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GENERAL INTRODUCTION 

Two types of dementia: Alzheimer’s disease (AD) and behavioural variant of 

frontotemporal dementia (bvFTD) 

Dementia is a syndrome that may be caused by different brain disorders and that is associated 

with a wide range of symptoms including perturbed cognitive and behavioural functions, and 

eventually the loss of abilities to perform daily activities. Alzheimer’s disease (AD) is the main 

cause of dementia (Scheltens et al., 2016), and accounts for 50 to 70 percent of cases. The cause 

of AD is poorly understood, and its diagnosis and treatment are still challenging.  

 

  This dissertation concentrates on typical AD (Dubois et al., 2010; 2014). According to the 

International Working Group-2 (IWG-2) criteria from 2014 (Dubois et al., 2014), the research 

diagnosis of typical AD can be made in the presence of an amnestic syndrome of the 

hippocampal-type based on significantly impaired performance on episodic memory tests, and at 

least one of the in-vivo pathophysiological AD biomarkers: decreased amyloid-β1-42 together 

with increased total tau (T-tau) or phosphorylated tau (P-tau) in cerebrospinal fluid (CSF); 

increased tracer retention on amyloid positron emission tomography (PET); AD autosomal 

dominant mutation present in presenilin (PSEN1 and PSEN2) or amyloid precursor (APP) genes. In 

addition to the aforementioned diagnostic criteria, downstream topographical biomarkers, such 

as atrophy of the medial temporal lobe (particularly the hippocampi) assessed by magnetic 

resonance imaging (MRI), and cortical hypometabolism measured by 
18F-2-fluoro-2-deoxy-D-glucose (18FDG) PET have been considered as progression biomarkers to 

monitor the course of disease (Dubois et al., 2014).  

 

  BvFTD, another type of dementia, is the second most common dementia in patients under 65 

years of age (Ratnavalli et al., 2002). In contrast to AD, patients with bvFTD mainly present 

behavioural and cognitive symptoms, such as early behavioural disinhibition (symptom 

presentation within the first three years), apathy, loss of sympathy, perseverative or compulsive 

behaviour, hyperorality and dietary changes, and executive deficits with relative sparing of 

memory and visuospatial functions (Rascovsky et al., 2011). Moreover, neuroimaging findings 

could also provide evidence of bvFTD, such as frontal and/or anterior temporal atrophy on MRI or 

computed tomography (CT), frontal and/or anterior temporal hypometabolism on PET or 

single-photon emission computed tomography (SPECT) (Rascovsky et al., 2011).     

 

However, until now, there are no single or combined universal biomarkers that could accurately 

diagnose either AD or bvFTD, and there is no complete understanding of their underlying 

mechanism. Therefore, developing new diagnostic biomarkers for AD and bvFTD is still needed. 

 

Electroencephalography (EEG) and magnetoencephalography (MEG) 

EEG and MEG respectively measure oscillatory electrical and magnetic fields that are induced by 

electrical brain activity at a macroscopic scale with high temporal resolution (Jensen et al., 2014; 

Lopes da Silva, 2013). EEG and MEG rhythms of different frequencies reflect different neural 

generators, in particular at the synaptic level, and are likely to be involved in fundamental 

cognitive processes, such as attention, different types of memory, language and perception 
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(Buzsáki and Draguhn, 2004; Fries, 2005; Buzsáki, 2006; Wang, 2010; Siegel et al., 2012). 

Therefore, EEG and MEG have strong potential to provide biomarkers for diagnoses in AD and 

bvFTD.  

 

  In the brain, neural information is transferred among billions of neurons through trillions of 

synapses. The EEG records electrical potential differences at the scalp that are generated by 

post-synaptic currents of synchronously activated neural ensembles. Simultaneously, a weak 

(about 100-1000 femtotesla) magnetic field is generated around these post-synaptic currents, 

which can be detected by MEG apparatus using Superconducting Quantum Interference Devices 

(SQUIDs). In general, EEG mainly reflects the extracellular currents, while MEG is more sensitive 

to the primary intracellular currents (Lopes da Silva, 2013). Moreover, EEG and MEG are 

differentially sensitive to the tangential and radial components of dipolar sources (Hillebrand and 

Barnes, 2002). In principal, EEG and MEG measure different aspects of neural activity, but reflect 

the same elementary neuronal phenomena.  

 

  Due to their high temporal resolution, EEG and MEG signals have a broad frequency spectrum, 

ranging from less than one hertz (Hz) to a few hundred Hz. Conventionally, EEG and MEG signals 

are analysed after being filtered into five classical frequency bands: delta (0.5-4 Hz), theta (4-8 

Hz), alpha (8-13 Hz) and beta (13-30 Hz) (for MEG, gamma band (30-48 Hz) is also considered). In 

general, low frequency oscillations (delta band) tend to arise from long-distance connections 

between cortical and subcortical areas (Steriade, 2006). Intermediate-frequency oscillations are 

thought to modulate the information transfer in localized cortical regions, such as the 

hippocampal formation (theta wave) and in thalamocortical systems (alpha band) (Amzica and 

Lopes da Silva, 2011). Oscillations at higher frequency (beta band) are thought to achieve transfer 

of packets of specific information among relatively discrete populations (Freeman, 2003). Gamma 

waves have been involved in conscious perception or the binding problem (Fries et al., 2007; 

Bartos et al., 2007; Buzsáki and Wang, 2012). Of note, one recent study has demonstrated that in 

mouse models gamma oscillations could activate immune cells to attenuate Alzheimer’s 

disease-related amyloid-β (Aβ1-40 and Aβ1-42) deposits in the hippocampus, which highlights 

the pathological role of gamma neural networks in Alzheimer’s disease. 

 

  Apart from the advantages of having a high temporal resolution, EEG and MEG have varying 

spatial resolution (on the order of centimetres for EEG, and millimetres for MEG). Moreover, in 

EEG and MEG, multiple sensors may pick up activity from a single source (known as field spread 

in sensor space, or signal leakage in source space) and signals from different sources may be 

mixed in a single sensor (Schoffelen and Gross, 2009; Palva and Palva, 2012), both of which can 

give rise to spurious estimates of functional/effective connectivity and affect estimated network 

topology. Therefore, it is necessary to project the sensor-space signals into atlas-based source 

space using appropriate source reconstruction techniques (Baillet et al., 2001), such as minimum 

norm estimation (MNE; Hämäläinen and Ilmoniemi, 1994) or beamforming approaches 

(Hillebrand and Barnes, 2005). Beamforming is a spatial filtering approach that reconstructs the 

source-space signals as a weighted sum of all the sensor-space signals (Hillebrand and Barnes, 

2005). The main assumption behind beamforming is that spatially distant neuronal sources are 

linearly independent (Hillebrand and Barnes, 2005). Compared with MNE, the beamforming 
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makes a minimum amount of assumptions. Therefore, throughout the thesis, we utilized 

beamforming to localise brain activity. The detailed concepts and computational details of 

beamforming and atlas-based beamforming can be found in (van Veen et al., 1997; Robinson and 

Vrba, 1999; Hillebrand and Barnes, 2005; Hillebrand et al., 2005) and (Hillebrand et al., 2012, 

2016), respectively, as well as in subsequent chapters. 

 

Recent studies have consistently shown that healthy controls, AD and bvFTD patients can be 

differentiated by performing EEG- and MEG-based functional brain network and 

functional/effective connectivity analyses (Stam and van Straaten, 2012; Tijms et al., 2013; 

Pievani et al., 2011; Stam, 2014a). Moreover, important relationships between EEG- or 

MEG-based network/connectivity measures and aforementioned findings on perturbed 

cognitive/executive performances and disease-associated pathophysiological biomarkers have 

been consistently reported (Stam, 2014a). Therefore, EEG and MEG can not only be used to study 

the two dementia types from a network perspective, but also provide indispensable support for 

the pathophysiological hypotheses. 

 

 
Fig. 1. Schematic diagram of a graph consisting of nine nodes connected by twelve links. 

 

Graph theory and modern network theory 

Because of its simplicity and generalizability, graph theory, as a branch of discrete mathematics, 

can be used to model and characterise the topology of brain networks. A graph consists of nodes 

that are connected by links (see Fig. 1). The Swiss mathematician Leonhard Euler (1707-1783) 

introduced graph theory as a tool to solve the famous Königsberg Bridge Problem. This problem 

asks whether the seven bridges in the city of Königsberg over the river Preger can all be traversed 

in a single trip without doubling back. Leonhard Euler solved the problem by simplifying this 
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complex system as a binary graph: nodes and links respectively represent landmasses and bridges 

in Königsberg. The significance of Euler’s work is that graph theory provides a generalizable 

framework to transform abstract and complicated problems into topological analysis of simple 

graphs. Originally, graph theory studied simple and deterministic graphs (some ordered graphs 

with regular topological structures). In the 1950s, important developments of statistical graph 

theory, in particular random graph models introduced by Paul Erdős and Alfréd Rényi (Erdős and 

Rényi, 1959), widened the scope of graph theory. Since then, the theory of random graphs 

(Bollobás, 2001; Newman et al., 2001), an intersection between graph theory and probability 

theory, has been studied extensively.  

 

At the end of the 1990s, small-world (Watts and Strogatz, 1998) and scale-free (Barabási and 

Albert, 1999) phenomena were discovered in real-world networks, such as social, economic, and 

neural networks. In 1998, using a random rewiring network model, Watts and Strogatz showed 

that an intermediate small-world network topology emerges between regular and random 

networks. In 1999, Barabási and Albert found that many real-world networks are also scale-free: 

these networks have a degree distribution that follows a power law, and consist of a few hubs 

(defined here as highly-connected nodes; Fig. 1) and many nodes with low degree (the number of 

connections attached to a node) nodes. In 2002, another important feature of complex networks, 

community structure or modularity (Fig. 1) was discovered in many real-world networks by 

Girvan and Newman (Girvan and Newman, 2002). Modules can be defined as clusters of nodes 

within a graph such that there is a higher density of links within clusters than between them. 

These topological properties of a network can be characterised and quantified using a variety of 

network metrics (Rubinov and Sporns, 2010). Small-worldness characterises the combination of a 

high clustering coefficient and short average path length (Watts and Strogatz, 1998). The degree 

distribution of a scale-free network follows a power law, which can be used as an indicator of 

scale-free network (Barabási and Albert, 1999). To measure the strength of partition of a network 

into modules, many modularity measures have been introduced (Fortunato, 2010; Newman, 

2012; Fortunato and Hric, 2016). Networks with high modularity indicate that the connection 

density (the number of connections in unweighted network) or strength (the sum of link weights 

for weighted network) within modules is higher than that between different modules. 

 

Functional brain networks 

The human brain is a highly complex system that consists of about 100 billion neurons connected 

by about 100 trillion synapses. This complex neural system can be investigated from a network 

perspective by using graph theory and modern network theory. The brain has hierarchical 

organization over multiple spatial scales, ranging from microscopic scale at the level of individual 

neurons and synapses (Schröter et al., 2017), to mesoscopic scale at the level of neural 

ensembles (Oh et al., 2014; Wang and Kennedy, 2016), and to macroscopic scale at the level of 

large-scale brain regions. It is at this latter scale that anatomical and functional interactions 

between large-scale brain areas are considered (Stam and Reijneveld, 2007c; Bullmore and 

Sporns, 2009, 2012; Bressler and Menon, 2010; He and Evans, 2010; Siegel et al., 2012; Van 

Essen, 2013; Engel et al., 2013; Park and Friston, 2013; Smith et al., 2013; Stam, 2014a; Sporns, 

2014; Deco and Kringelbach, 2014; Petersen and Sporns, 2015; Fornito et al., 2016; van den 

Heuvel et al., 2016; Mišić and Sporns, 2016). Modern neuroimaging (PET and fMRI) and 
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neurophysiological (EEG and MEG) techniques together with time series analysis (independent 

component analysis and functional/effective connectivity) and modern network theory (graph 

theory, statistical mechanics and nonlinear dynamics) have provided a promising theoretical 

framework to investigate the topology and function or dynamics of macroscopic functional brain 

networks (also referred to as functional connectome) (Friston, 2009; Bullmore and Sporns, 2009; 

Stam, 2014a). In the field of macroscopic functional brain network analysis, the nodes are usually 

defined as EEG/MEG, multi-electrode-array electrodes or sensors (or reconstructed anatomical 

sources), or anatomically defined regions of MRI data. The links connecting these nodes are 

formed by estimates of functional or effective connectivity between EEG/MEG time series or 

between blood-oxygenation-level-dependent (BOLD) signals for fMRI. This dissertation focuses 

on EEG- and MEG-based macroscopic functional brain networks. 

 

  Since 2000, using different modalities (DTI, MRI, PET, fMRI, EEG and MEG), anatomical and 

functional brain networks in healthy subjects have been shown to possess small-world (Sporns 

and Zwi, 2004; Bassett and Bullmore, 2006, 2016), scale-free (Eguíluz et al., 2005; Achard et al., 

2006; van den Heuvel et al., 2008), rich-club (van den Heuvel and Sporns, 2011, 2013) and 

optimal (hierarchical) modular properties (Salvador et al., 2005; Zhou et al., 2006; Meunier et al., 

2010; Crossley et al., 2013; Sporns and Betzel, 2016). Accordingly, compared with healthy brains, 

brain networks in AD have been characterized by a loss of small-world features (toward random 

network topology) (Supekar et al., 2008; Stam et al., 2007, 2009; He et al., 2008;), disturbed 

modular structure (De Haan et al., 2012a, Chen et al., 2013), and selective disruption of hub 

regions particularly located in posterior default mode network (Stam et al., 2009; Buckner et al., 

2009; Crossley et al., 2014; Engels et al., 2015; Dai et al., 2016) in both structural and functional 

network studies (for reviews see: Babiloni et al., 2015; Stam, 2014a; Tijms et al., 2013). In 

contrast to AD, network studies in bvFTD remain scarce. An EEG alpha-band network study has 

demonstrated that bvFTD showed changes, toward a more ordered and assortative network 

topology (de Haan et al., 2009), which seems to be in an opposite direction than that observed in 

AD (Stam et al., 2007). An fMRI study showed that functional brain network topologies in bvFTD 

patients were disrupted compared with healthy controls, in terms of a loss of small-world 

features (towards random/regular) , selective disruption of hubs in frontal cortical regions, and 

more assortative network topologies (Agosta et al.,2013).  

 

For both AD and bvFTD, significant correlations between altered network topologies and 

perturbed cognitive/executive functions and abnormal pathophysiological biomarkers have been 

discovered. For instance, EEG/MEG based network studies in AD have shown that disrupted 

small-world topology in the beta band, characterised by lower clustering coefficient (EEG; Stam et 

al., 2009) and/or higher path lengths (MEG; Stam et al., 2007), correlated with perturbed 

cognitive functions as measured by Mini-Mental State Examination (MMSE) scores. Moreover, 

one multi-modality study has found that fMRI-based functional hubs in the posterior regions of 

the default mode network (DMN) show high amyloid-beta deposition acquired by PET imaging in 

Alzheimer’s disease (Buckner et al., 2009). For bvFTD, the above fMRI network study has also 

shown correlations between changed global network properties (assortativity: nodes with similar 

degree tend to be connected) and executive dysfunctions measured by phonemic and semantic 

fluency scores.  



 

13 
 

 

In addition to experimental studies, computational network models have also demonstrated 

that high-cost hub regions tend to be more vulnerable in Alzheimer’s disease (Stam et al., 2009; 

de Haan et al., 2012b). An extensive simulation study showed that abnormal network 

organization in patients with Alzheimer’s disease, including decreased functional connectivity, 

selectively disrupted hub regions and more-random network topologies, could be explained by 

activity-dependent degeneration (de Haan et al., 2012b). Specifically, the assumption that 

excessive local neuronal activity causes synaptic damage, provides a possible explanation for 

these network changes, including the hub vulnerability in patients with Alzheimer’s disease. 

Recently, a network diffusion model of disease progression showed that AD and bvFTD targeted 

different brain regions: in AD, medial, lateral temporal regions and posterior components of 

default mode network were most affected; in contrast, bvFTD mainly influenced the salience 

network, including orbitofrontal and anterior cingulate regions (Raj et al., 2012), both of which 

are consistent with findings using experimental data. Therefore, based on the aforementioned 

studies, AD and bvFTD have been considered to be ‘disconnection syndromes’ (Delbeuck et al., 

2003), and possess disease-specific network topologies (Pievani et al., 2011; Stam, 2014a; Zhou 

and Seeley, 2014). 

 

Conventional network measures suffer from methodological problems in network comparisons 

across different groups and conditions (Stam et al., 2014; van Wijk et al., 2010; van den Heuvel et 

al., 2017). Due to these methodological problems, inconsistent results of network topology have 

been reported in AD patients, in particular with respect to the clustering coefficient and path 

length (Tijms et al., 2013). For instance, both increased (Yao et al., 2010) and decreased 

(Sanz-Arigita et al., 2010) normalised path length in AD compared with healthy controls were 

found in fMRI network studies. Conventionally, without losing information, a two-dimensional 

weighted connectivity matrix is constructed by calculating functional/effective connectivity 

between all possible pairs of time series. As the connectivity matrix is often fully or densely 

connected, to focus on the network topology, a threshold, or range of thresholds, is used to 

generate a binary matrix (connections either exist or do not exist). Then, network metrics of 

interest can be used to characterise the corresponding topological properties. However, most 

network characteristics are influenced by the connection density or strength in the network. 

Therefore, the estimation of network metrics is biased by the choice of the threshold, resulting in 

a biased comparison of network topology between groups. Current strategies, such as using the 

original weighted networks or normalizing the network parameters through comparison against 

network parameters for surrogate networks, still cannot completely eliminate the bias problems 

caused by thresholding (Stam et al., 2014b; vanWijk et al., 2010; van den Heuvel et al., 2017). 

Recently, several techniques, such as permutation testing framework (Simpson et al., 2013), 

minimum spanning tree (MST; Stam et al., 2014b; Tewarie et al., 2015), exponential random 

graph models (Garrison et al., 2015), consistency-based thresholding (Roberts et al., 2017), and 

efficiency cost optimization (De Vico Fallani et al., 2017) have been developed to reduce the bias 

problems caused by thresholding. Among these techniques, the MST, connecting all the nodes in 

the original weighted network with minimized connection cost, but without forming cycles, was 

introduced to enable direct comparison of network properties between groups and avoid the 

aforementioned methodological biases (Stam et al., 2014b; Tewarie et al., 2015). Therefore, it is 
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of interest to apply MST metrics in AD and bvFTD functional brain networks to determine 

whether topological differences can be found, without biases due to density and edge strength 

effects. Furthermore, due to the resolution limit (relatively small, but very dense clusters may be 

undetectable in the presence of relatively large clusters) of modularity (Fortunato and 

Barthélemy, 2007), conventional modularity measures designed for general networks cannot be 

applied to trees, which are maximally sparse connected graphs. Therefore, the feasibility of a 

tree-clustering method which can be applied to functional brain networks in AD and bvFTD would 

be an important topic for further study. 

 

 

Fig. 2. Schematic diagram of a multiplex network consisting of three layers and three nodes in each layer.  

 

Frequency-specific or multiplex network analysis? 

As different EEG/MEG rhythms are believed to be involved in different cognitive processes (Wang, 

2010; Siegel et al., 2012; Singer, 2013), conventional functional brain network analyses have been 

performed in individual frequency bands. EEG/MEG functional network topologies have been 

shown to be altered in AD and bvFTD patients, and the results are usually frequency-dependent 

(Tijms  et al., 2013; Stam, 2014a), confirming the hypothesis that different EEG/MEG rhythms 

reveal biophysical properties of different underlying local and global neural networks. However, 

the relationships between these frequency-specific network alterations in AD and bvFTD patients 

remain largely unknown.  

 

  Multiplex network analysis is a novel network approach to study complex systems consisting of 

subsystems with different types of connections (Kivelä et al., 2014; Boccaletti et al., 2014; Havlin 

et al., 2015). In a multilayer network, each layer consists of intra-connected sets of nodes, and 
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nodes in different layers are interconnected by interlayer links (Fig. 2). For instance, in a transport 

network, there are different types of transportation systems, such as trains, cars or planes. In the 

transport network, network nodes represent cities or stations, and links are the transportation 

time between them. This transport network can be considered as a multilayer network, where 

each type of relationship (railway, highway or air) between the cities is represented in a different 

network layer. The travelling efficiency depends on the overall structure of the multilayer 

network, not just the structure of each specific layer. For instance, if one transportation system is 

defect, then many travellers have to use the other two transportation systems, which may 

become overloaded. Finally, the transport efficiency of the overall transport network is reduced. 

Therefore, to improve our understanding of complex systems consisting of multiple subsystems 

and layers of connectivity, it is important to take the ‘multilayer’ features into consideration. A 

multiplex network is the simplest case of a multilayer network, in which each layer shares the 

same set of nodes and the layers are interconnected only by the links between the same set of 

nodes across layers (Boccaletti et al., 2014).  

 

Recent theoretical and modelling studies have shown that the structural and dynamical 

properties of multiplex networks can be radically different from those of single-layer networks 

(Havlin et al., 2015). For instance, it has been demonstrated that single-layer scale-free networks 

are more robust under random attacks than targeted attacks on important hubs (Albert et al., 

2000). However, in the case of interdependent networks, hub nodes are particularly vulnerable 

when a random cascading failure occurs (Buldyrev et al., 2010). Moreover, even when the hubs 

are protected, multiplex scale-free networks are still vulnerable to random attacks (Huang et al., 

2011). To date, the epidemic spreading (Saumell-Mendiola et al., 2012), mathematical 

formulation (De Domenico et al., 2013), node centrality (Halu et al., 2013; Battiston et al., 2014; 

De Domenico et al., 2014, 2015a), diffusion dynamics (Gómez et al., 2013), statistical mechanics 

(Bianconi, 2013) and network robustness (Buldyrev et al., 2010; Brummitt et al., 2012; Bashan et 

al., 2013; Dong et al., 2013; Gao et al., 2011a, b, 2012; Reis et al., 2014; Radicchi, 2015) of 

multilayer networks has been studied. Furthermore, modules have been defined and detected in 

multiplex networks (Mucha et al., 2010; De Domenico et al., 2015b). The frequency-specific EEG- 

and MEG-based networks can be naturally modelled as multiplex networks, where each 

frequency-specific band corresponds to a layer, and layers are interconnected by the links 

between the same set of brain regions across layers (Tewarie et al., 2016; Brookes et al., 2016). 

The multiplex framework allows for a straightforward integration of multimodal neuroimaging 

data, such as functional (MEG, PET and fMRI) and structural data (DTI and MRI) (Sporns, 2014; 

Muldoon and Bassett, 2017; Betzel and Bassett, 2017). Therefore, two reasonable questions in 

the field of brain network analysis are what the multiplex network topologies in AD/bvFTD will 

be, and whether the findings in the framework of EEG/MEG multiplex network are consistent 

with those in frequency-specific network analysis using EEG/MEG and/or other modalities.  

 

Functional and effective connectivity 

The communication or functional interactions between neural ensembles depends upon the 

synchronization of neural activity, which provides an important neurophysiological mechanism 

for EEG and MEG in AD and bvFTD (Uhlhaas and Singer, 2006; Lopes da Silva, 2013; Fries, 2015; 

Friston KJ and Buzsáki, 2016). This synchronised neural activity can be characterized by the 
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statistical dependencies between time series of neuronal activity, so-called functional 

connectivity (Aertsen et al., 1989; Pereda et al., 2005). However, functional connectivity does not 

provide information about the direction of information transfer between neural populations. If 

both the connection strength and direction of connectivity are of interest to study, another type 

of connectivity, effective connectivity needs to be considered (Friston, 2011). In brain disorders, 

in particular in AD and/or bvFTD, both EEG and MEG studies have shown consistently disrupted 

functional and effective connectivity patterns (particularly in posterior brain areas) (Babiloni et 

al., 2009; Yu et al., 2016; Dauwan et al., 2016), which could provide important insights in 

understanding the neuropathological mechanism of the diseases. 

 

During the past two decades, a large number of functional and effective connectivity measures 

have been proposed for EEG and MEG studies (for review see: Pereda et al., 2005; Greenblatt et 

al., 2012; Wibral et al., 2014; Schoffelen and Bastos, 2016). These measures can be classified into 

linear or non-linear, time or frequency domain, amplitude- or phase-based, bivariate or 

multivariate measures (van Diessen et al., 2015). The performance of different 

functional/effective connectivity measures in EEG data of AD patients (Dauwels et al., 2010) and 

epileptic rats (Quiroga et al., 2002), and in simulated (David et al., 2004) and experimental MEG 

data (Colclough et al., 2016) has been studied. The detailed discussion of advantages and 

drawbacks of some of these connectivity measures can be found in subsequent chapters and 

studies by van Diessen et al., 2015. However, when estimating functional connectivity on the 

basis of EEG and MEG recordings, some issues are of particular importance. Firstly, neighbouring 

sensors are likely to pick up neuronal activity from a common source, which is the well-known 

problem of volume conduction and field spread in EEG and/or MEG (van den Broek et al., 1998; 

Schoffelen and Gross, 2009). Moreover, one sensor may also pick up signals from multiple 

sources, which is known as linear mixing (Schoffelen and Gross, 2009). These problems are not 

completely solved by projecting sensor space signals to source space using inverse modelling 

methods (Hillebrand et al., 2012), where it is often referred to as primary leakage. Volume 

conduction, field spread and linear mixing can introduce spurious estimates of functional and 

effective connectivity (Schoffelen and Gross, 2009). Moreover, the primary leakage may also 

result in spurious estimates of connectivity (‘inherited connectivity’ or ‘secondary leakage’) 

between areas surrounding two genuinely connected brain regions (Palva and Palva, 2012). 

