents are more affected by the deviations from the idealized model that the 

primary currents (Baillet et al., 2001; Leahy et al., 1998). 

To describe the analytic solution for a spherical head model, let us assume that the head 

consists of a set of three concentric, homogeneous, spherical shells that represent the brain, 

the skull and the scalp (de Munck, 1988; Mosher et al., 1999; Zhang, 1995).  Let us 
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consider the magnetometer coil surface is oriented perpendicularly to a radial line from the 

center of the spheres through the center of the coil. Thus, the MEG system only measures 

the radial component of the magnetic field B0(r), and therefore the contribution of the 

volume currents can be neglected. We can describe the radial component of the magnetic 

field for the current dipole as: 

      
 

   
       

  

  

    

       
                  (1.18) 

The magnetic field measurement is linear with respect to the dipole moment q but highly 

nonlinear with respect to its location rq. This property also applies to numerical solutions 

(Hämäläinen et al., 1993; Mosher et al., 1999). Another remark is that dipoles with radial 

orientation do not generate magnetic fields outside the homogeneous spherical volume 

conductor, regardless of the sensor orientation.   

 

1.1.3.4. Inverse problem 

 

When working with MEG, it is advisable to perform the analysis at the level of the sources 

to improve the interpretability of the results. Reconstructing the sources that give rise to 

the magnetic fields detected out of the head constitutes an inverse problem. As most 

inverse problems, MEG inverse problem is ill-posed (Kress et al., 2002). Jacques 

Hadamard (1923) defined the well-posed problems as those for which a) a solution exists, 

b) the solution is unique and, c) the solution depends continuously on the data, in some 

reasonable topology (if we have a solution and we modify the data, the solution must be 

modified in the same proportion of the data modification). A problem is ill-posed when it 

does not satisfy one of these conditions (Hadamard, 1923; Tikhonov and Arsenin, 1977). 

The MEG inverse problem is ill-posed since many current distributions can explain the 

data and the data is highly corrupted by noise (Fokas et al., 2004). The most used inverse 

methods have as basis a cost function that tries to minimize the difference between the 

measured data and the data estimated by the model. The minimization function alone can 
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lead to a unique solution, but in most cases, that solution is sensitive to noise i.e., the 

solution is numerically unstable, so further constraints are needed.  

There are mainly two approaches to tackle the MEG inverse problem, the parametric or 

dipole models, and the imaging methods or distributed source models (Sorrentino and 

Pascarella, 2011). In the dipole model approach, we assume that a set of p dipoles 

produces the data. The objective here is to estimate the number of dipoles, their location, 

momentum and orientation for each time point. The problem is non-linear because the 

lead-field matrix L depends non-linearly on the dipoles locations. The general algorithm 

starts with the selection of the number of dipoles and an initial guess of their locations. 

Then, we vary the orientation and amplitudes of the dipoles at this location and calculate 

the smallest least-squares error between the measurements and the modeled data. If the 

error is the same as in the previous iteration step, we stop and find better candidates for the 

dipoles locations. Then, we come back to the least-square error calculation step.  

As this is a non-linear problem, non-linear optimization algorithms are needed. 

Minimization algorithms go from Levenberg-Marquardt to simplex searches, global 

optimization schemes using multistart methods, genetic algorithms, and simulated 

annealing (Uutela et al., 1998). These methods have been successfully applied in studies of 

perceptual processes and early evoked components. Among the limitations of these 

methods is that are very time consuming, successful results may depend on the expertise of 

the user and difficulties on localizing extended sources (Sorrentino and Pascarella, 2011).  

By the other side, imaging approaches create a map that solves a constrained minimization, 

following the regularization theory for linear ill-posed problems.  All these models work 

with a predetermined source space as described in section 1.1.3.1., and their aim is to 

estimate the primary current q at each location and time point. Since the locations are 

fixed, the problem is linear.  Usually, the number of sources (in the order of thousands) is 

much higher than the number of sensors (100 - 300), and therefore the lead field matrix is 

highly underdetermined and not invertible. The inverse problem solution is the definition 

of an inverse operator W such that: 
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Ŝ = W
T
M   (1.19) 

Ŝ represents the estimated sources (nsources x time points) and the superscript T denotes 

matrix transpose.  

The regularized reconstructions are usually very stable and provide reasonable estimates of 

complex source configurations. Nonetheless, their reconstructions tend to be a blurred 

version of the real source distribution, where the peak might correspond to the center of 

activity in the real current distribution. These methods are favored if modelling 

assumptions for dipole models cannot be justified, like in cognitive tasks or in noisy data. 

The two most used families of methods in the field, the Minimum Norm Estimate (MNE) 

and the beamformers, belong to this approach. As pointed out in the introduction, MNE 

and beamformers are the focus of this project. Although in chapter two and three there is a 

description of the methods, this chapter also presents them to facilitate the comprehension 

of the next sections. 

MNE is a classical algorithm in the field. It looks for the distribution of sources with the 

minimum current that give rise to the minimum norm between the measured data and the 

estimated data. This estimation is done simultaneously for all sources. Although this 

minimization procedure could generate a unique solution, that solution may be numerically 

unstable and therefore regularization is needed (Sarvas, 1987). The most commonly used is 

the Tikhonov regularization, that sets the problem as: 

                 
       

      (1.20) 

Where λ is the Tikhonov regularization parameter, that usually depends on the data. The 

inverse operator W is defined as:   

                                         (1.21)                                                        

Beamformers, or spatial filters, have been used in other fields of science like the radar and 

sonar signal processing field (where it was originated) and geophysics. Beamformers 

assume the measurements are originated by a few active and uncorrelated sources. In this 

case, W is a set of spatial filters, one for each source location (rq).  The Linearly 
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Constrained Minimum Variance Beamformer (LCMV) was the first beamformer to be 

introduced in the MEG community (Van Veen et al., 1997) and is a very prevalent method 

in the field. For the LCMV, each filter minimizes the variance at the filter output subject to 

a linear constraint. This is, each filter passes the activity at the location of interest while 

suppressing signals from other locations.  The output variance or power of each filter is the 

estimation of the activity in the brain (Van Veen et al., 1997). This is formulated as 

follows: 

Var (rq) = trace [W
T
(rq) Cm

-1
W(rq)]                                                        (1.22)               

min     trace [W
T
(rq) Cm

-1
W(rq)]   subject to        WL(rq) = I                  (1.23)  

W(rq)     

 

Minimizing the corresponding Lagrangian function, the solution obtained is: 

W(rq) = (L
T
(rq) Cm

-1
L(rq))

-1
 L

T
(rq) Cm

-1
                           (1.24)         

Where Cm is the data covariance matrix. W is the filter at each location of interest rq.  

 

Dynamic Imaging of Coherent Sources (DICS) beamformer is another widely-used method 

in the area. DICS has the same filtering principle than the LCMV, but it works in the 

frequency domain. This allows us to directly calculate coherence, a measurement of 

connectivity between two signals. DICS also uses regularization to tune the resolution of 

the reconstructions (Gross et al., 2001).  The filter is defined as: 

W = (L
T
 Cr(f)

-1
 L)

-1
 L

T
 Cr(f)

-1
   (1.25)   

where Cr(f) = C(f) + αI, C(f) is the cross spectral density matrix at frequency f (or 

averaged across a frequency band centered at f) and α is a regularization parameter (its 

value is relative to the largest singular value in the data). 

The cross spectrum estimates at locations rq1 and rq2 at frequency f are calculated by: 

Cs (rq1, rq2, f) = W (rq1, f) C(f) W
T 

(rq2, f)  (1.26) 
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When rq1=rq2, Cs is the power estimate matrix.   

  

1.1.4. Methods to study functional connectivity 

 

The previous section dealt with the methods used to estimate the origins of the signals 

measured at the sensors. Yet, as discussed previously (sections 1.1.1.2 to 1.1.1.4), much of 

the most important aspects of brain activity depend on the interactions between different 

regions. As mentioned in section 1.1.1.4 (and is further described in section 1.1.5), 

although those interactions can be studied at the level of the sensors, it is advisable to study 

them at the level of the sources to improve the interpretability of the results. This implies 

that we first reconstruct the sources using the inverse methods and then estimate the 

interaction between the reconstructed sources. As this work is centered in functional 

connectivity, this section presents therefore some of the most used methods to describe 

functional connectivity, namely, coherence, imaginary coherence, phase locking value, 

(weighted) phase lag index, amplitude coupling and mutual information. 

 

1.1.4.1. Coherence 

 

Coherence is the most common measure to characterize the relationship between two time-

series (Bowyer, 2016). Coherence measures the linear correlation between the time series 

of two signals x(t) and y(t) as a function of the frequency, f. It is calculated as the squared 

module of the coherency function, which is defined as the ratio between the cross power 

spectral density, Csxy(f), between the two signals and their individual power spectral 

densities, Sxx(f) and Syy(f). The coherency function measures how the phases of both signals 

are coupled to each other. Mathematically, Csxy(f) and Sxx(f) (analogously for Syy(f)) are 

defined as: 

                                                (1.27) 
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                                                 (1.28) 

Where   (f) and   (f) are the (complex) Fourier transforms of the time series x(t) and y(t), 
*
 

denotes complex conjugation, and < > means expectation value. 

                
       

             
             (1.29) 

                
         

 

            
               (1.30) 

Coherence range is between 0 and 1, where 1 indicates a perfect linear relationship of the 

two signals and 0 no linear relationship between them at frequency f (Nunez et al., 1999, 

1997).  

Among the limitations of this measure is that it is sensitive to volume conduction or field 

spread. Volume conduction is a wide representation of the sources at the sensors given that 

many sensors detect the activity of a single source.  Other limitations are that coherence is 

sensitive to both amplitude and phase dynamics (we are mainly interested in phase 

dynamics) and is only sensitive to linear interactions (Gross et al., 2010; Nolte et al., 

2004). Nonetheless, invasive recordings in animals and in humans have reported zero-

phase inter-areal interactions and suggest the physiological relevance of using coherence 

(Adhikari et al., 2010; Buffalo et al., 2011; Buzsáki and Schomburg, 2015; Frien et al., 

1994; Roelfsema et al., 1997; Towle et al., 1999; Wang et al., 2012). 

 

1.1.4.2. Imaginary coherency 

 

To overcome the volume conduction sensitivity of coherence, Nolte et al (2004) proposed 

to measure connectivity using only the imaginary part of coherency.  A widely accepted 

notion by the community is that the scalp field has no time-lag (phase shifts) to its causal 

source activity, since volume conduction does not cause time-lag (Niso et al., 2013; Nolte 

et al., 2004; Stinstra and Peters, 1998). On the other hand, time-lag connectivity generates 
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a constant phase link between x(t) and y(t) at values different from 0 and π, which gives 

rise to a complex coherency with an imaginary part different from zero (Nolte et al., 2008, 

2004; Stam et al., 2007; Vinck et al., 2011). Therefore, the imaginary part of coherency is 

only sensitive to synchronizations of two signals with a time-lag between each other, and is 

insensitive to volume conduction. The assumption that volume conduction does not cause 

time-lag comes from the quasi-static approximation of the forward problem (section 1.3.3). 

There, given the frequencies under study, we omitted the time-derivatives in the Maxwell 

equations (Nolte et al., 2004; Plonsey and Heppner, 1967; Stinstra and Peters, 1998). 

An important drawback of the imaginary part of coherency is that, in many studies, the 

imaginary parts of coherencies vanish. This could mean that there is no interaction, or that 

we are missing interacting sources with no phase shift between them because none of them 

leads the other (Roelfsema et al., 1997).  Another limitation is that, as coherence, is only 

sensitive to linear interactions (Nolte et al., 2004). 

 

1.1.4.3. Phase Locking Value (PLV) 

 

Another approach to measure connectivity is Phase Synchronization (PS). Phase 

synchronization looks for the cases where the phases (φ) of two coupled oscillators 

synchronizes around a chosen frequency f, independently of the correlation between their 

amplitudes (Rosenblum et al., 1996). The signal x(t) can be written in the frequency 

domain as: 

                                     (1.31) 

 Where a(t) is the instantaneous amplitude. This formulation allows us to compute 

connectivity using only the phase component. There are various indexes to quantify phase 

synchronization and the PLV is one of the most used. An important concept in the PLV 

definition is the phase locking condition, which is given by: 

                          (1.32) 
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Considering the noise in experimental signals, and that they often present random phase 

slips of 2π, it is advisable to work with the cyclic relative phase, this is, the relative phase 

difference in the interval [0, 2π). The relative phase difference is defined as: 

                                                           (1.33) 

The phase locking condition must be understood in a statistical sense as the favorite value 

in the distribution of the relative phase difference (equation 1.33).  

The PLV uses the relative phase difference (1.33). It is defined as: 

                    
 

 
             

                                                  

(1.34) 

Where < > indicates time average. The PLV estimates how the relative phase difference is 

distributed over the unit circle. As stated before, a quantitative measure of synchronization 

is obtained by a statistical analysis. For the PLV, we calculate the phase difference 

between two time-series, and the deviation of the phase difference distribution from a 

random distribution, and after test for significance against surrogate data. Strong phase 

synchrony (constant phase difference) produces PLV close to 1. PLV values of zero are 

generated by weak phase synchrony values and when the distribution has peak values 

separated by π (Lachaux et al., 1999). 

Among the limitations of PLV, authors like Nolte et al (2004) have reported that for real 

data, coherency is more robust than phase synchrony. For them, this an indication of the 

phase difference dependence on the amplitudes, since the phase of a weak signal is more 

easily destroyed by noise. Another important limitation is that PLV is not robust against 

volume conduction effects (Niso et al., 2013). 
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Figure 1-12. PLV distribution of phase difference across the unitary cycle. For PLV close to 1, the 

distribution of the difference of phase across the unitary cycle is not uniform, there is a phase 

difference preferred value; in the case of values close to zero, the distribution is close to be uniform 

(Niso et al., 2013). 

 

1.1.4.4. Weighted Phase Lag Index (WPLI)  

 

As described in section 1.4.2, interactions between two sources where one is leading the 

other, result in a constant phase relationship between their time series at values that differ 

from 0 and π. And, as stated in that section too, these interactions are clearly differentiable 

from volume conduction, since volume conduction interactions are not time-lagged. The 

predecessor of the WPLI, the Phase Lag Index (PLI) (Stam et al., 2007), takes advantage 

of these facts by studying time-lagged synchronizations from the distribution of the 

relative phase difference (1.33). PLI calculates the consistency of the sign of the imaginary 

component cross-spectrum of the two signals. PLI does not consider whether a value of the 

relative phase is close to zero or not: it only considers whether the value is positive (a +1) 

or negative (-1). This characteristic represents an important drawback when working with 

noisy signals: values of the relative phase close to zero may change from lead (+1) to lag (-

1) only due to small perturbations in the data (Vinck et al., 2011).  
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The Weighted Phase-Lag Index (WPLI) (Vinck et al., 2011), aims to solve this problem by 

considering   not only the phase, but also the amplitude of the imaginary component of the 

cross spectrum. As consequence, relative phases corresponding to a small imaginary cross-

spectrum have a lower effect on the corresponding phase synchrony index.  According to 

the authors (Vinck et al., 2011), this results in a “reduced sensitivity to uncorrelated noise 

sources and increased statistical power to detect changes in PS”. WPLI is defined as:  

     
        

        
 

                    

        
                   (1.35) 

 

Where (X) is the imaginary component of the cross-spectrum between x(t) and y(t).  

WPLI range is between 0 and 1, where 0 represents no synchronization and 1 represents 

synchronization. 

When compared to PLV and coherence, WPLI may be relatively insensitive when the 

changes in phase-synchronization occur at a zero phase-delay. 

 

1.1.4.5. Power envelope correlation between orthogonalized signals 

 

This method also makes use of the identical phase observed for two signals coming from 

the same source to reduce the effect of volume conduction. The first step of this method is 

to remove the signal components that had the same phase for a defined time window and 

frequency range, this is, to orthogonalize the signals. The second step is to compute the 

power estimates and the third step is to compute a linear correlation between the power 

envelopes (Hipp et al., 2012).  
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Figure 1-13.  Power envelope correlation (Hipp et al., 2012). Spectral power envelopes for 

frequency f (center frequency of the bandpass filter). The gray sinusoidal lines represent bandpass-

filtered neuronal signals estimated at two source locations. The blue and red lines correspond to the 

amplitude envelopes, which quantify the evolution of the signal amplitude at a slower timescale. 

The correlation analyses use the logarithm of the squared amplitude envelopes (power envelopes). 

 

1.1.4.6. Mutual Information (MI) 

 

Information theory is another measure of connectivity that is mainly based on the Shannon 

entropy (Shannon, 1948; Shannon and Weaver, 1949). Shannon entropy quantifies the 

information of a discrete random variable X, this is, the uncertainty involved in predicting 

its value. It is defined as: 

                        (1.36) 

Information theory has various indexes, among them is mutual information (MI). MI 

estimates the amount of information shared by two signals x and y. In other words, it 

quantifies the amount of information that can be obtained about a variable by observing 

another. Is defined as (Quian Quiroga and Panzeri, 2009): 
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            (1.37) 

Which can be estimated as a combination of entropies:  

                        (1.38) 

MIxy range goes from 0 to infinite. MIxy equal to zero means that x and y are independent 

while if its bigger than zero x and y are dependent. Since MIxy is based on probability 

distributions, it can detect high order correlations (if there is any). Therefore, it does not 

depend on any specific model of the data (Niso et al., 2013). 

 

1.1.5. Problems of connectivity with MEG 

 

As described through the past sections, MEG is an excellent technique to study 

synchronous interactions between different brain regions. This capacity comes from a 

combination of the characteristics of the equipment, design and set up of the experiments, 

and data analysis. In the analysis of the data, however, some of the major challenges are 

volume conduction and low spatial resolution. 

Volume conduction refers to the fact that the activity of a source is detected by many 

sensors. As consequence, various interpretability problems can arise when computing 

connectivity at the sensors level. For example, there could be two (or more) active but non-

interacting sources that appear in the sensors as interacting regions, because of the shared 

parts of the signals that different sensors capture from them (Figure 1.14). More optimistic 

scenarios include cases where the sources are indeed interacting, but the interaction is over 

or underestimated due to the location of the sources with respect to the sensors, the SNR or 

the amplitude of the sources (Schoffelen and Gross, 2009). 
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Figure 1.14. Schematic representation of how the sensors can register spurious synchronization 

between two areas caused by the confounding effect of volume conduction from three non-

interacting sources. 

 

Considering these challenges, many connectivity measures have been developed (as 

described in section 1.1.4), but independently of the connectivity measure used, it is 

advisable to work at the level of the sources. Connectivity analysis at the level of the 

sources improves interpretability of the results due to both volume conduction and low 

spatial resolution (Friston et al., 2013; Nolte et al., 2004; Schoffelen and Gross, 2009). 

Solving the MEG inverse problem has its own perils though, as we discussed in section 

1.1.3.  

In the last twenty years, several methods have been applied to solve this problem, each one 

with different assumptions about the sources. So far, none of them has proved to be the 

optimal one. There are many studies that have focused on analyzing the performance of 

different inverse methods to localize active sources. From those studies, we know for 

example, that most inverse methods cannot properly estimate the extent of an active 

source, mainly because the reconstruction of the source is related to the data properties, 

like SNR and crosstalk. Thus, working at the sources level diminishes volume conduction 
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effects but does not eliminate them. Importantly, hardly any study has focused on how the 

assumptions of the different methods affect the connectivity analysis.   

 

1.1.6. Discussion 

 

Despite there are many studies that analyze the effect of using one inverse method over 

another to reconstruct active sources, the effect of the inverse method on connectivity 

analysis has been largely overlooked in the literature. Part of the lack of attention to this 

issue is due to the assumption that the performance of an inverse method to reconstruct 

interacting sources is equal to its performance to reconstruct active sources. 

As described in section 1.1.3.4, the two most successful methods in the field are the MNE 

and the beamformers. Interestingly, beamformers assume the sources are not correlated 

between each other, while MNE does not make assumptions about their correlation. 

Although various studies have analyzed the performance of MNE and beamformers to 

reconstruct the activity of correlated sources (Gross et al., 2001; Hadjipapas et al., 2005; 

O’Neill et al., 2015; Sekihara et al., 2002; Van Veen et al., 1997), practically none has 

focused on the reconstruction of their interaction (Hui et al., 2010; Schoffelen and Gross, 

2009). In general, the studies regarding the performance of the methods to reconstruct the 

activity of the sources show that beamformers are more robust than MNE for different 

values of SNR and have a better performance to reconstruct point-like sources with low 

correlation between them.  

In one of the studies about the effect of inverse methods on source connectivity analysis, 

Schoffelen and Gross (2009) reviewed the methods that are commonly used to analyze 

connectivity in source space. As part of a demonstration of how the effects of field spread 

are not totally abolished when working at the source space, they simulated the recordings 

of the sensors produced by 10 dipoles not correlated between one another, randomly 

distributed along the cortex. They used MNE and the LCMV beamformer to reconstruct 

the sources on a grid of 1000 vertices and then calculated the correlation coefficient as a 
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function of the distance between each dipole. As the simulated sources were not correlated 

between one another, the correlation coefficients of the reconstructed sources would be 

ideally zero, indicating no influence of field spread on the reconstructions. They found that 

beamformers generate reconstructions with lower correlation coefficients compared to 

MNE. Importantly, they did not use any regularization for MNE. The authors consider 

these results should not be taken as a prove of the superiority of one method over the other, 

because the experiment was design to demonstrate the prevalence of field spread at source 

space and not to compare the methods. In their conclusions, they make emphasis on the 

lack of studies in the field to systematically analyze the effect of the inverse methods in the 

connectivity analysis. 

In the other study, Hui et al (2010) simulated cortical interactions with realistic oscillatory 

sources to evaluate the performance of the nulling beamformer to eliminate cross-talk in 

comparison to LCMV and MNE. The nulling beamformer is a variation of the LCMV 

beamformer developed by these authors, which objective is to eliminate the cross-talk 

effect at the sources level. In contrast to LCMV, the nulling beamformer adds nulling 

constraints to cancel signals from specific cortical locations, which improves the 

performance to reconstruct highly correlated sources. These additional constraints require 

prior information about the location of the sources. It also adds a set of eigenvector 

constraints to strengthen the method against misspecification of the precise locations and 

extents of the sources. The simulations consisted in one configuration of 5 sources with 

different degree of interaction between them. The sources were dipoles (point-like sources) 

or cortical patches of 8 cm
2
. They computed how the signals are captured by the sensors 

and add white noise at this level. Then, they reconstructed the activity using the three 

inverse methods (MNE and the two beamformers) using prior information, and estimated 

cortical interactions using MVAR models (effective connectivity), coherence and phase 

synchrony. The nulling beamformer had a better performance to eliminate cross-talk than 

the other two methods, but its dependency on prior information limits its use as an inverse 

solution.  The nulling beamformer is more sensitive to noise than the LCMV. Both LCMV 

and MNE overestimated the magnitude of the coherence and synchrony and identified false 

interactions. 
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The major contribution of these two studies is to demonstrate that field spread is still 

present in the reconstruction of the two most used methods. Nonetheless, many questions 

remain open and are the motivation for this thesis work. Among them, we asked about the 

difference in the performance to reconstruct interactions between sources using the 

beamformers that assume the sources not to be correlated and using a MNE that does not 

make this kind of assumptions; how this difference in performance (if there was any) could 

be affected by variables like SNR, the size of the sources, the strength of coupling between 

them and the level of correlation inside the sources; if the optimal regularization parameter 

for MNE was the same when reconstructing activity and connectivity. With these questions 

in mind, we set out to investigate the effect of the three most used inverse methods in the 

field, MNE, LCMV and DICS in the connectivity analysis.  

 

1.2. Hypothesis and Objectives 

 

The objective of this project is to objectively study the comparative effect of using one of 

three distinct MEG inverse methods, MNE, LCMV and DICS, on source-level cortico-

cortical coherence estimation. To achieve this general objective, we aimed to build a 

framework to compare the methods through simulations. This framework allowed us to 

systematically analyze the effect of SNR, size of the sources, strength of coupling and 

intra-source correlation on the comparative performance of the inverse methods to 

reconstruct coherent sources. The hypotheses and objectives of this project are described 

below. 

 

Main hypothesis: 

The primary hypothesis in this thesis is that inherent differences among MEG source 

estimation methods will lead to differences in the subsequent calculation of source-level 

connectivity. These differences arise from differences in the theoretical assumptions 
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underlying each approach and can be revealed by contrasting their performance on 

simulated and real data. 

 

Secondary hypotheses: 

In MEG connectivity analysis, it is crucial that the inverse methods are able not only to 

localize but also to reliably reconstruct the interactions between neuronal sources. As the 

beamformers assume that the sources are not correlated between one another while MNE 

does not assume this, our first secondary hypothesis is: 

1. We expect to observe significant differences in the cortico-cortical coherence 

reconstructions of MEG simulated sources with different levels of intra and inter-

source correlation when using MNE and beamformers. More specifically, we 

assume that the performance of the beamformers would improve with lower levels 

of correlation while the MNE performance remains unaffected by different levels 

of intra and inter-correlation.   

 

MNE solution uses a regularization parameter for which the optimal value is highly 

dependent on the SNR level. Studies on source activity reconstruction have shown that the 

beamformers are more robust to different levels of SNR than MNE. Considering this, our 

second hypothesis is: 

2. We expect to see significant differences in the cortico-cortical coherence 

reconstructions of MEG simulated data with different levels of SNR when using 

MNE and beamformers, with the latter being more robust to changes in SNR.   

 

As MNE and beamformers make different assumptions about the sources, it is possible that 

the information retrieved jointly by both approaches contains less false positives than each 

one of the methods separately. Our third hypothesis is therefore:   
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3. Connectivity estimations from joint inverse methods results may have higher 

accuracy than the estimations obtained with each of the methods alone.  

 

Figure 1-15 summarizes the primary and secondary hypotheses of the thesis.  

 

Figure 1-15. Primary and secondary hypotheses of the thesis. 

 

General objective: 

The goal of the thesis is to study the comparative effect of using one of three distinct MEG 

inverse methods on source-level cortico-cortical coherence estimation, primarily using 

extensive MEG data simulations and, to probe implications with real MEG data. 

 

Specific objectives: 

1. To build a computational framework that implements the forward and inverse MEG 

methods and that considers the characteristics of the inverse methods so that they 

can be objectively evaluated through simulations. 

PRIMARY HYPOTHESIS 
Differences in MEG source estimations  

lead to differences in connectivity estimation  

Secondary Hypothesis 1 

Intra and inter-source correlation 
strength will affect connectivity 

performance 

(especially for beamforming)  

Secondary Hypothesis 2 

SNR will affect connectivity 
performance 

(especially for MNE)  

Secondary Hypothesis 3 

Combining connectivity results 
form multiple inverse methods 

may yield higher accuracy 
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2. To compare the effect of the methods on connectivity estimations mainly using 

simulations and, if possible, probe the validation of the results with regards to real 

data. 

3. To evaluate the join performance of the inverse methods on the connectivity 

analysis to increase the level of accuracy on connectivity analysis. 

 

1.3. Methodology 

 

An ideal method for MEG connectivity analysis should properly localize interacting 

sources without false positives; reliably estimate the extent of the sources; reconstruct 

highly correlated sources; be robust to different levels of SNR; have a low computational 

cost and be as automatic as possible (to avoid the need of expert users).  Considering these 

characteristics, we built a framework that enabled us to compare the three methods using 

MEG simulations and real data and coherence as the connectivity measure. In general 

terms, we used simulations to meet all objectives and real data from a speech processing 

task for the work in progress to meet the second specific objective. All the methodological 

details about the analysis with simulations are described in each chapter, but below we 

provide a brief description of the methodology used in each one of them to facilitate the 

reading of the following sections.  

The second chapter corresponds to an article already published (Hincapié et al, 2016), in 

which we optimized the regularization parameter for MNE, the first step to accomplish a 

fair comparison between MNE and any other method. We used extensive Monte-Carlo 

simulations of MEG data, where we generated 21,600 configurations of pairs of coupled 

sources with varying sizes, signal-to-noise ratio (SNR) and coupling strengths, and 

evaluated 9 values of the regularization parameter. Then, we searched for the 

regularization parameters (lambda) that maximized detection performance for (a) power 

and (b) coherence, using the Area Under the Curve (AUC) of the Receiver Operator 

Characteristic curves (ROC).  
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The third chapter corresponds to an article that is accepted in Neuroimage (Hincapié et al., 

2017). In this article, we set out to investigate the impact of three inverse methods on 

source coherence detection using simulated MEG data. We used the same methodological 

approach of the first article: thousands of randomly located pairs of sources were created 

and several parameters were manipulated, including inter- and intra-source correlation 

strength, source size and spatial configuration; the simulated pairs of sources were then 

used to generate sensor-level MEG measurements at varying signal-to-noise ratios (SNR). 

Next, the source level power and coherence maps were calculated using three methods (a) 

MNE, (b) LCMV beamforming, and (c) DICS beamforming. As in chapter two, the 

performances of the methods were also evaluated using the AUC of the ROC curves. The 

extensive simulations and computational analysis for these two articles were possible 

thanks to a collaboration between the Laboratorio de Psicofisiología from the School of 

Psychology of the PUC and the Centre de Recherche en Neurosciences de Lyon, France, 

through which we have access to the Centre de Calcul de I’IN2P3. 

The fourth chapter contains the third article that is published in Frontiers in Psychiatry 

(Alamian et al., 2017). In this article, we reviewed recent findings in MEG resting-state 

connectivity within two major depressive disorder (MDD) and bipolar disorder (BD), 

providing methodological considerations and limitations that need to be tackled in future 

studies. We also compared the clinical MEG resting-state results to those previously 

reported with fMRI and EEG. About the methodology, we did a PubMed search using key 

words (i.e. “MEG + connectivity + depression” and “MEG + depression + resting”). This 

paper is the result of a collaboration with the Computational and Cognitive Neuroscience 

Laboratory (CoCo lab) from the Département de Psychology, at the Université de 

Montréal, Canada.  

The fifth chapter corresponds to the work in progress with real data, where we aim to 

validate the results achieved through simulations. Here we used a dataset which examines 

changes in the properties of acoustic-cortical coupling when speech perception shifts from 

normal to fast speech rate. Brain signals were recorded in 24 normal-hearing participants 

using a 275-channel MEG CTF system. The participants listened to sentences with varying 
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speech rate. For a pilot subject, we reconstructed the sources time series using the MNE 

and the LCMV beamformer and then compute task-related oscillatory power and estimate 

cortico-acoustic coherence.  We are using the framework developed for the simulations, 

with modifications to work with real data. The development of this part of the project has 

been possible thanks to a collaboration with CoCo lab from the Département de 

Psychology, at the Université de Montréal, Canada, and the Laboratoire Dynamique du 

Langage, CNRS/Université Lyon 2 UMR5596, France.  

 

1.4. Main results and contribution of each article to the investigation 

 

This section presents the main results and contribution of each article and work in progress 

with real data to the objectives of this project, sorted by the order of the chapters.  

 

1.4.1. MEG connectivity and power detections with Minimum Norm Estimates require 

different regularization parameters (chapter 2) 

 

Summary 

As described in section 1.3.4, MNE addresses the ill-posed nature of MEG source 

estimation through regularization (e.g. Tikhonov regularization). Selecting the best 

regularization parameter is a critical step. Generally, once set, it is common practice to 

keep the same coefficient throughout a study. However, before this study, it has not been 

investigated whether the optimal lambda for spectral power analysis of MEG source data 

coincides with the optimal regularization for source-level oscillatory coupling analysis. We 

addressed this question via extensive Monte-Carlo simulations of MEG data, as described 

in the methodology section. We found that for coherence, the optimal lambda was two 

orders of magnitude smaller than the best lambda for power. Moreover, we found that the 

spatial extent of the interacting sources and SNR, but not the extent of coupling, were the 
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main parameters affecting the best choice for lambda. Our findings suggest less 

regularization when measuring oscillatory coupling compared to power estimation. 

 

Contribution to the objectives of the project 

 

This article contributes to meet all the objectives of this project. As the performance of 

MNE highly depends on the appropriate selection of its regularization parameter, its 

optimization was crucial to ensure a fair comparison between the methods.  For the 

development of this study we needed to build a framework that was later completed to 

compare the three methods, and is the base for the one being used in the real data analysis.  

This article is the first one in the literature to set out and address the question of whether 

the MNE optimal regularization parameter is different when the goal is to reconstruct 

coherence to when the goal is to reconstruct power (local activation). As we show in the 

article, a suboptimal regularization parameter significantly reduces the quality of the 

reconstructions. The article also presents for the first time the effect of variables like SNR, 

strength of coupling and size of the sources on the optimal value of the regularization 

parameter for power and coherence.  

 

1.4.2. The impact of MEG source reconstruction method on source-space connectivity 

estimation: A comparison between minimum-norm solution and beamforming (chapter 3) 

 

Summary 

In this study, we set out to investigate the impact of three inverse methods on source 

coherence detection using simulated MEG data. To this end, thousands of randomly 

located pairs of sources were created and several parameters were manipulated, as 

described in the methodology section. The results indicate that MNE has a higher 

performance detecting inter-source coherence if each patch consisted of highly coherent 
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time series (high intra-patch correlation). On the other hand, beamformers perform better 

than MNE for coherence reconstructions if the interacting cortical sources were simulated 

as point-like sources (single dipoles). Moreover, the performance of the beamformers for 

interacting patches improved substantially if each patch activity was simulated with partly 

coherent time series (partial intra-patch coherence). These results demonstrate that the 

choice of the inverse method impacts the results of MEG source-space coherence analysis, 

and that the optimal choice of the inverse solution depends on the profile of cortical 

activity and interactions. The insights revealed in this study can guide method selection 

and help improve data interpretation regarding MEG connectivity estimation. 

 

Contribution to the objectives of the project 

 

This article is the core of this project and contributes to meet all the objectives of the 

project. For this study, we built a framework that allowed us to compare the methods 

following the same steps for each one of them, and systematically evaluate the effect that 

different variables had on their performance. We took special care in optimizing the 

parameters of the methods that could influence their performance, such as the 

regularization parameter of MNE (which was the subject of the first article) and the one of 

DICS. Although not shown in the results, we also evaluated different values of the 

regularization parameter for DICS, but the value defined by default in the method 

produced an equivalent performance to the other tested values. We also adapted the ROC 

analysis to quantify the coherence results and test different modifications to avoid bias in 

the quantification of the performance of the methods.  

With respect to the third objective (and third hypothesis), the development of this study 

allowed us to have the data to tackle it. Although this analysis is not part of the original 

article, we included it in this chapter as supplementary material to facilitate the reading of 

this manuscript. We found that joining the reconstructions of the methods did not lead to 

more accurate results. These results reinforce the main findings of the article.  



55 
 

 
 

This article is the first one in the literature to systematically compare the effect of the 

selection of the inverse method on the connectivity analysis. It is the first one to 

demonstrate that there are significant differences in the connectivity results when choosing 

one method over another, depending on the characteristics of the sources. We also 

demonstrate that the performance of one method to reconstruct the interaction between the 

sources (coherence) can differ from its performance to reconstruct local activity (power), 

depending on the source parameters. 

 

1.4.3. Alterations of Intrinsic Brain Connectivity Patterns in Depression and Bipolar 

Disorders: A Critical Assessment of MEG-based Evidence (chapter four) 

 

Summary 

 

Despite being the object of a thriving field of clinical research, the investigation of intrinsic 

brain network alterations in psychiatric illnesses is still in its early days. Because the 

pathological alterations are predominantly probed using functional magnetic resonance 

imaging (fMRI), many questions about the electrophysiological bases of resting-state 

alterations in psychiatric disorders, particularly among mood disorder patients, remain 

unanswered. Alongside important research using electroencephalography (EEG), the 

specific recent contributions and future promise of magnetoencephalography (MEG) in this 

field are not fully recognized and valued. In this article, we provide a critical review of 

recent findings from MEG resting-state connectivity within major depressive disorder 

(MDD) and bipolar disorder (BD). The clinical MEG resting-state results are compared to 

those previously reported with fMRI and EEG and with MEG task-based findings. The 

reviewed literature highlights the relevance of probing local and inter-regional rhythmic 

synchronization to explore the pathophysiological underpinnings of each disorder. 

However, before we can fully take advantage of MEG connectivity analyses in psychiatry, 

several limitations inherent to MEG connectivity analyses need to be understood and 

considered. Thus, we also discuss current methodological challenges and outline paths for 
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future research. MEG resting-state studies provide an important window onto perturbed 

spontaneous oscillatory brain networks and hence supply an important complement to 

fMRI-based resting-state measurements in psychiatric populations.  

 

Contribution to the objectives of the project 

 

This review is transversal to all aspects of this project. Here we present a referential 

framework on how to conduct MEG source connectivity analysis on a clinical setting, 

including what we have learned with the simulation studies. This review clearly shows the 

practical context in which the results of this project can be applied.  

Furthermore, this article presents not only a critical review of the recent findings of MEG 

resting-state studies within MDD and BD, but also a concrete yet exhaustive review of the 

findings with fMRI, EEG and MEG task-based studies, that leads to a clear panorama of 

where we stand nowadays in resting-state connectivity analysis for MDD and BD.  

 

1.4.4. Real data analysis: preliminary results 

 

Summary 

 

To investigate whether the results with simulations hold for real data, we used a data set 

from an experiment designed to evaluate if cortical oscillations in areas related to speech 

perception track the speech rhythm. We computed task-related modulations of oscillatory 

power and estimated coherence between the speech signal and MEG source reconstructed 

time-series with MNE and LCMV for a pilot subject.   
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Contribution to the objectives of the project 

 

This preliminary work contributes to meet part of the second specific objective of this 

project. In this chapter, we mainly describe the logic of the work in progress. The results 

show here are based on one subject and one condition, and therefore, very preliminary to 

draw any conclusions. The preliminary results show differences in the cortico-acoustic and 

power maps for MNE and LCMV source reconstructions.
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2. MEG CONNECTIVITY AND POWER DETECTIONS WITH MINIMUM NORM 

ESTIMATES REQUIRE DIFFERENT REGULARIZATION PARAMETERS 
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Abstract  

 

Minimum Norm Estimation (MNE) is an inverse solution method widely used to 

reconstruct the source time series that underlie magnetoencephalography (MEG) data. 

MNE addresses the ill-posed nature of MEG source estimation through regularization (e.g. 

Tikhonov regularization). Selecting the best regularization parameter is a critical step. 

Generally, once set, it is common practice to keep the same coefficient throughout a study. 
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However, it is yet to be known whether the optimal lambda for spectral power analysis of 

MEG source data coincides with the optimal regularization for source-level oscillatory 

coupling analysis. We addressed this question via extensive Monte-Carlo simulations of 

MEG data, where we generated 21,600 configurations of pairs of coupled sources with 

varying sizes, signal-to-noise ratio (SNR) and coupling strengths. Then, we searched for 

the Tikhonov regularization coefficients (lambda) that maximize detection performance for 

(a) power and (b) coherence. For coherence, the optimal lambda was two orders of 

magnitude smaller than the best lambda for power. Moreover, we found that the spatial 

extent of the interacting sources and SNR, but not the extent of coupling, were the main 

parameters affecting the best choice for lambda. Our findings suggest less regularization 

when measuring oscillatory coupling compared to power estimation. 

 

Keywords 

 

Minimum Norm Estimate (MNE), Tikhonov Regularization, Inverse Problems, Source 

reconstruction, Magnetoencephalography (MEG), Oscillations, Coherence, Data 

Simulation 

 

2.1. Introduction 

 

Healthy brain function is largely mediated by coordinated interactions between neural 

assemblies in different cortical and subcortical structures. As a result, the study of neuronal 

processes requires techniques that can reliably measure the spatio-temporal dynamics of 

large-scale networks. To this end, it is important to assess the modulations of local 

activations as well as long-range coupling between brain areas. Over recent years, the 

quantification of neuronal interactions in a given behavioral task or brain state has been the 

focus of a large body of research, and various techniques are currently used to detect and 



60 
 

 
 

probe the role of functional connectivity (e.g. Friston et al., 2013; Schoffelen and Gross, 

2009). In particular, a widely-used technique for the detection of large-scale interactions 

among neural assemblies is magnetoencephalography (MEG) (Baillet et al., 2001; Gross et 

al., 2013; Hämäläinen et al., 1993). This is primarily due to its high temporal resolution, 

which is in the same order of magnitude as the neuronal processes themselves 

(milliseconds).  Unlike electroencephalography (EEG), MEG measures magnetic fields 

that are less affected by the skull and brain tissue, and provides whole-head coverage, 

which is mandatory for the assessment of large-scale brain networks. The use of MEG has 

advanced our comprehension of the mechanisms underlying functional brain connectivity 

(Schölvinck et al., 2013), as well as networks involved in sensory, motor and higher-order 

cognitive tasks (Gross et al., 2013; Karim Jerbi et al., 2007; Lopes da Silva, 2013; Meeren 

et al., 2013; Schnitzler and Gross, 2005; Simanova et al., 2015) as well as in the resting-

state (Brookes et al., 2011; Cabral et al., 2014; de Pasquale et al., 2012; Henson et al., 

2007; Hipp et al., 2012; Marzetti et al., 2013; O’Neill et al., 2015; Schölvinck et al., 2013). 

The ability to measure brain interactions at the source-level, rather than between sensor 

channels, is an important pre-requisite if we want to make useful inferences about the 

anatomo-functional properties of the network. To this end, source reconstruction 

techniques are applied in order to estimate the spatio-temporal activity of the cortical 

generators underlying the recorded sensor-level MEG data. Solving this relationship is an 

ill-posed inverse problem for which numerous methods have been developed (Baillet et al., 

2001). The differences between the various techniques mainly stem from the assumptions 

they make about the properties of the neural sources and from the way they incorporate 

various forms of a priori information, if any is available. Conceptually, solving the MEG 

inverse problem boils down to solving a system of equations that is underdetermined (i.e. 

no unique solution) since we generally have far more sources (thousands) than 

measurements (hundreds). Identifying a solution to such a problem can be achieved by 

imposing constraints on the sources. A typical constraint is to minimize the source power. 

Among these methods, the Minimum Norm Estimate (MNE) relies on minimizing the L2-

norm and is one of the most widely used techniques (Attal and Schwartz, 2013; Baillet et 

al., 2001; Chang et al., 2015; Cheng et al., 2015; Dale and Sereno, 1993; David et al., 
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2002; Grave de Peralta Menendez et al., 1997; Hämäläinen et al., 1993; Hämäläinen and 

Ilmoniemi, 1994; Hauk et al., 2011; Hauk, 2004; Hauk and Stenroos, 2014; Henson et al., 

2007; Hsiao et al., 2015; Kanamori et al., 2013; Lin et al., 2006; Liu et al., 1998; Matsuura 

and Okabe, 1995; Mattout et al., 2005; Meeren et al., 2013; Palva et al., 2010; Simanova et 

al., 2015; Wang et al., 1993). By contrast, estimates obtained by minimizing the L1-norm 

are referred to as Minimum-Current Estimates (MCE) (Matsuura and Okabe, 1995; Uutela 

et al., 1999). While the L2-norm assumes a Gaussian a priori current distribution, the L1-

norm assumes a Laplacian distribution (Hansen et al., 2010).  

In principle, MNE looks for a distribution of sources with the minimum (L2-norm) current 

that can give the best account of the measured data. As the problem is ill-posed, MNE 

generally uses a regularization procedure that sets the balance between fitting the measured 

data (minimizing the residual) and minimizing the contributions of noise(Hämäläinen and 

Ilmoniemi, 1984; Sarvas, 1987; Sorrentino and Pascarella, 2011). The Tikhonov or Wiener 

regularization(Foster, 1961; Tikhonov and Arsenin, 1977) and SVD truncation are among 

the most widely used regularization procedures. Regularization may be considered a 

necessary evil: it is required to stabilize the solution of the inverse problem, yet too much 

regularization leads to overly-smooth solutions (spatial smearing). Since we do not have a 

precise model of brain activity and noise, the choice of the optimal amount of 

regularization is a non-trivial step for which no magical recipe exists(Phillips et al., 2005). 

The relationship between optimal regularization and the patterns of underlying generators 

is still poorly understood. In particular, the effect of regularization on the detection 

accuracy of minimum-norm estimates of source power and inter-areal source coupling has 

not been thoroughly investigated. This raises the question whether one should use the same 

regularization coefficient for MNE-based power and connectivity analyses, as is generally 

done, or would one benefit from optimizing the regularization coefficients separately for 

each analysis. Furthermore, how does the optimal regularization coefficient, in such 

configurations, depend on sensor-level SNR, source size or coupling strength?  

With these questions in mind, we performed extensive Monte-Carlo simulations, creating 

over 20,000 pairs of coupled oscillatory time series in MEG source spaces and computed 
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the resulting surface MEG recordings. Then, we estimated source power and coherence 

using the MNE framework with variable degrees of Tikhonov regularization.  Moreover, 

we used an approach based on an Area Under the Curve (AUC) to identify the optimal 

regularization coefficient (lambda) in the case of power and coherence analyses. We found 

a systematic difference between the optimal Lambdas in each analysis: For source-level 

coherence analysis the optimal lambda was two orders of magnitude smaller than the best 

lambda for power detection in the same data. Lastly, our findings are broken down as a 

function of SNR, cortical patch size and cortico-cortical coupling strength. 

 

2.2. Methods and Materials 

 

In this section, we first present the MEG inverse problem formulation and the MNE 

framework. Then, we describe the simulation, reconstruction and performance assessment 

procedures.  

 

2.2.1 The MEG Inverse Problem  

 

The inverse problem looks for an estimation of the active sources S (3nsources x time points) 

that generates the measurements M (nchannels x time points) recorded at the sensors. The 

dimension 3n of the columns of S accounts for the tree components of the source n in the x, 

y and z directions.  According to anatomical observations, the main generators of MEG are 

located in the grey matter and their orientation is perpendicular to the cortical sheet(Nunez 

and Srinivasan, 2006). Here, we used a constrained orientation approach (perpendicular to 

the cortical surface), and hence the dimensions of S are reduced to (nsources x time points). 

Assuming a linear relationship between the measurements and the active sources, the 

problem is modeled as: 

M = L S + N          (2.1) 
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where L is the Lead field matrix (nchannels x nsources) and N is additive noise applied at the 

MEG channels (nsources x time points). The lead field matrix describes how each source 

contributes to the measurements at each sensor, given a specific head conductivity model 

and a source space. As the number of sources is usually much higher than the number of 

sensors, the lead field matrix is highly underdetermined and thus not invertible.  The 

estimation of the activity of the sources requires the definition of an inverse operator W: 

Ŝ = W
T
M                                         (2.2) 

where Ŝ represents the estimated sources (nsources x time points) and the superscript T 

denotes matrix transpose.  

 

2.2.2. Minimum Norm Estimate (MNE) 

 

As the MEG inverse problem is ill-posed, a regularization scheme is needed (Hämäläinen 

and Ilmoniemi, 1984), and one of the most common options is the Tikhonov regularization 

(Foster, 1961; Tikhonov and Arsenin, 1977). MNE calculates an inverse operator W by 

searching for a distribution of sources Ŝ with minimum currents (L2-norm) that produces 

an estimation of the measurements (LŜ) most consistent with the measured data (M). The 

solution is a trade-off between the norm of the estimated regularized sources current λ
2
||Ŝ||

2
 

and the norm of the quality of the fit they provide to the measurements ||M – LŜ||
2
. 

Assuming the noise N and the sources strength S to be normally distributed with zero mean 

and covariance matrix Q and R respectively, a general form of the MNE inverse solution 

can thus be given as (Dale et al., 2000; Dale and Sereno, 1993; Lin et al., 2004): 

Ŝ = argminS  {||Q
-1/2

(M – LS)||
2
  + λ

2
||R

-1/2
S||

2
}  (2.3) 

where λ is the Tikhonov regularization parameter. Thus, the inverse operator W is defined 

as: 

W= RL
T
 (LRL

T
 +   λ

2
Q)

-1
   (2.4) 
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where the superscript -1 denotes matrix inverse.  

 

The Minimum Norm Estimate embodies the assumption of independently and identically 

distributed (IID) sources, which corresponds to an identity matrix R in the above formula. 

Alternatively, R can incorporate more informed (spatial) assumptions, yielding a so-called 

weighted Minimum Norm Estimate (Dale and Sereno, 1993; Mattout et al., 2005; Phillips 

et al., 2005). Here, we use the general and classical Minimum Norm solution. The noise 

covariance matrix Q was computed from the actual noise which was added to the sensors 

in each simulation. 

 

2.2.3. Simulations 

 

We simulated 117s of oscillatory activity in pairs of cortical sources with different degrees 

of coupling in the alpha band (9-14 Hz). We computed the resulting sensor-level data 

through forward modeling based on a 275 channel CTF MEG system configuration. Our 

sources consisted of current dipoles placed at the vertices of a tessellated MNI-Colin 27 

cortical surface, which was segmented and tessellated using FreeSurfer (Fischl, 2012) and 

down-sampled to 15028 vertices. Different strengths of coupling were obtained by forcing 

the time series of the second source to have a certain level of coherence with the first 

source time series. The signals were projected to the sensors using a single sphere head 

model and constraining the orientations of the sources to be normal to the cortical surface. 

The simulated data were generated using a combination of custom MATLAB code, in 

addition to functions from Brainstorm (Tadel et al., 2011) and FieldTrip (Oostenveld et al., 

2011) toolboxes. The source time courses were simulated by first setting the base 

frequency of the oscillator (e.g. 12 Hz) and inducing a small jitter to its instantaneous 

frequency across time points. The frequency modulated time courses were then generated 

using an exponential function. This procedure causes fluctuations in the phase relationship 

between two oscillators with the same base frequency, allowing us to achieve coherence 
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levels below 1. The frequency jittering was performed randomly in a loop until the desired 

coherence level (e.g. 0.4) between the time courses of the two oscillators was reached. 

We randomly selected two locations (seeds) for each simulated pair of sources (600 pairs). 

Next, for each pair, we varied three additional parameters in the simulations: the spatial 

extent of the sources, the strength of the coupling between the two sources, and the signal-

to-noise ratio (SNR) at the sensors. These parameters are described in more detail below: 

(i) Patches and point-like sources: we simulated point-like sources (i.e. 1 dipole) and 

cortical patches (with surface areas: 2, 4 or 8 cm
2
). Note that the activity of a cortical patch 

was simulated by placing identical time series at the vertices that make up the patch. As 

described above, the vertices were obtained via tessellation of the MNI brain (Colin 27). 

(ii) Coupling strength: when generating the time series for each of the two sources of a pair 

of simulated generators, we defined the coupling by setting the alpha-band coherence to 

either 0.1, 0.2 or 0.4. We simulated time series that were 7000 samples long (600 Hz 

sampling frequency). Note here, that by actually simulating true coherence at the source 

level, we circumvent debates about spurious coupling that arises from field spread. As 

such, we assess here the ability to recover truly coherent cortical activity. 

(iii) Signal to Noise Ratio (SNR): white noise was added to the sensor signals in order to 

achieve three levels of SNR (0 dB, -20 dB and -40dB), calculated as the ratio of the 

Frobenius norm of signal and noise amplitudes at the sensors.  

In summary, we randomly chose 600 different pairs of cortical location configurations, for 

which we varied source size (4 levels: point-like, 2, 4 or 8 cm
2
), coupling strength (3 levels: 

0.1, 0.2 or 0.4) and SNR (3 levels: 0 dB, -20 dB and -40dB). This yielded a total of 21,600 

sets of simulated MEG sensor-level data. Next, we evaluated the effect of varying the 

Tikhonov regularization parameter λ on detection performance of MNE, independently, for 

power and for coherence mapping. 
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2.2.4. Power and Coherence Reconstructions 

 

The previous section described the cortical power and coherence configurations that were 

generated in the MEG data simulation step. Now, in order to assess our ability to 

reconstruct these simulated (i.e. known) source configurations, we first reconstruct the 

source time series by applying MNE to the simulated sensor data, and then we compute 

spectral power and coherence from these estimated time series.  