Secondly, the electric potentials recorded from each EEG electrode are defined with respect to a 

reference electrode. This reference electrode, if it is not completely inactive, contributes similarly 

to signals measured at different electrodes (Nunez et al., 1997, 2010), which may lead to spurious 

estimates of functional/effectivity connectivity (Qin et al., 2010; Chella et al., 2016). Moreover, 

different laboratories use different references, and the effects of these choices on estimates of 

functional/effectivity connectivity are not well known. Besides these two limitations of EEG 

and/or MEG, several general technical issues should be considered in time series analysis: both 

biological and experimental noise can result in spurious or incorrect estimates of 

functional/effective connectivity (Nolte et al., 2008; Lobier et al., 2014); there is often a trade-off 

between the length of analysis window required for reliable connectivity estimation and 

requirements of stationarity of time series. Furthermore, for many metrics of functional/effective 

connectivity several parameters, such as for example the time delay, embedding dimension or bin 

size, need to be set, the choice of which is often arbitrary or difficult to justify, yet they may have 
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large effects on the estimated connectivity. In recent modelling and EEG/MEG studies, 

phase-based connectivity measure, such as the phase lag index (functional connectivity measure; 

Stam et al., 2007) and phase transfer entropy (PTE, an effective connectivity measure; Lobier et 

al., 2014), have been shown to outperform other measures with respect to several of the 

aforementioned factors. However, until now there is no widely accepted functional/effective 

connectivity measure that could completely get rid of the aforementioned factors in EEG/MEG 

studies, therefore development of new measures is still needed.  

 

AIMS AND OUTLINE 

General aim 

To develop novel effective connectivity and network measures that could solve aforementioned 

methodological problems in EEG and MEG data analysis, and apply the new measures to 

investigate the functional/effective connectivity and functional network topologies in AD and 

bvFTD patients, and explore their relationships to cognitive and pathological features. The 

dissertation consists of three parts, each part describing development of a novel approach, and 

its application to EEG/MEG data of AD and bvFTD patients. 

 

Part one: Functional brain network analysis using minimum spanning trees in dementia 

• Development of a tree clustering measure: tree agglomerative hierarchical clustering (TAHC). 

• Application of MST measures and TAHC to EEG data of AD and bvFTD patients. 

 

Part two: Multiplex network topologies in Alzheimer’s disease 

• Analysis of MEG multiplex network topology in AD patients. 

 

Part three: Direction of information flow in functional brain networks 

• Application of a recently introduced effective connectivity measure, phase transfer entropy 

(PTE), to MEG data of AD patients. 

• Development of a novel effective connectivity measure: horizontal visibility graph transfer 

entropy (HVG-TE). 

 

Outline 

To achieve each specific aim, the following questions were addressed: 

1. Do tree graphs have clustering structure; do MSTs contain information about the underlying 

clusters of the original weighted network? 

2. What are the functional connectivity and network topologies in AD and bvFTD; are they 

different in the two types of dementia? 

3. What are the relationships between frequency-specific network alterations in AD; which 

brain regions are particularly affected in AD and how are they related to the perturbed 

cognitive function and abnormal cerebrospinal fluid biomarkers in AD?  

4. What is the information flow pattern in the large-scale functional brain networks of AD; is the 

pattern different with that in healthy controls, but related to the perturbed cognitive 

function and abnormal cerebrospinal fluid biomarkers in AD? 

5. Is PTE an optimal effective connectivity measure without drawbacks; if not, how can we 
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develop a new measure to solve the problems? 

 

To address the first question, in chapter 2 we first hypothesized that i) trees have (a specific 

type of) clusters; ii) the clustering of the MST reveals insight in the hierarchical structure of 

original weighted graphs. Then we defined that any general tree that consists of some 

combination of the star- and line-motifs possesses corresponding hierarchical clustering 

structures. We developed the TAHC method and applied it to artificial trees and MSTs of 

weighted social networks with known hierarchical clustering structures, and compared the 

performance of TAHC to a widely-used clustering method, the Louvain method, using normalized 

mutual information. 

 

The second question was addressed in chapter 3, in which resting-state EEG was recorded from 

69 AD, 48 bvFTD patients, and 64 subjects with subjective cognitive decline (SCD). We used phase 

lag index (PLI) to estimate the functional connectivity between all pairs of EEG channels and 

characterised the network topologies using MST measures and applied the TAHC method to 

quantify hierarchical clustering organizations in the three groups. It was investigated i) whether 

functional brain regions (characterized by functional connectivity and MST centrality measures) 

and hierarchical clustering organizations are disrupted in AD and bvFTD, in comparison with SCD 

subjects; ii) whether different functional brain regions are selectively targeted in AD and bvFTD 

patients, and possess different, whereby bvFTD selectively targets frontal brain areas, and AD 

affects posterior regions. 

 

In chapter 4, we addressed the third question by investigating the multiplex network 

topologies in AD patients. Resting-state MEG data were recorded from 27 early-onset AD patients 

and 26 healthy controls with data of tests of cognitive function (measured by MMSE scores) and 

CSF biomarkers including amyloid-β42, T-tau and P-tau. We used beamformer-based virtual 

electrodes in source-space, to estimate neuronal oscillatory activity for 78 cortical regions of 

interest (ROIs) and 12 subcortical ROIs of the Automated Anatomical Labelling (AAL) atlas. It was 

investigated i) whether the hub regions quantified by multiplex centrality metrics in healthy 

controls are selectively different in AD patients; ii) whether the heterogeneity of these vulnerable 

hub regions is different between AD patients and controls; iii) whether hub vulnerability is 

associated with perturbed cognitive function and changes in protein biomarkers (CSF amyloid 

and tau) in patients with Alzheimer’s disease. 

 

The fourth question was addressed in chapter 5. In this chapter, the 90-channel source-space 

MEG data, MMSE and CSF data in chapter 4 was re-used. Phase transfer entropy (PTE) was used 

as an effective connective measure to characterise the direction of information flow between 

brain areas in AD patients and healthy controls. It was investigated i) whether the information 

flow pattern in large-scale functional brain networks in healthy controls is disturbed in AD; ii) 

these disruptions correlate with cognitive impairment and abnormal levels of CSF biomarkers in 

AD. 

 

The final question was addressed in chapter 6. To reliably estimate phase, PTE requires an 

assumption on the periodicity of input time series, which is usually not achievable in 
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experimental signals. In this chapter, to avoid the disadvantage of PTE, a novel effective 

connective measure, horizontal visibility graph transfer entropy (HVG-TE), was therefore 

proposed to estimate the direction of information flow between pairs of time series. Degree 

sequence of an HVG is a symbolic time series (Luque et al., 2011) that can be used as the input 

time series to TE. Of note, the degree sequences can be obtained from HVGs without 

assumptions regarding the periodicity of input signals (Luque et al., 2009). Coupled Rössler 

attractors were used to validate HVG-TE. It was investigated whether HVG-TE is robust to six 

methodological factors: different levels of coupling strengths, a wide range of time delays, 

different sample sizes, the effects of noise and volume conduction, and the choice of reference 

for EEG data. The performance of HVG-TE was compared with PTE using resting-state EEG data in 

20 SCDs selected from the data in chapter 3. 
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Part I  
 

Functional brain network analysis 

using minimum spanning tree (MST) 

and MST clustering 
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Chapter 2  
 

Hierarchical clustering in minimum spanning trees 

 

Meichen Yu, Arjan Hillebrand, Prejaas Tewarie, Jil Meier, Bob van Dijk, Piet Van Mieghem, Cornelis 

Jan Stam. Chaos 2015; 25(2): 023107. 
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ABSTRACT 

The identification of clusters or communities in complex networks is a reappearing problem. The 

minimum spanning tree (MST), the tree connecting all nodes with minimum total weight, is 

regarded as an important transport backbone of the original weighted graph. We hypothesize 

that the clustering of the MST reveals insight in the hierarchical structure of weighted graphs. 

However, existing theories and algorithms have difficulties to define and identify clusters in trees. 

Here, we first define clustering in trees and then propose a tree agglomerative hierarchical 

clustering (TAHC) method for the detection of clusters in MSTs. We then demonstrate that the 

TAHC method can detect clusters in artificial trees, and also in MSTs of weighted social networks, 

for which the clusters are in agreement with the previously reported clusters of the original 

weighted networks. Our results therefore not only indicate that clusters can be found in MSTs, 

but also that the MSTs contain information about the underlying clusters of the original weighted 

network. 
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LEAD PARAGRAPH 

Clustering or community structure has been regarded as one of the most significant features of 

complex networks. The minimum spanning tree (MST) is the spanning tree in a weighted graph 

for which the sum of the weights of its constituting links is minimal. There are many different 

kinds of algorithms for identifying clusters in general networks, but a general definition and 

algorithm for the detection of clusters in trees has not been established. In our current study, we 

first define clusters in trees and propose a tree agglomerative hierarchical clustering (TAHC) 

method for the detection of clusters in MSTs. By detecting clusters in both artificial trees and the 

MSTs of two weighted social networks, we demonstrate that the clustering of the MSTs reveals 

the underlying clusters of the original weighted graphs. 

 

I.INTRODUCTION 

In the past decade, complex network theory has been widely used in different disciplines, such as 

social, technological, and biological systems (Newman, 2001; Albert et al., 1999; Stam, 2014). 

Clusters, also called the community structure or modules, are important features of complex 

networks (Fortunato, 2010; Newman, 2012; Van Mieghem, 2011a). Qualitatively, clusters can be 

defined as groups of nodes within a graph such that there is a higher density of links within 

clusters than between them.  

 

In contrast to general graphs, trees are maximally sparse connected graphs1. To date, there are 

few studies that present methods for the detection of clusters or community structure in trees 

(Fortunato, 2010). However, trees, especially minimum spanning trees (MSTs) play an important 

role in the investigation of the dynamical and topological properties of complex networks (Wu et 

al., 2006). The MST has been identified as an important transport backbone of the original 

weighted graph (Jackson and Read, 2010). Several studies have demonstrated that under certain 

conditions the transportation in weighted graphs is dominated by their MSTs (Van Mieghem and 

van Langen, 2005; Van Mieghem and Magdalena, 2005; Wang et al., 2008). In addition, for the 

comparison of empirical brain networks, the MST has been shown to be a sensitive and practical 

tool to overcome problems caused by differences in network density (the number of links) or 

average link weight (van Wijk et al., 2010; Stam et al., 2014). The importance of both the MST 

and community structure in weighted graphs has motivated us to investigate whether the MST 

contains information about clusters in the underlying weighted network and whether these 

clusters can be detected in minimum spanning trees. 

 

Many different kinds of clustering algorithms have been developed (Fortunato, 2010; Newman, 

2012). Among them, hierarchical clustering methods play an important role in linking the 

well-known scale-free and small-world network models, and also in predicting missing links 

                                                              
1 For undirected connected graphs, the graph density is defined as 𝐷 =

2𝐿

𝑁(𝑁−1)
 (N denotes the number of nodes, 

and L is the number of links.). Completed graphs have the maximum number of links 
𝑁(𝑁−1)

2
, so the density of 

completed graphs is maximal (𝐷 = 1). Trees, as the connected graphs with N-1links, are the maximally sparse 

connected graphs (𝐷 =
2

𝑁
).  
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(Watts and Strogatz, 1998; Barabási and R Albert, 1999; Ravasz and Barabási, 2003; Scales-Pardo 

et al., 2007; Clauset et al., 2008). There are two types of hierarchical clustering methods: divisive 

and agglomerative. Divisive algorithms start with all connections in the network and iteratively 

remove links, which divides the graph progressively into smaller and smaller disconnected 

sub-graphs identified as the clusters. The divisive approaches differ in how links are removed. The 

best-known divisive method, the Girvan-Newman (GN) algorithm, is based on the removal of 

links with high betweenness2. The GN algorithm is able to detect known clusters in both 

computer-generated and real-world graphs (Girvan and Newman, 2002). However, in trees with 

many low degree nodes connected by links with high betweenness, the GN algorithm will 

produce too many isolated nodes.  

 

In contrast, agglomerative algorithms start from an empty graph with the same number of 

nodes as the original network, but without links. Links are then iteratively added in order of 

decreasing similarity3 until all the nodes are merged into one cluster. The so-called Louvain 

method is a popular agglomerative method (Blondel et al., 2008). The Louvain method is a 

greedy optimization algorithm, based on optimizing the modularity of a partition4 of a graph. In 

the Louvain method, the similarity between two nodes is quantitatively measured by the gain of 

modularity that would take place by merging the two nodes. This method will iteratively merge 

pairs of nodes until a maximum of modularity is attained. This greedy algorithm can deal with 

very large networks (networks with millions of nodes and billions of links) with high 

computational efficiency. However, several studies have shown that the optimization of 

modularity has a resolution limit: relatively small, but very dense clusters may be undetectable in 

the presence of relatively large clusters (Fortunato and Barthélem, 2007; Kumpula et al., 2007). 

These studies imply that the resolution limit of modularity depends on the comparison between 

the total number L of links in the entire graph and the number of ls links inside clusters. Usually, 

the resolution problem (Fortunato and Barthélem, 2007) will occur in clusters with a about √2L 

number of internal links or smaller (ls ≤ √2L). Trees, being maximally sparse connected graphs, 

will consist mainly of sparse clusters. Hence, applying the Louvain algorithm or other optimization 

algorithms to trees will suffer from the resolution limit (Bagrow, 2012). Moreover, trees and 

tree-like graphs can possess unexpectedly high modularity, so the Louvain method, as one of the 

modularity maximization algorithms, might behave unexpectedly in trees (Bagrow, 2012). 

Recently, another agglomerative algorithm, called spanning tree separation (STS) clustering was 

introduced to identify clusters in general graphs (Kim and Wilhelm, 2013). The STS is based on 

calculating the number of spanning trees running through all the links in general graphs. 

However, the STS algorithm is not applicable to trees, since the number of spanning trees running 

through all the links would always equal to 1. In order to deal with the limitations of existing 

                                                              
2 In an unweighted graph, the shortest path length (hopcount) is the minimum number of links that must be 
traversed to move from one node to another (Van Mieghem, 2014). The betweenness of a link is the number of 
shortest paths between all possible pairs of nodes in the graph that traverse that link.  
3 The similarity between two nodes of a graph quantitatively measures how similar (one of) their network 
properties are. In social network studies, structural equivalence has been used to quantitatively measure the 
degree of similarity between two nodes. Structural equivalence reflects how many identical entries two nodes 
have in their corresponding rows of the adjacency matrix, and can be computed as the Euclidean distance or 
Spearman’s rank correlation between the rows. 
4 The modularity of a partition measures the density of links inside clusters compared to links between clusters 
(Van Mieghem, 2011, 2014; Newman and Girvan, 2004). 
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algorithms, we introduce here a new hierarchical clustering method based on an agglomerative 

algorithm that is able to detect clusters in trees. Moreover, rather than using modularity or any 

other criterion to stop the agglomerative process, we present the entire hierarchical clustering in 

the form of a dendrogram.   

 

The paper is organized as follows. In Section Ⅱ we first describe how clusters can be defined 

for trees and hypothesize that trees consist of two fundamental motifs with characteristic 

clustering structures. We then detail the shortcomings of the existing divisive and agglomerative 

methods for tree clustering, with the GN algorithm and Louvain method as examples, 

respectively. To avoid these shortcomings, we propose a new agglomerative method and describe 

its implementation. In Section Ⅲ, we demonstrate the performance of the method using two 

artificial trees with known clustering structures, as well as for the MSTs of two well-known 

weighted social networks containing clustering structure. We finish with a discussion and 

conclusions in Section Ⅳ.  

 

Ⅱ.FINDING CLUSTERS IN TREES 

A. The definition of clusters in trees 

In this paper, we present a hierarchical clustering method to discover clusters in MSTs. Our study 

concentrates on undirected (non-rooted) MSTs with unweighted links. Since MSTs possess all the 

properties of trees, we will start by discussing how to define clusters in trees. 

 

To date, there is no standard definition of for clusters in a tree. Trees do not accord with the 

conventional definition of clusters, which are groups of nodes within a graph such that there is a 

higher density of links within clusters than between them. There are two extreme configurations 

for trees: a star and a path (Fig. 1(a), (b)). A star consists of one central node (hub: nodes with 

higher degree than others) and several peripheral nodes (leaves, degree 1 nodes) connected to 

the central one with only one link. Trees can be constructed by connecting several stars of 

possibly different size. According to the definition of clusters as internally dense and externally 

sparse sub-graphs, each star within one general tree naturally forms one cluster, because in each 

star most leaves only connect to their own hub, except for a small number of leaves connecting 

the rest of the graph (Fig. 1(c)). In a path, however, except for the leaves at either end, all nodes 

are connected to their two neighbors (Fig. 1(b)). A path has no density fluctuations (except at the 

extremes), so none of the sub-graphs in a path satisfies the cluster definition. Therefore, 

clustering detection in trees consisting of paths will have to rely on their topological structure. 

For instance, in the Cayley tree5, every node has the same degree except for the leaves on the 

boundary (Fig. 1(d)). In this case, we consider that the Cayley tree consists of one central node 

(node 1) and three “paths”6. In the Cayley tree, node 1 plays an important role as the 

concentrator to integrate and separate the information from and to the three line-motifs. Given 

                                                              
5 A Cayley tree is a regular tree in which every node 𝑖 is linked to 𝑘 neighbours (𝑘 = 3 in Fig. 1(d)), except for 
leaf nodes on the boundary (Bethe, 1935).  
6 In the Cayley tree (Fig. 1(d)), the nodes in the three “paths”, except for the leaves at either end,  are connected 
to three neighbors. Here, we consider that the nodes with the same color in the Cayley tree form a “path”, 
because the “path” also have no density fluctuations (except at the extremes). 
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the symmetrical structure of the three “paths”, we regard the three “paths” in Fig. 1(d) as three 

clusters and node 1 as one single cluster in the Cayley tree.  

 

 

Fig. 1. Examples of two fundamental motifs in general trees. (a) star-motif with one central node and (in this case) 

eight leaves; (b) line-motif with (in this case) five nodes; (c) five connected star-motifs; (d) three connected 

linemotifs: Cayley tree. Note that in (c), nodes 1, 2, 3, 4, 5 are five hubs; in (d), the three line-motifs connecting to 

the central node 1 by three bold links correspond to three clusters, respectively. 

 

In our study, we define stars and paths as star-motifs and line-motifs in general trees, 

respectively. We hypothesize that any general tree that consists of some combination of the two 

motifs will possess corresponding clustering structures.  

 

B. Shortcomings of divisive methods in the case of trees 

Our proposed approach is based on agglomerative hierarchical clustering, since divisive methods 

have shortcomings for tree clustering, as will be illustrated here for the GN algorithm. 

 

If two approximately equally large clusters in a graph are loosely interconnected by a few links, 

these intercluster links will have higher link betweenness than links within each cluster. The GN 

algorithm aims at finding and removing links with high betweenness. The link betweenness must 

be recalculated following the removal of each link, because the link betweenness for remaining 

links will no longer be correct for the remaining graph (Newman and Girvan, 2004) (note that this 

step is redundant for trees, since for these acyclic graphs there is exactly one path connecting 

two clusters). By removing these links consecutively, the GN algorithm can identify the underlying 

clustering structure. However, as mentioned in the Introduction section, the GN algorithm will 

produce too many isolated nodes in trees consisting of low degree nodes. Trees are maximally 

sparse graphs, which could contain many of the line-motifs mentioned above. Fig. 2(a) shows a 

tree that consists of two star-motifs connected by one line-motif between them. In Fig. 2(a), 

node 5 is a concentrator playing the same role as node 1 in the Cayley tree (Fig. 1(d)), which can 

be regarded as one single cluster. The links belonging to the line-motif have higher betweenness. 
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According to the GN algorithm, these links with higher betweenness will be removed step by 

step. As a result, there will be two star-motifs with several isolated nodes left. In fact, Fig. 2(a) has 

symmetrical structure, but the GN algorithm will ignore it.   

 

 
Fig. 2. A tree and its corresponding dendrogram of the hierarchical clustering structure. (a) A tree consisting of 

two star-motifs connected by one linemotif in the middle. (b) The dendrogram of the hierarchical clustering result 

for this tree. The numbers along the horizontal axis correspond to the 21 nodes in (a) and the upside-down 

U-shaped lines denote the links between the 21 nodes; the height of the U-shaped lines is the Spearman distance 

between two nodes, indicating that two nodes merged at that hierarchy have identical similarities; from bottom 

to top, nodes will be joined together by the U-shaped lines until all nodes are merged into a single cluster; the 

hierarchical clustering result can be obtained by the cross-section of the dendrogram at any hierarchy indicated 

by a solid line. From top to bottom, we define that the first hierarchy of the dendrogram starts with the highest 

U-shaped line, so the solid line in (b) is positioned between the second and the third hierarchy. 

 

C. Shortcomings of existing agglomerative methods in the case of trees 

Although the agglomerative methods can deal with the disadvantages of divisive methods, the 

existing agglomerative methods still have limitations for tree clustering. The Louvain method is a 

typical agglomerative method, which has been successfully used to identify hierarchical clustering 

in huge real-world networks. In this section, we concentrate on presenting the limitations of the 

Louvain method. 

 

Due to the resolution limit caused by modularity maximization, the Louvain method usually 

fails to detect small clusters when the following condition is met for the number of links within 

the cluster, ls ≤ √2L (Fortunato and Barthélem, 2007). Fig. 1(c) shows a tree constructed by 

connecting five star-motifs. The five star-motifs correspond to five clusters. In this artificial tree, 

the total number of links is L = 24, and the number of links inside each cluster from left to right 
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are lsi
= {6, 5, 4, 3, 2} (i ∈ {1, 2, 3, 4, 5} corresponds to the five clusters from left to right, 

respectively). In this case √2L ≈ 6.93, and therefore lsi
< √2L (i ∈ {1, 2, 3, 4, 5} ) for all the 

five clusters. Hence, the Louvain method applied to these kinds of trees will unavoidably be 

hindered by the resolution limit.  

 

 

Fig. 3. Hierarchical clustering results for the artificial tree with five connected star-motifs in Fig. 1(b). The dotted 

line between the third and fourth hierarchy represents the results of Louvian method, and the solid line between 

the fourth and fifth hierarchy represents the results of the TAHC method. Note that the TAHC method finds the 

correct clusters, whereas the Louvain method erroneously merges two clusters. 

 

D. New agglomerative hierarchical clustering based on geodesic distance matrix 

In this paper, we propose a new tree agglomerative hierarchical clustering (TAHC) method to 

identify clusters in trees. In graph theory (Van Mieghem, 2011a), a graph can be expressed by its 

adjacency matrix A, whose entries aij take the value 1 if there is a link between node i to node 

j in the tree and 0 otherwise. Based on the adjacency matrix A, traditional agglomerative 

hierarchical clustering methods tend to find only the core nodes of clusters, but not the 

peripheral nodes (Newman and Girvan, 2004). Therefore, for tree clustering, rather than directly 

analyzing A, we utilize the geodesic distance matrix C as input for the clustering algorithm. 

 

The geodesic distance matrix C is a weighted matrix in which the entries are the geodesic 

distances between all possible pairs of nodes in a graph. Here we confine to a graph that is a tree. 

The geodesic distance between two nodes in a tree is equal to the number of links in the shortest 

path (there is only one path linking two nodes in a tree) between the two nodes (and therefore 

equal to 1 for directly linked nodes). 

 

Agglomerative hierarchical clustering starts with an empty graph of N nodes with no links 

between them. In the agglomerative process, similarities between node pairs are calculated, 
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hence a similarity measure is required. In the symmetric geodesic distance matrix C, each node 

corresponds to a row and a column vector. Based on C, we calculate vector similarities between 

all row pairs of the C. Here we employ the commonly used Spearman’s rank correlation 

rSpearman (Pearson, 1895). The vector similarity is then simply the so-called Spearman distance, 

defined as dSpearman = 1 − rSpearman. This measure is computed for every node pair and used 

as the input matrix for hierarchical clustering. After obtaining the similarities between every node 

pair, links are added to the node pairs in order of decreasing similarity, starting with the nodes 

pairs with highest similarity. When two nodes are merged into one cluster, we use the 

average-linkage clustering7 to define the distance between the new cluster and other nodes. 

Based on average-link clustering, node pairs will be merged into corresponding clusters in order 

of decreasing similarity. In the final step, the agglomerative method will merge all nodes into one 

single cluster. The merging during the different stages of the algorithm can be represented in the 

form of a dendrogram (see Fig. 2(b)). 

 

To summarize our TAHC algorithm: 

1. Calculate the geodesic distances between all possible pairs of nodes of the given graph 

(which is a tree) and use the geodesic distance matrix C as input to the agglomerative 

hierarchical clustering algorithm. 

2. Assign each node (the row vector of C) to one cluster. 

3. Define the dSpearman as vector similarity distance between all row pairs of C. 

4. Find the most similar pair of clusters and merge them into a single cluster. 

5. Calculate similarities between the new cluster and each of the old clusters based on 

average-linkage clustering. 

6. Repeating steps 4 and 5 until all nodes are merged into a single cluster. 

 

E. Time complexity 

For a MST with N nodes and N-1 links, the geodesic distance matrix C can be obtained by 

Dijkstra’s algorithm in time O((2N-1)log(N)). The average-linkage clustering needs O(N2) time 

steps. If N → ∞ , O((2N-1)log(N))  = O(NlogN), and O(NlogN + N2) = O(N2) (Van Mieghem, 

2011b). Thus the overall run time of the TAHC algorithm scales as O(N2) on a MST.  