Most MEG studies that use MNE select a single lambda value once and for all to be used 

throughout the study; the same regularization coefficient is hence used both for power and 

coupling estimations (assuming both are performed within the study). This is not the case 

here, precisely because our objective is to test whether optimal lambda values differ 

between power and coherence mapping.  

Therefore, in order to find the regularization coefficient providing the most accurate 

reconstruction of (a) power and (b) inter-areal coherence across all 21,600 simulated 

configurations, we used multiple values for λ ranging from 1e-20 to 100, and realized the 

optimal was close to 1e-11 to 1e-5 (7 values). In addition to searching for the optimal 

lambda that provides the best results across all simulations, the definition of best lambda 

was also separately examined as a function of SNR, coupling strength and source extent.  

Finally, for the sake of comparison, we also computed the optimal λ value obtained from 

the standard L-curve method (Hansen, 1992).  The range of possible lambda values 

examined in our estimations was selected based on visual inspection in a subset of 

simulations and chosen to ensure it included the lambda obtained via the L-curve approach. 

The supplementary material at the end of this chapter presents the L-curve we used in this 

work.  

Notably, for the coupling analysis, we used the reconstructed time series at one of the two 

simulated dipoles as reference point, and we calculated coherence with all other source 

time series across the brain. Spectral power (at any location r) and magnitude squared 

coherence (between two locations r1 and r2) were calculated as follows 
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                                        (2.10) 

 

             
               

                     
                                             (2.11) 

where Cs is the cross-spectral density matrix, f the frequency bin. Power and MS 

coherence were calculated via built-in standard MATLAB (Mathworks Inc., MA, USA) 

functions based on Welch's averaged and modified periodogram method (Welch, 1967). 

 

2.2.5. Receiver Operating Characteristic (ROC) Curves  

 

We evaluated the performance of each method using the area under the curve (AUC) from 

the ROC curves obtained by plotting the True Positive Fraction (TPF) vs the False Positive 

Fraction (FPF) at a given threshold α, calculated as follows:  

       
     

                           
      (2.12) 

       
     

                                                   
   (2.13) 

where TP(α) represents the true positives (defined as the intersection between simulated 

sources and active sources at threshold α), and FP(α) represents the false positives (defined 

as all active sources but excluding the true positives at activation threshold α). By 

computing TPF and FPF repeatedly for successive values of activation thresholds α we 

obtain a ROC curve from which we derive the AUC. The AUC is taken as a measure of 

performance, i.e. the best regularization coefficient would be the one that yields the highest 

AUC. Statistical comparisons were performed using standard parametric two-tailed t-tests. 

Note that for reference-based coherence reconstruction, computing true positives can be 

ambiguous if we consider the sources within the “reference patch” (location 1) to be true 

positives. To avoid this problem, we chose to quantify how well the distant coherent patch 

(location 2) was detected. In other words, we used the time series estimated at location 1 
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(as a seed) and considered only the simulated activity that make up the patch at location 2 

to be the vertices we wish to detect. Therefore, the vertices of within the reference patch 

were excluded from the ROC calculations for coherence evaluations.  

 

2.3. Results 

 

2.3.1. Optimal Tikhonov regularization coefficient is not the same for power and 

coherence reconstructions 

 

Figure 2-1a shows the effect of lambda selection on quality of power and coherence 

detection across all simulated conditions and configurations (measured as mean AUC). 

Importantly, we found that the best mean value of lambda for power (10e-7) differs from 

the best mean lambda for coherence, which was two orders of magnitude smaller (10e-9).  

In comparison to the optimal value for power, the lower optimal value for coherence 

implies that a smaller residual should be allowed to have an optimal coherence 

reconstruction.  The observations in Figure 1a also indicate that coherence reconstructions 

are more sensitive to the selection of an appropriate lambda value than power 

reconstructions (as AUC for coherence peaks at 1e-09 and drops again, while AUC for 

power displays a flatter distribution for values neighboring 1e-07). 
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Figure 2-1.  The optimal regularization for power reconstruction is different from the one obtained 

for coherence detection. (a) Mean AUC for power and coherence reconstructions, (b) Mean AUC 

achieved with best lambda for power (1e-07) or best lambda for coherence (1e-09) when applied in 

each case both for power and for coherence. The error bars indicate standard deviation. 

 

Interestingly, Figure 2-1b shows a significant difference (p<0.001 t-test) between the 

reconstruction performances achieved using the optimal lambda for power (coherence) 

compared to using the lambda determined to be optimal for coherence (power). Simply 

put, our simulations demonstrate that, on average across 21,600 simulated pairs of sources, 

tuning lambda selection differently for coherence and for power analyses significantly 

impacts the results. In the next section, we examine how SNR, coupling strength and 

source size individually affect these results.   

 



70 
 

 
 

2.3.2. Effect of SNR, source size and coupling strength. 

 

Figure 2-2 depicts the effect of (a) SNR, (b) source size, and (c) coupling strength on 

optimal lambda. In each panel, the results are shown independently for power (upper row) 

and coherence (lower row).  

Figure 2-2a shows that a decrease in SNR leads, as expected, to an overall decrease in the 

performance of MNE as measured by mean AUC. For power reconstructions, a peak (i.e. 

easily identifiable optimal lambda) seems to be limited to the higher SNR. As for 

coherence reconstructions, the lower row of Figure 2-2a indicates that stronger 

regularization is needed as SNR drops. Next, Figure 2-2b suggests that both for power and 

coherence detection, point-like sources require more (an order of magnitude higher) 

regularization than cortical patches. Furthermore, Figure 2-2c shows that stronger coupling 

leads to better detection performances (higher mean AUC). However, it also suggests that 

the optimal lambda values (1e-07 for power and 1e-09 for coherence) do not vary with 

source coupling strength (Figure 2-2c). 
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Figure 2-2.  Power and coherence detection with MNE as a function of three simulation 

parameters: Best lambda for power and coherence detection as a function of (a) SNR (0dB, -20dB 
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and -40dB), (b) size of the sources (point-like, 2, 4 and 8 cm
2
), and (c) Coupling strength (0.1, 0.2 

and 0.4). Power and coherence performances are depicted in the upper and lower rows of each 

panel, respectively. 

 

2.3.3. Comparison with the L-curve method  

 

A common and rather well-established heuristic to optimize λ in a data-driven manner is 

the L-curve.  The L-curve is a plot of the norm of the regularization term versus the norm 

of the residuals, representing the trade-off between these two terms.  The lambda with the 

best compromise between minimizing the norm of the current and that of the residual is 

chosen as the optimal lambda (Hansen, 1992).  As it is a fast and widely used method, we 

decided to compare the optimal lambda given by the L-curve approach with the two 

average lambda values which we found to optimize either power or coherence. 

The mean optimal lambda obtained with the L-curve was 1e-10. Application of this 

Tikhonov coefficient led to suboptimal reconstructions of both power and coherence. For 

both cases, the mean AUC obtained was significantly smaller (p<0.001, t-test) than the 

mean AUC observed with the optimal lambda values derived from the data (Figure 2-3a). 

In fact, the L-curve based estimation of optimal lambda turned out to be one and three 

orders of magnitude smaller than the optimal values we had found for coherence and 

power respectively. Figures 2-3b-d show an example of a simulated pair of sources (Figure 

2-3b) and its reconstructions using the optimal lambdas found with the data-driven AUC-

based optimization (1e-7 for power and 1e-9 for coherence) and with the L-curve 

optimization (1e-10). This configuration illustrates a typical case where the regularization 

coefficient derived from the L-curve approach fails. It also illustrates how the application 

of regularization that is suitable for power detection (1e-07) can lead to very poor detection 

in the case of coherence, where less regularization (1e-09) provides acceptable detection. 

Note that the case shown here, is based on an arbitrary selection of a source configuration 

from among 21600 simulations. Both poorer and nicer single examples can be found of 
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course, but we chose to represent a realistic intermediate case that serves to illustrate the 

point made by our study. 

 

 

 

Figure 2-3.  Example of the differences in MNE performance when using the optimal lambda 

found using the L-curve approach and the best lambda values obtained from our simulations. (a) 

Difference in performance using the L-curve and the empirically derived lambda for power (upper 

row) and coherence (lower row) (* indicates statistically significant differences at p<0.001, t-test). 

(b) Illustrative example of a simulated pair of coupled sources (alpha-band coherence =0.4, patch 

size=4 cm
2
, SNR=0 dB). (c) and (d) Power and Coherence reconstructions based on simulated data 

shown in panel (b) using three options for the definition of an optimal lambda value: λ=1e-10 

(obtained with the L-curve), λ=1e-09 (mean optimal value for coherence detection) and λ=1e-07 

(mean optimal value for power detection). Note that the power and coherence maps are normalized 
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with respect to the maximum on each map and subsequently thresholded at 20% of maximum 

amplitude. 

2.4. Discussion  

 

Overall, we have shown using extensive simulations of coupled pairs of sources that, on 

average when using MNE, the best results are achieved by selecting separate regularization 

coefficients for power and for coupling estimations in source space. In particular, we found 

on average that the Tikhonov regularization coefficient that yields best coherence detection 

is substantially smaller than the optimal regularization coefficient for the detection of 

oscillatory power. This is largely due to the fact that increased smoothing (which arises 

from increased regularization) blows up the rate of false positives, a problem that appears 

to be amplified for cortico-cortical coupling. 

Most MEG studies that apply MNE to estimate the source-level spatio-temporal dynamics 

do not fine-tune the regularization as a function of the proposed subsequent spectral 

analyses. Our simulations suggest that a regularization parameter that maximizes the 

detection of oscillatory source power may impair our ability to reliably reconstruct spectral 

connectivity. As a rule of thumb, we suggest using 1 to 2 orders of magnitude lower 

Tikhonov coefficient when searching for source coupling. Obviously, this suggestion 

stems from the simulations performed in this study and might not necessarily be the best 

choice if other minimum-norm methods are used or if different source coupling 

configurations are present.  

The variables that appear to have the strongest effect on the optimal lambda, according to 

our simulations, are the SNR and the spatial extent of the sources. In contrast, the strength 

of source coupling only minimally impacted the optimal choice for lambda. It is also 

noteworthy that, in general, hitting the right lambda seems to be even more critical for 

coherence than for power: while the performances for power appeared to stabilize when 

sufficient regularization is applied, coherence detection appeared to drop again when 

regularization becomes too excessive (see Figure 2-1a). 
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For comparison, we also used a standard procedure known as the L-curve approach to 

identify an optimal Tikhonov regularization from our simulated data. This resulted in a 

lambda value that was three orders of magnitude smaller than the best choice for power 

analyses and one order of magnitude smaller than the best choice for coherence analysis. 

The fact that the L-curve does not yield the best results is not a major problem. The L-

curve approach remains a useful approach in real data analysis with MNE where the 

ground truth is not known. Here, because we simulated the MEG data, we were in a 

position to compare the performance of the regularization coefficient lambda calculated 

using the L-curve approach to the results achieved by a wide range of lambda values. 

Previous reports have also indicated sub-optimal results when applying L-curve to 

simulated data (e.g. Küçükaltun-Yildirim et al., 2006). Other methods for a data-driven 

selection of lambda (e.g. Lin et al., 2004; Phillips et al., 2005) and other regularization 

methods (such as SVD truncation) have been proposed. For instance, lambda selection can 

be derived from SNR as lambda=trace(LRL
T
)/[trace(Q)×SNR

2
] (Lin et al., 2004) which 

with pre-whitening and appropriate selection of source covariance matrix R (such that 

trace(LRL
T
)/trace(Q)=1) yields lambda~1/SNR, where SNR is (amplitude) signal-to-noise 

ratio. Approaches used to determine SNR values vary substantially. Exploring specific 

links between these formulations and the analyses performed here is of high interest, but 

goes beyond the scope of the specific question we address, which focuses on differences in 

optimal lambda selection when switching between power to connectivity analysis.  

Note that we focused here on MNE because it is a widely applied source estimation 

techniques that is implemented in a number of toolboxes (Gramfort et al., 2014; 

Oostenveld et al., 2011; Tadel et al., 2011). Besides, the classical minimum norm solution 

has been shown to be a valuable method whenever no reliable a priori information about 

source generators is available (Hauk, 2004). However, many other approaches exist (e.g. 

spatial filters) and the increased suitability of one method over another generally depends 

on the availability of a priori information and the validity, for the data at hand, of the 

theoretical assumptions that go into each method. 
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A prominent observation in the current study is that increases in the degree of 

regularization have a stronger impact on coherence than on power detection. While local 

power peaks remain fairly stable even with a high degree of smoothing, higher lambda 

values yield a drop in sensitivity in coherence analysis driven by an increase in false 

positive detections (spurious coupling). Since the smoothing effect is largely specific to 

MNE assumptions, one may ask whether coherence would be better estimated by using a 

different inverse approach based on different assumptions (e.g. spatial filters). While this 

could theoretically be the case, one should keep in mind that each inverse method comes 

with its own set of assumptions that are more or less suitable for the detection of coupled 

sources. For instance, from a theoretical point of view, the beamformer approach assumes 

that the sources are not correlated. In practice, beamformers are able to detect interacting 

sources if the extent of coupling is sufficiently weak. To fully tackle the question in the 

context of our data, we would need to perform the same simulation study using other 

inverse solutions alongside MNE in order to directly compare performances of the 

methods using the same detection metrics. This is part of an ongoing study and goes 

beyond the specific scope of the current paper which is to compare the effect of 

regularization on power and coherence detections using MNE. 

It is noteworthy that our evaluation of coherence detection was characterized by how 

accurately the second source is detected when using the first as a seed point in a brain-wide 

coherence analysis. In other words, we do not use the result of a source localization 

procedure to identify the seed. Although this comes with certain limitations, it also allows 

us to address the two questions separately. In addition, cortico-cortical coupling is not 

exclusively performed on sources that show significant activations in the source 

localization step. A selection of a source or a region of interest (ROI) based on the 

literature (or on a specific hypothesis) is also used as a preliminary step to seed-based 

source-space coupling analyses. Our results directly apply to such approaches. 

Although we explored many source configurations, varying spatial location, source 

coupling strength, SNR and source size (21,600 simulations in total), our simulations are 

of course not exhaustive. For example, it could be of interest to extend this framework to 
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EEG data, or a combination of EEG and MEG simulations (Here we focused on MEG 

since it is more commonly used for source-level connectivity analysis). In addition, 

exploring more realistic noise signals and head models could be beneficial. Furthermore, it 

could of interest to examine the effect of the presence of a third non-interacting source on 

our findings. Also, whether the results would significantly change if other forms of min-

norm estimators are used is an open question, although previous findings suggest this is 

quite unlikely (Hauk et al., 2011).   

Note that the standard and modified ROC analyses and the associated AUC metrics have 

often been used to assess and compare the performance of different inverse methods to 

reconstruct EEG/MEG with simulated neural sources (Chowdhury et al., 2013; Darvas et 

al., 2004; Grova et al., 2006; Küçükaltun-Yildirim et al., 2006; Lin et al., 2004; Mattout et 

al., 2006). An alternative approach to comparing detection performance is the use of 

precision-recall (PR) curve (Yu, 2012). This approach, as well as some of the modified 

ROC/AUC metrics mentioned above, can be particularly useful in the case of a heavily 

imbalanced ratio of true positives and true negatives (e.g. Bockhorst and Craven, 2005; 

Bunescu et al., 2005; Goadrich et al., 2004). It has been shown that, when comparing 

performances, a curve that dominates in ROC space will also dominate in PR space. 

However, a method that optimizes the area under the ROC curve is not guaranteed to 

optimize the area under the PR curve (Davis and Goadrich, 2006). In the future, it could 

therefore be of interest to extend the current framework to include other performance 

metrics such as the PR curve. 

Moreover, we restricted our coupling simulations to generating magnitude squared 

coherence between two distant time series. Coherence estimation has known limitations, 

such as its sensitivity to field spread effects in MEG (Schoffelen and Gross, 2009). Other 

coupling measures can be implemented in our framework in future studies, but it is 

important to keep in mind that we actually generated true magnitude squared coherence 

between the sources, and we evaluate the effect of regularization on our ability to recover 

this specific type of coupling from sensor recordings (in comparison to local spectral 

power). Likewise, an interesting question for future research is to evaluate to which extent 
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these results hold in the presence of more than two coupled sources. In addition, all the 

results reported here pertain to the robustness of detecting absolute coherence and absolute 

power. It could be of interest to explicitly test the implications for condition-based (e.g. 

task A vs. task B) or baseline-based (e.g. task A vs. pre-stimulus period) comparisons. This 

said, our results readily apply to analysis of ongoing MEG signals, such as MEG resting-

state studies for instance. 

 

2.5. Conclusions 

 

In this study, we address a simple question that has generally been overlooked in the field 

of MEG source reconstruction using MNE: Should one use a different amount of 

regularization depending on whether one is interested in estimating local activity or in 

detecting inter-areal connectivity? Our results based on Monte-Carlo simulations (21,600 

source configurations) suggest that optimal results are obtained when setting separate 

regularization coefficient, to estimate the source time series with MNE, for the analysis of 

power and coherence. In particular, coherence estimation in source-space is enhanced by 

using less regularization than what is used for spectral power analysis. Furthermore, we 

found that SNR and the spatial extent of the source generally have a stronger impact on 

lambda selection than coupling strength. These results provide some practical guidelines 

for MNE users and suggest, in particular, that one should regularize one to two orders of 

magnitude less when performing connectivity analysis, compared to local spectral power 

estimations. Ideally, if one plans to run both power and coupling analysis based on MNE 

source estimates, two distinct inverse operators should be implemented. Whether the 

phenomenon observed here may have similar implications or concerns in the context of 

other inverse solutions is an interesting topic for future research. 
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Supplementary material: L-curve 

 

Figure 2-A shows the L-curve we obtained using values between 1e-20 y 3000. In the 

figure, M represents the measurements, G the lead field matrix and J the current amplitudes 

of the sources. The optimal value we found with the L-curve is highlighted with a blue 

circle, and the optimal values we found with the task-based optimization are highlighted 

with black for coherence and green for power. We sampled the values at n^10 between 1e-

20 y 1; at n from 1 to 20; at n+5 from 20 to 50; at 50 from 50 to 200; at 100 from 200 to 

1000 and at 1000 from 1000 to 3000.  The optimal value of the L-curve method is the point 

with the highest inflexion of the curve. 

 

 

Figure 2-A. L-curve optimization. The blue circle highlights the optimal obtained by using the L-

curve; the black circle shows the optimal obtained for coherence by using the task-based 
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optimization; the green circle highlights the optimal obtained for power by using the task-based 

optimization. M: measurements; G: lead field matrix; J: current amplitude of the sources. 
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3. THE IMPACT OF MEG SOURCE RECONSTRUCTION METHOD ON 

SOURCE-SPACE CONNECTIVTY ESTIMATION: A COMPARISON BETWEEN 

MINIMUM-NORM SOLUTION AND BEAMFORMING. 
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Abstract 

 

Despite numerous important contributions, the investigation of brain connectivity with 

magnetoencephalography (MEG) still faces multiple challenges. One critical aspect of 

source-level connectivity, largely overlooked in the literature, is the putative effect of the 

choice of the inverse method on the subsequent cortico-cortical coupling analysis. We set 

out to investigate the impact of three inverse methods on source coherence detection using 

simulated MEG data. To this end, thousands of randomly located pairs of sources were 

created. Several parameters were manipulated, including inter- and intra-source correlation 

strength, source size and spatial configuration. The simulated pairs of sources were then 

used to generate sensor-level MEG measurements at varying signal-to-noise ratios (SNR). 

Next, the source level power and coherence maps were calculated using three methods (a) 

L2-Minimum-Norm Estimate (MNE), (b) Linearly Constrained Minimum Variance 

(LCMV) beamforming, and (c) Dynamic Imaging of Coherent Sources (DICS) 

beamforming. The performances of the methods were evaluated using Receiver Operating 

Characteristic (ROC) curves. The results indicate that beamformers perform better than 

MNE for coherence reconstructions if the interacting cortical sources consist of point-like 

sources. On the other hand, MNE provides better connectivity estimation than 

beamformers, if the interacting sources are simulated as extended cortical patches, where 

each patch consists of dipoles with identical time series (high intra-patch coherence). 

However, the performance of the beamformers for interacting patches improves 

substantially if each patch of active cortex is simulated with only partly coherent time 

series (partial intra-patch coherence). These results demonstrate that the choice of the 

inverse method impacts the results of MEG source-space coherence analysis, and that the 

optimal choice of the inverse solution depends on the spatial and synchronization profile of 

the interacting cortical sources. The insights revealed here can guide method selection and 

help improve data interpretation regarding MEG connectivity estimation. 
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3.1. Introduction 

 

Interactions between neural assemblies in different brain structures are a hallmark of 

healthy brain function (Luo et al., 2010; Mesulam, 1990; Mišić and Sporns, 2016; Varela 

et al., 2001a). The ability to reliably measure the dynamics of cerebral networks is 

therefore of utmost importance when it comes to elucidating the neural basis of large-scale 

integration in health and monitoring its breakdown in disease (Lopes da Silva, 2013; Pittau 

and Vulliemoz, 2015; Schnitzler and Gross, 2005). Given the diversity of available 

neuroimaging and brain recording techniques, numerous functional brain connectivity 

measures have been used (e.g. Schoffelen & Gross 2009; Friston et al. 2013; Engel et al. 

2013; O’Neill et al. 2015). One technique that is particularly well suited for the detection 

of large-scale interactions among neural assemblies is magnetoencephalography (MEG) 

( aillet et al., 2001; Dalal et al., 2009; Gross et al., 2013; Hämäläinen et al., 1993; O’Neill 

et al., 2015). The millisecond-range temporal resolution of MEG allows us to probe the 

electrophysiological mechanisms that underlie functional brain connectivity (Schölvinck et 

al., 2013), and its role in sensory, motor and higher-order cognitive tasks (Gross et al., 

2003; K. Jerbi et al., 2007; Lopes da Silva, 2013; Meeren et al., 2013; Schnitzler and 

Gross, 2005; Simanova et al., 2015) as well as in the resting-state (Cabral et al., 2014; 

Colclough et al., 2016; de Pasquale et al., 2012; Garcés et al., 2016b; Henson et al., 2007; 

Hipp et al., 2012; O’Neill et al., 2015; Schölvinck et al., 2013; van Diessen et al., 2015). 

Although sensor-level analyses of MEG recordings have provided important insights into 

brain function, the estimation of neuronal interactions at the source level is key to 
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elucidating the role of large-scale brain networks in health and disease. To achieve this 

goal, one needs, first of all, to reconstruct the source time series that underlie the sensor-

level measurements.  

This is an ill-posed inverse problem since there is no unique solution (an infinite number of 

current density distributions result in zero magnetic field outside the head) and furthermore 

there is no continuous dependency of the solution from the data (i.e. small variations in 

source space can lead to large perturbations in data space). Given that the Maxwell 

equations are linear, it is impossible to choose between an infinite number of equally good 

solutions, without prior knowledge, additional constraints or both. Numerous methods 

have been proposed to tackle this inverse problem (Baillet et al., 2001; Gross et al., 2013; 

Küçükaltun-Yildirim et al., 2006). The specificity of each technique depends on the 

assumption that is made about the properties of the neural sources and on the way it 

incorporates various forms of a priori information, if any is available. One of the earliest 

and most widely used inverse methods is the Minimum Norm Estimate (MNE) (Attal and 

Schwartz, 2013; Baillet et al., 2001; Chang et al., 2015; Cheng et al., 2015; Dale and 

Sereno, 1993; David et al., 2002; Grave de Peralta Menendez et al., 1997; Hämäläinen and 

Ilmoniemi, 1984, 1994; Hauk, 2004; Hsiao et al., 2015; Kanamori et al., 2013; Lin et al., 

2006; Liu et al., 1998; Matsuura and Okabe, 1995; Mattout et al., 2005; Meeren et al., 

2013; Palva et al., 2010; Sarvas, 1987; Simanova et al., 2015; Stenroos and Hauk, 2013; 

Wang et al., 1993). In principle, MNE searches for a source distribution with the minimum 

(L2-norm) current that gives the best account of the measured data. Another popular family 

of MEG inverse methods is the beamformer approach (Barnes et al., 2004; Barnes and 

Hillebrand, 2003; Darvas et al., 2004; Diwakar et al., 2011; Gross et al., 2003, 2001; 

Hadjipapas et al., 2005; Hillebrand and Barnes, 2005; Hui et al., 2010; Ikezawa et al., 

2011; Küçükaltun-Yildirim et al., 2006; Kujala et al., 2012, 2008; Laaksonen et al., 2012; 

Litvak et al., 2010; Muthuraman et al., 2015; Popescu et al., 2008; Quraan et al., 2011; 

Rossiter et al., 2012; Sekihara et al., 2001; Spaak et al., 2014; Van Veen et al., 1997). 

Beamformers scan the source space through a set of spatial filters designed to pass the 

brain activity from a specified location while attenuating activity originating at other 

locations. Interestingly, although beamformers and MNE are among the most commonly 
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used methods in MEG source level analysis (Baillet et al., 2001; Lopes da Silva, 2010; 

Sorrentino and Pascarella, 2011), these techniques have primarily been compared in terms 

of source localization accuracy, but their effect on subsequent source-level connectivity 

reconstruction is only poorly understood and has been largely overlooked in the literature. 

The differences between available methods are largely driven by the assumptions they 

make on the sources or on the character of the noise. While MNE assumes a Gaussian 

distribution for the noise, beamformers assume that the noise is uncorrelated with the 

sources. One theoretical difference regarding connectivity analysis is that beamformers 

assume the sources underlying the measurements to be uncorrelated (Van Veen et al., 

1997) while MNE does not (Hämäläinen and Ilmoniemi, 1984, 1994). Several studies have 

sought to assess the effect of method selection on source localization and power mapping 

(Darvas et al., 2004; Haufe et al., 2011; Hauk et al., 2011; Küçükaltun-Yildirim et al., 

2006; Liljeström et al., 2005; Lin et al., 2006; Mattout et al., 2006; Sekihara et al., 2005), 

yet there are hardly any studies that have directly assessed the impact of method selection 

on the subsequent source-level coupling analysis (cf. Schoffelen & Gross 2009; Hui et al. 

2010).  

Because MNE and spatial filters are widely used inverse solutions in MEG, it would be 

helpful to understand whether they differentially impact source-level connectivity 

estimations and, in particular, what parameters affect their potential difference in 

performance. Although beamformers are by construction tuned to work with uncorrelated 

sources, they have been shown to be stable to moderately correlated sources and to even 

localize completely correlated point-like sources in the presence of noise (Gross et al., 

2001; Hadjipapas et al., 2005; Küçükaltun-Yildirim et al., 2006; Kujala et al., 2008; 

Quraan and Cheyne, 2010; Sekihara et al., 2005; Van Veen et al., 1997). Given that this 

assumption about uncorrelated sources is embedded in beamformer reconstructions, one 

may ask how it affects the identification of coherent sources, compared to inverse solutions 

that do not make such an assumption (for instance MNE)? Furthermore, how do the 

connectivity-detection performances of MNE and beamforming compare when the coupled 

sources vary in size, or in coupling strength? And how does the noise level affect the 
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performance of both methods when it comes to detecting interacting sources? These are all 

open questions which we address here via extensive data simulations. 

More specifically, the goal of the current study is to investigate the effect of the inverse 

method selection on the quality of subsequent source-space connectivity analyses. In 

particular, we evaluated the difference in the ability to correctly uncover oscillatory 

coupling in source-space following an initial source estimation step that is either 

performed with (a) Minimum Norm Estimate (MNE), (b) Linearly Constrained Minimum 

Variance (LCMV) beamformer or (c) Dynamic Imaging of Coherent Sources (DICS) 

beamformer. This was achieved using numerous simulations of oscillatory signals where 

we varied a range of parameters, including source size, inter-patch and intra-patch 

coherence strengths and signal-to-noise ratio (SNR). 

 

3.2. Methods and Materials 

 

Although our main objective is to evaluate the effect of using different methods to estimate 

coherence between cortical areas, we also compare the performance of the methods to 

localize active sources by evaluating their accuracy in determining the levels of oscillatory 

power. This power estimation also allows us to compare our results with other studies.  For 

the analysis with MNE and LCMV, the time-series of the signals are first reconstructed 

and then spectral coherence and power can be calculated. DICS operates in the frequency 

domain allowing for a direct reconstruction of coherence and power. As shown in section 

2.3 and 2.4, LCMV and DICS beamformers are based on the same filtering principle, but 

DICS was especially designed to detect coherent sources and has the advantage of a very 

low computational cost. In this section, we first define the inverse methods used and then 

describe the simulation, reconstruction and performance assessment procedures.  

 

3.2.1. The MEG Inverse Problem  
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The inverse solution seeks to identify an estimate of the active sources S (3nsources x time 

points) that generate the measurements M (nchannels x time points) recorded at the sensors. 

The dimension 3n of the columns of S accounts for the three components of the source n in 

the x, y and z directions.  According to anatomical observations, the main generators of 

MEG are located in the grey matter and their orientation is perpendicular to the cortical 

sheet (Nunez and Srinivasan, 2006). Here, we used a constrained orientation approach 

(elemental dipoles perpendicular to the cortical surface), and the dimensions of S are 

therefore reduced to (nsources x time points). Assuming a linear relationship between the 

measurements and the active sources, the problem can be modeled as: 

M = L S + N    (3.1) 

where L is the Lead field matrix (nchannels x nsources) and N is additive noise applied at the 

MEG channels (nsources x time points). The lead field matrix describes how each source 

contributes to the measurements at each sensor, given a specific head conductivity model 

and a source space. As the number of sources is typically much higher than the number of 

sensors, the lead field matrix is highly underdetermined and thereby not invertible.  The 

estimation of the activity of the sources requires the definition of an inverse operator W: 

Ŝ = W
T
M                      (3.2) 

where Ŝ represents the estimated sources (nsources x time points) and the superscript T 

denotes matrix transpose.  

 

3.2.2. Minimum Norm Estimate (MNE) 

 

Since the MEG inverse problem is ill-posed, a regularization scheme is needed 

(Hämäläinen and Ilmoniemi, 1984, 1994). The most common options are SVD truncation 

or Tikhonov regularization (Foster, 1961; Tikhonov and Arsenin, 1977). MNE calculates 

an inverse operator W by searching for a distribution of sources Ŝ with minimum currents 

(L2-norm) that produces an estimation of the measurements (LŜ) most consistent with the 
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measured data (M). The solution is a trade-off between the norm of the estimated 

regularized source currents λ
2
||Ŝ||

2
 and the norm of the quality of the fit they provide to the 

measurements ||M – LŜ||
2
.  If we assume  the noise N and the source strengths S to be 

normally distributed with zero mean and covariance matrices Q and R respectively, a 

general form of the MNE inverse solution is given as (Dale et al., 2000; Dale and Sereno, 

1993; Lin et al., 2004): 

Ŝ = argminS {||Q
-1/2

(M – LS)||
2
 + λ

2
||R

-1/2
S||

2
}   (3.3) 

where λ is the Tikhonov regularization parameter, Q the noise covariance matrix, and R 

the source covariance matrix. The inverse operator W is thus defined as: 

W= RL
T
 (LRL

T
 +   λ

2
Q)

-1 
                                     (3.4) 

where the superscript -1 denotes matrix inverse.  

In a previous study, we used the same simulation procedure to investigate whether the 

optimal minimum-norm regularization coefficient  to estimate coherence was identical to 

the optimal one for power estimation (Hincapié et al., 2016). The mean optimal Tikhonov 

regularization coefficient for coherence detection turned out to be, in fact, two orders of 

magnitude lower than the one needed for power detection. This is largely due to the fact 

that increased regularization (i.e. smoothing) blows up the rate of false positives, a 

problem that appears to be amplified for cortico-cortical coupling (Hincapié et al., 2016). 

Therefore, in the current study, we used the mean optimal regularization parameters 

reported previously (i.e., 1e-9 for coherence estimations and 1e-7 for power estimations). 

Note that, as the two terms in equation (3.3) are in the same units (fT/cm or fT), the 

regularization factor lambda has no unit. Moreover, when available, spatial priors can be 

incorporated in R (Mattout et al., 2005; Phillips et al., 2005). As we chose not to use 

priors, here R is the Identity matrix. The noise covariance matrix Q was computed from 

the actual noise which was added to the sensors in each simulation. 
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3.2.3. LCMV Beamforming 

 

The LCMV beamformer looks for signals coming from a few active but uncorrelated 

regions of unknown location. The inverse operator W is a set of spatial filters, calculated at 

each source location (r), to pass the signal from that location while suppressing signals 

from other locations.  The operator W minimizes the variance at the filter output subject to 

a linear constraint. This variance minimization assures the stopband response to be small at 

a location different to the one being filtered. The output variance or power of each filter 

(therefore at each source location) provides the estimation of the activity in the brain (Van 

Veen et al., 1997). This is formulated as follows: 

Variance (r) = trace [W
T
(r) Cm

-1
W(r)]                                                     (3.5)               

minW(r)    trace [W
T
(r) Cm

-1
W(r)]   subject to        WL(r) = I               (3.6)  

Minimizing the corresponding Lagrangian function, the solution obtained is: 

W(r) = (L
T
(r) Cm

-1
L(r))

-1
 L

T
(r) Cm

-1
                                                            (3.7)       

Where Cm is the data covariance matrix. Inserting eq. (3.7) in eq. (3.2) gives an estimate of 

the signal at each location of interest r. This estimate of the signal is usually normalized by 

the estimated noise which van Veen et al. (1997) termed the neural activity index. The 

estimated noise signal at each location is calculated in analogy to the estimated signal, but 

replacing the data covariance matrix Cm by the noise covariance matrix Q. Note that we 

used a standard unregularized LCMV approach. 

 

3.2.4. DICS Beamforming 

 

DICS has the same filtering principle than the LCMV, but it works in the frequency 

domain and uses regularization to tune the resolution of the reconstructions (Gross et al., 

2001).  The filter is defined as: 
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W = (L
T
 Cr(f)

-1
 L)

-1
 L

T
 Cr(f)

-1
   (3.8)   

where Cr(f) = C(f) + αI, and C(f) is the cross spectral density matrix at frequency f (or 

averaged across a frequency band centered at f) and α is a regularization parameter (its 

value is relative to the largest singular value in the data). 

The cross spectrum estimates at locations r1 and r2 at frequency f are calculated by: 

Cs (r1, r2, f) = W (r1, f) C(f) A
T 

(r2, f)   (3.9) 

When r1=r2, Cs is the power estimate matrix.  Noise normalization is done as described for 

the LCMV.  The cross spectrum estimates from equation (3.9) are used to calculate power 

and coherence as described by equations (3.10) and (3.11) in section 2.6. 

 

3.2.5. MEG data simulation 

 

We simulated oscillatory activity in pairs of cortical sources with various levels of 

coupling in the alpha frequency band (9-14 Hz). We calculated the resulting sensor-level 

data through forward modeling based on a 275 channel CTF MEG system configuration. 

The simulated sources consisted of current dipoles placed at the vertices of a MNI-Colin 

27 cortical surface, which was segmented and tessellated using FreeSurfer (Fischl, 2012), 

and down-sampled to 15028 vertices. Different strengths of coupling were obtained by 

forcing the time series of the two simulated source to have a certain level of coherence. We 

calculated the fields at the sensors using a single sphere head model and constraining the 

orientations of the sources to be normal to the cortical surface. The simulated data were 

generated using a combination of custom code written in MATLAB (Mathworks Inc., MA, 

USA) and functions from Brainstorm (Tadel et al., 2011) and FieldTrip (Oostenveld et al., 

2011) toolboxes. 

The source time courses were simulated by first setting the base frequency of the two 

oscillators (e.g. 12 Hz), and by inducing small, random jitters to the instantaneous 

frequencies of both oscillators at each time point. Both oscillators consisted of 70000 
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samples (i.e. approx. 117 seconds, given a 600 Hz sampling frequency). The jittered 

instantaneous frequencies were then used to generate the sine wave oscillators using an 

exponential function and the cumulative sums of the instantaneous frequencies (Appendix 

A contains an algorithmic description of the equation used to generate such time series). In 

practice, this approach generates two oscillators that operate on average at the same 

frequency (e.g. 12 Hz) and that have, on average, a zero phase delay. However, as the 

frequencies of the oscillators are jittered across time, the instantaneous phase relationship 

also fluctuates between positive and negative values. As the phase relationship between the 

two oscillators is not constant, the procedure allows us to achieve coherence levels below 

1. The frequency jittering was performed randomly in a loop until the desired coherence 

level (e.g. 0.4) between the time courses of the two oscillators was obtained. The Matlab 

code developed to generate the coupled oscillatory time series has been made available 

online via github (see https://github.com/ahincap/create-coherent-time-series/tree/master ).  

Futhermore, the formula used to generate each oscillatory time series is provided in 

Appendix 3-A. 

We randomly selected two locations (seeds) for each simulated pair of sources (600 pairs). 

For each pair, we then varied the following three parameters in the simulations: (a) the 

spatial extent of the sources, (b) the strength of the coupling between the two sources and 

finally, (c) the signal-to-noise ratio (SNR) at the sensors. For a subset of source 

configurations, we also varied the intra-patch coherence levels, i.e. the coupling between 

elemental dipole time courses belonging to the same patch. These parameters are described 

in more detail below: 

(I) Patches and point-like sources: We simulated point-like sources (i.e. 1 dipole) and 

cortical patches (with surface areas of 2, 4 or 8 cm
2
). Note that the activity of a cortical 

patch was simulated by generating multiple identical time series at the vertices that make 

up the patch. As a result, dipoles within a single patch were perfectly coherent.  Patches 

with lower intra-patch coherence were also simulated (see IV below). 

 (II) Coupling strength: The time series of elemental dipoles of the interacting pairs of 

sources were generated such that the alpha-band coherence was 0.1, 0.2 or 0.4. The 
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simulated time series were 7000 samples long (600 Hz sampling frequency). Note here that 

because we actually simulate coherence at the source level, we subsequently assess the 

ability of the methods to recover truly coherent cortico-cortical activations. In other words, 

although ambiguities may arise from field spread effects, we do know by construction that 

the underlying generators are truly coherent. 

(III) Signal to Noise Ratio (SNR): Three levels of SNR (0 dB, -20 dB and -40dB) were 

obtained by adding Gaussian uncorrelated noise to the sensor signals. The SNR was 

calculated as the ratio of the Frobenius norm of signal and noise amplitudes at the sensors.  

(IV) Partly-coherent patches: To take into account the putative effect of intra-source time 

series coherence on inter-source coherence estimation, we also simulated patches where 

intra-patch coherence was reduced (mean intra-patch coherence across conditions was 0.2, 

instead of the 1.0 intra-patch coherence for all previously described simulations). The 

mean intra-patch coherence is computed by taking the mean of coherences calculated 

across all possible pairs of dipoles between the two patches. These partly-coherent patches 

were simulated in 50 configurations of pairs of sources with the inter-mediate patch size of 

2 cm
2
, three levels of SNR (0, -20 and -40dB) and inter-seed coherence value of 0.2 (i.e. 

coherence between the time series of the seeds of the two patches). These configurations 

are thus best described by three coherence measures: inter-seed coherence, intra-patch 

coherence and inter-patch coherence. 

(V) Inter-source distance: The putative effect of the distance between the two interacting 

sources on the connectivity estimation was also investigated. Although we did not 

specifically manipulate inter-source distance as a simulation parameter, we were able to 

evaluate the performance of connectivity detection as a function of inter-areal distance by 

plotting the performance as a function of inter-source distance across all simulated 

configurations (using linear regression). This was performed for each of the three 

reconstruction methods tested and for point-like sources and patches. 

To summarize, 600 different pairs of source locations were randomly chosen across the 

cortex and used to calculate MEG sensor data.  The time series in each pair were 
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manipulated to generate various inter-source coupling strengths (3 levels: 0.1, 0.2 or 0.4) 

and source sizes were set to range across 4 levels (from point-like to 2, 4 or 8 cm
2
). Three 

levels of sensor-level SNR were used (0 dB, -20 dB and -40dB). Moreover, we also 

generated 50 additional configurations where the simulated coherence between the time 

series that make up each single patch (intra-patch coherence) was lowered to 0.2 on 

average. In this control condition, we fixed inter-seed coherence to 0.2, patch size to 2 cm
2
 

and we used three SNR levels (0, -20 and -40dB). In total, we created 21900 sets of 

simulated MEG sensor-level data. 

 

3.2.6. Power and Coherence Reconstructions 

 

Once the MNE and LCMV time series and the DICS cross-spectral density matrix were 

calculated, we estimated source-space spectral power (at any location r) and magnitude 

squared coherence (between two locations r1 and r2) as follows 

P(r,f) = Cs(r,r,f)                                                                       (3.10) 

Coh (r1, r2, f) = |Cs (r1, r2, f) |
2 

/ (P (r1, r1, f) P (r2, r2, f))         (3.11) 

where Cs is the cross-spectral density matrix, and f the frequency bin. Power and MS 

coherence were calculated via built-in standard MATLAB functions based on Welch's 

averaged and modified periodogram method (Welch, 1967). For coherence, we used a 

seed-based approach where the reconstructed time series at one of the two simulated 

sources was used as reference, and we calculated its coherence with all other source time 

series across the brain. 

 

3.2.7. Receiver Operating Characteristic (ROC) Curves  
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The performance of each method was evaluated using the area under the curve (AUC) 

from the ROC curves which are obtained by plotting the True Positive Fraction (TPF) 

against the False Positive Fraction (FPF) at variable threshold levels α:  

TPF (α) = TP (α) / Number of simulated dipoles                                                            

(3.12) 

FPF (α) = FP (α) / (Total number of dipoles - Number of simulated dipoles)        (3.13)          

  

where TP(α) represents the true positives (i.e. the intersection between simulated sources 

and active sources at threshold α) and FP(α) represents the false positives (i.e. all active 

sources excluding the true positives at activation threshold α). By computing TPF and FPF 

repeatedly for successive values of activation thresholds α we obtain the standard ROC 

curve. The AUC derived from the ROC curve is taken as a measure of performance, i.e. 

higher AUC indicates higher performance. Statistical comparisons between AUC measures 

for the various methods across all configurations were performed using standard two-tailed 

t-tests. 

Note that for reference-based coherence reconstruction, computing true positives can be 

ambiguous if we consider the sources within the “reference patch” (location 1) to be true 

positives. Since we are primarily interested in assessing how well the distant coherent 

patch (location 2) is detected, we used the time series estimated at location 1 -as a seed- 

and considered only the simulated connectivity that make up the patch at location 2 to be 

the vertices we wish to detect (TP). 

 

Control for bias towards FPF: 

A potential problem in the ROC-based performance evaluation could in theory arise from 

the fact that the number of vertices in the source space (total number of dipoles) exceeded 

by far the number of active sources in our simulations (true positive dipoles). We used a 

source space grid of 15028 vertices (total number of dipoles) and our simulations consisted 
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of dozens of simulated dipoles (60 dipoles for the largest patches), which can generate a 

bias towards the FPF. To investigate this, we randomly sampled a number of non-active 

dipoles (TN) equal to the number of simulated dipoles (TP) and calculated the TPF and the 

FPF. In other words, for a true active patch of, for instance 60 dipoles, we randomly 

selected 60 dipoles from the TN, and used the activity values of these 120 dipoles for the 

ROC/AUC calculation. This allowed us to enforce a balance between TP and TN. This 

procedure was repeated 100 times for each TP patch. The resulting 100 AUC values were 

averaged to get a representative AUC for each configuration. A set of 50 source 

configurations was used in this analysis. This control analysis yielded AUC measures that 

are extremely close to the those obtained with the standard approach (see result section 

3.3.5 and Table 3-1 for details). 

 

Control for spatial smoothing (source blur) 

Lastly, we analyzed the potential effect of seed blur (spatial smoothing) on the AUC 

performance metric. To this end, we asked whether a less conservative definition of the 

TPF would have an effect on the evaluation of the methods. To this end, we performed the 

analysis by including neighboring vertices (around the simulated source) in the definition 

of true positives. The pseudo true positives were defined as all vertices within a source 

patch 3 times bigger than the actual simulated patches (e.g. for a 2 cm
2
 patch, all dipoles 

with a 6 cm
2
 patch, centered on the same vertex, were all considered pseudo true 

positives).  In this control analysis, we also took into account the bias towards FPF (cf 

previous section). As in the previous section, we used a subset of 50 configurations in this 

analysis. We found that the less conservative definition of the TPF did not affect the 

results (See section 3.3.5 and Table 3-1 for details). 
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Figure 3-1. Overview of the simulation and analysis pipeline that was developed in this study. (A) 

creation of pairs of coherent cortical patches, (B) generation of the corresponding MEG sensor data 

through forward modeling, (C) noise addition, (D) reconstruction of the underlying sources and 

calculation of power or coherence maps, and (E) evaluation of the detection performance using 

ROC curves and AUC, for a given inverse method. 

 

3.3. Results 

 

In this section, we first describe the average results for the methods comparison; second 

and third, we show the effect of the SNR and the strength of coupling on the performance 

of the methods and lastly, we show the effect of low intra-correlation of the patches on the 

performance of the methods. As the size of the sources has an important effect on the 

performance of the three methods, we present the results separately for point-like (two 

coupled single-dipole sources) and for cortical patches. 

 

3.3.1. Methods Comparison: MNE, LCMV and DICS 

 

Globally, beamformers (LCMV and DICS) have a similar performance in all cases (there 

are no statistically significant differences between them) and, have a statistically 

significant (p<0.001) higher performance than MNE for power reconstructions and 
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coherence reconstructions for point-like source configurations (Figure 3-2B, 3-2C and 3-

2D). However, MNE provides better coherence performance than beamformers for the 

cortical patches (Figure 3-2A).  The drop in beamformer performance when detecting 

interacting patches (compared to identifying interacting point-like sources) is most likely 

due to the fact the identical elemental dipole time series within a single patch give rise to 

more signal cancellation. 

 

 

Figure 3-2. Performance comparison for coherence and power detection using all three inverse 

methods. (A) Mean AUC for coherence reconstructions of cortical patches (* indicates statistically 

significant differences at p<0.001, t-test). (B) Mean AUC for power reconstructions of cortical 
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patches. (C) Mean AUC for coherence reconstructions of point-like sources. (D) Mean AUC for 

power reconstructions of point-like sources. The error bars indicate standard deviation. 

 

3.3.2. Effect of SNR 

 

Regarding the effect of SNR on coherence reconstructions of patch simulations, MNE 

shows higher AUC values that expectedly decrease with decreasing SNR. There is a 

statistically significant effect of the values of SNR for MNE (p<0.001, t-test), but not for 

the beamformers (Figure 3-3A). For power reconstructions, although SNR has a 

statistically significant effect on the three methods, beamformers are more stable to 

different values of SNR and have a statistically significant higher performance than MNE 

(Figure 3-3B and 3-3D). For the highest SNR condition (0dB), MNE has a higher 

performance (p<0.001, t-test) than the filters for coherence reconstructions of point-like 

sources and for power reconstructions of cortical patches (Figure 3-3A and 3-3D). For the 

lowest SNR condition (-40dB), DICS has the best performance for coherence 

reconstructions of point-like sources. The lower performance of MNE at 0dB for 

reconstructions of point-like sources is explained by the use of the average optimal 

lambda, which is one order of magnitude larger than the optimal value for these conditions. 

For the beamformers, the decrease in performance at the 0dB condition for point-like 

sources is due to the fact the beamformers are spatially extremely focal at this SNR. As the 

maximum output for the beamformers was not always on the exactly right vertex, this led 

for many source configurations to a lower performance than at the lower SNR conditions. 

Note that as the SNR has been defined from the raw simulated signals, the effective SNRs 

at the studied, narrow frequency band are, in fact, about 20dB higher than what are given 

in the definitions (Fig 3-3D).  
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Figure 3-3. Effect of SNR on coherence and power reconstructions. (A) Effect of SNR on 

coherence for coupled patches (extended sources). (B) Effect of SNR on power for patch sources. 

(C) Effect of SNR on coherence for point-like sources. (D) Effect of SNR on power for point-like 

sources.  

 

3.3.3. Effect of strength of coupling 

 

According to the statistical analysis, there is a significant difference between the 

performances obtained with coupling strengths of 0.1 and 0.4 for beamformer power and 

coherence reconstructions of point-like sources. The reconstructions at 0.1 coupling have a 

better performance than those at 0.4 coupling for power reconstructions (Figure 3-4D). In 

contrast, the reconstructions at 0.4 have a better performance for coherence reconstructions 

(Figure 3-4C). There is no effect of the strength of coupling for the MNE power 
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reconstructions (Figures 3-4B and 3-4D), but there is a significant effect for coherence 

reconstructions, showing higher AUC values that expectedly increase with increasing 

coherence between the simulated sources (Figures 3-4A and 3-4C).  

 

 

 

Figure 3-4. Effect of inter-source coherence strength (Coh=0.1, 0.2 and 0.4) on coherence and 

power reconstruction results (mean AUC) with each of the three methods.  (A) Effect of strength of 

coupling on coherence detection for patch sources. (B) Effect of strength of coupling on power 

detection for patch sources. (C) Effect of strength of coupling on coherence detection for point-like 

sources (single dipole). (D) Effect of strength of coupling on power detection for point-like 

sources.  
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3.3.4. Results with alternative ROC performance metrics 

 

As described in section 3.2.7, we also used two modified approaches to the standard ROC 

in order to control for bias towards FPF (i.e. due to the imbalance between TN and TP in 

our simulated data) and for spatial smoothing (source blur). Table 3-1 shows the mean 

AUC for a subset of 50 configurations obtained with the standard approach (Method 1) and 

with the modified methods (Methods 2 and 3). The results indicate that the two modified 

ROC/AUC methods did not have a substantial effect on the mean AUC for coherence 

detection, neither for the patches nor for point-like configurations. Interestingly, the mean 

AUC obtained with patches using beamforming were below 0.5, which is in theory an 

indicator that the method performs below chance levels. This intriguing observation cannot 

be simply explained by the imbalance between true positives and true negatives because it 

was observed with all three ROC/AUC methods used here. A likely explanation is the full 

correlation between the times series of the elemental dipoles that make up each patch and 

the way this adversely impacts the beamformer approach, through signal cancellation. This 

issue is tackled in the next section.  

 

Table 1-1. Summary of mean method performance for coherence and power detection using 

standard and modified ROC/AUC approaches. Method 1: standard FPF-TPF ROC/AUC 

methodology. Method 2: Modified ROC/AUC controlling for the large imbalance between TN and 

TP. Method 3: Modified ROC/AUC taking into account spatial resolution or seed blur (by 

expanding the true positive set to include neighboring vertices) and controlling for the large 

imbalance between TN and TP. (See section 3.2.7 for details). 
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 Inverse 

Method 

Patches 

Mean AUC (±std) 

Point-like sources 

Mean AUC (±std) 

Method 1 

Standard ROC/AUC 

MNE 0,6145 ±0,1953 0,5730 ±0,2387 

LCMV 0,3822 ±0,1851 0,6750 ±0,3141 

DICS 0,3824 ±0,1861 0,6853 ±0,3064 

Method 2 

Modified ROC/AUC 

Control for imbalance 

between TN and TP  

MNE 0,6145 ±0,1955 0,5746 ±0,2416 

LCMV 0,3821 ±0,1851 0,6765 ±0,3148 

DICS 0,3825 ±0,1860 0,6847 ±0,3076 

Method 3 

Modified ROC/AUC 

Control for spatial 

resolution (seed blur) and 

TN/TP imbalance 

MNE 0,6052 ±0,1850 0,5510 ±0,2085 

LCMV 0,3844 ±0,1680 0,6081 ±0,2569 

DICS 0,3842 ±0,1688 0,6186 ±0,2510 

 

 

3.3.5. Effect of intra- patch coherence 

 

As beamformers assume no correlation between the sources to be reconstructed, high 

within-patch coherence (such as identical time series across the vertices of a single patch) 

is expected to adversely affect the results of beamformer coherence detection. This is a 

likely explanation of the results above where DICS and LCMV were outperformed by 

MNE for the detection of coupling among interacting patches, where each patch was made 

up of multiple identical time series). When the within-patch coherence was forced to be 

substantially lower than 1 (mean intra-patch coherence of 0.2), the connectivity 

performance of the beamformers significantly improved (Figures 3-5). MNE coherence 

reconstructions were not affected by the reduction in within-patch coherence. Our findings 

confirm that total intra-patch coherence for extended patches impeded the coherence 

detection performance of beamformers. 
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Figure 3-5. Comparison of results obtained with fixed between-patch coherence (i.e. inter-patch 

coh=0.2) but variable within-patch coherence (i.e. intra-patch coh= 1.0 or 0.2). Bar plots show 

mean AUC for coherence detection for coupled patches of 2 cm
2
. Left column corresponds to cases 

of fully coherent patch time series, i.e. all dipoles inside each patch are fully coherent (i.e. intra-

patch coherence =1.0) and the right column represents results of partly coherent patch time series 

(intra-patch coherence set to 0.2). The right columns depict the positive effect of reduced intra-

patch coherence on beamformer performance. The performance of MNE remains stable. 