 

F. Comparing the clusters in the original weighted graph and the MST 

To evaluate the performance of the TAHC method, we adopted normalized mutual information 

(NMI) (Danon et al., 2005) to quantify the similarity between the underlying “real” clusters and 

the clusters detected by the TAHC method. NMI is based on the confusion matrix N, in which the 

entries Nij are the number of nodes in the “real” cluster i that appear in the “detected” cluster 

j. The measure of similarity between different clustering results is defined as follows: 

 

                                                              
7 When there is more than one node in one cluster, the distance between this cluster and other clusters can be 
calculated in different ways. In the average-link clustering, the distance between two clusters is equal to the 
average distance from any nodes of one cluster to any node of the other cluster. 



 

30 
 

NMI(A, B) =

−2 ∑ ∑ Nij log (
NijN
Ni∙N∙j

)
CB
j=1

CA
i=1

∑ Ni∙
CA

i=1 log (
Ni∙
N

) + ∑ N∙j log (
N∙j

N
)

CB

j=1

 

 

where CA  and CB  are the number of “real” clusters and “detected” clusters, respectively. 

The sum over row i of matrix N is denoted Ni∙ and N∙j is the sum over column j of matrix N. 

NMI takes the maximum value of 1 when the “detected” clusters are equal to the “real” clusters. 

NMI equals zero when the “detected” clusters are completely independent of the “real” 

partitions. 

 

Ⅲ. APPLICATIONS 

A. Artificial trees consisting of star-motifs and line-motifs 

To test the performance of the proposed algorithm we first applied it to two artificial trees. 

 

Fig. 3 shows the hierarchical clustering result for the artificial tree shown in Fig. 1(c), which 

consists of five star-motifs, where five hubs connect to each other in order of decreasing number 

of leaves. Five clusters were obtained by the TAHC algorithm, which is in line with the definition 

of clustering for star-motifs in Sec. Ⅱ. However, the Louvain method was able to detect only four 

clusters (see Fig. 3), as it incorrectly merged the two star-motifs that have few leaf nodes due to 

the limited resolution of this approach.  

 

For the Cayley tree, each node has the same degree (all equal to 3), except for leaf nodes (see 

Fig. 1(d)). Using our definition for line-motifs in trees (Section Ⅱ), this Cayley tree can be 

considered as containing one central node (node 1) connecting three line-motifs. Given that the 

three line-motifs have equivalent structures, which all link to node 1 by one node, there is no 

unequivocal way to decide to which cluster node 1 should be assigned, so node1 should be one 

single cluster. Nodes that are part of the line-motifs are symmetric in the lower hierarchy of the 

dendrogram (see Fig.4) due to the symmetrical structures of the Cayley tree. The TAHC method 

can detect four expected clusters (Fig.4), but the Louvain method fails (see Table Ⅰ). 
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Fig. 4. Hierarchical clustering results of the Cayley tree using the TAHC method. The solid line between the second 

and third hierarchy provides the correct clustering for the Cayley tree, namely, the single central node (node 1), 

and three symmetric clusters. 

 

Table 1. Clustering results in Cayley tree of TAHC compared with Louvain Method. 

Cluster Louvain TAHC 

1 1,2,5,13,14 2,5,10,11,12,13,14 

2 3,6,7,19,20,21,22 3,6,7,19,20,21,22 

3 4,8,9,15,16,17,18 4,8,9,15,16,17,18 

4 10,11,12 1 

ls = 6 < √2L ≈ 6.48 

Note that: L and ls denote the total number of links in a graph and the number of links inside clusters, 

respectively. Usually, the resolution problem will occur when ls ≤ √2L ( Fortunato and Barthélem, 2007). 

 

B. MSTs of the Zachary’s karate club network and the Les Misérables network 

Next, we tested the TAHC approach to the MSTs of two weighted social networks (Zachary’s 

karate club network and Les Misérables network) that have been characterized previously in 

terms of clustering structure. Here, the MST was obtained by Kruskal’s algorithm (Kruskal, 1956). 

The two social networks belong to a widely used benchmark to test the performance of 

clustering detection algorithms, including the GN algorithm (Girvan and Newman, 2002; Newman 

and Girvan, 2004). Although the original versions of the two social networks are weighted 

networks, most studies have only considered their unweighted version for simplicity, thereby 

missing the important underlying information reflected by the link weights. Here, we investigated 

the hierarchical clustering of the MSTs of the two weighted social networks. The key question 
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here is whether the MSTs can reveal the clusters that are present in their original weighted 

networks. 

 

 
Fig. 5. Weighted Zachary’s karate club network consists of the two known clusters. Link thickness represents the 

strength of the relationships between any two of the 34 members (i.e., the weights). The teacher and the 

administrator of the club are represented by nodes 1 and 34, respectively. 

 

The Zachary’s karate club network (Zachary, 1977) consists of 34 members of the karate club at 

a US university in 1970. Their mutual relationships were investigated over a period of 2 years. The 

club split into two groups after a dispute between a teacher (node 1 in Fig. 5) and the 

administrator (node 33 in Fig. 5) of the club.  

 

Fig. 5 illustrates that the weighted Zachary’s karate club network consists of two groups Fig. 

6(a) shows the MST of the weighted network. The two biggest star-motifs in the MST consist of 

the two largest hub nodes 1 and 34, respectively.  

 

Fig. 6(b) shows the hierarchical clustering for the MST using the TAHC method, which showed 

that the MST can be divided into two clusters. This result successfully corresponds to the actual 

division in the original weighted network (Fig. 5), except for node 29 (NMI=0.8372). This node is a 

leaf of node 3 in the MST, both of which will therefore always be assigned to the same cluster. 

Thus, for the weighted Zachary’s karate club network, these results demonstrate that its MST can 

establish the known clustering with a high accuracy. 

 



 

33 
 

 
Fig. 6. The MST and corresponding hierarchical cluster of the Zachary’s karate club network. (a) The MST of the 

weighted Zachary’s karate club network. (b) The hierarchical clustering result of the MST. Note that the labels of 

the 34 nodes in the MST and the dendrogram correspond to the 34 labels in Fig. 5. The solid line between the first 

and the second hierarchy gives the clustering result obtained with the TAHC method, which correctly identified 

the two clusters in the network. Only the cluster assignment of Node 29 (squared) was inconsistent with that of 

the underlying weighted network (see Fig. 5). 

 

The co-appearance network of major characters in the novel Les Misérables, authored by 

Victor Hugo, as compiled by Knuth (Knuth, 1933), was also analyzed. In this network, the 77 

interacting characters are represented by 77 nodes, and two nodes are linked if the two 

characters appear together in one or more chapters of the book. The weights of the links are the 

number of the co-appearances.  

 

Fig. 7 shows the MST of the weighted Les Misérables network, which consists of six relatively 

larger star-motifs. These star-motifs contain six relatively higher degree nodes (six characters): 

the higher degree node Valjean (the leading hero: degree=20); node Myriel (the Bishop, who 

saved Valjean: degree=10); node Courfeyrac (one of members of the friends of the ABC society: 

degree=8); node Thenardier (the leading villain: degree=7); node Marius (the young hero: 

degree=6); node Fantine (the leading heroine: degree=4). In this MST, there is one node Cosette 

(the young heroine who is the daughter of Fantine and also the wife of Marius), linking Valjean 

and Marius (the husband of Cosette), playing an important role in the book.  

 

The TAHC method successfully detects seven clusters consisting of the six large star-motifs and 

one important node Cosette with its leave Toussaint (who was appointed by Valjean to protect 

Cosette) (Fig. 8). The detailed description of the relationships between the characters in each 

cluster can be found in the Appendix A.  
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For comparison, we also directly applied Louvain method to the weighted Les Misérables 

network (Fig. 9). The Louvain method detected six clusters in the original weighted Les 

Misérables network, which were similar to the seven clusters found in the MST by the TAHC 

method  (NMI=0.8237). 

 

Hence, the TAHC algorithm can effectively detect the underlying hierarchical clustering 

embedded in the MST of the weighted Les Misérables network. 

 

 
Fig. 7. The MST of the weighted Les Misérables network. Each node is labelled with the name of each character in 

the book. 
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Fig. 8. The hierarchical cluster of the MST of the weighted Les Misérables network. Note that the label of each 

node corresponds to the label in Fig. 7. The solid line between the sixth and seventh hierarchy gives the clustering 

result obtained with the TAHC method, which identified the seven clusters in the network. 
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Fig. 9. The six clusters, represented in different colors, of the original weighted Les Misérables network identified 

by Louvain method. Link thickness indicates its weights, which represent the number of the coappearances of 

corresponding characters in this book. 

 

V. CONCLUSION 

In this article, we first defined the clusters in general trees in terms of two basic motifs (stars and 

paths) and then presented a novel tree agglomerative hierarchical clustering (TAHC) method to 

investigate these types of clusters in MSTs. This is the first clustering method that can be 

successfully applied to trees, i.e. maximally sparse connected graphs. The TAHC algorithm used 

the geodesic distance matrix C to compute the similarity between two nodes in the tree. This 

similarity was defined as the Spearman distance between row pairs in the geodesic distance 

matrix C. We tested the effect of using a simpler metric for the hierarchical clustering, i.e. we 

replaced the Spearman distances between row pairs in the geodesic distance matrix C by the 

geodesic distances between pairs of nodes. This gave similar results, yet for the real social 

networks this simpler metric was less sensitive to the intricate details of the underlying clusters 

(see Appendix B). 
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We have shown that the TAHC method can detect the underlying known clusters for two 

artificial trees that consist of these two fundamental motifs. The TAHC method presents better 

results on the artificial trees compared to the Louvain method, which suffers from a resolution 

limit. We have also demonstrated the utility and reliability of the TAHC method by applying it to 

the MST of two weighted social networks. In 2002, Girvan and Newman first applied the GN 

method to the unweighted Zachary’s karate club network and detected the two known clusters 

(Girvan and Newman, 2002). However, only considering the unweighted network misses 

important information embedded in link weights. In 2008, Arenas and colleagues successfully 

detected the two clusters in the original weighted Zachary’s network. In our study, the TAHC 

method extracts the known clusters in the MST of weighted Zachary’s karate club network with a 

high degree of success (only one node was classified incorrectly). Similarly, many studies have 

analyzed the unweighted Les Misérables network, but the original weighted Les Misérables 

network has not yet been studied (Newman and Girvan, 2004; Bagrow and Bollt, 2005; Bettinelli 

et al., 2012). Application of the TAHC method to the MST of the weighted Les Misérables network 

revealed clusters that largely overlapped with the clusters we found for the original weighted 

network using the Louvain method. Our clustering results of the MST of two weighted social 

networks indicate that the MSTs can reveal most of the known clusters of their original weighted 

networks. 

 

There were some small differences between the clusters of the original weighted networks and 

the clustering as obtained using the TAHC method applied to the MSTs. There could be several 

reasons for this: firstly, the TAHC method may not be sensitive enough to fully detect the 

underlying clustering structure in MSTs, especially for MSTs containing many line-motifs. 

Secondly, there may be overlapping clusters in the two employed social networks (Palla et al., 

2005), which have not been considered in this article. Thirdly, by constructing the MST some 

information about the clustering of the underlying weighted network may have been removed. 

Finally, the previously reported clustering for the underlying weighted networks was used here as 

gold standard, yet this gold standard may not be the perfect. 

 

Future studies will focus on finding more sensitive clustering method for MSTs and on the 

collection of weighted real-world networks with well-documented clusters for analysis. Moreover, 

we have not presented an objective metric (for example, the modularity (Newman and Girvan, 

2004)) to evaluate the hierarchical clustering results, because trees are likely to suffer from the 

resolution limit when using modularity (Fortunato and Barthélem, 2007; Bagrow, 2012). In our 

study, we presented the entire hierarchical dendrograms and obtained clusters by comparing 

with previously reported clustering results of the original weighted networks. However, in 

practice, the clusters are not known in advance. Future studies should therefore develop an 

objective heuristic to set the threshold for the dendrograms. Some studies aimed to find 

relationships between MSTs and the single-linkage and average-linkage cluster analysis of the 

original graph (Gower and Ross, 1969; Tumminello et al., 2007). In our study, we applied the 

average-linkage cluster analysis to the geodesic distance matrix of the MSTs rather than the 

original graph. We represented the results of the TAHC algorithm in the form of dendrograms, in 

which the nodes of the MSTs are depicted at the bottom. The roots of the dendrograms 
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represent corresponding hierarchies, at which nodes are merged into a cluster. The hierarchical 

clustering results can be obtained by the cross-section of the dendrograms at any hierarchy or 

root. However, there may be also some relationships between finding clusters in the MSTs and 

finding an appropriate root in corresponding dendrograms of the MSTs. We believe that this is an 

interesting direction for future research. 

 

We have demonstrated that MSTs contain information about the clustering in the underlying 

weighted networks, and that these clusters can be detected successfully in the MST using an 

agglomerative hierarchical clustering approach. We envisage that the TAHC method will be useful 

in the identification of clustering in various MSTs, as obtained from a range of complex networks, 

including social networks, genetic control networks, as well as functional and structural brain 

networks.   
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Appendix A 

From top to bottom in Fig.8, the first cluster includes the leading villain, Thenardier and persons 

related to him: MmeThenardier (his wife); Anzelma (his daughter); Magnon (the servant of 

Marius); six bandits (Brujon, Claquesous, Boulatruelle, Gueulemer, Babel, and Montparnasse). 

 

The second cluster includes the Bishop Myriel; MlleBaptistine and MmeMagloire (two servants 

of Myriel); and some persons have important relations with Myriel during his life: Napoleon; 

CountessDeLo; Geborand; Champtercier; Cravatte; Count; OldMan. 

 

The third cluster consists of the leading hero Valjean, his enemy and also life-saver Javert (the 

policeman who had been hunting Valjean all the time, but released Valjean at last), two sisters 

(Perpetue and Simplice) helped Fantine (the leading heroine) appointed by Valjean, two women 

(two servants of Valjean, who was also appointed by Valjean to protect the young heroine, 

Cosette); six protagonists in the “Champmathieu affair”: Champmathieu (a thief who was 

wrongly regarded as Valjean), three convicts accused Champmathieu (Cochepaille, Brevet, and 

Chenildieuthree), Bamatabois (a juror), a judge; and several persons who did not treat Valjean 

well after he was released from jail: Labarre (an innkeeper), Gervais (a little boy), Isabeau (a 

baker), MmeDeR, Sacufflaire (a horse merchant); three persons met by Valjean in relatively later 

chapters: Fauchelevent (an aged notary), Gribier (a gravedigger), MotherInnocent (prioress of a 

convent).  

 

The fourth cluster corresponds to the leading heroine, Fantine; Marguerite (one woman who 

helped Fantine); her three friends: Zephine, Favourite and Dahlia; the four Parisian students 

(Tholomyes, Listolier, Fameuil and Blacheville), who often contacted with Fantine.  

 

The fifth cluster consists of the young heroine, Cosette (the wife of Marius) and Toussaint (who 

was appointed by Valjean to protect Cosette); 

 

The sixth cluster consists of the young hero, Marius; Pontmery (one of the family members of 

Marius); Eponine and Baroness (two friends of Marius); the family members of Marius: 

Gillenormand, MlleGillenormand, LtGillenormand, MmePontmercy, and one friend of Marius, 

MlleVaubois.  

 

The seventh cluster contains the eight members of the friends of the ABC society (Courfeyrac, 

Enjolras, Combeferre, Pouvarie, Feuily, Bahorel, Grantaire, and Joly); MmeHucheloup (the 

innkeeper); and their friends, Mabeuf (the church prefect) and MotherPlutarch (the mad of 

Mabeuf); Gavroche (a street urchin); Jondrette (the father of Gavroche); MmeBurgon (a 

landlady); two children.  
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Appendix B 

In the main manuscript we used the geodesic distance matrix C to compute the similarity 

between two nodes in the tree. This similarity was defined as the Spearman distance between 

row pairs in the geodesic distance matrix C.  

 

Here, we evaluated the use of an alternative, simpler metric: that is, the agglomerative 

hierarchical clustering was based directly on the geodesic distances between the node pairs. 

 

Here, we take the MST of the weighted Zachary’s karate club network as an example to show 

the reduced sensitivity when using this simple metric. Fig. 10 shows the hierarchical clustering for 

the MST. Besides node 29, which was classified correctly using our original approach, nodes 9 and 

31 are now also classified incorrectly. This demonstrates that using a simpler metric reduces the 

sensitivity as compared to the TAHC method. In fact, node 9 and its leave node 31 are located 

almost in between the two known clusters (see Fig. 5 and Fig. 6(a)), which is difficult to detect by 

simply considering the geodesic distance. 

 

 

Fig. 10. The hierarchical cluster of the MST of the Zachary’s karate club network. Note that the labels of 34 nodes 

in the MST and the dendrogram correspond to the 34 labels in Fig. 5. The solid line between the first and the 

second hierarchy provides the clusters when using the simple metric described in Appendix B. The cluster 

assignment of nodes 29, 9, and 31 (squared) was inconsistent with that of the underlying weighted network (see 

Fig. 5). Note that using a more intricate metric for node distance as input for the clustering algorithm results in 

more accurate clustering (Figure 6) than when using the simple metric. 
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Chapter 3 

 

Different functional connectivity and network topology in behavioral 

variant of frontotemporal dementia and Alzheimer’s disease: an EEG 

study 

 

Meichen Yu, Alida A Gouw, Arjan Hillebrand, Betty M Tijms, Cornelis Jan Stam, Elisabeth CW van 

Straaten, Yolande AL Pijnenburg. Neurobiol Aging 2016; 42: 150-62. 
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ABSTRACT 

We investigated whether the functional connectivity and network topology in 69 Alzheimer’s 

disease (AD), 48 behavioral variant of frontotemporal dementia (bvFTD) patients and 64 

individuals with subjective cognitive decline (SCD) are different using resting-state 

electroencephalography (EEG) recordings. Functional connectivity between all pairs of EEG 

channels was assessed using the Phase Lag Index (PLI). We subsequently calculated PLI-weighted 

networks, from which minimum spanning trees (MSTs) were constructed. Finally, we investigated 

the hierarchical clustering organization of the MSTs. Functional connectivity analysis showed 

frequency-dependent results: in the delta band, bvFTD showed highest whole-brain PLI; in the 

theta band, the whole-brain PLI in AD was higher than that in bvFTD; in the alpha band, AD 

showed lower whole-brain PLI compared with bvFTD and SCD. The MST results indicate that 

frontal networks appear to be selectively involved in bvFTD against the background of preserved 

global efficiency, whereas parietal and occipital loss of network organization in AD is 

accompanied by global efficiency loss. Our findings suggest different pathophysiological 

mechanisms in these two separate neurodegenerative disorders.  

 

Key words: Alzheimer’s disease, behavioral variant of frontotemporal dementia, EEG, functional 

connectivity, network topology, subjective cognitive decline 

  



 

43 
 

INTRODUCTION 

Alzheimer’s disease (AD) and the behavioral variant of frontotemporal dementia (bvFTD) are the 

two most frequent causes of degenerative dementia (van der Flier and Scheltens, 2005; Neary et 

al., 2005; Piguet et al., 2011). AD is clinically characterized by early memory disturbances 

corresponding to degeneration of neurons in the entorhinal cortex, which gradually extends to 

the temporal and parietal cortex and causes disturbances in other cognitive domains (Querfurth 

and LaFerla, 2010; Ballard et al., 2011). The underlying neuropathology of AD consists of 

beta-amyloid plaques and tau-containing neurofibrillary tangles. In contrast, bvFTD is a mainly 

behavioural disorder in which patients present with problems in social-emotional functioning and 

personality change. These symptoms are accompanied by executive and language dysfunction 

whereas memory disturbances occur to a lesser extent. In bvFTD, neurodegeneration of the 

frontal and anterior temporal regions is circumscribed, including the anterior cingulate cortex, 

amygdala and striatum (Neary et al., 1998; Neary et al., 2005; Seeley et al., 2007; Seeley, 2008). 

BvFTD is clinically heterogeneous with disease durations varying between 2 and 20 years and 

intracerebral deposition of either tau or TAR-DNA-binding protein 43 (TDP-43) as the main 

underlying pathologies. It has been hypothesized that cognitive dysfunction in neurological 

diseases results from the disruption of the optimal balance between local segregation and global 

integration of neural information processing in brain networks (Bullmore and Sporns, 2009; Stam, 

2014a). EEG measures oscillatory electrical brain activity at the macroscopic scale with high time 

resolution (Speckmann et al., 2011). EEG rhythms of different frequencies reveal different neural 

generators and are also likely to be involved in different cognitive processes (Wang, 2010; Amzica 

and Lopes da Silva, 2011; for details, see the Appendix). Therefore, EEG has a strong potential to 

provide biomarkers for diagnoses in many neuropsychiatric disorders (Lopes da Silva, 2013). 

 

In recent years, the brain has been conceived structurally and functionally as a complex 

network, which can be assessed with EEG, magnetoencephalography (MEG), structural and 

functional magnetic resonance imaging (MRI), and positron emission tomography (PET) (Bullmore 

and Sporns, 2009; Stam and van Straaten, 2012; Stam, 2014a). By means of graph theory, the 

topological analysis of human brain networks has confirmed that brain networks in healthy 

subjects have topological attributes such as small-worldness; clusters (including hierarchical 

clustering organization); hubness; and rich-clubs (See Supplementary Table 1 for descriptions) 

(Blinowska and Kaminski, 2013; Sporns, 2013; Stam, 2014a; Meunier et al., 2010; van den Heuvel 

and Sporns, 2013).  

 

AD has been considered to be a ‘disconnection syndrome’ (Delbeuck et al., 2003). Many EEG 

studies have consistently shown that functional connections in the higher frequency bands are 

generally weaker in AD patients than in controls (van Straaten et al., 2014). Recently, the 

abnormal functional brain network in AD has been characterized by a loss of small-world features 

(towards random network topology), disturbed community structure and selective hub 

vulnerability in both structural and functional network studies (Stam et al., 2007, 2009; He et al., 

2008; Supekar et al., 2008; Buckner et al., 2009; De Haan et al., 2009, 2012; Seeley et al., 2009; 

for reviews see: Tijms et al., 2013; Stam, 2014a; Babiloni et al., 2015). Some resting state EEG 

rhythms reflect the abnormal cortical neural synchronization and coupling in the brain of 
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prodromal and overt AD subjects. However, to date, both functional connectivity and network 

studies in bvFTD remain scarce. Previous studies have shown that the EEG in bvFTD remains 

normal or only mildly disturbed until late in the course of disease (Pasquier et al., 1999; Neary et 

al., 1998, 2005; Stam, 2011). Using standardized low resolution brain electromagnetic 

tomography (sLORETA), lower activity in the orbital frontal and temporal lobe in the alpha 1 band 

(8.5-10 Hz) has been observed in FTD patients compared with healthy controls (Nishida, et al., 

2011). In a recent resting-state EEG study, abnormal microstates associated with frontal lobe 

activation were found in FTD patients (Nishida, et al., 2013). In a previous EEG functional 

connectivity study, bvFTD showed higher functional connectivity compared to AD in the upper 

alpha band (10-13 Hz), but did not reveal group differences when compared to individuals with 

subjective memory decline (SCD) (Pijnenburg et al., 2008; Jessen et al., 2014). A subsequent EEG 

network study demonstrated that bvFTD showed changes, towards a more ordered network 

topology in the alpha band (8-13 Hz), which seems to be in an opposite direction than observed 

in AD (de Haan et al., 2009). Furthermore, in the same study, the degree correlation (See 

Supplementary Table 1) increased in bvFTD in the lower alpha band (8-10 Hz) compared with SCD 

subjects. An fMRI study in bvFTD patients and healthy individuals showed that both global and 

local topologies of the functional brain network in bvFTD were significantly disrupted compared 

with healthy controls (Agosta et al., 2013). These studies suggest that brain networks seem to be 

disrupted in a disease-specific way, however the direction of the disruptions shows 

inconsistencies, which might reflect biases introduced by network construction. 

 

Although being utilized widely and having obtained great achievements already, conventional 

brain network analyses suffer from methodological problems in comparing network parameters 

across different groups and conditions (van Wijk et al., 2010; Stam et al., 2014b). Conventionally, 

brain network analysis starts with constructing a weighted connectivity matrix by calculating 

correlations or synchronization between all possible pairs of time series (EEG and MEG). 

Subsequently, a threshold, or range of thresholds, is used to generate a binary matrix 

(connections either exist or do not exist). Then the corresponding network topology of the binary 

matrix can be characterized by calculating the network metrics of interest. Importantly, most 

network characteristics depend on the number of links in the network, and the estimated 

network topology is therefore biased by the choice of the threshold. This hampers a meaningful 

comparison of network topology between individuals or groups. It has been proposed that 

threshold problems can be avoided by normalizing the network parameters through comparison 

against network parameters for surrogate networks, yet this normalization strategy still does not 

eliminate the bias problems (van Wijk et al., 2010;). Using the original weighted networks has 

similar problems, because differences in average weight will influence the values of network 

parameters and make the group comparisons biased (van Wijk et al., 2010; Stam et al., 2014b).  

 

Here, we used minimum spanning tree (MST) analysis as a way to characterize and compare 

EEG networks. The MST is a simplified representation of the core network with minimized 

connection cost. The MST connects all the nodes in the original weighted network without 

forming cycles. In this way, MSTs with the same number of nodes and links are obtained, 

therefore enabling the direct comparison of network properties between groups and avoiding the 

aforementioned methodological biases. Importantly, changes in the topology of minimum 
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spanning trees correlate strongly with changes in the topology of the underlying network, as 

characterized using conventional graph theoretical measures, yet these changes can be identified 

without methodological bias (Stam, 2014b; Tewarie et al., 2015). Our previous EEG and 

MEG-based functional brain network studies using MST showed that MST analysis provides a 

sensitive and practical tool for the tracking of developmental network changes, as well as the 

identification of abnormal brain network topology in epilepsy, MS and Parkinson’s disease (PD) 

(Boersma et al., 2013; van Dellen et al., 2013; Tewarie et al., 2014a, b; Olde Dubbelink et al., 

2014). An fMRI study showed that the MST of the default mode network (DMN) was disrupted in 

AD patients compared to the MST in young and elderly controls (Ciftçi, 2011).  