 

Figure 3-6 illustrates the effect of (i) inverse method selection and (ii) changes in intra-

patch coherence on the detection of MEG cortico-cortical coupling. The simulated 

configuration (Fig 3-6A) shows a pair of cortical patches (one on each hemisphere), with 

inter-patch coherence strength set to 0.2, patch size to 2 cm
2
 and SNR to -20dB. Figure 

panels 3-6B and 3-6C show the obtained cortical coherence maps estimated with respect to 

the reference seed (indicated in panel A), after using each one of the 3 inverse methods. In 

Fig 3-6B the simulated dipole time series inside each patch are entirely coherent (intra-

patch coherence set to 1, Config 1), while in 3-6C, the time series of the dipoles that make 
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up each patch were forced to have lower coherence (intra-patch coherence set to 0.2, 

Config 2). 
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Figure 3-6. Illustrative examples of the effect of inverse method, and intra-patch coherence on the 

detection of MEG cortico-cortical coupling. (A) Illustrative configuration of simulated alpha-band 

long-range cortico-cortical coherence (patch size=2 cm
2
, inter-patch coh=0.2, SNR=-20dB). The 

coherence among the time series of dipoles inside each single patch were either totally coherent 

(intra-patch coherence =1, Config 1), or only partly coherent (intra-patch coherence=0.2, Config 2). 

(B) Reconstructed coherence maps for Config 1, obtained using source 1 as seed (see panel A), and 

with the three inverse methods (MNE, LCMV and DICS). (C) Same as Panel (B) but for Config 2 

(i.e. mean intra-patch coherence reduced to 0.2 while the inter-patch and inter-seed coherences 

were both maintained at 0.2). The maps in B and C are thresholded at 0.01, and extend up to 1, i.e. 

max coherence. (D, E) Standard ROC-curves for each method corresponding to the coherence 

results in (B, C), respectively (see Methods section for details). 

 

Figure 3-6B, and the associated ROC curves in Fig 3-6D, illustrate how MNE can 

outperform the beamformer for coherence detection when the individual dipole time series 

that make up each single patch are all coherent (identical time series). Note here, that the 

inter-patch coherence (i.e. cortico-cortical coupling) and the inter-seed coherence here was 

0.2. The beamformer reconstructions of coherence were associated with a high false 

positive fraction. Although MNE coherence reconstruction also depicts a relatively high 

false positive fraction, the highest reconstructed values are located around the true location 

of the sources, giving rise to a true positive fraction that remains high through all the ROC 

threshold sampling steps. These differences yield lower AUC values for DICS and LCMV 

compared to MNE. The results differ substantially for configuration 2 (Figures 3-6C and 3-

6E). Here, coherence reconstructions using both LCMV and DICS clearly improve because 

of the lower intra-patch coherence (0.2, instead of 1.0 as in Figures 3-6B, D). This is likely 

due to the fact that the beamformer performance was hindered in configuration 1 by the 

presence of fully correlated time series inside each patch (intra-patch coherence =1). In 

contrast, the performance of MNE slightly dropped in configuration 2. This could be due 

to the use of a regularization parameter lambda that is optimal for fully coherent patches, 

and is sub-optimal here. It is very important to keep in mind that the examples shown in 

figure 6 are just configurations that we chose to illustrate and visualize aspects that are 
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representative of the global findings obtained across all the simulations (see for example 

Figure 3-5). One may very well find configurations that show different results.  

 

3.3.6. Effect of inter-source distance 

 

The investigation of the impact of inter-source distance on connectivity performance 

suggests that the distance between sources has little if any effect on connectivity 

performance when the interacting sources are modeled as point-like sources (Figure 3-7A). 

Yet, when it comes to pairs of coupled cortical patches, beamformers show a decrease in 

performance (quantified by AUC) with increasing inter-source distance (Figure 3-7B). As 

shown in Figure 3-7C, this effect was weaker, though still present, when the individual 

dipole time series within each patch were simulated with low coherence (intra-patch coh 

=0.2). The interpretation of these observations is non-trivial. One cannot rule out, that 

factors such as the specific geometry of the distant sources provide conditions that are less 

favorable for the beamformer approach (e.g. more vulnerable to signal cancellation). Most 

importantly, however, as shown in Figure 3-7C, the observed effect of inter-source 

distance is clearly reduced for partially coherent patches. Thus, the inter-source distance 

seems to affect the beamformer connectivity performance only in scenarios where there is 

a massive amount of correlated activity present in spatially extended patches, potentially 

leading to a violation of the beamforming principles. A more systematic simulation 

analysis tailored to determining the effect of inter-source distance would be needed, to 

fully and adequately address this question. 
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Figure 3-7. Effect of inter-source distance on connectivity estimation performance, for MNE, 

DICS and LCMV. (A) Effect of source distance on connectivity estimation performance when 

using pairs of point-like sources (mean AUC across 3 coupling strengths and 3 SNR values i.e. 9 

combinations for each of 600 pair of locations). The correlation coefficients and associated p-

values obtained using linear regression indicate that performance was independent of inter-source 

distance. (B) Same as in (A) but using data from interacting patches (case: intra-patch coh =1) and 

across 3 coupling strengths, 3 SNR values and 3 patch sizes (i.e. 27 combinations for each of the 

600 pairs of locations). Statistically significant effects (negative correlations) were observed when 
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using DICS and LCMV. (C) Same as in (B) but this time with the 50 configurations of coupled 

patches for which partially coherent time series were generated (case: intra-patch coh =0.2). For 

this condition, we used 2 patch sizes (0.6 cm
2
 and 2 cm

2
) and the 3 SNR values (i.e. 6 

combinations). Here weaker tendencies were observed in the correlation analyses. Note that, for 

patches, inter-source distance on the x-axis is calculated as the distance between the centroids of 

the two patches; yielding minimal distance of 10 cm (if we consider the distance between patch 

edges, the minimal distance is 7.3 cm). 

 

3.4. Discussion 

 

The main objective of this study was to compare the effect of using one of three distinct 

MEG inverse solution methods on source-level cortico-cortical coherence estimation. This 

was carried out using extensive simulations of pairs of sources with variable sizes, levels 

of intra and inter-source coherence and noise (SNR) conditions. Our main findings suggest 

that, for point-like sources (two coupled single-dipole sources), the spatial filters (LCMV 

and DICS) provided a better estimation of coherence, whereas MNE provided better 

coherence reconstructions when the simulated sources consisted of extended patches. This 

was the case irrespective of inter-patch coherence level, as long as the time series inside 

each individual patch were perfectly coherent (intra-patch coherence of 1). More globally, 

the inverse method used and the form of the simulated sources clearly have an effect on the 

power and coherence reconstructions: beamformers (LCMV and DICS) have a similar 

performance in all cases and, on average, have a better performance than MNE for point-

like interacting sources, but not for spatially extended sources, where MNE provided better 

coherence results.  

As far as the effect of noise is concerned, we observed that beamformers are more stable to 

the different values of SNR and have, on average, a better performance than MNE for 

power estimation, in accordance with (Küçükaltun-Yildirim et al., 2006). In contrast, for 

coherence reconstructions of coupled patches, MNE shows higher AUC values that 

expectedly decrease with decreasing SNR.  The three methods are sensitive to SNR in 
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point-like simulations. Furthermore, LCMV and DICS perform actually better when the 

SNR drops from 0 dB to -20 dB. This effect results from the prominent signal cancellation 

that can occur for beamformers when there is very little noise in the data. 

With respect to the strength of coupling, the three methods are sensitive to this parameter 

for coherence reconstructions.  An increasing strength of coupling leads to a better 

detection of the coherence between the sources and thus a better performance of the three 

methods.  MNE is stable to the different values of strength of coupling for power 

reconstructions of point-like sources, while the performance of the beamformers improves 

with the lowest value of strength of coupling. For power reconstructions of patches, all 

three methods are stable to the different values of strength of coupling.  

High within-patch coherence (e.g. identical time series across the vertices of a single 

patch) adversely affects the results for beamformer-based coherence reconstructions. 

However, the performance of the beamformers clearly improved when intra-patch 

coherence was reduced to avoid total intra-patch coupling (Figure 3-5). This result 

demonstrates that the drop in connectivity performance observed with beamformers, when 

simulating each source as a fully coherent patch (identical time series), is caused by a 

greater propensity for signal cancellation. The mean MNE coherence reconstruction 

performance in these modified simulations remained stable (Figure 3-5).  

Our results agree with previous reports which conclude that the beamformers successfully 

reconstruct distant point-like correlated sources in presence of noise (Gross et al., 2001; 

Hadjipapas et al., 2005; Hui et al., 2010; Küçükaltun-Yildirim et al., 2006; Quraan and 

Cheyne, 2010; Sekihara et al., 2005; Steinsträter et al., 2010; Van Veen et al., 1997). For 

totally intra-coherent patches, misallocation and cancellation of the signal due to 

interference of correlated sources reconstruction was observed in accordance to past 

reports (Barnes et al., 2004). Nonetheless, our results suggest that on average beamformers 

perform well for power reconstructions but poorly for coherence reconstructions when the 

elemental dipole activities inside each patch are fully coherent (perfect intra-patch 

coherence). This effect disappears if intra-patch coherence is reduced. 
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The time series of the patches which consisted of totally coherent dipoles lead to some 

inner cancellation of the reconstructed signal, which adversely affects the coherence 

reconstructions for coupled cortical patches. For source configurations where the 

beamforming filtering causes partial inner cancellation of the patch signal, the remaining 

reconstructed signal was enough to contribute as a true positive and account for a high 

AUC in the power reconstructions but was too weak for coherence estimates. The filtering 

cancellation was overturned with the partially intra-coherent patches resulting in an 

improvement of performance for the coherence reconstructions with beamformers. This 

effect arises from the extended source configuration since the activity at distinct vertices of 

a patch can be seen as individual sources. When the activity at these vertices is fully 

coherent, the violation to the beamformer assumption of non-correlated sources negatively 

affects beamformer performance. It is also interesting to recall, however, that beamforming 

provided better coherence reconstructions when the coupled sources were each simulated 

as a single dipole (point-like source). 

Overall, the fairly similar performances of DICS and LCMV were to be expected, as both 

methods are based on the same algorithm. However, as the estimations of the data 

covariance are based on different computations, it is possible that the methods would show 

more marked differences for other types of data and other types of cortico-cortical 

interactions. It is noteworthy that, although no significant differences were found between 

the performance of the LCMV and the DICS, DICS shows a slight tendency to perform 

better for coherence reconstructions and requires substantially less computational time.  

Our evaluation of coherence detection was characterized by how accurately the second 

source is detected when using the first one as a seed point in a brain-wide coherence 

analysis. In other words, we do not use the result of a source localization procedure to 

identify the seed. Although this comes with certain limitations, it also allows us to address 

the two questions separately. In addition, cortico-cortical coupling is not exclusively 

performed on sources that show significant activations in the source localization step. A 

selection of a source or a region of interest (ROI) based on the literature (or on a specific 
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hypothesis) is also used as a preliminary step to seed-based source-space coupling 

analyses. Our results directly apply to such approaches. 

It is also important to mention that, like many other coupling measures, coherence 

estimation is sensitive to field spread effects in MEG (Schoffelen and Gross, 2009). In the 

current study we manually simulated true zero-phase delay coherence between pairs of 

sources. This constitutes the real ground truth for which we test detectability after the 

estimation of the sources using different inverse methods. Instead of using standard zero-

phase coherence, one could also specifically simulate interactions with non-zero-phase 

lags. This would allow for the assessment of the effect of different source estimators on the 

performance of a family of interaction measures designed to detect phase-lagged 

interactions exclusively (cf. Nolte et al. 2004; Stam et al. 2007; Vinck et al. 2011; Brookes 

et al. 2012; Hipp et al. 2012; O’Neill et al. 2015; Colclough et al. 2015). Despite being 

over conservative, such metrics are widely used because they are less prone to false 

positives caused by source leakage. In the present study, we focused on the estimation of 

coherence because it’s a standard and widely established measure, making it a convenient 

choice given that our objective is to focus on comparing the impact of various 

reconstruction methods on connectivity detection. Furthermore, invasive recordings in 

animals and humans provide evidence for the physiological relevance of coherence and 

partly suggest that neuronal interactions may indeed exhibit true zero-phase coupling (e.g. 

Wang et al. 2012; Roelfsema et al. 1997; Frien et al. 1994; Towle et al. 1999; Adhikari et 

al. 2010; Buffalo et al. 2011; Fries 2005; Buzsáki & Schomburg 2015). This said, it would 

of course be useful to investigate if the findings reported here hold for a range of other 

widely-used connectivity metrics such as imaginary coherence, phase-lag index, 

orthogonalized amplitude coupling and inter-areal cross-frequency coupling metrics. 

The present manuscript also considered cases where only two coherent sources are active 

simultaneously and where the sensor-level noise is Gaussian and uncorrelated across 

sensors. Future studies should address the effects of more complex source configurations 

(with several simultaneous active sources that are both coherent and non-coherent with 

each other) and more realistic noise profiles (e.g., correlated noise across sensors). 
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Standard and modified ROC analyses and the associated AUC metrics have often been 

used to assess and compare the performance of different inverse methods with regards to 

EEG/MEG source reconstruction with simulated data (Chowdhury et al., 2013; Darvas et 

al., 2004; Grova et al., 2006; Küçükaltun-Yildirim et al., 2006; Lin et al., 2004; Mattout et 

al., 2006). Because of potential limitations related to performance evaluation with 

AUC/ROC metrics (e.g. in the presence of highly unbalanced data), we performed 

additional analyses where we compared the results obtained with the standard ROC 

approach to the output obtained when using two types of modified ROC/AUC approaches 

(described in section 2.7). As seen in Table 3-1, there was no significant difference 

between the conclusions one would draw either from the standard ROC or the modified 

versions.  

Linear imaging methods used to solve the MEG inverse problem (such as MNE and 

beamformers) can be derived in a  Bayesian statistical framework (Auranen et al., 2005; 

Baillet and Garnero, 1997; Belardinelli et al., 2012; López et al., 2014; Mattout et al., 

2006; Trujillo-Barreto et al., 2004; Wipf and Nagarajan, 2009) within this framework, the 

estimate of the neural currents is the maximum a posteriori (MAP) of the posterior 

distribution of the sources given the data. Under Gaussian assumptions for both the noise 

and sources processes, the MAP coincides with the expected value of the posterior 

distribution. What really makes each method unique is the specific choice of the prior 

distribution for the spatio/temporal distribution of the neural current; thus, the various 

algorithms differ only in their prior assumptions about the structure of the source 

covariance matrix. Lopez et al (2014) describe how the Parametrical Empirical Bayes 

(PEB) could be exploited to implement most of the popular MEG inverse methods within 

the Bayesian framework in the SPM software package. They describe the different 

approaches to optimize the prior covariance parameters and how their form is related to 

different prior assumptions about the distribution of cortical activity. For a given dataset, 

the most likely priors are those that maximize the model evidence. The fitness of any prior 

covariance matrix to explain measured data can be quantified in terms of Variational Free 

Energy (Friston et al., 2007)).  
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There are multiple constraints that can be used as prior source covariance matrix R. The 

simplest assumption, adopted in MNE solution, is that all dipoles have the same prior 

variance and no covariance, thus R_MNE is the identity matrix; while, in beamforming, 

the prior source covariance matrix R_BF is a diagonal matrix whose diagonal elements are 

the variance of the beamformer output. More structured prior covariance matrices are 

obtained as the weighted sum of multiple prior components and the hyperparameters have 

to be optimized to obtain the prior maximizing the evidence of the data. From a PEB 

viewpoint, both MNE and LCMV use a single empirical prior and only one parameter has 

to be optimized. Here, we only perform a straight-forward comparison of MNE and 

beamformers (with regards to cortico-cortical connectivity detection performance), and we 

do not focus on the optimal choice of the prior source covariance matrix. Future work 

could address the development and assessment of these methods within the PEB 

framework in order to compare the performance of different priors under the same 

optimization framework. Different prior covariance matrices, such as Multiple Sparse 

Prior, could be taken into account (Wipf & Nagarajan 2009). Other techniques that have 

been developed to facilitate methods comparison within a common framework could 

potentially be used to confirm and extend the results of the current study (e.g. Hauk and 

Stenroos, 2014). 

It is noteworthy that the power detection results reported here across the three source 

estimation methods did not systematically follow the respective connectivity detection 

performances. For instance, even when failing to detect coherence between patches with 

total intra-patch coherence, beamformers still performed well on power estimation. This 

highlights critical differences in the impact of the source estimation methods depending on 

the type of measure one is trying to determine. One should thus avoid extrapolating 

insights from studies focusing on localizing brain activity to studies on brain connectivity. 

Taken together, the results of this study suggest that the accuracy of MEG connectivity 

analysis may be differently affected by the properties of the interacting sources depending 

on whether minimum-norm estimates or spatial filters are employed for source estimations. 

While coupling between point-like sources was more reliably determined using spatial 
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filters, interacting pairs of extended patches were better identified using minimum-norm. 

However, the latter effect was no longer true if the intra-patch coherence (coherence 

between the time series of the adjacent dipoles that make up a single patch) was 

sufficiently reduced.  

One may ask how these observations can help us choose the appropriate inverse solution to 

use with a real MEG data where the source properties are by definition not known. If a 

priori information is available about the likely properties of the interacting sources (e.g. (i) 

close to point-like sources, (ii) focal and highly synchronized patches, or (iii) large and 

weakly synchronized), the current findings can be used to choose one method over the 

other. Of course, such a priori information is difficult to obtain. So rather than establishing 

that one technique is superior to the other in all cases, our findings help us understand 

potential discrepancies that may arise from applying both methods to a given data set. 

They also indicate which parameters are critical and which ones matter less.  

Unfortunately, the size of active cortical patches and, in particular, the degree of intra-

patch synchrony they will typically portray at various sizes are not very well established. 

We therefore simulated fully and partially synchronous patches of different sizes in order 

to evaluate how different types of cortical activity would affect the connectivity 

performance, as a function of the source reconstruction algorithm. It is conceivable, 

however, that future invasive electrophysiological investigations may allow for a better 

characterization of patch size and the degree of within-patch and between-patch 

synchronization in real brain signals. Combining such insights with the findings reported 

here, may help us make more informed methodological choices.  

Paths for future research could include replicating this study with other measures of 

coupling such as phase-based measures, and using more complex source configurations. 

Moreover, although we compared three of the most widely used inverse methods, other 

equally interesting MEG inverse problems exist and are used in the field. The framework 

described here can be extended to other methods in future studies.  
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Methods comparison is an important and challenging task, yet it is often an ungrateful 

endeavor. The use of simulated data and carefully controlled parameter space provides an 

important theoretical framework that can help us understand the factors that affect method 

performance. Yet, at the same time, practical implications of simulation-based 

comparisons are limited by the extent to which the simulations resemble real-life data.   

Nevertheless, we hope that our findings will be useful to the MEG community, and in 

particular to researchers and clinicians that wish to use MEG to evaluate long-range 

coupling across brain areas. 

 

Appendix A: Oscillatory time series generation  

 

The time series y(t) of each oscillatory source was generated using the following 

procedure: 

                     

where 

               ,     

* denotes the complex conjugate, and fr(t) is defined as:  

                          
 

 

 

 

 

where fb is the base frequency of the oscillators relative to sampling frequency (we used fb 

= 0.02 = 12Hz / 600Hz) and f∆ is the variation in the instantaneous frequency of the 

oscillators defined as:  

          

where n is a random scalar drawn from the standard normal distribution at each time point 

t, i.e. n ∼ N(0, 1), and fδ = 0.0015Hz 



116 
 

 
 

Coherent pairs of signals were generated by repeatedly simulating two time series, using 

the above procedure, in a loop until the required level of coherence was achieved. A 

Matlab implementation of the full procedure has been made available on github at the 

following address:  https://github.com/ahincap/create-coherent-time-series/tree/master 

 

 

Supplementary material: Joint results 

 

As MNE and beamformers make different assumptions about the sources, we asked 

whether it is possible that the information retrieved by both approaches contains less false 

positives than each one of the methods. This question corresponds to our second 

hypothesis and second objective. To test it, we used the coherence results from the 

simulation analysis for different source configurations. We used the results for MNE and 

LCMV beamformer, since the results for LCMV and DICS are overall equivalent.  

To integrate the results, we modify the true positives definition of the ROC curves: the true 

positives at a given threshold correspond to the intersection between the true positives of 

both methods. We used the ROC modification to control for spatial smoothing, as 

described in section 3.2.7.  Figures 3-A, 3-B and 3-C show the comparison of coherence 

results for MNE and LCMV and joint results for patches, point-like sources, and partially 

coherent patches, respectively. The results for patches and point-like sources are the 

average of 600 configurations, three levels of SNR, and three levels of strength of coupling 

and three size of patches in the case of patches. The results for partially coherent patches 

correspond to the average of the subset of 50 configurations, three level of SNR, two levels 

of strength of coupling and two size of patches.  

https://github.com/ahincap/create-coherent-time-series/tree/master
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Figure 3-A. Comparison of coherence results for MNE and LCMV and Joint results of both 

methods for patches sources.  

 

Figure 3-B. Comparison of coherence results for MNE and LCMV and Joint results of both 

methods for point-like sources.  
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Figure 3-C. Comparison of coherence results for MNE and LCMV and Joint results of both 

methods for partially-coherent patches.  

In the case of patches (Figure 3-A), the joint results performance is in the middle of the 

performance of MNE and LCMV. Beamformers coherence reconstructions of patches have 

a big number of false positives, which explains their low AUC. The intersection with MNE 

results increase the number of true positives for the joint results with respect to LCMV, 

improving the results for this method. Nonetheless, it increases the number of false 

positives for MNE and therefore its performance diminishes.  

For point-like sources (Figure 3-B), the joint results generate a lower performance than the 

two methods alone. MNE coherence reconstructions are wider than the ones from the 

beamformer, with a higher number of false positives. Also, MNE sometimes misses out the 

location of the sources, which leads to less true positives for the joint results. As 

consequence, the overall joint performance decreases. The same explanation holds for the 

results of partially-coherent patches (Figure 3-C), where we obtained the same pattern of 

results. 

Given these findings, we reject our third hypothesis. These results reinforce that the 

performance of the methods depend on the characteristics of the sources. Therefore, the 

best results are obtained with the method that better responds to those sources 

characteristics. 
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Abstract 

 

Despite being the object of a thriving field of clinical research, the investigation of 

intrinsic brain network alterations in psychiatric illnesses is still in its early days. 

Because the pathological alterations are predominantly probed using functional magnetic 

resonance imaging (fMRI), many questions about the electrophysiological bases of 

resting-state alterations in psychiatric disorders, particularly among mood disorder 

patients, remain unanswered. Alongside important research using 

electroencephalography (EEG), the specific recent contributions and future promise of 

magnetoencephalography (MEG) in this field are not fully recognized and valued. Here, 

we provide a critical review of recent findings from MEG resting-state connectivity 

within major depressive disorder (MDD) and bipolar disorder (BD). The clinical MEG 

resting-state results are compared to those previously reported with fMRI and EEG. 

Taken together, MEG appears to be a promising but still critically under-exploited 

technique to unravel the neurophysiological mechanisms that mediate abnormal (both 

hyper- and hypo-) connectivity patterns involved in MDD and BD. In particular, a major 

strength of MEG is its ability to provide source-space estimations of neuromagnetic 

long-range rhythmic synchronization at various frequencies (i.e. oscillatory coupling). 

The reviewed literature highlights the relevance of probing local and inter-regional 

rhythmic synchronization in order to explore the pathophysiological underpinnings of 

each disorder. However, before we can fully take advantage of MEG connectivity 

analyses in psychiatry, several limitations inherent to MEG connectivity analyses need 

to be understood and taken into account. Thus, we also discuss current methodological 

challenges and outline paths for future research. MEG resting-state studies provide an 

important window onto perturbed spontaneous oscillatory brain networks and hence 

supply an important complement to fMRI-based resting-state measurements in 

psychiatric populations. 
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4.1. Introduction 

 

4.1.1. Background 

 

Over the last decade, research on the human brain has experienced an important shift in 

paradigm; the functional investigation of neuronal activity has moved from studying 

local mechanisms towards large-scale network organization. Unavoidably, this change in 

the examination of neural connectivity has reached the field of psychiatry. Until 

recently, most connectivity studies in psychiatric patients were predominantly carried 

out using functional magnetic resonance imaging (fMRI). The findings from these 

studies generally indicate the presence of structural and/or functional abnormalities 

linked to the diseases (e.g., Dutta et al., 2014; Hanford et al., 2016; Northoff, 2016). 

Moreover, irregularities are not only observed during cognitive tasks, when subjects are 
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engaged in a sensory, cognitive or emotional task, but also during rest, when subjects are 

asked to lay still in the scanner, and let their mind wander. The trend in the field of 

neuroimaging, towards the study of this so-called resting-state, has strongly contributed 

to unveiling intrinsic properties of brain disorders (Broyd et al., 2009; Fox and Greicius, 

2010; Greicius, 2008; Raichle et al., 2001). Yet many questions about the 

neurophysiological bases of resting-state alterations remain unanswered. 

A parallel stream of research explores the physical connections between brain regions by 

assessing structural connectivity with magnetic resonance imaging (MRI) using 

diffusion tensor imaging (DTI) and fractional anisotropy. These techniques allow the 

examination of white matter integrity and fiber tract organization and are able thereby to 

reveal anatomical disruptions of long-range structural connections (White et al., 2013). 

However, DTI is principally useful for pathologies for which we know of pre-existing 

structural anomalies, and less so for illnesses without obvious disruptions in connectivity 

(Broyd et al., 2009; Friston, 2011). Furthermore, while fMRI is promising for the 

investigation of the spatial organization of the cortex, it is limited by its temporal 

resolution and by the fact that it is an indirect measure of neural activity. Moreover, 

because it measures the brain’s haemodynamic responses, fMRI is useful to study slow 

activity fluctuations (i.e. < 0.1 Hz), but is unable to capture brain activity patterns at 

higher frequencies. Consequently, neuroimaging methodological developments and 

studies of the past 10 years have been reflective of the scientific community’s 

appreciation of the importance of electrophysiology for our understanding of network 

connectivity (Luo et al., 2010; Varela et al., 2001b). This change is portrayed by the flux 

in research employing electroencephalography (EEG), intracranical 

electroencephalography (iEEG), and magnetoencephalography (MEG), three tools with 

excellent temporal resolution. Specifically, a spotlight has been shined on the behavior 

of local and long-range synchronized brain oscillations in healthy cognition and, also, as 

potential markers for altered neural connectivity in (psychiatric) diseases ( aşar et al., 

2015; Hasey and Kiang, 2013; Jesulola et al., 2015; Siekmeier and Stufflebeam, 2010).  
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When small neighbouring neuronal populations synchronize their oscillations, local 

assemblies are forged, and coupling among these small assemblies can bridge distant 

areas (creating long-range connections) (Varela et al., 2001b). Disruptions in this 

mechanism could unravel a number of neuro- and psychopathologies. Neuronal 

synchronizations are thought to operate on short time scales, and changes in spectral 

power are optimally detectable by electrophysiological recordings. Thus, we can 

examine neural network connectivity patterns by measuring the electrophysiological 

activity of two or more brain regions of interest using EEG, iEEG or MEG (Robinson 

and Mandell, 2015). Of increasing interest, MEG (Cohen, 1972) has emerged as a 

valuable, non-invasive, tool to assess local and long-range modulations of synchronized 

neural activity in human subjects (e.g. Gross et al., 2013; Jerbi et al., 2007; Hamalainen 

et al., 1993; Hamandi et al., 2016; Pang and Snead III, 2016; Siekmeier and 

Stufflebeam, 2010; Stam, 2010; Wilson et al., 2016).  

 

4.1.2. Purpose of this review 

 

Despite being the object of a thriving field of clinical research, the investigation of 

intrinsic neural network alterations in psychiatric illnesses is in its early days and is 

predominantly conducted using fMRI or EEG. The recent contributions and future 

promise of MEG in this field are not fully recognized and valued. In the present paper, 

we review recent findings in MEG resting-state connectivity within two mood disorders: 

major depressive disorder (MDD) and bipolar disorder (BD). Most importantly, this 

review provides a critical assessment of currently employed methods and outlines 

important limitations that need to be considered in future resting-state MEG studies of 

mood disorders.  

4.1.3. Important concepts and terminology 
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Resting-state networks: When subjects are asked to lay or sit still in an MRI, PET, EEG 

or MEG set-up, and to let their minds wander, the activity that arises is one that speaks 

of the fundamental organization – or disorganization – of the brain (e.g., Brookes et al., 

2011; Buckner et al., 2008; Deco et al., 2011; Shehzad et al., 2009). Resting states can 

be categorized into several networks (on the order of 7 ± 1): the sensori-motor network, 

the primary and extra-striate visual network, the auditory network, lateralized fronto-

parietal networks, the temporo-parietal network, the central executive network (CEN) 

and the, most extensively studied, Default Mode Network (DMN), (Beckmann et al., 

2005; Biswal et al., 1995; Buckner et al., 2008; Damoiseaux et al., 2006; Fox and 

Raichle, 2007; Mulders et al., 2015; Van Den Heuvel et al., 2009). The DMN englobes 

primarily the medial prefrontal cortex (mPFC), the posterior cingulate cortex and the 

precuneus cortex, as well as the inferior parietal cortex, the lateral temporal cortex and 

the subgenual anterior cingulate cortex (Buckner et al., 2008; Mulders et al., 2015). A 

large amount of evidence shows the DMN to be deactivated when one is engaged in a 

cognitive or sensorimotor task, and active during rest or meditative tasks (Allen et al., 

2014; Öngür et al., 2010; Raichle et al., 2001; van den Heuvel and Hulshoff Pol, 2010). 

Of particular interest, disruptions in this network have been linked to the occurrence of 

psychopathological symptoms (e.g., depressive, manic, or psychotic episodes) (Buckner, 

2013; Buckner et al., 2008; Karbasforoushan and Woodward, 2012; Mulders et al., 

2015; Vargas et al., 2013).  

 

Anatomical, functional and effective connectivity: The literature on neural network 

connectivity, particularly graph theory, suggests that the purpose of a node is guided by 

how it is connected to other nodes in a given network, and that its function is a 

consequence of the action of its integral network (Buzsáki and Draguhn, 2004). Hence, 

when resting-state activity is observed for a few minutes, the spontaneous oscillatory 

behaviors form consistent and reliable functional networks (e.g. Bullmore and Sporns, 

2009). The efficiency of the connections within and between these networks appears to 
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rely on at least two main factors: epigenetics and experience (Friston, 1998). The first 

factor pertains to the interaction between genes and the growth of brain structures, while 

the second pertains to intrinsic neural activity and activity-dependent changes in 

synaptic strength (e.g., learning) elicited by a person’s interaction with their 

environment. 

Three types of connectivity are generally examined: anatomical, functional and 

effective. First, anatomical connectivity pertains to the physical connection between 

brain regions. It is typically examined using MRI-based DTI analysis of white matter, 

axonal, tracts (Rubinov and Sporns, 2010). Second, functional connectivity is used to 

describe the statistical dependency of time-series’ activity arising from two brain areas 

(Friston, 2011; Hillebrand et al., 2012; Schoffelen and Gross, 2009). It can be measured 

using linear and non-linear tools such as correlations, coherence, phase-lag index and 

mutual information (Knösche and Tittgemeyer, 2011; Sakkalis, 2011; Stam et al., 2007; 

Wang et al., 2014). It is important to note that, while evidence from both human and 

animal work shows a close relationship between structural and functional connectivity 

(Damoiseaux and Greicius, 2009; Greicius, 2008; Greicius et al., 2009; Honey et al., 

2007), direct anatomical linkage is not necessary for functional connections to take place 

(Damoiseaux and Greicius, 2009; Honey et al., 2009). Finally, effective connectivity 

speaks of the direct or indirect influence of one brain system on another based on 

neuronal coupling (Bullmore and Sporns, 2009; Friston, 2011), and can be measured 

using metrics such as Granger causality and direct transfer functions (Astolfi et al., 

2004).  

In this review, we focus on functional connectivity abnormalities across major 

depressive disorder and bipolar disorder. 

 

Local power modulations vs long-range inter-areal connectivity in MEG and EEG: It 

has been proposed that local and long-range neural synchrony patterns speak of the 
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inherent organization of the  brain (Buzsáki and Draguhn, 2004; Mathalon and Sohal, 

2015) and, thus, an exploration of oscillatory rhythms could help us understand the 

fundamental neural functioning of different populations. However, confusion can 

emerge for investigators that are new to the discussion on neural network connectivity. 

This confusion is entangled in the lack of consistency in the vocabulary employed to 

describe the two different processes of local and long-range synchrony. It has been 

argued that when neural populations synchronize, it is a phenomenon that expands 

across multiple temporal and spatial scales, from local integration of information within 

areas that specialize in the same functions to long-range connections that connect 

different modalities of an object (Varela et al., 2001b). Generally speaking, local 

synchrony is what is captured by power estimation from a single brain signal (e.g. data 

from one channel or cortical source). By contrast, long-distance synchrony is captured 

by estimating the coupling between data from two brain signals. 

 

Specifically, local power modulations of a neural population reflect the activity of a 

small spatial area of neurons on the order of 1 cm (based on experiments in visual 

networks; e.g. Girard et al, 2009). The measure of spectral power is taken as a reflection 

of the amplitude of oscillations at different frequencies (Uhlhaas and Singer, 2013). 

Neurophysiological studies have underlined the importance of examining local 

synchronization in order to observe the different types of information that are carried by 

different frequency bands (Uhlhaas et al., 2008; Varela et al., 2001b). As for long-range 

connectivity, it reflects the functional coordination and synchronization of time-series 

from two brain regions that may or may not have direct structural linkage (e.g., through 

myelinated white matter tracts). This type of connectivity bridges brain areas between 

and within different neural networks (Buzsáki and Draguhn, 2004; Mathalon and Sohal, 

2015; Spellman and Gordon, 2015; Uhlhaas and Singer, 2013).  
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While local and long-range synchrony can both be measured at sensor and source levels 

during EEG and MEG studies, caution should be taken when measuring the statistical or 

coherence differences between two recording (sensor) sites. Indeed, what may first be 

thought to be coordinated time-series reflecting connectivity between two brain areas 

(Buzsáki and Watson, 2012), may in fact be spurious coupling arising from volume 

conduction or field spread (e.g. Marzetti et al., 2008; Schoffelen and Gross, 2009). 

Different methods have been proposed to overcome this challenge. A solution that can 

be applied to reduce the impact of this linear mixing limitation is to use coupling 

measures that are not overly affected by field spread and perform the connectivity 

estimations in MEG source space (cf. Nolte et al. 2004; Stam et al. 2007; Schoffelen and 

Gross, 2009; Vinck et al. 2011) (see section 4.4). 

 

4.2. Abnormal connectivity in psychiatric disorders: where do we stand? 

 

The following section provides a brief and non-exhaustive multi-modal overview of the 

rapidly increasing body of neuroimaging research that links psychiatric disorders to 

pathological alterations in neuronal connectivity, in line with previous work that 

overviewed network connectivity in SZ (Uhlhaas, 2013; Uhlhaas and Singer, 2013) and 

depressed patients (Mulders et al., 2015) across different neuroimaging modalities. 

Because of the current effervescent nature of this field, an in-depth account of the 

neuronal network dysfunction in mental illness is beyond the scope of this review. 

Instead, we will focus on findings that are particularly relevant to past, current, and 

potentially future resting-state magnetoencephalographic investigations. With this in 

mind, we first describe recent resting-state EEG and fMRI evidence that suggests 

dysfunctional intrinsic neural communication in major depressive (MDD) and bipolar 

disorders (BD). 
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4.2.1. Major depressive disorder (MDD) 

 

With over 100,000 scientific papers on PubMed, depression is the most common and the 

most studied psychiatric illness in humans. MDD is characterized by features such as 

low mood and/or a loss of interest in daily activities for an extended amount of time and, 

typically, involves ruminative, self-referential thoughts (American Psychiatric 

Association, 2013). A lifetime prevalence of 11.3 % has been reported in Canada 

(Satistics Canada, 2012) and 16.2% in the US (Kessler et al., 2003), while across the 

world, it is estimated that 350 million individuals suffer from depression (World Health 

Organization, 2016) 

While a number of impactful task-based studies have explored alterations in oscillatory 

synchronizations (e.g.,  Anand et al., 2005a; Silbersweig, 2013; Vasic et al., 2009), the 

following subsections will focus on resting-state fMRI and EEG studies in MDD 

population. 

 

4.2.1.1 FMRI resting-state connectivity findings in MDD 

 

Given the DMN’s role in self-referential behaviors (Raichle, 2001; Buckner, 2008), this 

network, particularly the medial prefrontal cortex (medial PFC), is recurrently noted as a 

region important for the discrimination of depression from normal population (Gong and 

He, 2015; Iwabuchi et al., 2015; Kaiser et al., 2015; Mulders et al., 2015). Specifically, 

fMRI studies show depressed patients to display increased connectivity between certain 

nodes of the DMN (for instance, between the subgenual anterior cingulate cortex & the 

posterior cingulate cortex (Berman et al., 2011)) that could be detrimental to cognitive 

processes (Broyd et al., 2009; Greicius et al., 2007). These findings are supported by 

reviews that also found enhanced connectivity within these areas of the DMN (Northoff, 

2016; Whitfield-Gabrieli and Ford, 2012). In addition, studies have observed altered 
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connectivity between nodes of the DMN and the nodes of the CEN. For instance, one 

study found enhanced connectivity between the dorsolateral PFC and the subgenual 

ACC (Fox et al., 2012), while a review found decreased connectivity between the 

inferior/superior parietal DMN & dorsal CEN (Northoff, 2016). 

 

Moreover, a number of original studies and reviews have reported atypical functional 

connectivity within areas key to emotional processing. Indeed, limbic regions 

(amygdala, insula Veer et al., 2010; Zeng et al., 2012), parts of the DMN (medial PFC, 

Gong and He, 2015; Zeng et al., 2012), and long-range connections between the DMN 

and the limbic system (e.g., thalamus and posterior cingulate cortex, Greicius et al., 

2007), as well the CEN and the limbic system (e.g., dorsolateral PFC and amygdala, 

Dannlowski et al., 2009; He et al., 2016; Siegle et al., 2007) appear reduced in patients 

compared to controls. However, connectivity between the saliency network (i.e. anterior 

insula, dorsal anterior cingulate cortex) and the anterior DMN (Mulders et al., 2015), as 

well as between the insula and the amygdala (Avery et al., 2014) seems enhanced in 

depressed individuals when compared to controls  

 

All in all, within and between network connectivity of the DMN and limbic system 

appear to be altered in MDD patients, particularly with respect to projections involving 

the subgenual ACC. The atypical resting-state organization of their brain appears to 

correlate with their cognitive and emotional symptoms (Drevets, 2007). 

 

4.2.1.2. EEG resting-state connectivity findings in MDD 

 

4.2.1.2.1. EEG power modulations (local synchronization) 
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Examinations of local synchronizations in depressed populations have consistently 

found low-frequency bands (< 20 Hz) to display enhanced power and coherence across 

most brain regions (Koo et al., 2015; Leuchter et al., 2015, 2012; Northoff, 2016; 

Olbrich et al., 2014; Schulman et al., 2011). However, power modulations in higher 

frequency band (>30hz) do not seem to be a discriminative factor to differentiate the 

resting-state of depressed and control subjects (e.g., Northoff, 2016).  

 

4.2.1.2.2. EEG connectivity (long-range synchronization) 

 

With respect to EEG, important clinical trials with deep brain stimulation (DBS) have 

repeatedly and successfully targeted the overactive subgenual anterior cingulate cortex 

(subgenual ACC) and the thalamocortical pathway, for the treatment of severe 

depression (Johansen-Berg et al., 2008; Mayberg et al., 2005). Moreover, a feature of 

enhanced interhemispheric connectivity, particularly between the right fronto-central 

area and left parietal area, appears to differentiate DBS-responders from non-responders 

(Quraan et al., 2014). 

Similar to findings from fMRI and DBS research, EEG studies have found disruptions 

and asymmetrical connectivity patterns within the frontal lobe of MDD patients in theta  

(5-7 Hz) and alpha (8-13 Hz) frequency bands compared to healthy control subjects 

(Fingelkurts et al., 2007; Keeser et al., 2013). Treatment-based EEG studies established 

once more the importance of the subgenual ACC. Indeed, depressed patients appear to 

show enhanced connectivity within nodes of the DMN, and between nodes of the DMN 

and the CEN (Northoff, 2016; Olbrich et al., 2014). Specifically, enhanced connectivity 

in alpha-band (8-12 Hz) between the subgenual ACC and left medial PFC is observed 

before antidepressant treatment, which switched into enhanced connectivity in beta-band 

(12.5-20 hz) between the subgenual ACC  and right medial PFC after antidepressant 

treatment, thus underlying the recurrent asymmetrical connectivity patterns observed in 
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MDD patients’ frontal lobe (Keeser et al., 2013; Olbrich et al., 2014). Moreover, it has 

been suggested that alterations in fronto-temporal connectivity in delta/theta (1-8Hz) 

frequency range could be used a marker to predict responders and non-responders to 

antidepressant medication (i.e. selective serotonin reuptake inhibitor), with 

hyperconnectivity between these areas being associated to poorer response (Lee et al., 

2011). 

 

4.2.2. Bipolar disorder (BD) 

 

Bipolar disorder (BD) is a functionally debilitating disorder. The main categories of BD, 

are BD-I and BD-II, which are characterized by either a combination of manic episodes 

and depression, or by hypomania episode(s) and depressive symptoms, respectively 

(American Psychiatric Association, 2013). A lifetime prevalence of 2.6 % has been 

reported in Canada (Satistics Canada, 2012) and around 4% (across all types of BD) in 

the US (Merikangas et al., 2007), while across the world, it is estimated that 60 million 

individuals suffer from BD (World Health Organization, 2016). 

Task-based fMRI/EEG studies that have explored connectivity patterns in BD 

population have found synchronization alterations that differentiates them from healthy 

individuals (Almeida et al., 2009; Versace et al., 2010; Wang et al., 2009). However, in 

this section, we will explore the research that have studied BD patients during a resting-

state condition. 

 

4.2.2.1. FMRI resting-state connectivity findings in BD 

 

Multiple fMRI studies have attempted to untangle the connectivity anomalies observed 

in these patients, with somewhat contradicting results. Indeed, depending on the 
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analytical method used to extract connectivity, whether it be independent component 

analysis (ICA) or seed-based/regions of interests (ROIs), wavering conclusions have 

been made on  D patients’ cortico-limbic connectivity patterns (e.g. Chase et al., 2016).  

While DMN activity has been closely linked to mind wandering and interoceptive 

thoughts (Buckner, 2013; Raichle et al., 2001), it has also been shown to be germane to 

social cognition, which is known to be impaired in psychiatric disorders (Magioncalda et 

al., 2015; Piguet et al., 2015; Reinke et al., 2013). A number of fMRI studies have 

summarized that most bipolar patients and their unaffected relatives have decreased 

connectivity within the nodes of the DMN (Martino et al., 2016; Ongür et al., 2010), 

between the medial PFC and the insula compared to controls (Calhoun et al., 2012). 

Hyperconnectivity has been noted between the DMN and the CEN (Chai et al., 2011), 

the DMN and the tempro-parietal network (Ongür et al., 2010), and the DMN and the 

visual and the auditory networks (Ongür et al., 2010; Rashid et al., 2014) compared to 

controls. Finally, the predominant result of this research in BD, based on reviews of 

fMRI and DTI studies, shows altered connectivity between parts of the DMN (e.g., 

medial PFC) and the limbic system (e.g., amygdala, Chai et al., 2011; Chase and 

Phillips, 2016; He et al., 2016; Houenou et al., 2012; Phillips and Swartz, 2014; 

Strakowski et al., 2012; Vargas et al., 2013).  

With respect to the ventrolateral PFC, contradicting findings have been reported, with 

some estimating enhanced connectivity with the amygdala (Chase and Phillips, 2016; 

Strakowski et al., 2012), while others diminished (Liu et al., 2014) compared to controls. 

In addition, a number of studies have investigated the influence of psychotic symptoms 

on network connectivity patterns during resting-state. For instance, one paper observed 

hypoconnectivity within the PFC, and between the dorsolateral PFC (CEN) and 

amygdala (Anticevic et al., 2013), that was predominantly present in BD patients who 

presented with a history of psychosis, and not in non-psychotic BD or controls. 

All in all, models proposed by many researchers suggest that disruption between these 

keys areas, particularly connectivity involving the amygdala, underlie the occurrence of 
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manic symptoms and inefficient emotional management (Chase and Phillips, 2016; 

Strakowski et al., 2012).  

 

4.2.2.2. EEG resting-state findings in BD 

 

4.2.2.2.1. EEG power modulations (local synchronization) 

 

EEG analyses of local synchronization have predominately reported group differences in 

the frontal region and the cingulate cortex. Examinations in modulations of local 

oscillatory behavior in the frontal cortex show enhanced power in alpha 8-13 Hz 

(Nusslock et al., 2012), beta and gamma (Howells et al., 2012; Kam et al., 2013) 

frequency bands compared to controls. In the cingulate cortex, low-frequencies, theta 

and alpha, had decreased power (Howells et al., 2012; Kim et al., 2013; Yener and 

 aşar, 2013), while higher frequency bands, beta (15-30Hz) and gamma (30-50Hz), 

displayed increased power compared to controls (Howells et al., 2012; Kam et al., 

2013). 

 

4.2.2.2.2. EEG connectivity (long-range synchronization) 

 

With respect to long-range connectivity, an EEG investigation noted decreased 

connectivity in the alpha (8-12 Hz) frequency band within fronto-central and centro-

parietal neural network connections of patients compared to healthy controls (Kim et al., 

2013). However, more studies are needed to confirm this finding and increase the 

specificity of the affected regions. The accumulated evidence from multi-scale 

modalities (e.g., fMRI and EEG) indicates that individuals affected by BD display 
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atypical local and long-range connectivity patterns within the nodes of the DMN and 

between the PFC and the amygdala. 

Taken together, the fMRI and EENG findings in MDD and BD patients indicate that 

these populations may have difficulties processing and transferring information 

economically that can be detectable as connectivity anomalies between and within 

resting-state networks. Research into pathological alterations of resting-state activity 

provides critical insights into large-scale network dynamics which complement key 

findings that continue to emerge from task-based studies (Perry and Singh, 2014). In the 

next section, we will overview the results of MEG studies that examined resting-state 

connectivity and alterations in frequency-band modulations within the MDD and BD. 

We will also examine the overlap in connectivity findings that has been reported across 

different resting-state neuroimaging modalities. 

 

4.3 Resting-state MEG connectivity and mood disorders: What do we know?  

 

Although still in its early days, MEG has led to important clinical insights in numerous 

brain disorders and has become a promising tool for clinical and translational research in 

psychiatry (Siekmeier and Stufflebeam, 2010; Williams and Sachdev, 2010). In the 

following, we will focus specifically on MEG contributions to elucidate resting-state 

alterations in mood disorders.  

 

4.3.1. Major depressive disorder 

 

A PubMed search using the key words “MEG + connectivity + depression” resulted in 

16 hits, 12 of which were however unrelated to our topic of interest. Another search of 

the key words “MEG + depression + resting” yielded 12 studies, with only 2 studies 
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being relevant additions to this review. Among the articles that were found, the final 

count of scientific articles included in this paper is of 5 [Last update: November 29, 

2016]. 

4.3.1.1. Altered resting-state MEG power patterns in MDD 

 

The recent article by Jian et al (2016) compared the oscillatory activity of major 

depressive disorder (MDD) patients to those of age- and education-matched control 

subjects. Depression correlated with power decrease in theta (4-8 Hz) and alpha (8-14 

Hz) frequency bands in the frontal and parietal areas, respectively, as well as with 

enhanced power in beta-band (14-30 Hz) oscillations in the DMN. Similar to EEG 

findings (see section 2.1.2.1), no significant difference was found between the two 

populations across higher frequency bands (>30 Hz, Jiang et al., 2016).  

Moreover, Li and colleagues (2013) examined MEG signals in treatment-resistant MDD 

individuals who received 10 daily repetitive transcranial magnetic stimulation (rTMS) in 

the region of the dorsolateral PFC for 2 consecutive weeks. The authors normalized the 

spectral amplitude of five frequency bands (delta, 2–4 Hz; theta, 4–8 Hz; alpha, 8-13 Hz; 

beta, 13–30 Hz; and gamma, 30–50 Hz) by the mean power across all bands to obtain a 

relative amplitude index for each oscillatory band. Moreover, they measured frontal 

alpha asymmetry (FAA) in all their subjects, as FAA had been previously associated 

with symptom severity in depression (Zotev et al., 2016). This paper however found no 

significant difference between patient and control subjects in terms of FAA, similar to 

the inconclusive results of previous electrophysiological studies on FAA e.g.: (Brzezicka 

et al., 2016; Jesulola et al., 2015). 

 

4.3.1.2. Altered resting-state MEG connectivity patterns in MDD 
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Table 4-1 summarizes the details of the four studies on MEG resting-state connectivity 

in MDD patients. The article by Nugent and colleagues (2015) demonstrated that resting 

state networks are altered in MDD patients compared to controls in beta-band (14-30 

Hz). Specifically, based on temporal ICA analyses and correlations in source-space, they 

found patients to have altered connectivity between nodes of the DMN and the limbic 

system. Specifically, long-range connectivity between the subgenual anterior cingulate 

cortex and the hippocampus was diminished in patients (Nugent et al., 2015). Moreover, 

the authors observed MDD patients to show enhanced connectivity between the right 

insular-temporal region and parts of the limbic system (i.e., amygdala, thalamus), and 

the left insular-temporal region and the angular gyrus in the parietal lobe and the 

precentral gyrus, which is part of the posterior region of the frontal lobe (Nugent et al., 

2015).  

In a follow-up MEG study (Nugent et al., 2016), the same authors sought out to examine 

the effect of ketamine on long-range synchronizations in MDD patients. The source-

space connectivity patterns that were uncovered were similar to the disrupted areas 

found in their earlier paper (Nugent et al., 2015). In the beta frequency band (14-30 Hz), 

0.5 mg/kg of ketamine restored the abnormal hyper-connection between amygdala and 

insula-temporal regions to normal levels. Interestingly, the authors noted that ketamine 

appeared to decrease all connectivity patterns across all the regions of the brain, 

regardless of the subjects’ baseline activity.   