 

Clustering and hierarchical clustering organization uncover major building blocks of brain 

networks, corresponding to specialized brain functions (Meunier et al., 2000; Sporns and Betzel, 

2015). One magnetoencephalopgraphy (MEG) study has demonstrated that cognitive impairment 

in AD can be related to impaired communication between functional clusters (De Haan et al., 

2012). However, whether AD, bvFTD patients and SCD subjects possess different hierarchical 

clustering organizations has not been investigated yet. Previous MST-derived brain network 

studies have not examined local clustering properties, because MSTs, as the maximally sparse 

connected graphs, are not traditionally considered to have clusters (Fortunato, 2010; Newman, 

2012; but see Bagrow, 2012). We recently defined a tree agglomerative hierarchical clustering 

(TAHC) method, which can successfully detect clusters in both artificial trees and the MSTs of 

weighted social networks (Yu et al., 2015).  

 

The present study used eyes-closed resting-state EEG recordings involving patients with AD and 

bvFTD, and individuals with SCD. The aim was to address whether the functional connectivity and 

brain network topologies (characterized by MST) of AD and bvFTD patients are changed 

differently in comparison with SCD individuals. We hypothesized that i) functional brain regions 

(characterized by functional connectivity and MST centrality measures) and hierarchical 

clustering organizations are disrupted in AD and bvFTD, in comparison with SCD subjects; ii) AD 

and bvFTD patients selectively target different functional brain regions, and possess different 

hierarchical clustering organizations, whereby bvFTD selectively targets frontal brain areas, 

whereas AD affects posterior regions.  

 

MATERIALS AND METHODS  

A schematic overview of the applied methods is provided in Fig. 1.    
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Fig.1. Schematic overview of the applied methods. (A) Illustration of EEG electrode locations recorded using the 

international 10-20 system. (B) 21-channel EEG time series of 1 epoch of 1 bvFTD patient shown in BrainWave 

software. (C) Weighted functional connectivity matrix constructed by the phase lag index. (D) Unweighted 

minimum spanning tree matrix constructed by Kruskal’s algorithm. (E)Minimum spanning tree graph (loopless 

graph). (F) Hierarchical clustering organization computed byTAHC algorithm. Abbreviations: bvFTD, behavioral 

variant of frontotemporal dementia; EEG, electroencephalography; TAHC, tree agglomerative hierarchical 

clustering. 

 

Patients 

Patients were recruited selected from the Alzheimer Amsterdam Dementia Cohort of the 

Alzheimer Center of the VU University Medical Center between October 2003 and October 2013 

(van der Flier et al., 2014). Standardized dementia screening included medical history, informant 

based history, physical and neurological examination, screening laboratory tests, 

neuropsychological evaluation, resting-state EEG, MRI, laboratory tests, and lumbar puncture. All 

diagnoses were made in a multidisciplinary consensus meeting. Patients with the diagnosis of 

behavioral variant frontotemporal dementia (bvFTD), probable AD, and subjects with subjective 

cognitive decline, who had an available EEG, were included for this study. 

 

48 consecutive patients with probable or definite behavioral variant of FTD were diagnosed 

according to the International bvFTD Consortium criteria (Rascovsky et al., 2011). Of these 

patients, 4 had autopsy confirmed FTD with TDP-43 pathology, 1 subject carried a tau-gene 

mutation, 2 subjects carried a progranulin mutation, and 1 subject had a C9orf72 repeat 

expansion. 69 Patients with probable Alzheimer’s Disease (AD) were diagnosed according to the 

NIA criteria (McKhann et al., 1984; McKhann et al., 2011). They all had a high likelihood of 

underlying AD pathology based on cerebrospinal fluid (CSF) examination congruent with AD (Tau/ 

amyloid-β 42 ratio > 0.52) (Duits et al., 2014). 64 Control subjects consisted of subjects who 
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presented at our memory clinic with subjective cognitive complaints and were screened 

according to the standardized protocol. Control subjects did not have cognitive deficits, had 

normal clinical investigations and had a non-AD CSF profile (Tau/ amyloid-β 42 ratio < 0.52). All 

subjects were matched for age and gender, and gave written informed consent for the storage of 

the examinations in a local database and for use of their data for research purposes. This protocol 

was in agreement with the WMA declaration of Helsinki, and approved by the ethical review 

board of the VU University Medical Centre. 

 

Table 1. Demographic and clinical characteristics for AD and bvFTD patients, and SCD subjects. 

 Measures bvFTD AD SCD 

Number  48 69 64 

Age (1st visit)a 61.4 ± 5.4 63.6 ± 6.2 61.8 ± 6.3 

Gender(%F)b 20 (41.7%) 29 (42.0%) 21 (32.8%) 

EEG system  

BrainLab 

BrainRT 

 

31 (65%) 

17 (35%) 

 

54 (78%) 

15 (22%) 

 

51 (80%) 

13 (20%) 

MMSEa,c  

(range) 

24.7 ± 3.5 

(16 - 30) 

20.9 ± 5.3 

(5 - 29)  

28.4 ± 1.6 

(24 - 30) 

CAMCOG a,d 

(range) 

78.8 ± 11.0 

(55 - 99) 

71.7 ± 14.4 

(31 - 94) 

92.9 ± 5.7 

(70 - 103) 

FAB a,e 

(range) 

12.9 ± 4.1 

(3 - 18) 

12.8 ± 3.8 

(5 - 18) 

16.7 ± 1.7 

(11 - 18) 

Education a,f 5.1 ± 1.2 

(2 - 7) 

4.7 ± 1.4 

(1 - 7) 

5.1 ± 1.3 

(1 - 7) 

Note: Values are mean (SD), percentage (%) or range.  

a These variables were tested using ANOVA followed by a post-hoc Bonferroni correction test for multiple 

comparison. 

b Differences in gender distribution were tested using the Pearson Chi-square test. 

c MMSE (Mini-Mental State Examination) scores were only available for 179 subjects, as for two AD patients the 

MMSE scores were not valid due to illiteracy of one patient and severe visual problem in the other patient.  

d CAMCOG (Cambridge Cognitive Examination (Roth et al., 1986) ) scores were only available for 136 subjects (35 

bvFTD, 52 AD, 49 SCD). 

e FAB (Frontal Assessment Battery (Dubois, et al., 2000) ) scores were only available for 142 subjects (40 bvFTD, 54 

AD, 48 SCD).  

f Level of education was rated according to Verhage (Verhage, 1964). The scores for the level of education were 

only available for 174 subjects (44 bvFTD, 67 AD, 63 SCD). 

 

EEG Recording 

Twenty minutes resting-state EEGs were recorded using 21 electrodes following the 10–20 system 

(BrainLab and BrainRT, OSG bv, Rumst, Belgium). EEGs were recorded against an average 



 

48 
 

reference including all electrodes with the following order of channels: Fp2/ Fp1, F8/ F7, F4/ F3, 

A2/ A1, T4/ T3, C4/ C3, T6/ T5, P4/ P3, O2/ O1, Fz, Cz, Pz. Sample frequency was 500 Hz. 

Electrode impedance was kept below 5 kOhm. Filter settings were: time constant 0.6 (BrainRT) or 

1 second (Brainlab), low pass filter 70 (Brainlab) or 100 Hz (BrainRT) and no notch filter. Analog to 

digital conversion precision was 12 (Brainlab) or 20 bit (BrainRT). Patients were seated in a slightly 

reclined chair in a sound attenuated room. Patients sat mainly with their eyes closed and EEG 

technicians kept patients awake by sound stimuli. 

 

EEG Preprocessing 

EEGs recordings were converted into ASCII format and imported into BrainWave software 

(version 0.9.151.7.2 available from http://home.kpn.nl/stam7883/brainwave.html; developed by 

CJ. Stam) for further analysis.  

 

Five epochs (epoch length 4096 samples; ~8.2 seconds) of eyes-closed EEG recording for each 

subject were carefully selected (AG), based on a minimum of artefacts (no eyeblinks, muscle 

artefacts, electrocardiogram artefacts, signs of drowsiness [roving horizontal eye movements, 

alpha slowing / alpha drop-out]). The epoch quality per subject, defined as the presence and 

severity of artefacts, was rated from 1 (no artefacts) to 4 (severe artefacts). All grade 4 epochs 

were reviewed by two expert raters (IvS and CJS) and excluded when at least one of the raters 

believed that epoch quality was insufficient for quantitative EEG analyses.  

 

Functional Connectivity Analysis 

As a measure of functional connectivity between all pair-wise combinations of EEG channels, the 

phase Lag Index (PLI) was used to compute the asymmetry of the distribution of phase 

differences (∆φ(tk), k = 1 … N) between two EEG signals (time series) (Stam et al., 2007). 

Reliable estimates of non-zero phase-lag synchronization can be obtained by PLI, which is a 

metric that is relatively insensitive to the effects of volume conduction. The instantaneous phase 

difference between pair-wise signals can be determined using the analytical signal as obtained 

from the Hilbert transform. The PLI, which quantifies the asymmetry of the phase difference 

distribution between pair-wise signals, can be obtained from a time series of phase differences, 

as follows 

 

PLI = |〈sign[sin (∆φ(tk))]〉|.                       (1) 

 

Here, 〈 〉 denotes the mean value, and | | indicates the absolute value. The PLI values range 

between 0 (no coupling, or coupling with zero lag) and 1 (perfect (non-zero) phase locking). 

 

A square 21×21 weighted adjacency matrix, containing the PLI values, was constructed by 

calculating the PLI value between all pair-wise combinations of 21 EEG channels for each epoch in 

each frequency band, using four classical frequency bands: delta (0.5-4 Hz), theta (4-8 Hz), alpha 

(8-13 Hz) and beta (13-30Hz). Then, for each epoch the whole-brain PLI value, representing 

whole-brain synchronization, was computed by averaging all pair-wise PLI values. In addition to 

the mean whole-brain PLI, for each epoch we computed regional PLI for each EEG channel 

separately by averaging the PLI values of each row in the PLI-weighted connectivity matrix. 

http://home.kpn.nl/stam7883/brainwave.html
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Functional connectivity analysis and subsequent analyses of functional brain network topology 

were performed with BrainWave software and MATLAB R2015a. 

 

Minimum Spanning Tree Analyses 

The minimum spanning tree (MST) is an acyclic connected sub-graph of an undirected weighted 

graph. In our study, the MST was constructed based on the aforementioned PLI adjacency matrix 

by employing Kruskal’s algorithm (Kruskal, 1956). In short, this algorithm first orders the weights 

(defined as: 1/PLI) of all links in an ascending order, then it starts the construction of the 

minimum spanning tree with the link with the minimum weight (i.e. highest PLI value) and adds 

the following minimum link weight until all N nodes are linked in a loopless sub-graph consisting 

of N-1 links. If adding a link leads to the creation of a cycle, this link is skipped in the process. This 

procedure resulted in undirected binary MSTs with 21 nodes and 20 links. 

 

For each frequency band, the dissimilarities of the MSTs for the three groups (AD/bvFTD, 

bvFTD/SCD, AD/SCD) were quantified by computing the survival ratios of MST links (Onnela et al., 

2002). The survival ratio is the fraction of links found common in two MSTs, which is defined as 

 

σ(a, b) =
1

N−1
{Ea ∩ Eb},                          (2) 

 

where a, b are two MSTs with the same number of nodes N. Ea and Eb refer to the set of links 

in a and b, respectively. ∩ is the intersection operator and {⋯ } gives the number of elements in 

the given set. σ ranges from 0 (two MSTs are completely different) to 1 (they have the same 

topological structure). If the topological structures of MSTs were significantly different between 

any two groups by permutation test (for details, see the Statistical analysis section) in a specific 

frequency band, then we performed post-hoc analysis on the topological properties of the MSTs 

in the three groups.   

 

To analyze the topology properties of the MSTs for the three groups, we calculated degree, leaf 

fraction, diameter, eccentricity, maximum betweenness centrality (BC), Kappa, degree correlation 

(R), Teff, tree hierarchy (Th) and the mean weight of all links included in the MST (MSTmean) 

(Stam et al., 2014b). The descriptions and computational details of the MST measures can be 

found in the Supplementary materials. 

 

Hierarchical Clustering Analyses in the MSTs 

MSTs contain non-trivial information about the underlying clusters of the original weighted 

network (Yu et al., 2015). Here, we utilized the tree agglomerative hierarchical clustering (TAHC) 

method for the detection of clusters in the aforementioned MSTs (Yu et al., 2015). The TAHC 

method first computes the similarity between every node pairs in a MST, and then merges the 

node pairs into corresponding clusters in order of decreasing similarity until all nodes are merged 

into one single cluster. The merging during the different stages of the algorithm can be 

represented in the form of a dendrogram. The computational details of the TAHC method can be 

found in the Supplementary materials. In our study, we analyzed the hierarchical clustering 

organization of the group-level MST for each group in each frequency band separately. Thus, each 
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group-level dendrogram obtained by the TAHC method corresponds to each group-level MST.  

 

Statistical Analyses 

Statistical analyses for baseline group characteristics were performed using SPSS for Windows 

(version 21). Age, education, MMSE, CAMCOG and FAB were compared between the three 

diagnostic groups (AD, bvFTD and SCD) using ANOVA followed by a post-hoc Bonferroni 

correction test for multiple comparison. Differences in gender distribution were tested using the 

Pearson Chi-square test. 

 

In the current study, for each frequency band separately, we used permutation test to compare 

the group-level PLIs between the three diagnostic groups. If the group-level PLIs were 

significantly different in a specific frequency band, we performed post-hoc permutation tests on 

the epoch-level PLIs in the three groups. To reduce the bias of only considering group- or 

epoch-level comparisons, we tested the group differences of the MSTs between the three 

diagnostic groups at three different levels: firstly, for each frequency band separately we used 

permutation test to compare the overall topological structures of group-level MSTs by computing 

the survival ratios; secondly, if the group-level MSTs were significantly different in a specific 

frequency band, we performed post-hoc permutation tests on the epoch-level MST global 

measures in the three groups; thirdly, if the epoch-level MST global measures (only for MST 

centrality measures) were significantly different, we further pairwise compared the regional-level 

MST measures by permutation test. Permutation tests were performed in pairwise groups (AD 

versus bvFTD, bvFTD versus SCD, AD versus SCD) and the p-values for all the pairwise multiple 

comparisons were corrected by FDR for global measures (Benjamini and Hochberg, 1995), and 

using the maximum statistic for regional measures (Nichols and Holmes, 2002). The 

computational details of the permutation tests can be found in the Appendix. The statistical 

analyses for PLI and MST comparisons were performed in MATLAB R2015a. 

 

RESULTS 

Subject Characteristics 

The main demographic and clinical characteristics of the three groups (AD, bvFTD and SCD) are 

listed in Table 1. The groups were matched for gender and age. No difference was found in the 

level of education between all group combinations. MMSE was lower in AD than in bvFTD, and 

bvFTD showed lower MMSE than controls (p < .0001). AD patients showed the lowest CAMCOG 

(p < .0001 for AD versus SCD and p = .01 for AD versus bvFTD), and CAMCOG was higher in SCD 

than in bvFTD (p < .0001). FAB was lower in bvFTD (p < .0001) and AD (p < .0001) than in SCD, 

respectively. 

 

Phase Lag Index (PLI) 

Whole-brain PLI 

A significantly higher whole-brain PLI was found for bvFTD patients compared with SCD subjects 

in the delta band (p = .04). In the alpha band, the whole-brain PLI was significantly lower for AD 

patients than for SCD subjects (p < .0001). The whole-brain PLI was significantly lower for AD 

patients in the delta and alpha band (p = .04 and p = 0.01, respectively), but significantly higher in 
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the theta band (p < .0001) in comparison with bvFTD patients (Fig. 2; Table 2). No significant 

differences in whole-brain PLI were found between the three groups in the beta band. 

 

 

Fig. 2. Boxplot of mean PLI values in 4 frequency bands. The circles and asterisks indicate mild and extreme 

outliers, respectively. Abbreviations: AD, Alzheimer’s disease; bvFTD, behavioral variant of frontotemporal 

dementia; PLI, phase lag index; SCD, subjective cognitive decline. 

 

Table 2. Comparative analysis of whole-brain PLI between AD, bvFTD and SCD subjects. 

Frequency bands Pair-wise comparisons 

AD/bvFTD bvFTD/SCD AD/SCD 

delta (0.5-4 Hz) p = .04 

(0.1507/0.1574) 

p = .04 

(0.1574/0.1510) 

p = .89 

(0.1507/0.1510) 

theta (4-8 Hz) p < .0001 

(0.1587/0.1423) 

p = .18 

(0.1423/0.1502) 

p = .15 

(0.1587/0.1502) 

alpha (8-13 Hz) p = .01 

(0.1788/0.2010) 

p = .18 

(0.2010/0.2151) 

p < .0001 

(0.1788/0.2151) 

beta (13-30 Hz) p = .18 

(0.0822/0.0794) 

p = .31 

(0.0794/0.0819) 

p = .89 

(0.0822/0.0819) 

Note: Mean PLIs were pair-wise compared between AD, bvFTD and SCD subjects using permutation testing (p < 

.05). p-values were corrected for multiple comparisons by the FDR. Pair-wise significant differences between AD, 

bvFTD and SCD subjects are given in bold. The values in parentheses are mean PLI values. 
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Table 3. Comparative analysis of global MST measures between AD, bvFTD and SCD subjects. 

  

Global MST measures 

  

Pair-wise comparisons 

AD/bvFTD bvFTD/SCD AD/SCD 

  

  

  

  

  

  

  

  

 

alpha band 

(8-13 Hz) 

Degreemax p < .0001 

(0.3159/0.3481) 

p = .34 

(0.3481/0.3369) 

p = .01 

(0.3159/0.3369) 

Leaf fraction p = .01 

(0.5838/0.6062) 

p = .94 

(0.6062/0.6069) 

p = .002 

(0.5838/0.6069) 

Diameter p = .12 

(0.3933/0.3823) 

p = .49 

(0.3823/0.3769) 

p = .01 

(0.3933/0.3769) 

Eccentricity  p = .12 

(0.3141/0.3049) 

p = .65 

(0.3049/0.3025) 

p = .02 

(0.3134/0.3025) 

BCmax p = .01 

(0.7290/0.7494) 

p = .62 

(0.7494/0.7452) 

p = .02 

(0.7290/0.7452) 

Kappa p = .0008 

(2.9958/3.2221) 

p = .42 

 (3.2221/3.1594) 

p = .002 

(2.9958/3.1594) 

R p = .01 

(-0.3406/-0.3807) 

p = .34 

(-0.3807/-0.3959) 

p < .0001 

(-0.3406/-0.3959) 

Teff p = .07 

(0.2338/0.2153) 

p = .24 

(0.2153/0.2284) 

p = .57 

(0.2338/0.2284) 

MSTmean p = .01 

(0.3771/0.4084) 

p = .23 

(0.4084/0.4273) 

p < .0001 

(0.3771/0.4273) 

Th p = .54 

(0.4035/0.4077) 

p = .73 

(0.4077/0.4098) 

p = .28 

(0.4035/0.4098) 

Note: Mean global MST measures were pair-wise compared between AD, bvFTD and SCD subjects using 

permutation testing (p < .05). p-values were corrected for multiple comparisons by the FDR. Pair-wise significant 

differences between AD, bvFTD and SCD subjects are given in bold. The values in parentheses are mean values. 

 

Regional PLI 

In subsequent connectivity analyses, the PLI values of 21 channels for bvFTD patients were 

overall higher than for the other two groups in the delta and alpha band, reaching significance for 

channel C3 (p = .03) in the delta band and for channel T5 (p = .0454) in the alpha band, both 

relative to SCD subjects (Fig. 3). AD patients had overall significantly higher PLI values compared 

with SCD subjects in the theta band, reaching significance for channel T5 (p = .01). In contrast to 

the theta band, the alpha-band regional PLI values were overall (except channels F4 and C4) 

significantly lower in AD patients when compared to SCD subjects. 

 

In the theta band, overall, the PLI values of 21 channels in AD and bvFTD revealed differences 

in opposite directions from the SCD group: AD > SCD > bvFTD (Fig. 3). No significant regional PLI 

differences were found between bvFTD and SCD subjects in the theta band. Compared to bvFTD 

patients, patients with AD featured significantly higher PLI values for channels F4, Fz, A2, A1, and 
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posterior channels T5, P4, P3, O2, O1, T6 (p = .03, .04, .0002, .008, .003, .003, .004, .0003, .0458, 

< .0001, respectively) (Fig. 4).  

 

The regional PLI values in the alpha band showed the pattern: AD < bvFTD <SCD (Fig. 3). 

Regional PLI values in AD patients were significantly lower relative to bvFTD patients at parietal 

channels (P3, P4, Pz) and A2, C4, O2, C3, (p = .0458, .02, .04, .005, .04, .0009, < 0.0001, 

respectively). 

 

The functional connectivity patterns for the three diagnostic groups were 

frequency-dependent. The abnormal connectivity patterns found in bvFTD and AD compared 

with the SCD subjects support the concept of both diseases as disconnection syndromes. The 

results of regional connectivity further indicate that bvFTD and AD selectively target different 

brain regions: bvFTD influences frontal regions, but AD targets posterior regions. 
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Fig. 3. Regional PLI values for 21 EEG channels in the delta, theta, and alpha band displayed as a color-coded map 

on a schematic head plot, viewed from the top. The figures on the right show the same information as line 

graphs. Boxed electrode labels indicate a significant pairwise difference between any of the 3 groups for that 

channel. Abbreviations: AD, Alzheimer’s disease; bvFTD, behavioral variant of frontotemporal dementia; EEG, 

electroencephalography; PLI, phase lag index; SCD, subjective cognitive decline. 

 

Fig.4. Regional distribution ofsignificantlydifferent PLI indelta, theta, and alpha band, displayed asacolor-coded 

map on a schematic headplot, viewed from the top. Permutation tests were performed in pairwise groups (AD vs. 

bvFTD, bvFTD vs. SCD, and AD vs. SCD). Red indicates that the regional PLIs for the corresponding EEG channel are 

significantly different between the 2 compared groups; blue means that there is no significant difference between 

the regional PLIs for the 2 compared groups. The statistical threshold was p < 0.05. Abbreviations: AD, Alzheimer’s 

disease; bvFTD, behavioral variant of frontotemporal dementia; EEG, electroencephalography; PLI, phase lag 

index; SCD, subjective cognitive decline. (For interpretation of the references to color in this figure legend, the 

reader is referred to the Web version of this article.) 



 

55 
 

MST Dissimilarities (survival ratios) 

The structure of MSTs were significantly dissimilar between AD patients and SCDs (p = .02) in the 

alpha band. No significant dissimilarities between bvFTD and SCD groups were found across four 

frequency bands. The structure of MSTs were significantly dissimilar between AD and bvFTD 

patients (p = .04) in the alpha band.  

 

The topological structure of the group-level MST constructed from the averaged PLI matrices of 

AD, bvFTD and SCD groups are shown in Fig. 7a. In the alpha band, the group-level MST of SCD 

subjects consists of three star-motifs: the largest parietal hub node Pz linked all the frontal leaves 

(Fp1, Fp2, F3, F4, Fz, F7, F8) and Cz, O1 and O2; the second largest occipital hub nodes O1 and O2 

linked the left posterior nodes (C3, T3, T4, T5, P3, A1) and right posterior nodes (C4, T6, P4, A2), 

respectively (Fig.7).  

 

The topological structure of the group-level MST changed from a more star-like (see 

Supplementary materials for descriptive) tree topology in SCDs and bvFTD patients to more 

line-like tree topology in AD patients. For all 3 groups, nodes over the parietal lobe had the 

highest degree: Pz in SCD subjects; P3 and P4 in AD and bvFTD patients. The occipital nodes were 

hubs in both SCD (O1 and O2) and bvFTD (O2) subjects, but not in AD patients, where the hubs 

were located in parietal (P4 and P3) and central (Cz) regions. In contrast to AD patients, the hubs 

were directly linked in SCD and bvFTD subjects. In AD and bvFTD patients, the central nodes (Cz, 

C3) had much higher degrees than for the SCD group.  

 

MST global and regional measures 

In the alpha band, in AD patients, the maximum degree, leaf fraction, BCmax, Kappa and 

MSTmean were significantly lower, but the R, diameter and eccentricity were significantly higher 

compared to SCD subjects (Table 3). No significant differences in MST global measures were 

found between bvFTD patients and SCDs. When compared with bvFTD patients, AD patients also 

showed significantly lower maximum degree, leaf fraction, BCmax, Kappa and MSTmean, and 

significantly higher R.  

 

Post-hoc analyses in the alpha band revealed that the regional BC for frontal channels F4 and 

Fz (p = .02, .03) were significantly higher in AD patients in comparison with SCDs (Fig. 5). AD 

patients also revealed highest regional eccentricity values in comparison with the other two 

groups, reaching significance at one of occipital channels O1 (p = .003), relative to SCD subjects. 

(Fig. 6). No significant differences were found between bvFTD patients and SCDs in MST regional 

measures. The significantly higher regional degree for channel T5 (p = .03) was found in AD 

patients compared with bvFTD patiensts. For channel F4 and T5 (p = .02, .0004), the regional BC 

was significantly lower values in bvFTD patients relative to AD patients. 

 

The MST results indicate that in comparison with the SCD subjects, the networks in AD 

patients were characterized by disrupted global efficiency, less integrated tree configuration; in 

contrast, bvFTD patients preserved the global efficiency. 
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Fig. 5. Regional MST centrality measures for 21 EEG channels in the delta, theta, and alpha band displayed as a 

color-coded map on a schematic head plot, viewed from the top. The figureson theright show the changing 

pattern of regional MST centrality values for considered 3 groups. Boxed electrode label indicates a significant 

difference between 3 groups at that channel. Abbreviations: AD, Alzheimer’s disease; BC, betweenness centrality; 

bvFTD, behavioral variant of frontotemporal dementia; EEG, electroencephalography; MST, minimum spanning 

trees; SCD, subjective cognitive decline. 

 

Fig. 6. Regional distribution of significantly different MST centrality measures displayed as a color-coded map on a 

schematic head plot, viewed from the top. Permutation tests wereperformed inpairwise groups (AD vs. bvFTD, 

bvFTD vs. SCD, and AD vs. SCD). Red indicates that the regional MST centrality measures for the corresponding 

EEG channel (brain region) are significantly different between 2 compared groups; blue means that there is no 

significant difference between the regional MST centrality measures for the 2 groups. The statistical threshold 

was p < 0.05. Abbreviations: AD, Alzheimer’s disease; BC, betweenness centrality; bvFTD, behavioral variant of 

frontotemporal dementia; EEG, electroencephalography; MST, minimum spanning trees; SCD, subjective cognitive 
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decline. (For interpretation of the references to color in this figure legend, the reader is referred to the Web 

version of this article.) 

Differences in hierarchical clustering organization  

The hierarchical clustering organizations (Fig. 7) were constructed based on the group-level MSTs 

of AD, bvFTD and SCD groups (Fig. 7). Since it is hard to interpret the clustering organizations 

based on small clusters in 21-channel EEG brain networks, we partitioned the group-level MST of 

each group into three relatively larger clusters. The SCD subjects showed the following three 

clusters: an anterior cluster that consists of Pz (the largest hub with largest degree in the mean 

MST of SCD), with all frontal regions and Cz; a left posterior cluster that includes O1, C3, T3, T4, 

T5, P3, A1; and a right posterior cluster that includes O2, C4, T6, P4, A2.  

 

In AD patients, the left posterior cluster was generally conserved (except for F3), but the 

anterior and right posterior clusters were disrupted. Compared with the SCD subjects, the AD 

patients lost hub strength in the occipital brain areas, which accounts for the disruption of the 

anterior and right posterior clusters. The three frontal nodes F4, F7 and Fz were separated from 

the anterior cluster and became components of the right posterior cluster.  

 

In contrast to AD and SCD groups, the bvFTD patients showed abnormal functional connections 

between the left and right hemispheres of the brain due to the disruption of the frontal cluster: 

the frontal nodes were merged into a left posterior cluster, a right central-posterior cluster and a 

frontal-occipital cluster. Compared with the SCD subjects, in bvFTD patients the occipital hub O2 

was directly linked with left frontal nodes F3 and F7 without being connected with channels over 

the parietal lobes first. In bvFTD patients long-distance connections, relayed by the central hub 

C3, were found between frontal nodes (Fp1, Fp2, F8, Fz) and right posterior nodes (T5, P3, O1), 

which were absent in AD patients and SCD subjects.   

 

 

Fig. 7. MST topologies and corresponding hierarchical clustering organizations in the alpha band in AD, bvFTD, and 

SCD subjects. Abbreviations: AD, Alzheimer’s disease; BC, betweenness centrality; bvFTD, behavioral variant of 

frontotemporal dementia; MST, minimum spanning trees; and SCD, subjective cognitive decline. 
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DISCUSSION 

We investigated EEG-based functional connectivity and brain networks using MSTs to examine 

whether AD, bvFTD patients and SCD subjects show different characteristic patterns of functional 

connectivity and network alterations. We were able to identify different functional connectivity, 

global and regional MST topological attributes in patients with AD and bvFTD when compared to 

SCD subjects. Importantly, our main results, regional PLIs and MST measures, revealed that AD 

and bvFTD selectively targeted different functional brain regions and possessed different 

hierarchical clustering organizations in comparison with SCD subjects.  

 

AD versus bvFTD 

In the current study, AD and bvFTD showed different PLI-based functional connectivity and 

functional brain network topologies. Lower functional connectivity was found in AD in both the 

delta and alpha band. Compared with AD patients, bvFTD patients had preserved functional 

connectivity for the posterior channels in the alpha band (Fig. 3), which is in line with a previous 

EEG study (Pijnenburg et al., 2008). In addition, an inverse pattern was found in the theta band: 

the functional connectivity was lower in bvFTD patients for most posterior channels and two 

frontal channels. Using fMRI, previous functional connectivity studies found that bvFTD enhanced 

the Default Mode network (DMN) connectivity in the parietal lobe, but attenuated the Salience 

Network (SN) connectivity in the frontal brain regions; AD showed the inverse pattern, with 

intensified SN, but destroyed DMN (Greicius et al., 2004; Zhou et al., 2010, 2014). Here, we found 

analogous results, but in two frequency bands separately. The frequency-dependent results 

indicate that, in EEG studies, it is necessary to investigate functional connectivity changes 

between AD and bvFTD patients in different frequency bands.  

 

The MST topologies were different between bvFTD and AD patients in the alpha band, as 

confirmed by the survival ratio. By computing MST global measures, we confirmed the loss of 

global efficiency of the functional brain networks in AD patients, but bvFTD preserved the normal 

global MST topological properties. The results of MST global measures are consistent with those 

of one previous EEG network study, which found that bvFTD patients showed significant higher 

normalized clustering coefficient compared to AD patients (de Haan et al., 2009). However, we 

did find a reduction in nodal efficiency in bvFTD compared with AD patients, indicated by the 

lower regional degree and betweenness centrality for frontal and temporal channels. This latter 

finding is partly in line with an fMRI study that has shown that bvFTD patients mainly suffered 

from impaired frontal lobe hubs (Agosta et al., 2013). However, we also found the loss of nodal 

efficiency in bvFTD patients at the temporal region which has not been reported before. At 

present, it is not clear why in bvFTD patients global efficiency is preserved whereas the nodal 

efficiency is disrupted, compared to AD. Further studies are necessary to confirm these results. 

 

bvFTD versus SCD 

Several studies have reported that the EEG in bvFTD and in particular the posterior alpha rhythm 

remains normal or only mildly disturbed until late in the course of disease (Pasquier et al., 1999; 

Neary et al., 1998, 2005; Stam, 2011). In this study, we report significant differences between 
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bvFTD patients and SCDs using an EEG-based functional connectivity measure. The significant 

higher whole-brain functional connectivity in bvFTD in the delta band is indicative of abnormal 

macroscopic communication between brain regions in bvFTD patients (Stam, 2014a; Lopes da 

Silva, 2013) (Fig. 3). In contrast, a previous smaller EEG study could not find the abnormal 

functional connectivity in bvFTD patients (Pijnenburg et al., 2008), which can be explained by the 

use of different functional connectivity measures. The PLI is less sensitive to the effects of volume 

conduction and our results are therefore less affected by spurious estimates of interactions. In 

our study, regional PLI values over the central region were significantly higher in bvFTD compared 

with SCDs in the delta band (Fig. 4). Some fMRI studies have found disrupted functional 

connectivity for frontal regions in bvFTD patients compared with healthy controls, but 

inconsistent findings for parietal regions (mainly in the default model network) were reported 

(Zhou et al., 2010; Filippi et al., 2013; Hafkemeijer et al., 2015). Therefore, whether in bvFTD 

functional connectivity is really altered in parietal or central brain regions is still uncertain. These 

differences may be explained by the use of different neuroimaging modalities, and the use of a 

different control group (SCD subjects versus healthy controls). 

 

MST-based network measures employed in the present study did not show significant 

differences between bvFTD and SCD, which is in contrast with two recent EEG and fMRI studies 

(de Haan et al., 2009; Agosta et al., 2013). The inconsistent findings may again be due to 

differences in modalities, but also due to the computational analytic tools. Moreover, bvFTD is 

clinically heterogeneous itself, since for bvFTD there is a wide range of disease duration, and also 

bvFTD has heterogeneous underlying pathologies (Neary et al., 2005). Using quantitative spectral 

EEG (qEEG) methods, inconsistent results have also been reported for the comparison between 

FTD patients and healthy controls: Lindau and colleagues reported that FTD patients did not differ 

from controls in the delta and theta band (Lindau, et al., 2003); however, in another study, FTD 

patients showed diffuse increased theta power relative to controls (Caso, et al., 2012). BvFTD has 

not very frequently been investigated in connectivity and network studies so far. In the present 

study, we used the MST to characterize and compare EEG networks, but the two previous 

network studies implemented conventional graph theoretical analyses. However, these 

conventional approaches suffer from threshold and normalization problems, which may yield 

spurious findings (van Wijk et al., 2010). The MST has been identified as an important transport 

backbone of the original weighted network (Van Mieghem, 2014), and allows for an unbiased 

comparison between networks. One could argue that the MST only contains the ‘core’ links, so 

important information about the original weighted network may therefore be lost. Recent 

experimental and modeling studies have demonstrated that changes in topology of minimum 

spanning trees correlate strongly with changes in topology of the underlying network, as 

characterized using conventional graph theoretical measures, yet these changes can be identified 

without the aforementioned methodological biases (Stam, 2014b; Tewarie et al., 2015). 

Moreover, network analysis may be influenced by the biased connectivity measure used in 

previous EEG study (de Haan et al., 2009), which is sensitive to volume conduction and reference 

effects. 

 

AD versus SCD 

The significant differences between AD patients and SCDs found in both functional connectivity 
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and network measures are consistent with previous studies (Stam et al., 2007, 2009; Pijnenburg 

et al., 2004, 2008; de Haan et al., 2009; Engels et al., 2015). In our study, the finding of 

significantly lower functional connectivity in AD over most brain regions supports the concept of 

Alzheimer’s disease as a disconnection syndrome (Delbeuck et al., 2003; Stam, 2014a). 

Importantly, using minimum spanning tree analyses to characterize and compare EEG functional 

brain networks produces more reliable and fully unbiased results. We found that the MST of AD 

moves towards a decentralized line-like tree configuration characterized by lower maximum 

degree, leaf fraction, BCmax, and Kappa, and higher diameter and eccentricity. In contrast, SCD 

subjects have a more star-like tree topology marked by higher maximum degree, leaf fraction, 

BCmax, and Kappa than for AD patients. These results for the global MST measures are in 

accordance with our previous EEG and MEG studies, which found that functional brain networks 

in AD deviate from the small-world topology, as seen in SCD, towards a more random structure 

(Stam et al., 2007, 2009, 2014b; de Haan et al., 2009). 

 

  In the present study we found that the nodal efficiency in AD was enhanced over the frontal 

regions (F4 and Fz) characterized by higher betweenness centrality, but attenuated over the 

occipital region indicated by higher eccentricity (Fig. 5, 6). The two network centrality measures 

capture different aspects of network topology, but for both of them the observed changes imply 

that hubs are selectively vulnerable in Alzheimer’s disease (Buckner et al., 2009; Engels et al., 

2015). Together with the finding of decreased nodal efficiency in bvFTD, we demonstrate that the 

two types of dementia selectively target different brain regions: bvFTD mainly targeted frontal 

regions; AD disrupted the nodal efficiency in posterior brain areas, but intensified over the frontal 

regions (see Fig. 4, 6) (Seeley, 2008; Buckner et al., 2009). This is the second EEG-based functional 

network study to find the intensified nodal efficiency in AD for frontal regions. One recent EEG 

study (Engels et al., 2015) has also reported that the hub strength (characterized by betweenness 

centrality) shifted from posterior to more anterior regions with increasing disease severity in AD. 

Since our current study contained both mild and severe AD patients (see Table 1), it might be 

possible that the hub strength shifted to anterior regions in some severe AD patients.  

 

Hierarchical Clustering Organization 

Normal cognitive function results from the optimal information transfer or communication within 

and between functional clustering brain regions (Meunier et al., 2000; Sporns and Betzel, 2015). 

Our previous MEG study found that cognitive dysfunction in AD patients is related to the 

disruption of clustering organization of normal functional brain networks (de Haan et al., 2012). 

However, it is not clear whether in bvFTD patients clustering is also disrupted and which brain 

regions are influenced compared to SCD subjects. 

 

In the present study, we showed that the group-level MST of SCD subjects consists of three 

clusters (frontal, left and right posterior clusters), within which the three largest hubs over 

parietal and occipital lobes (Pz, O1 and O2) play important roles to integrate information from 

anterior, left and right posterior clusters respectively (Fig. 7). One previous EEG-based clustering 

study partitioned the normal functional brain network into two comparable clusters in anterior 

and posterior lobes by setting a threshold (Ahmadlou and Adeli, 2011). Instead, here we 

displayed the whole hierarchical clustering organization, which provided more detailed 
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sub-cluster information without using any arbitrary thresholds. 

 

Importantly, we found that AD and bvFTD possessed different hierarchical clustering 

organizations compared to SCD subjects: in AD patients, the left posterior cluster was generally 

conserved, but the anterior and right posterior clusters were disrupted; the bvFTD patients 

showed abnormal clustering structure in the left and right hemispheres due to the disruption of 

the frontal cluster. Previous fMRI and MEG studies have shown that posterior hub regions seem 

to be particularly targeted in AD and the vulnerability of these hub regions accounts for the 

abnormal clustering organization in AD (Buckner et al., 2009; de Haan et al., 2012). In agreement 

with previous studies, our study reported that in AD patients the loss of hub strength of occipital 

brain regions leads to the disruption of anterior and right posterior clusters. Normal brain 

organization has been considered to be shaped by an economic trade-off between minimizing 

costs (high-cost hubs and long-distance connections) and efficiency of information processing 

(Bullmore and Sporns, 2012). In SCD subjects, information can be efficiently transferred by 

short-distance connections between frontal regions within frontal cluster, and by long-distance 

connections between frontal cluster and two posterior clusters (Fig. 7). Compared with SCD 

subjects, the topological efficiency of clustering organization was disrupted in bvFTD patients: the 

frontal cluster was disrupted and abnormal emergent long-distance connections were found 

between frontal and right posterior regions. The disruption of frontal cluster in bvFTD 

characterized by the loss of hub strength at parietal region (Pz) and within-cluster connections 

between frontal regions decreases the efficiency of information processing within frontal regions. 

In normal brain, the direct long-distance connections between spatially remote brain regions 

support faster and more direct information transfer (Buzsaki et al., 2004). However, our study 

found that in bvFTD the long-distance connections were formed at the expense of the disruption 

of frontal cluster, which disrupts the aforementioned balance between minimizing costs and 

efficiency of information processing. On the other hand, the existence of abnormal long-distance 

connections might explain why the global efficiency of the MSTs was conserved in bvFTD 

patients, as the high-cost connections indeed bridge frontal and posterior regions. Here, we 

deduce that the different disruption of hierarchical clustering organizations in AD and bvFTD 

results in the divergent changes in MST topological attributes between the two dementia types in 

comparison with SCD subjects. 

 

Advantages 

Our current study has a number of strong points: firstly, using PLI as a measure of functional 

connectivity reduces the bias due to volume conduction and activity from common sources (e.g. 

reference effects), since PLI is only sensitive to consistent, non-zero phase synchronization 

between two time-series (Stam et al., 2007); secondly, changes in topology of minimum spanning 

trees can be identified without methodological bias; thirdly, the applied permutation tests 

combined with FDR correction (Benjamini Y and Hochberg Y, 1995) provided more reliable 

statistical results (Ludbrook, 1994). Moreover, by performing both group- and epoch-level 

permutation tests for the MST comparisons (Fig. S1), we reduced potential biases that either 

approach may have; fourthly, our hierarchical clustering approach revealing local clustering 

properties in MST-derived brain networks, detects the difference between bvFTD and SCD 

subjects; finally, by utilizing a large group of bvFTD patients and SCD subjects, our study have 
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larger potential to provide more convincing results than other studies.  

  

Limitations and Future Directions 

Some limitations to this work should be mentioned. Firstly, our EEG-based functional brain 

network study was performed at the sensor-level, hampering anatomical interpretation of the 

results. Therefore, functional brain network analysis in source-space, for example using 

beamfoming techniques (Hillebrand et al., 2012), would be preferable in future studies. Secondly, 

in our study, significant differences between bvFTD patients and non-dementia SCD subjects were 

demonstrated in the delta-band functional connectivity and alpha-band hierarchical clustering 

organization, but not in both global and regional MST measures. In recent studies, the 

cluster-based nodal efficiency (connector hub and provincial hub) quantified by the 

within-module degree and participation coefficient (Guimerà and Amaral, 2005), has been found 

to be more related to brain functions than conventional nodal efficiency measures (degree, 

betweenness and eccentricity) (van den Heuvel and Sporns, 2013). In future study, it might be 

interesting to investigate whether the abnormal hierarchical clustering organization in bvFTD 

patients detected in our current study can be confirmed by the corresponding cluster-based 

nodal efficiency. Thirdly, in this study, we performed the functional connectivity and network 

analyses in the entire alpha band (8-13 Hz), not in the lower (8-10 Hz) and upper (10-13 Hz) alpha 

band separately, because EEG statistical factor analysis revealed that the clusters of frequency 

components overlapped considerably with the classical frequency bands, namely delta (0.5-4 Hz), 

theta (4-8 Hz), alpha (8-13 Hz) and beta (13-30Hz) (Lopes da Silva, 2011). However, some studies 

have argued that the lower (8-10 Hz) and upper (10-13 Hz) alpha band are involved in different 

cognitive processes (Klimesch, 1999). Future studies should determine whether separate analysis 

in the lower and upper alpha band reveals further differences between patient groups and SCD, 

and between the different patient groups. Fourthly, functional connectivity computed from EEG 

time series has a notorious limitation that even when there is no direct neuroanatomical 

connection between two brain regions, functional connectivity could still be detected. The 

detected functional connectivity may originate from, for example, the common feeding of signals 

from a third cortical or sub-cortical region directly connecting the two brain regions. Therefore, it 

is important to test the applicability of connectivity measures that can effectively eliminate the 

influence of common feeding in future studies. Fifthly, using memory clinic data, the SCD group is 

clinically relevant and represents healthy people in the vast majority of cases. Even though the 

SCD group is more at risk for developing dementia than a completely healthy control group, we 

still found that the SCD group can be significantly differentiated from the AD and bvFTD groups. 

We predict that if we would have access to EEGs of healthy controls, we would find more 

significant results. Finally, some studies found that in normal brains, the pattern of functional 

connectivity is partially determined by the underlying structural networks (Honey, et al., 2007, 

2009). However, it is unknown whether the abnormal functional connectivity in AD and bvFTD 

patients we observed in this EEG study associated with their underlying structural networks. In 

future, it is important to perform direct comparisons of structural and functional networks in the 

same cohort of AD and bvFTD participants. 
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CONCLUSION 

In our comprehensive EEG-based functional brain network study, we observed that the 

frequency-dependent functional connectivity and both global and local MST topological 

properties were different between AD and bvFTD patients in comparison with SCD subjects. In 

the alpha band, networks in AD patients were characterized by disrupted global efficiency, 

altered anterior and right posterior clusters, and a decentralized line-like tree configuration; in 

contrast, bvFTD patients revealed preserved global efficiency, highly disrupted frontal clusters, 

and a star-like tree topology.  
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Appendix A: supplementary materials 

 

1. Supplementary background 

Physiological meaning and cognitive functions of classical EEG rhythms (delta, theta, alpha, beta). 

 

2. Supplementary method 

1.1. MST Measures 

1.2. Tree agglomerative hierarchical clustering (TAHC) method 

1.3. Permutation tests 

 

3. Supplementary Tables 

Table S1. Descriptions for network glossaries. 

 

4. Supplementary Figures 

Fig. S1. Schematic overview of the permutation tests in the main text. 
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1. Supplementary background 

 

Physiological meaning and cognitive functions of classical EEG rhythms (delta, 

theta, alpha, beta). 

In this study, we performed functional connectivity and network analyses in four classical 

frequency bands: delta (0.5-4 Hz), theta (4-8 Hz), alpha (8-13 Hz) and beta (13-30Hz). In general, 

low frequency oscillations (delta wave) tend to arise from long-distance connections between 

cortical and subcortical areas (Steriade, 2006). Intermediary frequency oscillations are thought to 

modulate the information transfer in localized cortical regions, such as the hippocampal 

formation (theta wave) and thalamocortical systems (alpha wave) (Amzica and Lopes da Silva, 

2011). Oscillations at higher frequency (beta wave) are thought to achieve transfer of packets of 

specific information among relatively discrete populations (Freeman, 2003). 

EEG oscillations are usually analyzed in frequency bands, because similar oscillations are thought 

to be involved in the same cognitive processes (Wang, 2010). However, the relationships 

between frequency of oscillations and cognitive functions are largely unknown (Lopes da Silva, 

2013). Delta oscillations are the overriding EEG pattern which plays a role in attentional and 

syntactic language processes (Devrim et al., 1999; Roehm et al., 2004). Theta rhythm has been 

found to be enhanced in neocortex during declarative memory (Fell et al., 2003) and episodic 

memory processing (Klimesch et al., 2001a,b). Some studies found that the EEG alpha rhythm 

modulates attention processes (Sauseng et al., 2005; Rihs et al., 2007) and memory processes in 

humans (Klimesch et al., 2005). The beta rhythm has been associated with preparation and 

inhibitory control in the motor system (Neuper and Pfurtscheller, 2001). 

 

2. Supplementary method 

 

1.1. MST Measures 

In our study, degree, BC and eccentricity measures were first calculated for each node 

separately. The degree is the number of links of each node in the MST. Here, we normalized the 

degree of each node by the total number of links in the MST, and then used the maximum 

degree (Degreemax) to characterize the degree of the whole MST. Nodes with only one link are 

called the leaves of the MST. The leaf fraction is the ratio between the number of leaves (leave 

number, L) and the number of nodes (N). Leaf fraction ranges between 2/N (a line-like 

topological structure) and (N-1)/N (a star-like topological structure). The diameter of the MST is 

defined as the longest path between any two nodes. The upper limit of the diameter is N-L+1, 

which indicates that the longest possible diameter will decrease with increasing leaf number. For 

a given N and leaf number, Teff is a measure that indicates how close the diameter is to its 

lowest possible value. Teff is defined as: 1-[diameter/(N-L+1)]. The eccentricity of a node is 

defined as the longest path between that node and any other node, which is small if the node is 

central in the MST. Eccentricity was first computed for each node separately and then averaged 

over all nodes. As another measure of centrality, the BC of a node is computed as the number of 

shortest paths between any pair of nodes that are running through this node, divided by the 

total number of shortest paths between the two nodes (Newman, 2010). The BC ranges between 
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0 and 1. Here, we used the maximum value of BC (BCmax) across the MST as a global descriptor 

of tree centrality. Kappa, or degree divergence, is a measure of the broadness of the degree 

distribution (Barrat, et al., 2008). Degree correlation (R) describes the tendency of nodes to link 

nodes with similar degree, and is defined as 

 

            R =
∑ (ji−〈ji〉)(ki−〈ki〉)M

i=1

√∑ (ji−〈ji〉)2M
i=1 √∑ (ki−〈ki〉)2M

i=1

  ,                       (1) 

 

where ji, ki are the degrees of the nodes at the ends of the ith link, with i = 1, ⋯ , M (M =

N − 1). A graph is assortative, if R>0, and disassortative when R<0 (Newman, 2002).  

 

To investigate the optimal configuration of the MST topology, there are two criteria taken into 

consideration. First, efficient communication between all nodes is required. The previously 

mentioned star-like topology can provide the most efficient communication, because it has the 

shortest possible average path length between two arbitrary nodes. However, in such a star-like 

topology, the central node might easily be overloaded since its BC approaches 1. Therefore, a 

second relevant measure is the highest BC of the MST, the BCmax. The tree hierarchy (Th) of the 

MST balances both criteria, efficiency and node load, and is defined as  

 

Th =
L

N−BC
.                                (2) 

 

To assure Th ranges between 0 and 1, the denominator is multiplied by 2. For a star-like topology 

(L=N-1), Th approaches 0.5; for a line-like topology (L=2), as N approaches infinity, Th approaches 

0. Th can have higher values for leaf numbers between these two extreme situations.  

 

1.2. Tree agglomerative hierarchical clustering (TAHC) method 

In the TAHC method (Yu, et al. 2015), we first constructed the geodesic distance (the number of 

links in the shortest path between the two nodes) matrix C in which the entries are the geodesic 

distances between all possible pairs of nodes in the MST. Next we used C as input to the TAHC 

algorithm. In the symmetric geodesic distance matrix C, each node corresponds to a row and a 

column vector. Based on C, we calculate vector similarities between all row pairs of the C. Here 

we employ the commonly used Spearman’s rank correlation rSpearman. The vector similarity is 

then simply the so-called Spearman distance, defined as dSpearman = 1 − rSpearman . This 

measure is computed for every node pair and used as the input matrix for hierarchical clustering. 

After obtaining the similarities between every node pair, links are added to the node pairs in 

order of decreasing similarity, starting with the nodes pairs with highest similarity. When two 

nodes are merged into one cluster, we use average-linkage clustering to define the distance 

between the new cluster and other nodes. Based on average-link clustering, node pairs will be 

merged into corresponding clusters in order of decreasing similarity. In the final step, the 

agglomerative method will merge all nodes into one single cluster. The merging during the 

different stages of the algorithm can be represented in the form of a dendrogram.  