Pathak and colleagues (2016) recently used the magnitude-squared coherence to 

estimate long-range connectivity in depressed individuals before and after rTMS in the 

dorsolateral PFC at 10Hz. Their source-space findings (via minimum norm estimate) 

reveal that symptom improvement after four weeks of treatment correlated with changes 

in the connectivity within the DMN. Post-TMS, MDD patients found increased 

coherence between the dorsolateral PFC and the amygdala and the pregenual cingulate 

cortex in the delta-band, as well as decreased coherence in the gamma band between the 

dorsolateral PFC and the subgenual ACC before treatment (Pathak et al., 2016). The 
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findings of this paper could imply that baseline connectivity patterns in MDD involve 

diminished coherence between dorsolateral PFC-amygdala and dorsolateral PFC-

pregenual cingulate cortex, along with enhanced coherence between dorsolateral PFC-

subgenual ACC. Moreover, the outcome of this study underlines the importance of 

analyzing and reporting the type of treatment received by patients as it directly affects 

neural network organization.  

Finally, Li and colleagues’ longitudinal study (2013) explored connectivity in alpha-

band oscillations in the prefrontal cortex (via MEG) and glucose-metabolism in the 

thalamus (via PET), which is typically underactive in MDD patients. For the analysis of 

PFC and thalamus connectivity, patients were divided into binary categories of 

responders and non-responders to 2-week treatment of rTMS at 10 Hz. Patients were 

categorized based on their symptom ratings on the Hamilton Depression Rating Scale in 

the 8
th

 week of the study. This type of antidepressant treatment was able to rescue the 

disrupted functional connection in responders 14 weeks after the start of the study, while 

this did not succeed in non-responders. Thus, according to the authors, their sensor-

space finding could be seen as additional evidence that the strength of prefronto-

thalamic connectivity could be an index of depressive symptoms, as previously observed 

in fMRI studies (Greicius et al., 2007).  

The main finding of these MEG papers speak of altered long-range connectivity between 

the DMN and the CEN. Particular, the resting-state MEG literature supports previous 

fMRI studies that have demonstrated the implication of the subgenual cingulate cortex, 

the dorsolateral PFC and the thalamus in illness severity and symptomatology in MDD 

(e.g. Greicius et al. 2007). Importantly, this brain region is typically targeted for deep 

brain stimulation and rTMS in treatment resistant depressed individuals, and is thus 

critical to the understanding of their resting neural networks (Drevets et al., 2008; 

Jaworska et al., 2016; Johansen-Berg et al., 2008; Mayberg et al., 2005). 
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4.3.1.3. Relationship to task-based MEG findings 

 

This section explores task-based MEG studies that corroborate connectivity results from 

resting-state MEG studies in MDD. 

A number of studies have investigated the long-range connectivity patterns that emerge 

during affective and cognitive tasks in psychiatric patients. Amongst their findings, the 

diminished long-range synchronization between the dorsolateral PFC and the amygdala, 

observed recently in resting-state MEG by Pathak et al (2016), was also observed by Lu 

et al. (2012). Indeed, the authors explored effective connectivity within the prefrontal-

limbic system circuit using dynamic causal modeling analysis (Lu et al. 2012). During 

the affective task, subjects viewed 3-second clip of faces that were eating, neutral, happy 

or sad, and then indicated by button-press if the expression was sad or not. Under the 

most optimal model, patients had decreased connectivity from the dorsolateral PFC to 

the amygdala compared to controls. The authors hypothesized that this could explain 

part of the dysfunction observed in MDD patients with respect to the integration of both 

affective and cognitive information for overt behavior.  

Other connectivity alteration in MDD patients have also been noted in task-based MEG 

studies. Specifically, a measure of wavelet coherence has shown enhanced connectivity 

between the anterior cingulate cortex (ACC) and the amygdala in the gamma (30-48 Hz) 

and in the delta (below 4Hz) frequency bands (Lu et al., 2013 a). Moreover, enhanced 

connectivity between the amygdala and the inferior frontal gyrus, as well as between the 

amygdala and the anterior cingulate cortex, in patients, were found to be highly 

discriminative features during the aforementioned affective task to differentiate MDD 

and control subjects (Lu et al., 2013 b). These connectivity alterations have yet to be 

observed in resting-state MEG findings. It may be the case that these differences in long-

range synchronizations are due to the nature of the task or, rather, that they are best 

detected by these emotion-based paradigms.  
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Lastly, Salvadore et al (2010) used the widespread working-memory task, N-back, to 

investigate how the connectivity patterns of MDD patients change before and after a 

single ketamine infusion. During this task, subjects were asked to keep in mind a 

stimulus (number between 1 and 4) and to respond when it was matched to the observed 

stimulus either right away, or one or two trials previously.  Using source-coherence 

analysis, the authors observed that the connectivity strength between the pregenual ACC 

and the left amygdala correlated negatively with the effect of treatment. Indeed, stronger 

coherence between these two regions prior to ketamine infusion correlated with 

improvement in symptoms. Similar findings about altered long-range synchronization 

between the subgenual ACC and the amygdala have been observed in intracranial 

EEG/DBS studies (Mayberg et al. 2005; Johensan-Berg et al. 2008). Given the 

reoccurring report of involvement of these brain regions, future resting-state MEG 

studies, future resting-state MEG could clarify whether this pattern of connectivity 

alteration pertains to the nature of the task or to the intrinsic neural organization in 

MDD. 

 

4.3.1.4. Strengths and limitations of resting-state MEG studies in MDD population 

 

An important limitation that connectivity studies might display is that of being 

conducted at sensor-level rather than source-level. While most of the reported MDD 

studies were conducted in source-space, the article by Li et al (2013) was in sensor-

space, where only 26 gradiometers (out of a possible 306 channels) from the frontal 

region was used. However, the article had a major strength of employing a multimodal 

approach to studying connectivity (MEG, PET, TMS), which included an anatomical T1 

from MRI to obtain anatomical precisions. This allowed access to a richer set of 

information than what is provided using a single neuroimaging tool.  

Next, exploring specific frequency bands can also be a limitation. Indeed, in the article 

by Nugent et al (2015) only the beta-band frequency range was explored, while Li et al 
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(2013) reported only on alpha-band oscillatory behavior. A strength of the Nugent et al. 

(2015) is that the authors took additional quality-control steps (to verify reliability of 

ICA estimates), as well as tested the reliability of their results by comparing it to a 

second data set (un-matched groups) and importantly had un-medicated SZ subjects. By 

doing so, the authors allowed to examine intrinsic connectivity prior to pharmaceutical 

effects.  

Furthermore, the metric of coherence and correlations can raise questions about the 

spatial accuracy of the long-range synchronizations observed due to potential field 

spread effect (see section 4-4 for further details).  

Finally, small sample size can be problematic in the interpretation of findings. In their 

recent study, Nugent et al (2016) explored the effect of ketamine on long-range 

synchronization and on symptoms scores as assessed by the Mania and Depression 

Rating Scale (MADRS) in a subset of patients from their previous study (Nugent et al. 

2015). However, this was performed in a small number of subjects. However, non-

parametric statistical tests were applied to compensate for their cohort of patients. 

Similarly, while Pathak et al. (2016)’s study was important to evaluate the longitudinal 

effect of repetitive TMS on neural network connectivity, the small sample of patients (n 

= 5) and lack of multiple comparisons, puts the findings of this paper at risks of Type I 

error, a fact acknowledged by the authors. While, it is important to evaluate promising 

treatments, it would be interesting to evaluate its effect on connectivity patterns in a 

larger cohort of patients to increase reliability.
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Table 4-1. Overview of MEG resting-state studies examining changes in long-range connectivity patterns in subjects with Major depressive disorder.  

Abbreviations, MDD: major depressive disorder, rTMS: repetitive transcranial magnetic stimulation, PFC: prefrontal cortex, ACC: anterior cingulate 

cortex. 

Paper Frequency 

range 

Methods Patients Controls Main findings 

Li et al. 

(2013) 
127

 

delta: 2-4 Hz,  

theta: 4-8 Hz, 

alpha 8–13 Hz, 

beta: 13–30 Hz, 

gamma: 30–50 

Hz 

Frontal alpha 

asymmetry and 

voxel-based partial 

correlation to 

examine 

connectivity in 

prefrontal-thalamic 

circuit (based on 

PET) 

 

Sensor-space 

analysis 

3min eyes-open. 

30 MDD 

received rTMS, 

6 males  

 

17 Responders: 

mean age:  

51.9 ±10.5 

 

13 Non-

responders: mean 

age: 50.1±6.2 

50 controls 

14 males 

mean age:  

49.1± 7.0 

MDD appeared to have impaired prefronto-thalamic 

functional connections compared to controls. rTMS 

resolved this pattern in those who responded to 

treatment after 2 weeks of treatment at 10 Hz in their 

dorsolateral PFC. 

  

 

 

 

 

 

Nugent et 

al. (2015)
 

122
 

14-30 Hz Correlation 

 

Source-space 

33 MDD  

22 males 

mean age: 

19 controls 

11 males 

mean age: 

Patients had reduced correlations between the subgenual 

ACC and hippocampus in a network with primary 

nodes in the precentral and middle frontal gyri. Patients 

showed increased correlations between insulo-temporal 
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analysis 

4.17min eyes-

closed. 

42.8±9.9 39.3±6.5 nodes and amygdala compared to controls 

Nugent et 

al. (2016)
 

123
 

14-30 Hz Correlation 

 

Source-space 

4.17min eyes-

closed. 

13 MDD 

11 males 

mean age:  

45.0±13.2 

18 controls 

12 males 

mean age: 

39.0±7.3 

Patients displayed enhanced connectivity between 

insulo-temporal areas and amygdala that were reduced 

to normal levels after ketamine treatment. 

Pathak et 

al. (2016) 

124
 

delta: 2–4 Hz, 

theta: 5–7 Hz; 

alpha: 8–12 Hz, 

beta: 15–29 Hz; 

gamma: 30–59 

Hz 

Magnitude-squared 

coherence. Seed: 

dorsolateral PFC.  

 

Source-space 

6min eyes-closed. 

5 MDD received 

TMS, 1 non-

responder  

      n/a Symptom improvement by 10 Hz rTMS increased 

connectivity between dorsolateral PFC and amygdala, 

and dorsolateral PFC and pregenual ACC in delta band. 

rTMS decreased connectivity between dorsolateral PFC 

and subgenual ACC. 
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4.3.2. Bipolar Disorder 

 

A PubMed search of the key words “MEG + connectivity + bipolar” resulted in no 

findings. However, a search of the key words “MEG + bipolar + resting” yielded 3 

studies, 1 of which was an EEG study (already discussed in section 2.1.1). [Last update: 

November 29, 2016] 

 

4.3.2.1. Altered resting-state MEG power patterns in BD  

 

Al-Timemy and colleagues (2014) were able to successfully classify BD and control 

populations using MEG resting-state spectral features within the delta (1.5-4 Hz), theta 

(4-8 Hz), alpha (8-13 Hz), beta (13-30 Hz) and gamma frequency bands (30-40 Hz). 

Relative power modulations in delta and theta frequency bands in the posterior region of 

the brain were observed to be significantly different between patients and healthy 

controls (Al-Timemy et al., 2014). However, the direction in these differences were not 

specified. The authors of this study also explored median frequency, described as the 

frequency that divides the area under the curve of the power map (1.4-40 Hz) into two. 

Their analysis found median frequency (MF) of BD patients to range between 9.92-

12.54Hz depending on the examined brain region. Furthermore, unlike healthy control 

subjects that demonstrated a positive correlation between their MF and age, BD patients 

had a negative correlation between MF and age  (Al-Timemy et al., 2014). 

 

4.3.2.2. Altered resting-state MEG connectivity patterns in BD 

 

Table 4-2 summarizes the details of the relevant study that have been published on BD. 

Chen and colleagues (2008) had an interesting, although small, pool of euthymic (no 

overt depressive or manic symptoms) BD-I patients that was compared to matched 
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healthy controls. The authors focused on the frontal cortex’ activity thus, oscillatory 

modulations in only 11 of their 306 MEG channels were reported. Their spectral 

analysis across pairs of channels was performed using a derivative of the Similarity 

Index (SI) framework used by Arnhold and colleagues (Arnhold et al., 1999). 

Differences between patients and controls were noted based on global similarity index of 

channel pairs: patients displayed an increase in the synchronisation of delta-band (2–

4Hz) frequencies and a decrease in beta-band (12–24Hz) frequencies within nodes of the 

frontal cortex (Chen et al., 2008).  

While, there is a number of MEG studies that have examined alterations of spectral 

power in BD during tasks (Lee et al., 2010; Rich et al., 2010), as it stands and to our 

knowledge, this is so far the only MEG, resting-state, study that has evaluated functional 

connectivity in BD population. Innovative research is needed to compensate for the 

dearth of research within this patient population. 

 

4.3.2.3. Relationship to MEG task-based studies 

 

To the best of our knowledge, no MEG task-based study has explored long-range 

synchronizations in BD.  However, EEG resting-state studies, such as one by Kim et al 

(2013), have observed disrupted connections within the PFC of BD patients compared to 

controls. Future MEG studies, with and without tasks, could help elucidate more specific 

neural network patterns that are either specific to the neural organization of BD patients, 

or, alternatively, to altered patterns of information processing.  

 

4.3.2.4. Strengths and limitations of resting-state MEG studies in BD population 
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Although of important value, the resting-state MEG study by Chen et al. (2008) 

exploring long-range synchronization had a number of limitations. For instance, while 

significant information can be gathered by exploring euthymic patients (i.e., with no 

overt depressive or manic symptoms), the pool of subjects was relatively small (n=10). 

Moreover, in addition to being conducted in sensor-space, the authors focused on the 

frontal cortex’ activity, with oscillatory modulations of only 11 of their 306 MEG 

channels being reported. The investigation of the neural network connectivity pattern of 

 D using MEG is clearly is still in its’ early days and more studies are needed to 

elucidate the key connectivity patterns that define this illness. 

 

Table 4-2. Overview of MEG resting-state studies examining changes in long-range 

connectivity patterns in subjects with Bipolar Disorder.  Abbreviations, BD-I: bipolar disorder 

type I. 

Paper Frequency 

range 

Methods Patients Controls Main findings 

Chen et 

al. 

(2008)
130

 

Delta: 2-4Hz,  

Theta: 4-8Hz 

Alpha:8-12Hz 

Beta: 12-24Hz 

Similarity 

index (SI); 

using 11 

sensors from 

the frontal 

lobe 

 

Sensor-space 

2min eyes-

closed 

10 

euthymic 

BD-I 

5 males,  

mean age:  

32.5 ± 10.3 

10 

controls: 

5 males, 

mean age: 

32.2 ± 11.6 

Increased 

synchronization of 

δ frequency 

oscillations and 

decreased 

synchronization of 

 frequency 

oscillations in the 

frontal lobe in BD 

compared to 

controls. 
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4.3.4. Summary of MEG findings 

 

The present overview shows that MDD individuals have enhanced connectivity pattern 

within nodes of the DMN (as evidenced by resting-state fMRI and EEG studies), altered 

connectivity between areas of the DMN and the limbic system (particularly between 

subgenual ACC and hippocampus, as evidenced by fMRI and MEG), hypoactivity between 

regions of the CEN and the limbic system (particularly dorsolateral PFC and amygdala, as 

observed through fMRI and MEG), between the nodes of the DMN and the CEN 

(particularly hyperconnectivity between the subgenual ACC and the dorsolateral PFC, as 

noted using fMRI, EEG and MEG), and hyperconnectivity between the insula and the 

limbic system (amygdala, as noted by fMRI and MEG studies). Overall, connections 

projections from and to the subgenual ACC, as well as the dorsolateral PFC, appears to be 

critical in the treatment and expression of depressive symptoms. Figure 4-1 illustrates the 

key patterns of altered long-range connectivity in MDD patients, observed both using 

MEG and fMRI (and in some cases also with EEG). 

Most of the work in BD arises from resting fMRI research, which has observed altered 

connectivity between areas of the DMN and the limbic system (notably between the medial 

prefrontal cortex and the amygdala), hyperconnectivity between nodes of the DMN and 

CEN (particularly between the medial PFC and dorsal/ventro-lateral PFC), and 

hyperconnectivity between the ventrolateral PFC and the amygdala. Across all three 

neuroimaging modalities of fMRI, EEG and MEG, altered (mainly decrease) connectivity 

in the PFC has been noted. This hypoactivity in the frontal lobe has been thought to be due 

to the presence of psychotic symptoms in a proportion of BD patients (Anticevic et al., 

2013). 

Hence, overall, the amygdala appears to be a key region in BD. However additional 

electrophysiological studies are needed to provide insight on how key brain regions 

communicate in BD populations using tools with high temporal resolution. 
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Figure 4-1. Schematic overview of the key brain regions that show abnormal long-range 

connectivity patterns in subjects with major depressive disorder (MDD).  Here, we only show areas 

for which evidence has been confirmed across at least MEG and fMRI modalities. Orange arrows 

represent altered connection between two brain regions that has been confirmed using both MEG 

and fMRI resting state paradigms. Red arrow represents altered resting-state connectivity between 

two regions that has been confirmed across MEG, EEG and fMRI.  Abbreviations, MEG: 

magnetoencephalography, EEG: electroencephalography, fMRI: functional magnetic resonance 

imaging, dlPFC: dorsolateral prefrontal cortex, mPFC: medial prefrontal cortex, sgACC: subgenual 

anterior cingulate cortex, PCC: posterior cingulate cortex. (green-blue striped area represents 

dlPFC shown here from a medial view perspective for convenience). 

 

4.4. Challenges, pitfalls and methodological recommendations for future studies  

 

The assessment of resting-state connectivity patterns in psychiatric populations with MEG 

is a fairly new field still faced with substantial technical challenges. This section addresses 

the most important methodological issues that need to be understood and taken into 

account. Most importantly, in addition to delineating current limitations, we provide 

suggestions and methodological recommendations to help the field move forward.   
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4.4.1. Choosing an appropriate connectivity metric: Lack of a gold standard 

 

In contrast to functional connectivity estimations in fMRI, where the primary measure is 

straightforward correlation between the BOLD time series in various voxels or ROIs, MEG 

connectivity estimation is a more complex endeavor (van Diessen et al., 2015). This 

complexity has two distinct causes: first, many common connectivity metrics come with 

important methodological pitfalls, and second, the richness and multi-faceted nature of 

neuromagnetic signals can allow the exploration of a wide variety of interactions (e.g., 

phase-amplitude coupling, phase-phase coupling, etc.). A question that is thus reoccurring 

is the following: which coupling method should one use? Choosing the right connectivity 

metric to assess long-range MEG coupling is a critical decision which can easily bias the 

results of the study.  

Generally speaking, most of the commonly used interaction measures (e.g. coherence or 

phase-locking value) face, to various extents, limitations caused by linear mixing (source 

leakage), which is an inherent issue to field spread in MEG data (Schoffelen and Gross, 

2009). Although several coupling measures have been proposed (e.g. Colclough et al., 

2015; Hillebrand et al., 2016, 2012; O’Neill et al., 2015; Sakkalis, 2011), there is no 

consensus as to which one provides the best estimate of true cortical interaction. Ideally a 

reliable and robust measure would fulfill two criteria: it would be (a) minimally sensitive 

to linear mixing and (b) maximally sensitive to the specific physiological mechanisms that 

underlie the neural interaction. Indeed, there is not much use for a technique that is entirely 

immune to field spread effects if the quantity that it estimates does not capture the true 

physiological functional interaction. Without a clear hypothesis about the precise long-

range physiological coupling mechanism, one compromise that may well be worth 

considering, is to examine connectivity through a combination of complementary metrics. 

This could be achieved, for instance, through joint exploration of phase-based and 

amplitude-based measures. In this context, we encourage the assessment of phase-lag 

index (Stam et al., 2007; Vinck et al., 2011) in parallel to band-limited envelope 

correlations (Brookes et al., 2012; Hipp et al., 2012; O’Neill et al., 2015).  
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4.4.2. Sensor vs Source-level analyses   

 

While important information can be gained from combining sensor-level MEG data with 

advanced connectivity metrics, source-space network assessments are key to 

simultaneously identify the neuroanatomical substrates and functional role of the involved 

networks. Moreover, source-level estimation is critical to help bridge the gap between 

MEG and fMRI findings in the field of psychiatry. While most of the studies reviewed 

here use source-space connectivity measurements (Bowyer et al., 2015; Hinkley et al., 

2011; Nugent et al., 2016, 2015; Pathak et al., 2016; Robinson and Mandell, 2015), most 

electrophysiological studies still conduct their analyses in sensor-space. A question one 

might ask is which source estimation technique would be considered most efficient for the 

specific aim of measuring resting-state MEG source-level connectivity patterns. Most of 

the available techniques differ in their underlying assumptions about the properties of the 

sources (Baillet et al., 1999; Gross et al., 2013). Attempts to infer the most appropriate 

source reconstruction method based on real data are hard to evaluate given that the ground 

truth is unknown. Using simulations can help us appreciate the strengths and limitations of 

a coupling method, but the extent to which it is useful for its application to real data is 

difficult to assess. The lack of a reliable gold standard is a concern for MEG analyses in 

general, and for MEG resting-state network assessments in particular. One could argue that 

the discussion on identifying the best inverse method might be considered an ill-posed 

question in itself with no unique solution. Nevertheless, we expect most families of source 

estimation methods (e.g. minimum-norm or spatial filters) to provide similar results when 

applied properly. Above  all, what is most important is to understand the pitfalls and 

limitations of a chosen method, and their impact on source-space connectivity estimations 

(Hincapié et al., 2016, n.d.) 

 

4.4.3. Stability of MEG-based resting-state networks estimations 
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A challenge that is not yet entirely resolved is that of the robustness and consistency of 

MEG-based resting-state estimation over time and across participants. Recent research has 

addressed the reliability of MEG resting-state connectivity metrics (Colclough et al., 2016) 

and its test-retest reliability (Garcés et al., 2016a). Both inter- and intra-subject consistency 

of MEG resting-state network estimations have been investigated and it has been found 

that, while variability exists, seed-based and appropriate averaging techniques allow to 

compare subjects between and within groups (Wens et al., 2014). Epoch length is a 

potential source of variability that also needs to be considered when measuring resting-

state connectivity (for an EEG study, see Fraschini et al., 2016). Such parameters need to 

be carefully chosen prior to designing the resting-state MEG acquisition protocol. In 

addition, when it comes to clinical patients, it is recommended to acquire longer resting-

state data than for healthy subjects as there is a higher risk of artefacts (see next section 

4.4). The psychiatry-focused studies that were reviewed here used recording lengths that 

varied between 2 and 6 minutes, although most of them used 3-4 minutes. A gold standard 

for data length in MEG resting-state protocols is lacking.  Three minutes seems to be an 

acceptable lower limit and 4-5 minutes can be considered a reasonable recommendation, 

and likely necessary in the case of patient populations (where subsequent data loss is 

expected because of more artefacts). Similarly, there is currently no consensus on whether 

resting-state protocols should be performed with eyes open or closed. About half of the 

MEG resting-state studies reviewed here were carried out with eyes open, and the other 

half with eyes closed. Because of the relatively low number of resting-state studies in 

MEG, and because of different methodological constraints in MEG and fMRI, it seems too 

early to make a final decision. Given this, we would recommend acquiring both eyes open 

and eyes closed if possible. If this is not feasible, we suggest using eyes open with a 

fixation cross to minimize eye movements. Eyes closed resting-state is associated with 

strong alpha power increases (which might in theory interfere with subsequent network 

analyses), and participants are at a higher risk of getting drowsy and potentially falling 

asleep during the recording. 
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4.4.4. Contrasting controls and patients: Differences in artefacts and SNR 

 

Comparisons between MEG resting-state connectivity patterns obtained in controls and 

patients are faced with additional difficulties caused by the pathological conditions. 

Increased head and body movement artefacts, eye blinks and saccades in patient 

populations are not uncommon, and they all lead to poorer data quality compared to data 

acquired in healthy subjects. For equal MEG scanning durations, artefact rejection 

techniques will ultimately lead to less data being preserved for the patients, which may in 

turn yield lower signal-to-noise ratio (SNR) in patient data compared to controls. These 

differences in SNR must be avoided, or at least controlled for, since they will lead to 

differences in functional interaction patterns that may have nothing, or little, to do with the 

pathology at hand, and rather reflecting differences in data quality. Minimizing data 

rejection through the use of artefact correction techniques such as independent component 

analyses (ICA) could be of interest, although the differential application of ICA to the two 

groups (i.e. more extensive in the case of patient data) could also lead to differences that 

may bias connectivity findings and data interpretation. To address artefact-related SNR 

discrepancies between patients and controls, we recommend planning to acquire more data 

in patients from the start of the project, or alternatively to use a subsample of data from the 

controls to achieve comparable SNR across the two groups. 

A second, often overlooked, issue is that pathological changes in local signal amplitude 

can affect the estimation of long-range connectivity in patients, and thereby lead to group 

differences that are in fact a reflection of inadequate or unreliable coupling estimation. 

This can occur because lower signal amplitudes (that equate noise levels) will de facto lead 

to lower SNR. A lower SNR within a given frequency band can affect, for instance, the 

estimation of phase. In such a case, the reduction or vanishing of a measure of inter-areal 

phase coupling, compared to controls, cannot be taken as an indication of connectivity 

break down, rather it is the result of poor phase estimation in patients due to lower local 

SNR. This phenomenon will also affect inter-areal cross-frequency phase-amplitude 

coupling. Overcoming such limitations is not trivial. A good rule of conduct is not to focus 

on inter-areal interaction measures alone, but to systematically calculate spectral power in 
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the frequencies and nodes of interest. If the powers show statistically significant 

differences across the groups, one could attempt to randomly use subsamples of data in 

order to control for the effect of amplitude across the two groups (bootstrapping and 

stratification techniques could be useful here).  