 

To summarize our TAHC algorithm: 
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(1) Calculate the geodesic distances between all possible pairs of nodes of the given graph (which 

is a tree) and use the geodesic distance matrix C as input to the agglomerative hierarchical 

clustering algorithm. 

(2) Assign each node (the row vector of C) to one cluster. 

(3) Define the dSpearman as vector similarity distance between all row pairs of C. 

(4) Find the most similar pair of clusters and merge them into a single cluster. 

(5) Calculate similarities between the new cluster and each of the old clusters based on 

average-linkage clustering. 

(6) Repeating steps 4 and 5 until all nodes are merged into a single cluster. 

 

We did not use the widely used modularity to evaluate the hierarchical clustering results, 

because MSTs, as the maximally sparse connected graphs, are likely to suffer from the resolution 

limit (Fortunato and Barthelem, 2007; Kumpula, et al., 2007).  

 

1.3. Permutation tests 

Here, we take AD and SCD groups as an example to describe the computational details of the 

permutation tests. 

 

i) the permutation test for the survival ratios in the AD and SCD groups was performed as 

follows (see also Fig. S1 for a schematic overview): 

1. Compute the group-level MSTs from the averaged PLI matrices of AD, and SCD groups, 

respectively; 

2. Compute the observed survival ratio between the group-level MSTs of AD, and SCD groups;  

3. Permute the group assignments of the individuals’ PLI matrices for AD and SCD groups 

(N=10000); 

4. Repeat 1 and 2 to obtain the 10000 sampled permutations of survival ratios for AD and SCD. 

The observed survival ratio was tested against the sampled distribution in order to obtain a 

p-value.  

 

ii) the permutation test for the global measures (whole-brain PLI, global MST measures) in the AD 

and SCD groups was performed as follows: 

1. Compute the observed absolute difference between the mean values of the global measures 

in AD and SCD groups;  

2. Permute the group assignments of the individuals’ values of the global measures for AD and 

SCD groups (N=10000); 

3. Repeat 1 to obtain the 10000 sampled permutations of the absolute differences for AD and 

SCD groups. 

The observed absolute difference was tested against the sampled distribution in order to obtain 

a p-value.  

 

In i) and ii), the p-values of pairwise comparisons were corrected per frequency band by the false 

discovery rate (FDR) (Benjamini and Hochberg, 1995). The FDR-corrected p-values were 

considered to be significant at p < 0.05. Note that the permutation test for global MST measures 

in ii) was only performed if the survival ratio in i) was significantly different. 
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iii) if the global measures, i.e. whole-brain PLI or global MST measures, pairwise differed between 

the three groups, as post-hoc analyses, we pairwise compared the regional PLI or MST measures 

by permutation test, in which the p-values for pairwise multiple comparisons were corrected by 

using the maximum statistic (over the 21 channels) (Nichols and Holmes, 2002). 

 

In this study, both global and regional PLI and MST measures were computed for each epoch per 

subject. We used permutation tests to perform both group-level and epoch-level comparisons 

between the three diagnostic groups. However, epoch-level comparisons may ignore the 

within-subject variation (Mumford and Nichols, 2006). Therefore, we also performed 

subject-level comparisons by first averaging the epoch-level results of PLI and MST measures per 

subject, and then used permutation tests to compare the subject-level results between the three 

groups. For whole-brain and regional PLIs, the results of subject-level comparisons were 

consistent with those of epoch-level comparisons. The global MSTmean (p = .15) and eccentricity 

(p = .07) lost their sensitivities to significantly differentiate AD and bvFTD patients, and AD and 

SCD subjects, respectively. Except MSTmean and eccentricity, for other global and regional MST 

measures, the results of subject-level comparisons were consistent with those of epoch-level 

comparisons. 
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3. Supplementary Table  

Table S1. Descriptions for network glossaries. 

Network glossaries Descriptions 

network In graph theory, a network is defined as a set of nodes with links 

connecting them (Newman, 2010). 

degree The degree of a node is the number of links connecting one node to the 

other in the network. 

Clustering coefficient Clustering coefficient is defined as the ratio between the number of 

existing links connecting the nearest neighbors of a node and the 

number of all potential connections between the nearest neighbors of 

the same node (Watts and Strogatz, 1998). 

shortest path length Shortest path length is the minimum number of links that must be 

traversed to go from one node to another (Watts and Strogatz, 1998). 

Small-world network A network that shows larger clustering coefficient than that observed in 

equal-sized random networks and smaller average shortest path 

length than that observed in equal-sized regular lattices (Watts and 

Strogatz, 1998).  

betweenness centrality The betweenness centrality of a node is defined as the number of shortest 

paths between all other node pairs that run through it (Newman, 

2010).  

hubs A set of nodes have high degree, or centrality. 

rich-club The rich-club is characterized by the tendency for a set of hubs to be more 

densely linked among themselves than low-degree nodes (Colizza, et 

al., 2006). 

cluster or community 

structure or module 

Cluster is defined as a group of nodes within a network such that there is a 

higher density of links within a cluster than with nodes outside the 

cluster (Fortunato, 2010). 

hierarchical clustering 

organization 

A type of network organization where each cluster consists of smaller 

sub-clusters but in the meantime is part of a larger cluster (Newman, 

2012). 

degree correlation Degree correlation describes the tendency of nodes to link nodes with 

similar degree, which can be quantified by simply computing the 

Pearson correlation coefficient of the degrees at either ends of a link 

(Newman, 2002). 

minimum spanning tree The acyclic spanning tree in a weighted graph for which the sum of the 

weights of its constituting links is minimal (Van Mieghem, 2014). 
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4. Supplementary Figure 

 
Fig. S1. Schematic overview of the permutation tests in the main text. i) group-level comparisons of MST overall 

topologies; ii) epoch-level comparisons of MST global measures. Note that the epoch-level comparisons of MST 

regional measures (permutation test iii)) is similar to those of MST global measures (permutation test ii)), so here 

we only provide the schematic overview for permutation tests i) and ii). 
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Part II  

 
Multiplex network analysis 
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Chapter 4 
 

Selective impairment of hippocampus and posterior hub areas in 

Alzheimer’s disease: A magnetoencephalography-based multiplex 

network study 

 

Meichen Yu*, Marjolein M.A. Engels*, Arjan Hillebrand, Elisabeth C.W. van Straaten, Alida A 

Gouw, Charlotte Teunissen, Wiesje M. van der Flier, Philip Scheltens, Cornelis J. Stam. Brain 2017; 

Mar 16. doi: 10.1093/brain/awx050. 

 

*These authors contributed equally to this work.  
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ABSTRACT 

Although frequency-specific network analyses have shown that functional brain networks are 

altered in patients with Alzheimer’s disease, the relationships between these frequency-specific 

network alterations remain largely unknown. Multiplex network analysis is a novel network 

approach to study complex systems consisting of subsystems with different types of connectivity 

patterns. In this study, we used magnetoencephalography to integrate five frequency-band 

specific brain networks in a multiplex framework. Previous structural and functional brain 

network studies have consistently shown that hub brain areas are selectively disrupted in 

Alzheimer’s disease. Accordingly, we hypothesized that hub regions in the multiplex brain 

networks are selectively targeted in patients with Alzheimer’s disease in comparison to healthy 

controls. Eyes-closed resting-state magnetoencephalography recordings from 27 patients with 

Alzheimer’s disease (60.6±5.4 years, 12 females) and 26 controls (61.8±5.5 years, 14 females) 

were projected onto atlas-based regions-of-interest using beamforming. Subsequently, 

source-space time series for both 78 cortical and 12 sub-cortical regions were reconstructed in 

five frequency bands (delta, theta, alpha 1, alpha 2 and beta band). Multiplex brain networks 

were constructed by integrating frequency-specific magnetoencephalography networks. 

Functional connections between all pairs of regions-of-interests were quantified using a 

phase-based coupling metric, the phase lag index. Several multiplex hub and heterogeneity 

metrics were computed in order to capture both overall importance of each brain area and 

heterogeneity of the connectivity patterns across frequency-specific layers. Different nodal 

centrality metrics showed consistently that several hub regions, particularly left hippocampus, 

posterior parts of the default mode network and occipital regions, were vulnerable in patients 

with Alzheimer’s disease compared to controls. Of note, these detected vulnerable hubs in 

Alzheimer’s disease were absent in each individual frequency-specific network, thus showing the 

value of integrating the networks. The connectivity patterns of these vulnerable hub regions in 

the patients were heterogeneously distributed across layers. Perturbed cognitive function and 

abnormal cerebrospinal fluid amyloid-β42 levels correlated positively with the vulnerability of 

the hub regions in patients with Alzheimer’s disease. Our analysis therefore demonstrates that 

the magnetoencephalography-based multiplex brain networks contain important information 

that cannot be revealed by frequency-specific brain networks. Furthermore, this indicates that 

functional networks obtained in different frequency bands do not act as independent entities. 

Overall, our multiplex network study provides an effective framework to integrate the 

frequency-specific networks with different frequency patterns and reveal neuropathological 

mechanism of hub disruption in Alzheimer’s disease. 

Key words: Alzheimer’s disease; hubs; heterogeneity; magnetoencephalography; multiplex 

network  

 

Abbreviations: DMN = default mode network; MMSE = Mini-Mental State Examination; PLI = 

phase lag index 
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INTRODUCTION 

Alzheimer’s disease is a progressive neurodegenerative disorder. Clinically, Alzheimer’s disease is 

characterized by early memory disturbances due to neurodegeneration in the entorhinal cortex 

and hippocampus, which gradually spreads to the temporal and parietal cortices and eventually 

entire cortex, as well as by disturbances in other cognitive domains (van der Flier and Scheltens, 

2005; Querfurth and LaFerla, 2010; Ballard et al., 2011; Scheltens et al., 2016). Alzheimer’s 

disease is defined neuropathologically by the accumulation of tau-containing extracellular 

neurofibrillary tangles and intracellular amyloid-beta containing plaques (Blennow et al., 2001; 

Schöll et al., 2016). The pathology of these tangles and plaques causes cell loss and synaptic 

disruptions in specific cortical areas, which suggests that Alzheimer’s disease can be described as 

a ‘disconnection syndrome’ (Buckner et al., 2005; Arendt, 2009; Takahashi et al., 2010; Dubois et 

al., 2016). These microscopic alterations eventually can lead to macroscopic disruptions in, and 

between, distant brain areas (Scheltens et al., 2016).  

 

Electrophysiological and neuroimaging studies have revealed large-scale disruptions in 

structural and functional connections in Alzheimer’s disease (Sperling, 2007; Greicius, 2008; 

Buckner et al., 2008; Pievani et al., 2011). However, pathology in Alzheimer’s disease goes 

beyond disconnection and also affects network organization. Recent structural and functional 

network studies have reported that Alzheimer’s disease is associated with a loss of small-world 

features (Stam et al., 2007, 2009; de Haan et al., 2009; He et al., 2008; Seeley et al., 2009; Buldú 

et al., 2011; Vecchio et al., 2014), decreased nodal centrality in higher-order association areas 

(Supekar et al., 2008; Buckner et al., 2009; de Haan et al., 2012a; Canuet et al., 2015; Dai et al., 

2015) and abnormal community structure (de Haan et al., 2012b; Yu et al., 2015, 2016; for 

reviews see: Tijms et al., 2013; Stam, 2014; Fornito et al., 2015). One of the most consistent 

findings is a selective vulnerability in cortical hub areas in Alzheimer’s disease (Stam et al., 2009; 

Lo et al., 2010; de Haan et al., 2012c; Dai et al., 2015; Crossley et al., 2014). Hubs are highly 

connected nodes, which occupy central positions in the overall organization of a network (van 

den Heuvel and Sporns, 2013). In 2000, Albert and colleagues demonstrated that scale-free 

networks are robust to random attack (deleting randomly selected nodes), but vulnerable (lose 

structure and function) to targeted attack on hub nodes (deleting nodes in order of decreasing 

degree) (Albert et al., 2000). Recent brain network studies also found that cortical hub areas are 

selectively vulnerable in many brain disorders, such as Alzheimer’s disease (Buckner et al., 2009, 

Stam et al., 2009), Schizophrenia (van den Heuvel et al., 2013) and coma (Achard et al., 2012). Of 

note, hubs in the posterior regions of the default mode network (DMN) consistently show high 

amyloid-beta deposition in Alzheimer’s disease (Buckner et al., 2009), mild cognitive impairment 

(Drzezga et al., 2011; Canuet et al., 2015) and even older healthy subjects (Sperling et al., 2009; 

Drzezga et al., 2011).  

 

  Magnetoencephalography (MEG) directly measures oscillatory neuronal activity at the 

macroscopic scale with higher temporal resolution than functional magnetic resonance imaging 

(fMRI), and higher spatial resolution than routine electroencephalography (EEG) (Jensen et al., 

2014; Barkley, 2004; Baumgartner, 2004; Larson-Prior et al., 2013). These properties make MEG 

a useful technique to map functional brain networks (Lopes da Silva, 2013; Engel et al., 2013; van 
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Diessen et al., 2015). Conventionally, MEG connectivity and network analyses have been 

performed in different frequency bands separately, because different MEG rhythms are believed 

to reveal underlying biophysical properties of different local and global neural networks, and are 

also likely to be involved in different cognitive processes (Wang, 2010; Siegel et al., 2012). 

Moreover, functional brain networks have been shown to be frequency-dependent (Bullmore 

and Sporns, 2009; Hillebrand et al., 2012; Stam, 2014). For example, a recent MEG resting-state 

study in healthy subjects located hubs in medial temporal lobe in the 4-6 Hz band, in lateral 

parietal areas in the 8-23 Hz band, and in sensorimotor areas for higher frequencies (32-45 Hz) 

(Hipp et al., 2012). In Alzheimer’s disease, MEG network studies have shown inconsistent results 

regarding hubs in different frequency bands. In earlier sensor-level MEG studies, we found that 

cortical hubs over the left temporal region are disrupted in the theta band in patients with 

Alzheimer’s disease compared to healthy controls (de Haan et al., 2012a), whereas patients with 

Alzheimer’s disease showed higher functional connectivity over centro-parietal regions in the 

theta band and over occipito-parietal regions in the beta and gamma band (Stam et al., 2006). 

There could be several reasons for these diverging results, one of them being that the 

frequency-specific functional networks should not be analysed in isolation, therefore requiring a 

unifying framework that integrates the frequency-specific networks and allows for the 

investigation of the topology across the different frequency bands. 

 

  Taking advantage of recent developments in the field of multiplex network theory (Kurant and 

Thiran, 2006; Buldyrev et al., 2010; Kivelä et al., 2014; Boccaletti et al., 2014), the relationships 

between frequency-specific networks in MEG can be investigated (Brookes et al., 2016; Tewarie 

et al., 2016). In most real-world complex systems, a set of elementary entities interact with each 

other in multiple types of relationships. For instance, in a social network the network nodes 

which are individuals create friendships (network links) because they are e.g. teammates, 

colleagues, or because they are living together in a student-house. Therefore, this social network 

can be considered as a multilayer network, where each type of relationship (teammate, 

colleague or housemate) between individuals consists of each network layer. The efficiency of 

information transfer between the individuals depends on the overall structure of the multilayer 

network, not just the structure of each specific layer. Information about a game might for 

example spread faster through the team because some team members also talk about it at 

dinner or at work, and not only during a training session. Therefore, to improve our 

understanding of complex systems consisting of multiple subsystems and layers of connectivity, 

it is important to take the ‘multilayer’ features into consideration. In a multilayer network, each 

layer consists of intra-connected sets of nodes, and nodes in different layers are interconnected 

by interlayer links. A multiplex network is the simplest case of a multilayer network, in which 

each layer shares the same set of nodes and the layers are interconnected only by the links 

between the same set of nodes across layers (Boccaletti et al., 2014). Multiplex network theory 

has been applied in different real-world multiplex networks, such as air transportation systems 

(Cardillo et al., 2013), social systems (Battiston et al., 2014), interconnected hyperlink networks 

(De Domenico et al., 2015) and massive multiplayer online games (Szell et al., 2010). The 

topological properties of such systems are generally not present in single-layer sub-networks, but 

emerge due to the multilayer character of the systems (Cardillo et al., 2013; Battiston et al., 

2014). Moreover, network percolation studies have demonstrated that the structural and 
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dynamical properties of multiplex networks are radically different from those of single-layer 

networks (Havlin et al., 2015). For instance, it has been demonstrated that single-layer scale-free 

networks are more robust under random attacks than targeted attacks on important hubs 

(Albert et al., 2000). However, in the case of interdependent networks, hub nodes are 

particularly vulnerable when a random cascading failure occurs (Buldyrev et al., 2010). Moreover, 

even when the hubs are protected, the multiplex scale-free networks are still vulnerable to 

random attacks (Huang et al., 2011). Previous frequency-specific brain network studies have 

shown that hub regions in Alzheimer’s disease are more vulnerable under targeted attack than 

random attack (Stam et al., 2009; Crossley et al., 2014), but it is unknown whether hub regions 

are also disrupted in multiplex networks in Alzheimer’s disease. Therefore, it is important to 

study the hub properties in Alzheimer’s disease in the framework of multiplex networks. In our 

study, the frequency-specific MEG-based networks can be naturally modelled as multiplex 

networks, where each frequency-specific network corresponds to a layer, and layers are 

interconnected by the links between the same set of brain regions across layers.  

 

  Here, we used eyes-closed resting-state MEG recordings from patients with Alzheimer’s 

disease and controls to reconstruct the multiplex networks. We focussed on the investigation of 

the overall hub properties and the participation of single hub areas (hub heterogeneity) to the 

structure of each layer (each frequency-specific MEG network), and in particular how these 

measures differed between the groups. We hypothesized that i) the hub regions that play a 

central role in the multiplex brain networks in healthy controls are selectively different in 

patients with Alzheimer’s disease; ii) the heterogeneity of these vulnerable hub regions is 

different between patients with Alzheimer’s disease and healthy controls; iii) hub vulnerability is 

associated with perturbed cognitive function and changes in protein biomarkers (CSF amyloid 

and tau) in patients with Alzheimer’s disease. 

 

MATERIALS AND METHODS 

A schematic overview of the applied methods is provided in Fig. 1, which shows the processing 

steps, including beamforming for source reconstruction, filtering the source-space MEG data into 

five frequency bands, construction of the multiplex network and the graphic representation of 

the multiplex network measures. 
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Fig. 1. Schematic overview of the applied methods. Sensor-space (306 channels) MEG data were recorded (A) and 

projected onto the AAL atlas using beamforming (B), resulting in 90 reconstructed time-series of neuronal 

activation (C). These time-series were then filtered into five frequency bands (delta: 0.5-4 Hz, theta: 4-8 Hz, alpha 

1: 8-10 Hz, alpha 2: 10-13 Hz, beta: 13-30 Hz) (D). For each frequency band an adjacency matrix was constructed, 

containing the all-to-all connections between the filtered time-series. The connections were estimated using the 

Phase Lag Index, which is a measure of functional connectivity that is relatively insensitive to the effects of field 

spread/signal leakage. The frequency-specific adjacency matrices formed the layers in a multiplex network (E). 

The topology of the multiplex network was estimated using various measures (overlapping weighted degree, 

overlapping weighted clustering coefficient, overlapping weighted local efficiency, overlapping weighted 

betweenness centrality and multiplex weighted participation coefficient), an example of which is given in (F) for 

the overlapping weighted degree. To simply illustrate the computation of overlapping weighted degree, an 

example for a two-layer multiplex network consisting of only two layers is shown in Fig. 1F. In our study, for all 

the multiplex network metrics we constructed multiplex networks consisting of five frequency-specific layers (as 

shown in Fig. 1E). Fig. 1A-C is modified, with permission, from Olde Dubbelink et al., 2014. 
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Participants 

The MEG recordings of the subjects have been analysed in our previous study (Engels et al., 

2016). The current study concentrates on a completely different research topic: multiplex 

network analysis. Twenty-seven patients with probable Alzheimer’s disease (age: 60.6 ± 5.4 

years; 12 females) were included from the Amsterdam Dementia Cohort of the Alzheimer Center 

at the VU University Medical Center (van der Flier et al., 2014). All patients fulfilled the National 

Institute of Aging-Alzheimer’s Association (NIA-AA) criteria for probable Alzheimer’s disease with 

a high likelihood of Alzheimer’s disease pathophysiology, based on the combination of a positive 

biomarker reflecting amyloid-beta (amyloid-β42) deposition (in either CSF or by positron 

emission tomography (PET) scanning) and/or a positive biomarker for neuronal injury (tau or 

phosphorylated tau in CSF). These biomarkers were assessed according to a standard diagnostic 

workup for dementia screening, which included an informant-based history of the patient (if 

available), physical-, neurological- and cognitive- examinations, laboratory tests, structural brain 

imaging, and EEG. Diagnoses were made in a multidisciplinary consensus meeting. Patients gave 

written informed consent for use of their clinical data for research purposes (van der Flier et al., 

2014). Exclusion criteria for participation were: an active psychiatric or neurologic disorder, 

mini-mental state examination (MMSE)-score below 18, or age above 70 years. In addition, we 

included 26 non-demented controls (age: 61.8±5.5; 14 females) that had responded to an 

advertisement in a national newspaper. The matching of the controls and patients was done 

during the inclusion phase of the study. The patients were included first, and during the inclusion 

of the controls, we made sure that age and gender were not significantly different between the 

groups. After a telephone interview to exclude neurologic or psychiatric disorders, subjects 

underwent neuropsychological testing, magnetic resonance imaging (MRI) of the brain and an 

MEG recording. All MEG recordings were obtained one to several hours before, or more than one 

week after, the MRI-scan in order to avoid interference due to, for example, magnetized dental 

elements. In order not to interfere with the resting-state condition, neuropsychological testing of 

the control subjects was conducted after the MEG-recording. In total, 31 subjects were invited of 

whom one was excluded since a meningioma was detected on the MRI; four volunteers were 

excluded due to poor performance during neuropsychological testing. The local Ethics 

Committee approved the study and all participants gave written informed consent before 

participation.  

 

CSF biomarkers 

CSF samples were obtained by lumbar puncture using a 25-gauge needle, and collected in 10-mL 

polypropylene tubes (Sarstedt, Nümbrecht, Germany) according to consensus protocols 

(Teunissen et al., 2009). A small amount of the CSF was used for routine analysis including 

leukocyte count, erythrocyte count, glucose concentration, and total protein concentration. 

Within two hours, the remaining CSF samples were centrifuged at 1800g for 10 minutes at 4oC, 

transferred to new polypropylene tubes, and stored at -20 oC until routine biomarker analysis 

(within 2 months). Amyloid-β42, total tau, and p-tau were measured with commercially available 

ELISAs (Innotest amyloid-β (1-42), Innotest hTAU-Ag and Innotest Phosphotau(181P), 

respectively; Fujirebio, Ghent, Belgium) on a routine basis as described before (Mulder et al., 

2010). Intra-assay coefficients of variation (CVs; mean±SD) were 2.0±0.5% for amyloid-β42, 

3.2±1.3% for tau, and 2.9±0.8% for p-tau, as calculated from averaging CVs of duplicates from 
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five runs randomly selected over 2 years. Inter-assay CVs (mean) were 9.5% for amyloid-β42, 

11.4% for tau, and 12% for p-tau, as analysed in 88-96 samples of a high and low pool (one 

normal and one Alzheimer’s disease profile) over 9 different kit lots used during the whole study 

period. 

 

MEG recording 

Several weeks after diagnostic work-up, MEG recordings were made in a magnetically shielded 

room (VacuumSchmelze GmbH, Hanua, Germany) using a 306-channel whole-head system 

(Elekta Neuromag Oy, Helsinki, Finland). For each subject, the recording protocol consisted of at 

least five minutes (range 300-394 s) of eyes-closed resting-state condition followed by two 

minutes-eyes open, and again at least five minutes eyes-closed (range 300-394 s). In this 

protocol, to ensure that the subjects stayed awake during recording, we asked them to open 

their eyes for two minutes after five minutes. To avoid potential confounders due to eye-blinks 

during the eyes-open condition, and because EEG parameters during the eyes-closed condition 

are more stable over sessions (Corsi-Cabrera et al., 2007), we only analysed the second 

five-minute eyes-closed data segment (van Diessen et al., 2015). The recordings were sampled at 

1250 Hz, with an online anti-aliasing filter (410 Hz) and high-pass filter (0.1 Hz). Offline, a spatial 

filter, the temporal extension of Signal Space Separation (tSSS) (Taulu and Simola, 2006; Taulu 

and Hari, 2009), as implemented in MaxFilter software (Elekta Neuromag Oy, version 2.2.10), 

was applied with a sliding window of 10 seconds. Channels containing excessive artefacts were 

discarded after visual inspection of the data by one of the authors (ME) before estimation of the 

SSS coefficients. The number of excluded channels varied between one and twelve. After 

fine-tuning for acquisition conditions at our site, the tSSS filter was used to remove noise signals 

that SSS failed to discard, typically from noise sources near the head, using a subspace 

correlation limit of 0.9 (Medvedosky et al., 2009; Tewarie et al., 2014; Hillebrand et al., 2013). 

Typical artefacts were due to (eye) movements, swallowing, dental prosthetics, or drowsiness, 

although the subjects were instructed to stay awake and reduce eye movements during the MEG 

recording. The head position relative to the MEG sensors was recorded continuously using the 

signals from four head-localization coils. The head-localization coil positions were digitized, as 

well as the outline of the participant’s scalp (~500 points), using a 3D digitizer (Fastrak, 

Polhemus, Colchester, VT, USA). This scalp surface was used for co-registration with the patient’s 

MRI scan. 

 

Structural scans 

Structural MRI scans were made of all participants except for one patient. This one patient had 

an MRI of insufficient quality and therefore we used a computer tomography (CT) scan for 

structural information of the scalp outline. The outline of the scalp on the structural scans was 

extracted using segmentation (SEGLAB; Elekta Neuromag Oy, version 2.0.15). Co-registration of 

the MEG data with the structural scans was achieved using surface matching, resulting in an 

estimated co-registration accuracy of approximately 4 mm (Whalen et al., 2008). Visual 

inspection of the co-registration between the MEG- and the MRI/CT scalp surfaces was 

performed for all patients. The sphere that best fitted the scalp surface was used as a volume 

conductor model for the beamformer analysis (see below).  
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Source reconstruction using beamforming 

In order to obtain source-localized activity, we applied an atlas-based beamforming approach 

(Hillebrand et al., 2012). Sensor signals were projected to an anatomical framework such that 

source-reconstructed neuronal activity for 78 cortical and 12 sub-cortical regions-of-interest 

(ROIs), identified by means of automated anatomical labeling (AAL) (Tzourio-Mazoyer et al., 

2002), were obtained. Each ROI contains many voxels and due to different ROI shapes, the 

number of voxels is different for every ROI. In order to obtain a single time series for a ROI, we 

selected the centroid voxel as representative for a specific ROI (Hillebrand et al., 2016). For each 

centroid, broad band (0.5-48 Hz) beamformer weights were computed using the data co-variance 

matrix and the forward solution (lead field) of a dipolar source at the voxel location (Hillebrand 

et al., 2005; Robinson and Vrba, 1999; van Veen et al., 1997). A time-window of, on average, 277 

seconds (range 105-435 s) was used to compute the data covariance matrix. Singular value 

truncation was used when inverting the data covariance matrix in order to deal with the 

rank-deficiency of the data after SSS (~70 components). Then the time series for each centroid, 

i.e. a virtual electrode, was reconstructed by projecting the broad band data through the 

normalised beamformer weights (van Veen et al., 1997; Robinson and Vrba, 1999; Hillebrand et 

al., 2005; Cheyne et al., 2007). For each subject, care was taken to select twenty artefact-free 

source-projected epochs of 4096 samples (3.2768 seconds) by one of the authors (ME). A second 

researcher independently evaluated the selected epochs (IN). Epochs without consensus were 

replaced by new epochs. Epochs were converted to ASCII-format and imported into an in-house 

(CS) developed software package (BrainWave version 0.9.125.2.7; 

http://home.kpn.nl/stam7883/brainwave.html). The MEG data were digitally filtered off-line 

with a band pass filter of 0.5–30 Hz using a discrete Fast Fourier transform, following which the 

relative power, averaged over the selected epochs, was estimated for the following frequency 

bands: delta (0.5–4 Hz), theta (4–8 Hz), lower alpha (8–10 Hz), upper alpha (10–13 Hz), beta (13–

30 Hz). All real and imaginary components of the Fourier transform outside the pass band were 

set to 0, following which an inverse Fourier transform was used to obtain the filtered time series 

for the different frequency bands. 

 

Functional connectivity analysis and multiplex network construction 

The assessment of MEG functional connectivity could be influenced by primary and secondary 

leakage (Schoffelen and Gross, 2009; Brookes et al., 2011; Palva and Palva, 2012). In MEG a single 

source produces a signal at multiple recording sites , known as field spread, or (primary) signal 

leakage in source space, which can give rise to spurious estimates of functional connectivity 

(Schoffelen and Gross, 2009). Moreover, this leakage may also result in spurious estimates of 

connectivity (‘inherited connectivity’ or ‘secondary leakage’) between areas surrounding two 

genuinely connected brain regions (Palva and Palva, 2012). 

 

As a measure of functional connectivity between all pair-wise combinations of ROIs, the phase 

Lag Index (PLI) was used to compute the asymmetry of the distribution of phase differences 

(∆φ(tk), tk corresponds to time samples 1 ⋯ Nk) between any two time series (Stam et al., 

2007). The instantaneous phase difference between pair-wise signals can be determined using 

the analytical signal as obtained from the Hilbert transform (Rosenblum et al., 1996). Both 

modelling (Stam et al., 2007; Porz et al., 2014) and experimental (Hillebrand et al., 2012) studies 
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have shown that the PLI is relatively insensitive to the effects of field spread or (primary) signal 

leakage (for secondary leakage, see Statistical analysis), and is computed as: 

 

PLI = |〈sign[sin (∆φ(tk))]〉|.                        (1) 

 

Here, <> denotes the mean value, sign stands for the signum function and || indicates the 

absolute value. The PLI values range between 0 (no consistent coupling, or coupling with zero lag 

(modulus π)) and 1 (perfect (non-zero delay) phase locking). 

 

For each epoch, and for each of the five frequency bands, a square 90×90 weighted adjacency 

matrix was constructed from the PLI value between all pair-wise combinations of the 90 ROIs.  

 

The multiplex networks were reconstructed by integrating the five frequency-specific 

PLI-weighted networks, where each layer shared the same set of nodes (90 AAL ROIs), but the 

links in each layer were formed by the PLI-weighted functional connections within each 

frequency band. The layers were interconnected only by the links between the same set of nodes 

across layers, so in this study the cross-frequency couplings between different brain regions were 

not considered (Jensen and Colgin, 2007, Brookes et al., 2016; Tewarie et al., 2016). 

 

The MEG multiplex network for each epoch consisted of N (N =  90) nodes and M (M =  5) 

weighted layers α (α = 1, … , M). For each layer α, the corresponding adjacency matrix is 

A[α] = {ωij
[α]

}, where ωij
[α]

= PLI (see equation 1) if node i and node j are connected through 

a PLI-weighted link on layer α. The five-layer multiplex network is specified by the vector of the 

adjacency matrices A = {A[1], … , A[M]} (Battiston et al., 2014).  

 

Multiplex network topology 

Multiplex centrality metrics 

We first investigated the hub properties of the multiplex networks. Hub properties can be 

characterized using different centrality metrics, capturing different aspects of centrality. We 

considered four different centrality metrics: weighted degree (or node strength), weighted 

clustering coefficient, weighted local efficiency, weighted betweenness centrality. The weighted 

centrality metrics were computed using the Brain Connectivity Toolbox (BCT) (Rubinov and 

Sporns, 2010).  

 

We generalized the considered centrality metrics in the framework of multiplex networks. The 

weighted degree of a node i on layer α is si
[α]

= ∑ ωij
[α]

j . The weighted degree of node i in a 

multiplex network can also be represented as a vector, 

 

                      si = {si
[1]

, … , si
[M]

}, i = 1, … , N.                    (2) 

 

For node i, the overlapping weighted degree is 
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                                     oi = ∑ si
[α]

α .                                 (3) 

 

The detailed description of weighted clustering coefficient (ci), weighted local efficiency (ei), 

weighted betweenness centrality (bi) and corresponding overlapping formations can be found in 

the Supplementary Material. Note that all the multiplex centrality metrics (overlapping weighted 

degree, overlapping weighted clustering coefficient, overlapping weighted local efficiency, 

overlapping weighted betweenness centrality), were first computed for each node in each layer 

separately, and then summed up across five frequency-specific (delta, theta, alpha 1, alpha 2 and 

beta) layers. The multiplex centrality metrics were computed for each node i (AAL region) for 

each epoch and for each subject. The link weights in different layers may have different 

magnitudes, which may cause biases for the estimation of multiplex centrality metrics and for 

the comparison between multiplex networks (Stam et al., 2014). To minimise the potential biases 

caused by the different magnitudes of link weights, the link weights within each layer were first 

ranked in increasing order, and then assigned natural numbers starting from 1. All the multiplex 

centrality metrics were re-computed based on the ranked link weights.  

 

Hub disruption of multiplex networks 

To compare the nodal centrality (hub) properties between the Alzheimer’s disease and HC 

groups, we computed the hub disruption index (Achard, et al., 2012). For a given nodal centrality 

measure, for instance the overlapping weigthed degree, we first computed the mean 

overlapping weighted degree, i.e. averaged over epochs and subjects, of multiplex networks in 

the HC group. Next, we subtracted the mean overlapping weighted degree of the healthy group 

o〈controli〉 from the overlapping weighted degree of the corresponding node i in one epoch for 

one patient with Alzheimer’s disease oAlzheimer′s diseasei
, which was then plotted against 

o〈controli〉. This was repeated for each node. The hub disruption index (k) for the epoch of the 

patient with Alzheimer’s disease is the linear regression coefficient (least-squares first-order 

polynomial fit) of the regression line fitted to the resulting scatter plot (see Supplementary Fig. 

3). The same procedure was also performed for each epoch of each subject in the HC group. The 

hub disruption index was therefore estimated for all of the epochs of the subjects in both groups. 

The significance of a between-group difference in the hub disruption index was estimated using 

permutation testing (for details, see the Statistical analysis). We assumed that the nodal 

centrality for a healthy subject is similar to the average of the healthy controls, and that in 

Alzheimer’s disease the largest hubs are most disrupted (k < 0). In this case, the regression line 

for the controls would be horizontal (k ~ 0), whereas the regression line for the patients with 

Alzheimer’s disease would have a negative slope (see Supplementary Fig. 3).  

 

In this study, the values of the multiplex centrality metrics and corresponding hub disruption 

indices were used to quantify the vulnerability of hub regions in patients with Alzheimer’s 

disease. 

 

Heterogeneity of multiplex networks 

For a multiplex network, two nodes i and j may have, for example, exactly the same overlapping 

weighted degree (oi = oj), yet have different weighted degree distributions across different 
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layers, and therefore play different roles in the multiplex network. To characterize the 

heterogeneity of the connectivity patterns in the five-layer MEG multiplex networks, we first 

performed conventional statistical analyses (Fig. 5), such as the computation of the mean and 

standard deviations of the weighted degrees for each region across five frequency-specific layers, 

and the pair-wise correlations of the five weighted degree sequences. Then, we will demonstrate 

that the multiplex participation coefficient (Battiston et al., 2014), another multiplex network 

measure, can also be used to reveal this heterogeneity across layers in the framework of a 

multiplex network (see Fig. 6).  

 

  The definition of the multiplex participation coefficient is based on the definition of the 

participation coefficient in a single-layer network, which quantifies the participation of a node in 

different communities (Guimerà and Nunes Amaral, 2005). In this adaptation to the MEG 

multiplex networks, the multiplex participation coefficient quantifies the participation of each 

brain region in the five different frequency-specific layers. For a node i, the multiplex 

participation coefficient is defined as 

 

                          Pi =
M

M−1
[1 − ∑ (

si
[α]

oi
)

2
M
α=1 ].                        (4) 

 

The Pi ranges between 0 (the weighted degree of node i concentrates in one layer only) and 1 

(node i has the same weighted degree in each of the M layers). In general, the larger the value of 

Pi, the more homogenous the weighted degree distribution of node i across the M layers is. 

Importantly, if most nodes in the multiplex network have relatively high Pi value, that is, most 

nodes are homogenously distributed across layers, then the multiplexity of the constructed 

network is more prominent. The overall participation coefficient of the whole multiplex network 

is defined as the mean value of Pi over all nodes, P =
1

N
∑ Pii . Here, we defined nodes with 

relatively high multiplex participation coefficient as connectors between different layers of the 

multiplex networks; inversely, nodes with relatively low multiplex participation coefficient were 

defined as peripheral nodes that mainly interact with the nodes within their own layers.  

 

In this study, we concentrated on the degree-based multiplex participation coefficient. To 

classify the role of each node in the five-layer multiplex networks, we considered the overlapping 

weighted degree oi and multiplex participation coefficient Pi at the same time, that is, the 

Spearman’s rank correlation between the overlapping weighted degree and multiplex 

participation coefficient was computed. Positive correlations would indicate that hub nodes 

would also tend to act as connectors across frequency bands, and that non-hub nodes would 

tend to be peripheral nodes. Group-level comparisons were performed by permutation testing 

(for details, see the Statistical analysis). To directly compare the nodal heterogeneity between 

patients with Alzheimer’s disease and controls, the hub disruption index based on the multiplex 

participation coefficient was also computed.  

 

Functional connectivity analysis and multiplex network analyses were performed with 

BrainWave software (BrainWave version 0.9.125.2.7; 
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http://home.kpn.nl/stam7883/brainwave.html) and MATLAB (MathWorks, Natick, 

Massachusetts, U.S.A.; Version R2015a), respectively. The nodal centrality metrics were 

visualized with BrainNet Viewer (version 1.5, Xia et al., 2013, 

http://www.nitrc.org/projects/bnv/). 

 

Statistical analysis 

Statistical analyses of group characteristics were performed with IBM SPSS Statistics 21. 

Differences between groups in age, MMSE and education were tested using unpaired Student’s 

t-tests, while gender differences between groups were tested using a chi-square test. 

 

Permutation tests were used to compare multiplex network metrics between patients with 

Alzheimer’s disease and controls. Both group- and subject-level comparisons were performed in 

the permutation tests to reduce potential biases that either approach may have (see 

Supplemental Material for details). The p-values for all pair-wise comparisons were corrected by 

false discovery rate (FDR) (Benjamini and Hochberg, 1995). As exploratory post-hoc analyses, 

Spearman’s correlations between the nodal centrality metrics (overlapping weighted degree oi, 

overlapping weighted clustering coefficient ci, overlapping weighted local efficiency ei and 

overlapping weighted betweenness centrality bi) and MMSE scores for regions which showed 

significantly different nodal centrality values between the two groups: SOG.L (oi, ci, ei), MOG.L 

(oi, ci, ei), IOG.L (oi, ci, ei), SPG.R (oi, ci, ei), SPG.L (ei), IPL.R (oi, ci, ei), PCUN.R (oi, ci, ei), CUN.R 

(ci, ei), HIP.L (oi, ci, ei), SFGdor.R (bi); in total, correlations for 25 regions or variables (25 

comparisons) were computed. Moreover, the correlations between the four hub disruption 

indices and MMSE, and three CSF biomarkers (amyloid-β42, p-tau and tau) were computed 

(4 × 4 = 16 comparisons). The correlation analyses were performed using IBM SPSS Statistics 

21. For the correlation analyses, the correction for multiple testing was not performed. A 

significance level of α < 0.05 was used for all the statistical analyses.  

 

In our study, we tested if the observed group differences of multiplex network measures could 

be explained by differences in secondary leakage (Palva and Palva, 2012). To this end, we 

compared (permutation test with FDR correction) the mean absolute correlations between 

beamformer weights for each ROI between the two groups (Brookes et al., 2011; Hillebrand et 

al., 2012) (see Supplementary Material). 

 

RESULTS 

Demographics 

Subject characteristics, cognitive scores and CSF biomarkers, are presented in Table 1. Age and 

gender did not differ between the two groups. The mean MMSE score was lower in patients with 

Alzheimer’s disease compared to the healthy controls. CSF data were only available for patients 

with Alzheimer’s disease, but were all in the range of a typical Alzheimer’s disease profile and is 

presented as the median and interquartile range. 

 

http://www.nitrc.org/projects/bnv/
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Table 1. Subject characteristics, cognitive scores, and CSF biomarkers.  

 Alzheimer’s disease Healthy control 

n 27 26 

Gender (F/M) 12/15 14/12 

Mean age (SD) 60.6 (5.4) 61.8 (5.5) 

Mean MMSE score (SD) 23.4 (2.6)* 28.9 (1.0) 

CSF amyloid-β42 (range, pg/mL) 533 (435 – 599) n.a. 

CSF tau (range, pg/mL) 663 (399 - 984) n.a. 

CSF p-tau (range, pg/mL) 79 (53 - 104) n.a. 

Abbreviations: F = females; M = males; MMSE = mini-mental state examination; n = number of subjects; n.a. = 

not available; p-tau = phosphorylated at threonine 181; SD = standard deviation. Independent Student t tests or 

chi-square tests were used when applicable. Age and MMSE score are presented as mean and standard 

deviation; CSF biomarkers are presented as median (interquartile range). CSF biomarkers are only available for 24 

patients with Alzheimer’s disease. *P <  0.01. 

 

Multiplex centrality metrics 

The mean overlapping weighted degree values are presented in Figure 2A and 2B for Alzheimer’s 

disease and controls, respectively. The controls showed an anterior-to-posterior increase for all 

the given nodal centrality metrics (Fig. 2B; Supplementary Fig. 1). Compared with controls, the 

overlapping weighted degree was significantly lower in Alzheimer’s disease in the left 

hippocampus, right precuneus, two right parietal regions (superior parietal cortex and inferior 

parietal cortex), and three left occipital regions (superior, middle, and inferior occipital cortex) 

(Fig. 2A and C; Supplementary Fig. 1). Most of these regions had relatively high overlapping 

weighted degree in the controls, in particular the right precuneus (highest) and right inferior 

parietal cortex (third highest), which consists of posterior components of default mode network 

(Fig. 2B). The selectively disrupted hub brain areas in patients with Alzheimer’s disease were 

consistently found across regional centrality measures (Supplementary Fig. 1). The results were 

also consistent by using the rank number of the link weights within each layer instead of the 

original PLI values (Supplementary Fig. 2). The above significant group differences obtained for  
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Fig. 2. Vulnerability of hub regions in patients with Alzheimer’s disease. The mean overlapping weighted degree 

for each ROI displayed as a color-coded map on the parcellated template brain in patients with Alzheimer’s 

disease (A) and healthy controls (B). (C) Cortical surface representation of the regions that demonstrated 

significant between-group difference in overlapping weighted degree; permutation tests with FDR correction. See 

Supplementary Fig. 1 for corresponding results for other nodal centrality metrics (overlapping weighted local 

efficiency, overlapping weighted clustering coefficient, overlapping weighted betweenness centrality). The labels 

(abbreviations) for the different brain areas can be found in Supplementary Table 2. 

 

 

Fig. 3. Vulnerability of hub regions in frequency-specific brain networks in patients with Alzheimer’s disease. 

Cortical surface representation of the regions that showed significant between-group difference in weighted 

degree between Alzheimer’s disease and healthy controls for the delta-band layer (right precuneus and superior 

parietal gyrus) (A) and alpha 2-band layer (inferior temporal gyrus) (B); permutation tests with FDR correction. 

 

the multiplex brain networks could not be revealed by individually considering each of the five 

frequency-specific networks. For the delta and alpha2-band networks, the weighted degrees 

between the two groups were different in only two parietal and one temporal non-hub brain 

regions, respectively (Fig. 3); no significant differences were found in the other frequency bands. 
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In summary, multiplex hub areas, including the medial temporal lobe, posterior DMN and 

occipital cortex were selectively disrupted in patients with Alzheimer’s disease. 

 

Hub disruption of multiplex networks 

The abnormal patterns of nodal centrality in Alzheimer’s disease were confirmed by computing 

the hub disruption index (k) for each metric. For the overlapping weighted degree, patients with 

Alzheimer’s disease showed a negative hub disruption index (k = −0.8079) compared with the 

controls (k = 0.0605;  P =  0.00014) (see Supplementary Table 1); in other words, the regions 

with relatively high overlapping weighted degrees (for instance, the right precuneus and right 

inferior parietal cortex) in controls showed the greatest reduction in patients with Alzheimer’s 

disease, whereas the regions with relatively low overlapping weighted degrees (e.g. prefrontal 

regions) in controls showed the greatest enhancement in patients with Alzheimer’s disease (Fig. 

4). Moreover, the results were also consistent for the other nodal hub metrics (Supplementary 

Table 1). These results demonstrate that multiplex brain networks in Alzheimer’s disease were 

not only disrupted selectively in specific brain areas, but also at a whole-brain level. Moreover, 

the abnormal topologies of the multiplex networks in patients with Alzheimer’s disease results 

from the shift of centrality status from the medial temporal lobe (hippocampus) and posterior 

regions (parietal and occipital areas) to prefrontal regions. 

 

 

Fig. 4. Hub disruption of functional networks in patients with Alzheimer’s disease. The difference between groups 

in mean overlapping weighted degree of each node 〈Alzheimer^' s disease〉-〈healthy control〉  is plotted against 

the mean overlapping weighted degree of each node in the healthy control 〈healthy control〉 group. The hub 

brain areas have a high mean overlapping weighted degree in the healthy group and an abnormal reduction of 

overlapping weighted degree in the Alzheimer’s disease group, e.g., PCUN.R, HIP.L, IPL.R and SPG.R, whereas 

regions that are non-hubs have a low local efficiency in Controls and an abnormal increase of overlapping 

weighted degree in Alzheimer’s disease, e.g., prefrontal regions: SFGmed.R, SFGdor.R, ACG.L and ACG.R. These 

results indicate that the hub properties in patients with Alzheimer’s disease were disrupted in parietal and 

hippocampus regions, but enhanced in the prefrontal regions. Note that Fig. 4 aims to show how hub disruption 

index is able to reveal the disruption of hub areas in patients with Alzheimer’s disease. The boxes, arrows and 

corresponding text were used to label the corresponding regions. In this study, we performed the permutation 

tests to compare the hub disruption indices between patients with Alzheimer’s disease and controls (for details, 

see the Statistical analysis in the main text and Supplementary Fig. 3). 
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Heterogeneity of multiplex networks 

As can be seen in Fig. 5A, the weighted degrees were highest in the alpha1-band single-layer 

network, but lowest in the beta-band single-layer network in both Alzheimer’s disease and 

control groups. For the majority of brain regions, the standard deviations of the weighted 

degrees across the five layers were lower for patients with Alzheimer’s disease than for the 

controls, indicating that for most brain regions the weighted degrees were less heterogeneously 

distributed across the frequency-bands in patients with Alzheimer’s disease than in controls (See 

Fig. 5B). In Fig. 5C, we ranked the weighted degrees within each frequency-specific network for 

the two groups, respectively. By visual inspection, in both groups the five weighted degree 

sequences appeared weakly (anti)correlated, with the regions which are hubs in one layer often 

having low weighted degree in other layers. To quantify the correlations of the weighted degree 

sequences, we computed the Spearman’s rank correlations between pairs of layers in both 

groups (Fig. 5D). We found that, in both groups, the weighted degrees sequences of pairs of 

layers were only weakly correlated: in patients with Alzheimer’s disease, the delta and alpha 2 

layers were anti-correlated; in controls, the theta and alpha 1 layers were correlated, which was 

even weaker in patients with Alzheimer’s disease; the alpha 1 and alpha 2 layers were 

anti-correlated in controls, but were correlated in patients with Alzheimer’s disease. These 

results suggest the existence of nodal heterogeneity of weighted degree distributions across 

layers in MEG-based multiplex networks, indicating that brain regions play different roles in 

different frequency-specific networks. 

 

To quantify and compare the heterogeneity of the multiplex brain networks in Alzheimer’s 

disease and controls further, we considered the overlapping weighted degree and multiplex 

participation coefficient at the same time by mapping the 2D Pi-oi plane for both groups (Fig. 

6A). In patients with Alzheimer’s disease, the Pi was negatively correlated with oi (Spearman’s 

r = −0.2921, P = 0.0054), indicating that the weighted degrees of hub regions in patients with 

Alzheimer’s disease are less homogeneously distributed across layers than those of non-hub 

regions. In contrast, for the controls the weighted degree distributions of the hub regions were 

more homogeneously distributed across layers than those of non-hub regions (Spearman’s r = 

0.1362, P = 0.2001). These correlation coefficients differed (P = 0.0013), indicating that the hub 

regions of the multiplex brain networks in patients with Alzheimer’s disease were less 

heterogeneously distributed across layers than those in controls.  

 

The hub regions in patients with Alzheimer’s disease included the vulnerable regions detected 

by the nodal centrality metrics (here, overlapping weighted degree), which revealed different 

nodal heterogeneity in Alzheimer’s disease and HC groups (compare Fig. 2C and labelled ROIs in 

Fig. 6A). Notably, some vulnerable hub regions played different roles in Alzheimer’s disease 

compared to controls: the vulnerable posterior DMN regions, including the right precuneus and 

inferior parietal regions, were peripheral hub regions in controls, but were non-hub connectors 

in patients with Alzheimer’s disease. However, other vulnerable hub regions showed similar 

nodal heterogeneity in the two groups: the left hippocampus and superior parietal regions were 

connectors in both groups; the three occipital regions (superior, mid and inferior occipital 

regions) were peripheral nodes in both groups. These results indicate that although the hub 

regions in controls not only consistently lost their nodal efficiency in patients with Alzheimer’s 
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disease, but also showed differences in nodal heterogeneity across layers in the two groups. The 

difference in nodal heterogeneity between the two groups was further confirmed by performing 

the subject-level hub disruption analysis: the multiplex participation coefficient in patients with 

Alzheimer’s disease showed a more negative hub disruption index (k = −0.9089) in comparison 

with that (k = 0.0565) of controls (P = 0.0002) (see Fig. 6B and Supplementary Table 2). In 

summary, the multiplex participation coefficient quantified the relationships between the five 

single-layer frequency-specific MEG networks and demonstrated that the vulnerable hub-regions 

in patients with Alzheimer’s disease lost their functional roles played across layers compared to 

the same regions in healthy controls. 

 

Fig. 5. Heterogeneity of multiplex networks in patients with Alzheimer’s disease and healthy controls. Mean (A) 

and standard deviation (B) of the weighted degrees for each region for five single-layer frequency-specific 

networks in patients with Alzheimer’s disease (AD) and healthy controls. (C) Ranked weighted degrees of each 

region for five single-layer frequency-specific networks in patients with Alzheimer’s disease and healthy controls. 