 

4.4.5. Effect of age and medication on connectivity patterns in psychiatry 

 

In both healthy and pathological populations, age has been shown to be an important 

variable that can affect brain structure, cognitive functions and connectivity patterns 

(Fucetola et al., 2000; Paus et al., 2010; Tamm et al., 2002). At the anatomical-level, 

volumes of cortical grey and white matter change with age.  On one hand, among neuro-

typically developed individuals, grey matter density of frontal and parietal lobes displays 

an inverted-U pattern, with volume increasing until adolescence, then declining. However, 

this may not be the case of other brain regions (Giedd et al., 1999; Paus et al., 2010). On 

the other hand, white matter volume appears to steadily increase until around 30 years of 

age (Giedd et al., 1999; Paus et al., 2010). At the functional level, task-based studies in 

fMRI have observed focal increases in activity with age, for instance, in the dorsolateral 

PFC, ventrolateral PFC and premotor cortex (Kwon et al., 2002). Changes in connectivity 

between certain brain regions also seem to take place with age. Of note, long-range 

synchronizations that underline the processes of cognitive functioning (e.g., attention, 

working memory, inhibition) appear to grow in strength until the third decade of life 

(Adleman et al., 2002; Tamm et al., 2002). Compared to these findings in healthy cohorts, 

deficits observed in illnesses, such as schizophrenia, are found to be similar, albeit with 

steeper decline in some function, such as abstract thought (e.g., Fucetola et al., 2000).  

Age of illness onset is also an important factor to take into consideration as early/pre-

adolescence onset of psychopathologies typically correlate with worse prognosis and more 

severe clinical symptoms (Clemmensen, 2012; Strober et al., 1988).  Moreover, in BD, 

early onset is seen to be linked to more comorbid disorders (e.g., anxiety, substance abuse), 

shorter euthymic periods and more attempts of suicide (Carlson, 2000; Perlis et al., 2004). 
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Taken together, age is a critical to factor-in when conducting connectivity analyses or 

correlations between symptoms and connectivity patterns, particularly in psychiatric 

population, to ensure that statements made about group differences are in fact due to true 

discrepancies between the evaluated cohorts, and not due to an age effect (Bijanki et al., 

2015). 

Medication is also a variable for that has substantial effects on the neural network of 

psychiatric patients, with different types of pharmacotherapies impacting connectivity in 

distinct ways (e.g., selective seratonergic vs noradregenic reuptake inhibitor, (McCabe and 

Mishor, 2011).  A review of longitudinal MRI-based studies noted that part of the grey 

matter volume decreases and ventricle enlargement in schizophrenia patients could be 

explained by cumulative exposure to antipsychotic treatment (Fusar-Poli et al., 2013). In 

MDD, antidepressant treatment seems to modify the connectivity between the nodes of the 

DMN, as well as cortico-limbic connectivity, both at rest and during affective tasks (e.g., 

(Anand et al., 2005b; Gudayol-Ferré et al., 2015)).  However, other studies find the effect 

of psychotropics on functional connectivity to be inconclusive (Nejad et al., 2012). Part of 

the difficulty in untangling the influence of treatment lies in the complexity of conducting 

longitudinal studies, which ideally include drug naïve patients that are either individuals at 

risk of developing a psychiatry illness or first-episode psychosis or mania patients, as well 

as chronic patients to compare to. A number of studies that have investigated birth cohorts 

(e.g., Jääskeläinen et al., 2015) have enlightened the field the most as they take into 

account maximal information regarding context, neurodevelopmental factors, 

environmental influences, longitudinal notes on symptoms and treatments effects. 

 

4.5. Conclusions and future directions 

 

This review is the first of its kind to examine the literature’s findings on resting neural 

network connectivity patterns of bipolar disorder and major depression disorder, based on 

magnetoencephalography studies. A global analysis of current scientific papers 

demonstrate that the two illnesses display functional abnormalities that affect the way 
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information is integrated, locally, and transferred from one brain region to another through 

long-range connections. Moreover, this review illustrated that resting-state neuroimaging 

paradigms are a useful way to access the disorganized brains of individuals with 

psychopathologies. Finally, although still in its early days, MEG carries the potential to 

significantly advance our understanding of large-scale network alterations associated with 

psychiatric disorders (Reite et al., 1999). 

Overall, the PFC, in particular the medial PFC which is at the core of the DMN and of 

social cognition, is affected across both psychopathologies.  Given that this brain region is 

one of the last to develop during neurodevelopment (Casey et al., 2000; Taylor et al., 

2014), it is not surprising that most mental health issues arise during adolescence and that 

any early brain-damage, detrimental environmental factor, or oxidative stress can affect a 

person’s personality, theory of mind, emotional maturity, empathy and healthy resting 

neural wiring (Carrion and Wong, 2012; Grossmann, 2013; Kolb et al., 2012). Of note, 

among depressed individuals, patterns of dysfunctional connectivity are repeatedly 

observed across the three major neuroimaging modalities reviewed (fMRI, EEG, MEG), 

particularly altered long-range connectivity between the DMN and the limbic system, as 

well as between the DMN and the CEN. In MDD population, the recurrent dysfunctional 

connectivity patterns involved the subgenual ACC. As for the BD literature, the most 

consistent findings stemmed from resting fMRI studies, where functional connectivity was 

altered between regions of the DMN and the amygdala in BD.  

An explanation for the imbalance in the amount of scientific papers published in these two 

mood disorders could be that depression is the mental illness affecting the largest 

percentage of individual world-wide in its various forms (e.g., MDD, postpartum 

depression, seasonal onset depression, etc.), while BD is symptomatically more complex 

and heterogeneous. Thus, when interpreting neuroimaging results, researchers should 

consider the effect of additional psychological factors, such as manic/cyclic mood and 

history of psychosis (Anticevic et al., 2013), as well as medication when attempting to 

untangle the connectivity pattern affiliated with BD. 
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Our recommendations for future studies are to further explore the potential of examining 

functional and effective neural network connectivity in psychiatric disorders using a 

combination of tools, multimodal imaging techniques, yet employ common terminology 

(Cetin et al., 2015). As far as MEG is concerned, performing the connectivity analysis in 

source-space is highly recommended to improve the interpretability of the findings. In 

addition, the informed choice of the connectivity framework and network metrics is critical 

to avoid misinterpretations. The use of advanced methods such as graph metrics or 

machine learning as a data-mining tool in this field is also a promising venue for future 

research. By doing so, a more complete picture of how mental illness affects information 

propagation can be acquired, thus allowing for the development of more efficient treatment 

for patients.  
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5. REAL DATA ANALYSIS: PRELIMINARY RESULTS. 

 

5.1. Introduction 

 

This chapter corresponds to the preliminary results with real data, where we aim to 

compare cortico-cortical coherence estimations using MNE and LCMV to reconstruct the 

sources. Given the nature of the data set we are working with, to achieve that objective we 

need a preliminary stage where we perform an acoustic-cortical coupling estimation. This 

chapter presents preliminary results for that first stage of the analysis. 

We use a data set from a study that examines changes in the properties of acoustic-cortical 

coupling when speech perception shifts from normal to fast speech rate. Speech is a quasy-

rhythmic signal. Among the cues that carry rhythmic information there are the speech rate 

and the pitch or fundamental frequency (f0) of speech.  Various studies have shown 

coupling of ongoing oscillations in auditory regions to the amplitude envelope of the 

speech signal, which characterizes speech rate, (Ahissar et al., 2001; Peelle et al., 2013) or 

to its fundamental frequency (Bourguignon et al., 2013; Clumeck et al., 2014). Recent 

findings with fMRI also show an alignment between oscillatory activity in auditory and 

premotor regions in speech-relevant frequency bands (Giraud et al., 2007; Morillon et al., 

2010;  Rauschecker and Scott, 2009; Hickok and Poeppel, 2007). Thus, with this data set, 

we expect to observe acoustic-cortical coupling in auditory, premotor and speech related 

regions. Figure 5-2 shows the functional cortical areas of the brain, including 

aforementioned regions. The work with this data set has been possible thanks to a 

collaboration with the CoCo lab from the Département de Psychology, at the Université de 

Montréal, Canada, and the Laboratoire Dynamique du Langage, CNRS/Université Lyon 2 

UMR5596, France. 
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Figure 5-1. Functional cortical areas of the brain. 

 

This preliminary work consists of the source time series reconstructions using the MNE 

and the LCMV beamformer and the subsequent computation of task-related oscillatory 

power and cortico-acoustic coherence for one subject. For MNE, we evaluated the L-curve 

and the estimation used by Hui et al (2010) to optimize the regularization parameter. We 

used two reference signals for the cortico-acoustic analysis: the envelope of the speech 

signal (that corresponds to the syllable rate) and the raw speech signal. We used the 

envelope of the speech signal as reference for the coupling analysis at the frequency band 

associated with speech rate (5 – 7 Hz); and we used the raw signal as reference for 

coupling analysis at the fundamental frequency of speech (77 – 81 Hz). We worked with 

one subject as a pilot to test the pipe-line. Figure 5-2 illustrates the procedure for the 

cortico-acoustic coupling analysis. Our preliminary results show clear differences between 

the MNE and LCMV reconstructions in both the power and cortico-acoustic maps.   

The next section (section 5.2) shows the preliminary results for the pilot subject. Section 

5.4 presents a discussion and future direction of this work. Section 5.3 contains 

complementary methodological information about the task, the participants of the study, 

data preprocessing and envelope computation.  

https://my-ms.org/anatomy_brain_part1.htm
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Figure 5-2. Methodology used for the acoustic-cortical coupling analysis.  The computation of the 

acoustic-cortical coherence requires three inputs: the reference signal, that in this case is the speech 

recordings; the functional data, that are the MEG recordings; and the anatomical data that is the 

MRI of the subject. To compute the cortical entrainment at the syllable rate, we used the envelope 

of the speech as the reference signal; to compute the cortical entrainment at the fundamental 

frequency, we used the raw speech signal as reference. To create a source space useful for group 

analysis, we transferred the MNI anatomical grid template to the MRI template of the subject. After 

preprocessing the individual MEG recordings, we computed the source modelling and acoustic-

cortical coupling.  

 

5.2. Preliminary results 

 

For MNE, the reconstruction maps we present in this chapter were obtained using the L-

curve optimal value, which was 8.3e-15.  We also evaluated the optimal estimate suggested 

by Hui et al (2010). The optimal estimate proposed by Hui et al (2010) is the five percent 

of the maximum value of the Singular Value Decomposition (SVD) of the lead fields. The 

optimal estimated value in this case was 8.3e-3. We reconstructed the sources evaluating 
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both optimal values, values three orders of magnitude bigger and smaller than both optimal 

estimates and three values between them (8.3e-8, 8.3Ee9, 8.3e-10), without getting any 

significant changes on the coherence and power reconstructions.  

Figure 5-3 shows the cortico-acoustic coherence and power maps at 5-7 Hz generated with 

the MNE and LCMV reconstructions using the speech envelope as reference. The 

reconstructions of MNE and LCMV lead to differences in both cortico-acoustic and power 

maps. Cortico-acoustic coupling of LCMV reconstruction shows an entrainment of 

auditory areas on the left hemisphere; on the right hemisphere shows a broad entrainment 

of cortical areas, including cortical auditory and motor areas. LCMV power maps show a 

broad increase in local syncrhonization with respect to the base-line, including cortical 

auditory and motor areas. MNE reconstructions generate sparse coherence and power 

maps, which might indicate the use of a sub-optimal regularization parameter.  

Figure 5-3. Cortico-acoustic coherence and power maps (5-7 Hz) generated with MNE and LCMV 

reconstructions using the speech envelope as reference. 

 

Figure 5-4 shows the cortico-acoustic coherence and power maps (77-81 Hz) generated 

with the MNE and LCMV reconstructions using the raw signal as reference. Cortico-
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acoustic coupling map of MNE reconstruction shows an entrainment of auditory areas on 

the left hemisphere; on the right shows a sparse reconstruction with maximums in regions 

different from the ones we expected. LCMV reconstruction shows a higher level of 

entrainment of auditory areas that surround the auditory regions.  oth method’s power 

maps show a broad increase of local synchronization with respect to the base-line, that in 

the LCMV case surrounds the auditory and motor areas.  

 

Figure 5-4. Cortico-acoustic coherence and power maps (77-81 Hz) generated with MNE and 

LCMV reconstructions using the raw signal as reference. 

 

5.3. Discussion and future directions 

 

Our preliminary results show differences in the estimation of both power and cortico-

acoustic coherence maps generated by MNE and LCMV source reconstructions. As these 

results were obtained analyzing the data for one subject, we cannot derive conclusions on 

the comparison of the methods. The next step is to run the analysis for all subjects in the 

study (24) and perform a group statistical analysis to obtain the areas that show a statistical 
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significant cortico-acoustic coupling. Also, as our simulation study was based on cortico-

cortical coherence, we need to perform a subsequent cortico-cortical coupling analysis with 

this real data set to comparatively analyze both results. The statistical analysis will also 

allow us to select a region from the auditory cortex that will serve us as reference for that 

subsequent cortico-cortical coupling analysis with this real data.  

Regarding MNE regularization parameter optimization, for our simulations data set the 

estimate proposed by Hui et al (2010) was equivalent to the optimal average regularization 

parameter for coherence reconstructions, while the L-curve estimate was an order of 

magnitude higher. In this preliminary analysis, the estimated optimal value obtained with 

the estimation proposed by Hui et al (2010) was several orders of magnitude lower than the 

one with the L-curve (8.3e-3 and 8.3e-15 respectively). We evaluated both estimated 

optimal values, close values below and above them, and values between them, getting no 

significant differences on the coherence and power reconstructions. An interesting next 

step is to verify whether the optimal value of lambda we found for this subject holds for 

the others subject’s data.  

 

5.4. Complementary methodological information 

 

5.4.1. Participants 

 

24 French native speakers participated in the study after provide informed consent (14 

females, mean age 23 years, range 18-45 years, mean manual literality 94 – Edinburgh 

score). All participants were right-handed and reported normal hearing.  

 

5.4.2. Stimuli  

 

Three hundred sentences (7-9 words) were created following the same syntactic structure: 

Determiner – Noun 1 – Verb – Determiner – Noun 2 – Preposition – Determiner – Noun 3. 
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Semantic plausibility of Noun 3 (disyllabic target word) within the sentence context was 

manipulated so that it was congruent with the context in half of the sentences (n = 150) and 

incongruent in the other half (n = 150). Each target word appeared both in a congruent and 

an incongruent context (e.g., “Sa fille déteste la nourriture de la cantine” / His daughter 

hates the food at the canteen and “Le public applaudit le joueur pour sa cantine” / The 

public applauds the player for his canteen). In all cases, the plausibility of the sentence 

was obvious as revealed by a pilot questionnaire proposed to 12 healthy adults. 

Sentences were recorded by a French native male speaker (44.1 kHz, mono, 16 bits) in a 

sound-attenuated booth using ROCme! Software (Ferragne et al., 2012). Each sentence 

was recorded twice, at a normal and then at a fast rate. The procedure was the following: 

the sentence was first displayed on a computer screen in front of the speaker who was 

instructed to silently read it and to subsequently produce it aloud as a declarative statement 

at his normal speech rate. Next, the sentences were produced at a fast rate using the same 

procedure. The speaker could produce each sentence several times so that the recorded 

version was as fluent as possible.  

The durations of the sentences and the number of produced syllables for each sentence 

were then calculated with Praat software  (Boersma and Weenink, 2013). The average 

speech rate was 6.76 syllables/s (SD 0.57) for natural normal sentences.  

 

5.4.3. Data Recording and Task 

 

Brain activity of the 24 participants was recorded using a 275-channel whole-head MEG 

system (CTF OMEGA 275, Canada) at 1200Hz sampling rate. Participants were in seated 

position. The participants listened to sentences at different speech rates. The speech rate 

conditions were presented randomly to the participants. The task was to detect beep-sounds 

embedded in random sentences. These trials were excluded from the analysis. During the 

task, the subject fixated on a white cross placed at the center of a screen in front of him. 
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5.4.4. Data Analysis 

 

To perform the data analysis, we used a combination of custom code written in MATLAB 

(Mathworks Inc., MA, USA) and functions from Brainstorm (Tadel et al., 2011) and 

FieldTrip (Oostenveld et al., 2011) toolboxes.  Below is the description of the processing 

of the speech recordings (I), MEG data (II), MRI data (III), and source localization and 

connectivity analysis (IV). 

I. Speech Recordings (reference signal): 

We computed the envelope of the signal as  Peelle et al., 2013: we first rectified the signal, 

then we low-pass filtered it (30 Hz, fifth order Butterworth filter, zero-phase digital 

filtering). The time of interest was between 200ms and 1000ms post-trigger (equal to the 

time of interest of the functional data - MEG data). 

II. MEG data: 

We rejected data segments contaminated by eye blinks, heart-beat and muscle artefacts 

using a semi-automatic procedure of Fieldtrip. We first filtered the signals at 50, 100 et 

150 Hz (using ft_preprocessing) and re-sampled the data to 300Hz (using ft_resampledata), 

and visually inspected the deviant trials and rejected them (using ft_rejectvisual). Then we 

detected the EOG artifacts (using ft_artifact_eog), the jump artifacts (using 

ft_artifact_jump) and, the muscle artifacts (using ft_artifact_muscle) and rejected them 

(using ft_rejectartifact). After, we visually checked the trials. Finally, we performed an 

Independent Component Analysis (ICA) to correct the ECG artifacts: we found the ICA 

components (using ft_componentanalysis), and then plotted them to manually rejected 

them (using ft_rejectcomponent).  

III. MRI data: 

The T1-weighted structural magnetic resonance images (MRIs) of 23 of the 24 participants 

were acquired after the MEG study. For the subject data set used in this analysis, we 

aligned the MRI to the MEG coordinate system using the localization coils marked on the 

MRIs and the interactive alignment option of Fieldtrip.  We segmented the MRI and 
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computed the head model for the participant using the single-shell as volume conductor 

model (Nolte, 2003).    

 

IV. Source Localization and Connectivity Analysis: 

We estimated the source time-series using MNE and LCMV beamformer and then we 

estimated cortical-acoustic coherence.  Coherence is defined as the linear correlation 

between two signals as a function of frequency. Mathematically is defined as: 

Coh (ref,rc,f) = |Cs(ref,rc,f) |
2 

/ (Cs(ref,ref,f) Cs(rc,rc,f))           (5.1) 

Where ref is the reference signal, that in our case was the envelope of the speech signal; rc 

is the signal at each of the vertex of the anatomical grid estimated with each one of the two 

methods; f is the frequency bin and Cs is the cross spectral density matrix. For both the 

active period and the base line, we computed the cross spectral density matrix using the 

multitaper fast fourier transform, with +1 Hz smoothing, at the mean of the frequency 

bands defined for each analysis.   
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6. CONCLUSIONS AND FUTURE PERSPECTIVES 

 

The main objective of this project was to compare the effect of using one of three distinct 

MEG inverse methods on source-level cortico-cortical coherence estimation, primarily 

using extensive MEG data simulations and, to probe implications with real MEG data. We 

met this objective by building a framework where we systematically compare the 

performance of the methods to reconstruct the interactions between simulated sources and 

is ready to use with real data. 

An important step to assure an objective comparison between MNE and beamformers is 

the optimization of the MNE regularization parameter, since the performance of MNE 

highly depends on it. This was the subject of our first article, where we addressed a 

question that has generally been overlooked in the field: Should one use a different amount 

of regularization depending on whether one is interested in estimating local activity or in 

detecting inter-areal connectivity? Our results based on simulations (21,600 source 

configurations) suggest that optimal results are obtained when setting different 

regularization parameters, to estimate the source time series with MNE, for the analysis of 

power and coherence. Coherence estimation in source-space is enhanced by using less 

regularization than what is used for spectral power analysis. Some practical guidelines for 

MNE users would be that one should regularize one to two orders of magnitude less when 

performing connectivity analysis, compared to local spectral power estimations. 

Furthermore, if one plans to run both power and coupling analysis based on MNE source 

estimates, ideally two distinct inverse operators should be implemented. Finally, we found 

that SNR and the spatial extent of the source generally have a stronger impact on 

regularization coefficient selection than coupling strength. 

Once we had an optimal regularization parameter for MNE, we set out to compare the 

three methods using Monte-Carlo simulations, which was the subject of our second article. 

We found that there are significant differences in the performance of the methods when 

reconstructing cortico-cortical interactions measured as coherence. We demonstrated that 
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these differences depend on source parameters like size and intra-source coherence. 

Overall, the spatial filters (LCMV and DICS) provide a better estimation of coherence for 

point-like sources (two coupled single-dipole sources), whereas MNE provides better 

coherence reconstructions when the simulated sources consisted of perfectly coherent 

extended patches (intra-patch coherence of 1). For perfectly intra-coherent patches, 

misallocation and cancellation of the signal due to interference of correlated sources 

reconstruction was observed, leading to poor coherence reconstructions. This effect 

disappears if intra-patch coherence is reduced. 

Besides the size of the patches and their level of intra-coherence, we also evaluated the 

effect of SNR, strength of coupling between the sources and distance between the sources. 

With respect to the SNR beamformers are, in general, more robust to variations in SNR 

than MNE. Increments in the value of strength of coupling lead to increases in MNE 

performance to reconstruct interactions in all cases and in beamformers performance of 

point-like sources. Interestedly, the strength of coupling has no effect on the reconstruction 

of interaction of totally-coherent patches. In the case of distance between the sources, 

MNE appears to be more robust than beamformers for both totally and partially-coherent 

patches. 

We also demonstrated that power detection results do not systematically follows 

interaction detection results. Beamformers had a good performance detecting all kind of 

sources, yet they failed to reconstruct patches with total intra-patch coherence. The 

performance of the three methods to reconstruct power was in all cases higher than their 

performance to reconstruct interactions. This leads us to suggest that the results from brain 

activity studies should not be extrapolated to studies on brain interactions. 

Although LCMV and DICS beamformers are based on the same algorithm, they compute 

the data covariance differently and DICS use regularization while the standard LCMV does 

not.  In general, both beamformers had no significant differences in their performance, but 

DICS tended to perform better to reconstruct interactions than LCMV being computed in 

lesser time.  
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We used the data from the simulations to test whether the joining the results of MNE and 

LCMV could lead to a better reconstruction of the interactions between the sources. We 

found that this was not the case. This is an important outcome for real data analysis, where 

the ground truth is not known. Our results suggest than the better we know the properties 

of the sources (their size, the degree of coherence between the elements inside them), the 

better we can do to choose an adequate inverse method. 

Our third article highlights the importance and vast potential that MEG connectivity 

analysis has on clinical research. As shown there, most of the studies on resting-state 

connectivity on MMD but especially in BD have used fMRI. Given the dynamic nature of 

brain networks, high temporal resolution techniques like MEG are needed to understand 

and characterize them. The reviewed literature highlights the relevance of exploring local 

and inter-regional rhythmic synchronization in order to explore the pathophysiological 

underpinnings of each disorder. We also highlight the methodological challenges of MEG 

connectivity analysis, where an important one is the effect of the inverse method, the focus 

of this project. 

Our preliminary results with real data suggest differences on the outcome obtain with 

MNE and LCMV beamformer reconstructions of power and coherence analysis. It also 

suggests differences between simulations and real data with regards to the MNE 

regularization parameter optimization.  

The methods used (simulations, inversion methods, and coherence as connectivity 

measure) in this thesis work are independent from the frequency per se. The parameters we 

chose to illustrate the performance of the methods represent patterns that we often see in 

real data. Noteworthy, we are not claiming that brain activity has the same behavior along 

all frequencies: neurophysiological processes generate oscillations in different frequency 

bands which have their own spatial-temporal characteristics. Nonetheless, the tools we 

generally use to detect these oscillations in different frequency bands are identical. 

Previous studies (Hui et al, 2010) have also used one or a few representative frequencies 

(mainly the alpha band), even the articles in which the methods are implemented (Gross et 

al., 2001). 
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The framework developed for this project allows us to easily study other parameters that 

might be relevant to understand how the inverse methods affect the MEG connectivity 

analysis. Starting with the configuration of the sources, it would be interesting to study 

how different levels of intra-patch coherence affect the performance of the beamformers. 

In this project, we studied two values (1 and 0.2), but as the effect of this parameter was 

significantly important for the performance of the beamformers, it will be interesting to 

find out at which value of intra-patch coherence the beamformers performance start to 

decrease and what is the effect on MNE. Another interesting parameter is the distance 

between the sources. As the focus of this project were long-range interactions, the 

minimum separation between the borders of two sources was 7.3 cm, which is already far. 

As it seems beamformers are affected by this parameter, it will be informative to know 

how the performance of the methods vary with the distance between the sources. 

The definition of noise is an issue of debate in the field. Some studies indicate that MEG 

noise is not necessarily white. More globally, the noise definition differs among the 

studies. This is due to the different sources that contribute to what is noise (this can be: 

ongoing spontaneous brain activity, instrumentation/ measurement noise). Actually, noise 

definition has changed over the last 15 years, since what it was considered as noise has 

become information of interest. This, for example, is the case of the resting state MEG 

recordings of ongoing spontaneous brain activity, which was considered for long time to 

be a noise signal but since more than 15 years we increasingly explore this signals as 

reflective of structure of organized resting state networks activity. Some studies that talk 

about non-Gaussian noise talk, at least in part, of these patterns of activity that have spatial 

and frequencies profiles. In our simulations, we did not simulate this kind of resting state 

networks, and therefore using white noise could be less problematic when comparing 

performance of two techniques.  In this thesis work, we considered cases where only two 

coherent sources are simultaneously active and where the sensor-level noise is Gaussian 

and uncorrelated across sensors. In the brain, many sources are active at the same time, 

some of them interacting with each other. Future studies should address the effects of more 
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complex source configurations, with several simultaneous active sources that are both 

coherent and non-coherent with each other, and more realistic noise profiles (e.g., 

correlated noise across sensors). 

We chose to focus on coherence as measure of connectivity, because being the first study 

to address the impact of the inverse method on the estimation of inter-areal interactions, we 

decided it would make sense to use one of the most widely used standard frequency 

domain coupling metrics, where the physiologically realistic interaction was warranted. 

Nonetheless, many MEG studies nowadays seek to estimate connectivity by ignoring zero-

phase-lag interactions because of its susceptibility to source leakage. Therefore, it would 

be highly informative to compare the impact of source reconstruction methods on the 

detectability of these phase-lagged interactions (e.g. using imaginary coherence). This 

analysis would include the use of multiple connectivity metrics for simulation and 

detection, in addition to varying the simulation parameters (like SNR, coupling strength, 

patch size), and using different reconstruction methods.  
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