(D) Weighted degree correlations between pairs of layers in patients with Alzheimer’s disease and healthy 

controls. Note that to emphasize the correlations between different layers, we set all the self-correlations equal 

to 0. The correspondent AAL labels of the Arabic numerals (1~90 AAL regions) in the x-axis of Fig. 5A-C can be 

found in Supplementary Table 2. 
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Fig. 6. The heterogeneity of the multiplex networks in patients with Alzheimer’s disease and healthy controls. (A) 

2D Pi-oi parameter space of the mean multiplex network in patients with Alzheimer’s disease and healthy 

controls. (B) Hub disruption of the multiplex participation coefficient (k) in patients with Alzheimer’s disease; 

permutation test with FDR correction. Note that only the significantly vulnerable hub regions identified in Fig. 2C 

were labelled. Note that in Fig. 6A the vertical dashed lines indicate the mean Pi values; the solid lines indicate 

the regression lines fitted to the scatter plots; the red and blue colours indicate patients with Alzheimer’s disease 

and healthy controls, respectively. 

 

 

Fig. 7. Perturbed cognitive function and abnormal CSF amyloid-b42 levels correlated positively with the 

vulnerability of the hub regions. For the patients with Alzheimer’s disease only (uncorrected P-values): The 

correlations between MMSE scores and multiplex nodal centrality metrics in vulnerable regions (A-D), and 

between MMSE scores and the hub disruption index for multiplex overlapping weighted degree (E). The 

correlations between CSF amyloid-β42 and the hub disruption index for multiplex overlapping weighted local 

efficiency (F). 
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Correlation between multiplex centrality metrics and MMSE/CSF biomarkers 

The multiplex centrality metrics in the right precuneus (oi, ci, ei) and left hippocampus (ci), and 

the hub disruption index (oi) in patients with Alzheimer’s disease were significantly positively 

correlated with the MMSE scores (Fig. 7 A-D), indicating that cognitive function is related to the 

vulnerability of the hub regions in patients with Alzheimer’s disease. No significant correlations 

were found between the MMSE scores and the multiplex centrality metrics in the occipital hubs. 

 

In patients with Alzheimer’s disease, the hub disruption index of local efficiency correlated 

positively with the level of CSF amyloid-β42 (Spearman’s r = 0.4626, P = 0.024) (Fig. 7F), indicating 

that the vulnerability of hub areas in patients with Alzheimer’s disease was associated with lower 

levels of CSF amyloid-β42. No significant correlations were found between the hub disruption 

index and the levels of CSF p-Tau and Tau. 

 

DISCUSSION 

We analysed MEG-based resting-state multiplex networks in patients with Alzheimer’s disease 

and controls. No evident differences between the two groups were found when comparing the 

topologies of frequency-specific networks individually. In contrast, in comparison with controls, 

multiplex networks in patients with Alzheimer’s disease were characterized by a loss of nodal 

centrality in hub regions such as the left hippocampus, posterior default model network and 

occipital regions, as well as different nodal heterogeneity of these vulnerable regions across 

layers. In patients with Alzheimer’s disease, the damage to highly central hub areas correlated 

positively to more abnormal levels of CSF amyloid-β42 and to perturbed cognitive function 

measured by MMSE scores.  

 

Our multiplex network analysis is the first MEG source-space network study reporting the 

selectively vulnerable hubs involving the hippocampus, posterior DMN and occipital regions in 

patients with Alzheimer’s disease. Except for the occipital regions, the vulnerability of the 

hippocampus and posterior DMN in patients with Alzheimer’s disease has consistently been 

reported in previous structural (DTI and MRI) and functional (PET and fMRI) neuroimaging 

studies (Greicius et al., 2004; Supekar et al., 2008; Buckner et al., 2009; Lo et al., 2010; Crossley 

et al., 2014). However, these specific disrupted hub regions have not been found in previous 

frequency-specific MEG studies (Stam et al., 2009; de Haan et al., 2012a; Canuet et al., 2015). In 

addition, the multiplex centrality metrics were able to identify the prominent hubs located in the 

posterior midline (precuneus) and hippocampus in the controls, which were usually absent in 

frequency-specific electrophysiological studies (Brookes et al., 2011; Hipp et al., 2011, 2012; 

Baker et al., 2014). Therefore, integrating frequency-specific MEG functional networks into a 

framework of multiplex networks provides more information in support of the theoretical 

prediction that hub regions are particularly vulnerable in Alzheimer’s disease than only 

considering individual frequency-specific networks. 

 

Hubs of multiplex networks are selectively vulnerable in Alzheimer’s disease 

In the present study, we found that MEG-based resting-state multiplex networks in Alzheimer’s 

disease were preferentially disrupted in hub regions, including regions in medial temporal lobe 
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(left hippocampus), posterior default mode network and occipital regions. The disruption of 

these specific hub regions in Alzheimer’s disease was consistently demonstrated by different 

multiplex nodal centrality measures: overlapping weighted degree, overlapping weighted 

clustering coefficient, overlapping weighted local efficiency. Moreover, the disruption of hub 

areas in patients with Alzheimer’s disease was further confirmed by computing the hub 

disruption index. Previous EEG network studies have consistently shown that posterior brain 

regions are disrupted in patients with Alzheimer’s disease (Engels et al., 2015; Yu et al., 2016). 

Our previous sensor-space MEG network study found that the theta band nodal centrality over 

the left temporal lobe was disrupted (de Haan et al., 2012a). In addition, fMRI network studies 

have also identified selectively vulnerable hub regions in Alzheimer’s disease, involving the DMN 

(Buckner et al., 2009; Dai et al., 2015) and hippocampus (Supekar et al., 2008). Recently, an fMRI 

study found that the cascading network failure in patients with Alzheimer’s disease begins in the 

posterior DMN without evidence of amyloid plaques on PET, and then progresses to other hub 

regions (Jones et al., 2016), which highlights the important role of posterior components of DMN 

in Alzheimer’s disease (Stam, 2014). Performing a meta-analysis on MRI studies, Crossley and 

colleagues (Crossley et al., 2014) reported that in patients with Alzheimer’s disease the hubs in 

medial temporal and parietal regions had more MRI lesions than non-hub regions, further 

supporting our findings. Furthermore, our MEG study is one of first network studies to report the 

disruption of specific occipital hub regions in patients with Alzheimer’s disease. 

 

Computational network models have also demonstrated that high-cost hub regions tend to be 

more vulnerable in Alzheimer’s disease (Stam et al., 2009; de Haan et al., 2012c; Raj et al., 2012). 

An extensive simulation study showed that abnormal network organization in patients with 

Alzheimer’s disease, including decreased functional connectivity, selectively disrupted hub 

regions and more-random network topologies, could be explained by activity-dependent 

degeneration (de Haan et al., 2012c). Specifically, the assumption that excessive local neuronal 

activity causes synaptic damage, provides a possible explanation for these network changes, 

including the hub vulnerability in patients with Alzheimer’s disease. Our MEG-based multiplex 

study confirmed the hub vulnerability in patients with Alzheimer’s disease. However, 

aforementioned modelling studies are within the framework of single-layer networks. As 

mentioned in the Introduction, hub nodes in multilayer networks become particularly vulnerable 

when random cascading failures occurs (Buldyrev et al., 2010) or even when hubs are protected 

(Huang et al., 2011). Therefore, there is a strong need for establishing multiplex network models 

to support our findings of hub vulnerability in multilayer networks. 

 

The vulnerable brain regions in Alzheimer’s disease played different roles across 

layers 

The nodal centrality metrics evaluated the importance of each node for the overall efficiency of 

the multiplex networks. By computing the multiplex participation coefficient, we were able to 

quantify the participation of each node to the topology in each layer.  

 

We reported that in patients with Alzheimer’s disease the vulnerable hub regions detected by 

the nodal centrality metrics had different nodal heterogeneity across layers in comparison with 

controls (Figs. 5B and 6C). Among these vulnerable regions, the posterior DMN regions shifted 
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from peripheral hubs in controls to connector non-hubs in patients with Alzheimer’s disease, 

indicating that the posterior DMN regions played different functional roles across layers in the 

two groups. In this study, each layer corresponded to each frequency-specific MEG network. The 

heterogeneous connectivity patterns of posterior DMN regions across different layers in controls 

were disrupted in patients with Alzheimer’s disease, indicating that posterior DMN regions in 

patients with Alzheimer’s disease were not equally disrupted across layers. In contrast, other 

vulnerable regions such as left hippocampus, superior parietal cortex and occipital regions, 

showed similar nodal heterogeneity in the Alzheimer’s disease and HC groups, indicating that 

these vulnerable regions were uniformly disrupted in all frequency-specific MEG networks in 

patients with Alzheimer’s disease. Furthermore, the multiplex participation coefficients showed 

that the left hippocampus and superior parietal cortex were equally participating in each layer in 

the two groups; however the three occipital regions had different connectivity patterns in 

different frequency bands in both groups. In patients with Alzheimer’s disease, the different 

connectivity patterns of the vulnerable hub brain regions across layers indicate that hubs played 

different roles in different frequency bands. Therefore, it is of the essence to take all the 

frequency-specific networks into account simultaneously in Alzheimer’s disease network 

analysis. Our multiplex network study provides an effective framework to integrate the 

frequency-specific networks. 

 

Vulnerability of hub areas in patients with Alzheimer’s disease is related to 

cognitive performance 

Higher network efficiency of structural and functional brain networks has been shown to 

correlate positively with better cognitive performance (Li et al., 2009; van den Heuvel et al., 

2009). The cognitive dysfunction in neurological diseases has been considered to be related to 

the disruption of the optimal balance between local segregation and global integration of neural 

information processing in brain networks (Bullmore and Sporns, 2009; Stam, 2014; Petersen and 

Sporns, 2016). Previous brain network studies have consistently shown that Alzheimer’s disease 

can be regarded as a cost-driven network disorder: hub regions tend to be metabolically more 

expensive than non-hubs (Bullmore and Sporns, 2012). Therefore, the deteriorated cognitive 

performance and behavioural symptoms in Alzheimer’s disease could be due to the selective 

damage to the biologically high-cost hub regions (Buckner et al., 2009; Stam et al., 2009; de Haan 

et al., 2012c; Crossley et al., 2014).  

 

In this study, the observed positive correlations between the multiplex nodal centrality in 

posterior DMN/hippocampus and the MMSE scores in patients with Alzheimer’s disease indicate 

that the vulnerability of the hub areas has clinical relevance (Fig. 7). We reported that several 

components of the posterior DMN (right precuneus and inferior parietal cortices), as well as the 

hippocampus, were vulnerable in patients with Alzheimer’s disease. This is in line with previous 

findings in healthy controls and patients with Alzheimer’s disease. The DMN is known to play a 

role in many different cognitive functions (Fox and Raichle, 2007; Raichle, 2015). It has 

consistently been demonstrated that the DMN in early Alzheimer’s disease shows abnormal 

connectivity pattern, which correlates strongly with abnormal cognitive functioning (Greicius et 

al., 2004; Buckner et al., 2008, 2009; Zhou et al., 2010; Menon, 2011). The precuneus plays a 

particularly prominent structural and functional role in healthy brains, and is involved in 
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cognitive processes such as episodic memory and self-referential processing (Hagmann et al., 

2008; Fransson and Marrelec, 2008; Gong et al., 2009; Cavanna and Trimble, 2006). The inferior 

parietal lobule, involved in attention and action processing, has also shown decreased functional 

connectivity and metabolism in the early course of Alzheimer’s disease (Fogassi et al., 2005; 

Singh-Curry and Husain, 2009; Wang et al., 2015). Therefore, the disruption of the nodal 

efficiency in precuneus and inferior parietal cortex may also account for the abnormal cognitive 

performances in patients with Alzheimer’s disease (Lehmann et al., 2013). Similarly, the 

hippocampus acts as convergence zone in the large-scale functional connectome (Mišić et al., 

2014). The prominent role of hippocampus in memory processing might explain why the 

disruption of its hub property could lead to the early memory disturbances in patients with 

Alzheimer’s disease (Allen et al., 2007; Eichenbaum et al., 2007; Battaglia et al., 2011). 

 

Relationship between hub vulnerability in Alzheimer’s disease and CSF amyloid-β42 

CSF biomarkers (CSF amyloid-β42, p-Tau and Tau) have been established as biomarkers for 

Alzheimer’s disease (Blennow et al., 2001). In particular, the level of CSF amyloid-β42 is decreased 

in patients with Alzheimer’s disease compared with healthy controls, while levels of CSF (p) tau 

are increased (Mulder et al., 2010; Duits et al., 2014; Scheltens et al., 2016). Therefore, it is 

reasonable to assume that there might be some relationship between the levels of CSF 

biomarkers and the abnormal brain network organization in Alzheimer’s disease. In the present 

study, in patients with Alzheimer’s disease the level of CSF amyloid-β42 was positively associated 

with the disruption of hub areas in the multiplex brain networks, as quantified by the hub 

disruption index (Fig. 7). The negative hub disruption indices in patients with Alzheimer’s disease 

indicated that areas that were hubs in controls were disrupted in patients with Alzheimer’s 

disease (Fig. 4), and that this related to lower levels of CSF amyloid-β42 (Fig. 7), providing a link 

with underlying pathophysiology. Our study is the first MEG network study to report the positive 

association between abnormal levels of CSF amyloid-β42 and hub disruption in the multiplex 

brain networks. To date, only few studies have explored the impact of CSF amyloid-β42 on 

functional connectivity in patients with Alzheimer’s disease. One MEG resting-state functional 

connectivity study has reported that MCI patients with abnormal CSF amyloid-β42 show 

decreased functional connectivity of the medial temporal regions and posterior DMN regions in 

specific frequency bands (Canuet et al., 2015). In a resting-state fMRI study, decreased CSF 

amyloid-β42 was also shown to be associated with reduced functional connectivity between 

posterior cingulate and medial temporal regions (Wang et al., 2013). Moreover, a previous PET 

amyloid imaging study has demonstrated that amyloid-β42 deposition in patients with 

Alzheimer’s disease is preferentially located in cortical hub areas (Buckner et al., 2009). The low 

level of CSF amyloid-β42 indicates the increased amyloid-β42 deposition in the brain. Therefore, 

our observations provide a possible link between hub vulnerability and amyloid pathology in CSFs 

and brain regions of patients with Alzheimer’s disease. On the other hand, the current study 

cannot provide the evidence of correlations between the levels of CSF (p) tau and multiplex 

network measures, which could be due to the limited size of our patient sample. Future studies 

could use larger group of patients with Alzheimer’s disease to investigate the potential 

correlations between the levels of CSF (p) tau and multiplex network measures. 
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Frequency-specific analysis or multiplex network analysis?  

Neuronal activity as measured by MEG recordings shows rich temporal structure in a wide range 

of frequencies, which are considered to be in involved in different cognitive processes (Wang, 

2010). As a consequence, MEG data has conventionally been analysed in different frequency 

bands (Siegel et al., 2012; Stam and van Straaten, 2012; Stam, 2014).  

 

  Previous MEG studies in both patients with Alzheimer’s disease and healthy controls have 

shown that the functional connectivity pattern, network topologies and the direction of 

information flow in large-scale functional networks are frequency-specific (e.g. Bassett et al., 

2006, 2009; Stam et al., 2009; Brookes et al., 2011; Hipp et al., 2012; Hillebrand et al., 2016; Yu et 

al., 2016; Lopes da Silva, 2013). Here, we integrated five frequency-band specific MEG networks 

in a multiplex network framework. Our MEG multiplex network study provides a powerful 

framework to not only detect the vulnerable hub areas, but also reflect the heterogeneous 

connectivity patterns of the vulnerable hubs in patients with Alzheimer’s disease. Noticeably, 

these findings could not be revealed in a frequency-specific analysis (Fig. 3). Thus, the multiplex 

network measures not only enhanced the sensitivity of differentiation between patients with 

Alzheimer’s disease and controls compared with frequency-specific analyses, but also revealed 

the interrelationship between functional networks in different frequency bands in Alzheimer’s 

disease.  

 

Nonetheless, we do not intend to doubt or ignore the frequency-specific properties of MEG 

networks. In fact, the nodal heterogeneity of MEG multiplex networks confirmed the underlying 

diverse topologies of frequency-band specific networks (Figs. 5B and 6C), and demonstrated that 

frequency-specific networks do not act as independent entities, but interact with each other. The 

coordination and cooperation of frequency- specific networks are possibly a reflection of the 

observations that different frequencies do play different roles in cognitive and behavioural 

processes, but that optimal cognition also requires integration of these different processes. 

Disruption of the integrated framework (multiplex networks), such as in Alzheimer’s disease, can 

therefore lead to abnormal cognitive and behavioural symptoms, which is indeed what we 

observed (Fig. 7). 

 

Strengths, limitations and future direction 

Our current study has a number of strong points: firstly, multiplex network analysis could largely 

reduce the potential bias by multiple comparisons in frequency-specific network analysis; 

secondly, using PLI as a measure of functional connectivity reduces the bias due to field spread 

and/or signal leakage (Stam et al., 2007; Hillebrand et al., 2012; Porz et al., 2014), and we 

showed that the observed group differences of multiplex network measures were not driven by 

secondary leakage (see Supplementary Material); thirdly, MEG network analysis in source-space 

using a standard atlas aids the multimodal comparisons between our multiplex network analysis 

and previous structural (e.g. DTI) and functional network analyses (e.g. fMRI); fourthly, we 

explored the overall nodal efficiency of the multiplex networks using different centrality metrics: 

the key findings were consistent for all the centrality metrics; fifthly, to avoid the potential biases 

from the differences of the magnitudes of link weights between layers, we re-analysed our data 

by first ranking the link weights within each layer. We found that the key findings were 
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consistent (Supplementary Figs. 1 and 2) across approaches; finally, by performing both group- 

and subject-level permutation tests for the comparisons of multiplex measures, we reduced 

potential biases (i.e. differences in statistical power and sensitivity to outliers) that either 

approach may have.  

 

There are also several limitations that should be mentioned. Our results may have been 

influenced by methodological choices such as the manual selection of artefact-free epochs. 

However, the selected epochs were checked for quality and signs of drowsiness by an 

experienced independent researcher. Furthermore, the modest sample size might be a 

limitation. All patients with Alzheimer’s disease included in this paper had pathological 

biomarkers suggestive for Alzheimer’s disease obtained by either CSF or by amyloid positron 

emission tomography scanning, but the amyloid status of the healthy control groups was 

unknown. Therefore we cannot exclude that several healthy controls actually had amyloid 

pathology and/or neuronal damage as well. To reduce the risk, we excluded 4 controls with 

abnormal results on cognitive testing. Furthermore, as our study is one of the first exploratory 

studies regarding the relationships between MMSE scores and multiplex network metrics, and 

between CSF biomarkers and the hub disruption indices, we did not correct for multiple testing 

in the post-hoc correlation analyses. Instead, we reported the exact p-values for the reader’s 

interpretation. 

 

  In healthy brains, the pattern of functional networks is partially determined by the underlying 

structural networks (Honey et al., 2007, 2009; Ponten et al., 2010; Stam et al., 2015; Mišić et al., 

2015). However, the essential relationship between structural and functional networks in 

Alzheimer’s disease is largely unknown. In this MEG study, we found that hub regions in 

hippocampus and posterior DMN were selectively vulnerable in patients with Alzheimer’s 

disease, which is consistent with the findings in previous studies using other neuroimaging 

modalities (Crossley et al., 2014). The multiplex framework allows for the integration of 

multimodal neuroimaging data, such as functional (MEG, PET and fMRI) and structural networks 

(DTI and MRI) (Sporns, 2014). In that case, the interaction between the functional and structural 

networks can be studied under the unified framework of multiplex network, not only for patients 

with Alzheimer’s disease, but also for healthy controls and for other brain disorders. 

Furthermore, in this study, we constructed multiplex networks by integrating five 

frequency-specific MEG weighted networks without considering the cross-frequency couplings 

between different brain regions, and applied the multiplex network measures developed by 

Battiston et al., 2014 to characterize the topological structure of the multiplex networks. 

However, one recent multilayer MEG connectivity study (Brookes et al., 2016) constructed a 

super-adjacency matrix consisting of both within-frequency and cross-frequency couplings. 

However, no multiplex network measures were computed in the study by Brookes et al., 2016. 

One recent multilayer fMRI network study (De Domenico et al., 2016) applied a multilayer 

centrality measure (De Domenico et al., 2015) by extending the PageRank centrality to multilayer 

fMRI networks, and found the multilayer hubs characterized by the centrality measure improved 

the differentiation between healthy controls and patients with schizophrenia. Till now, there is 

no generally accepted optimal approach to characterize the topological structure of the 

multilayer networks consisting of cross-layer links (cross-frequency couplings in functional brain 
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networks) between same or different nodes (Boccaletti et al., 2014). In future study, it is 

important to develop and apply multilayer network measures which are appropriate for 

functional brain studies. Moreover, Fig.6 shows that the patients with Alzheimer’s disease and 

healthy controls were clearly differentiated in the 2D Pi − oi plane. Therefore, combining 

machine learning approaches such as random forest or support vector machine with the 

performed multiplex network analyses could easily distinguish the two clinical groups, which is of 

interest for future study (Zanin et al., 2016). 

 

CONCLUSION 

In the present study, we used a multiplex network framework to investigate the interaction 

between the MEG frequency-specific functional networks in patients with Alzheimer’s disease 

and healthy controls. Using multiplex network metrics, functional networks in patients with 

Alzheimer’s disease were characterized as more heterogeneous compared to those in healthy 

controls. We demonstrated that the hub regions, in particular in the hippocampus, posterior 

DMN regions and occipital areas, were preferentially affected, and that the hub vulnerability of 

these regions correlated positively with the cognitive deterioration and the abnormal 

accumulation levels of amyloid-β plaques in cerebrospinal fluid, which may augment the 

underlying neuropathological cascade in Alzheimer’s disease.  
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SUPPLEMENTARY MATERIALS 
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2. Supplementary tables 

2.1. Supplementary Table 1 Hub disruption indexes for multiplex nodal measures. 

2.2. Supplementary Table 2 Abbreviations for the 78 cortical and 12 sub-cortical regions used 

in this study. 

 

3. Supplementary figures 

3.1. Supplementary Figure 1 Vulnerability of hub regions in patients with Alzheimer’s disease 

characterized by overlapping weighted local efficiency, overlapping weighted clustering 

coefficient and overlapping weighted betweenness centrality. 

3.2.  

3.3. Supplementary Figure 2 Vulnerability of hub regions in patients with Alzheimer’s disease 

characterized by overlapping weighted degree, overlapping weighted local efficiency and 

overlapping weighted clustering coefficient using rank numbers. 

3.4. Supplementary Figure 3 Estimation of hub disruption index for an epoch for Alzheimer’s 

disease (A) and healthy controls (B).   

3.5. Supplementary Figure 4 Mean absolute correlation matrices (with the diagonals set to 

zero) for beamformer weights for 90 ROIs in patients with Alzheimer’s disease (A) and 

healthy controls (B).  
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1. Supplementary method 

1.1. Permutation testing 

In this study, we performed subject-level permutation tests for the multiplex nodal centrality 

metrics, multiplex participation coefficient, hub disruption indexes and group-level permutation 

test for Spearman’s rank correlation coefficients.  

 

i. Subject-level permutation tests for the multiplex nodal centrality metrics, 

multiplex participation coefficient and hub disruption indexes.  

Here, we take the overlapping weighted degree as an example to describe the computational 

details of the subject level permutation tests. 

1. Compute the mean values of the overlapping weighted degree per channel by averaging the 

overlapping weighted degrees of all the epochs for Alzheimer’s disease and healthy controls, 

respectively;    

2. Compute the observed absolute difference between the mean values of the overlapping 

weighted degree per channel in Alzheimer’s disease and HC groups;  

3. Permute the group assignments of the individuals’ values of overlapping weighted degree for 

Alzheimer’s disease and healthy controls (N = 50000); 

4. Repeat 1 and 2 with the permuted values; 

5. Repeat 3 and 4 to obtain 50000 sampled permutations of the absolute differences for 

Alzheimer’s disease and healthy controls. 

The observed absolute difference was tested against the sampled distribution in order to obtain a 

P-value. 

 

ii. Group level permutation test for the Spearman’s rank correlation coefficients 

1. Compute the group-level 2D 𝑃𝑖 − 𝑜𝑖  parameter space by respectively averaging the 

overlapping weighted degrees and multiplex participation coefficients of all the epochs for each 

diagnostic group.  

2. Compute the group-level correlation coefficients from the group-level 2D 𝑃𝑖 − 𝑜𝑖 parameter 

spaces of two diagnostic groups, respectively; 

3. Compute the observed absolute difference between the group-level correlation coefficients for 

the two groups;  

4. Permute the group assignments of the individuals’ values of overlapping weighted degree and 

multiplex participation coefficient at the same time (N = 50000); 

5. Repeat 1 to 3 with the permuted values. 

6. Repeat 5 to obtain the 50000 sampled permutations of correlation coefficients for Alzheimer’s 

disease and healthy controls. 

The observed correlation coefficient was tested against the sampled distribution in order to 

obtain a P-value. 

 

In i and ii, to reduce the potential bias caused by the within-subject variation (Mumford and 

Nichols, 2006), when permuting the group assignments, the epochs for the same subjects were 

always permuted together. The P-values of pairwise comparisons were corrected by the false 

discovery rate (FDR) (Benjamini and Hochberg, 1995). The FDR-corrected p-values were 
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considered to be significant at P < 0.05. Statistical analyses for multiplex metrics were performed 

by in MATLAB R2015a.   

 

1.2. Multiplex centrality measures 

For a single-layer, the weighted clustering coefficient of a node i was originally defined in Onnela 

et al., 2005, as implemented in BCT toolbox (Rubinov and Sporns, 2010): 

 

                                                𝐶𝑖 =
1

𝑁
∑

∑ (𝜔𝑖𝑗𝜔𝑖ℎ𝜔𝑗ℎ)
1

3⁄
𝑗,ℎ∈𝑁

𝑠𝑖(𝑠𝑖−1)
𝑁
𝑖=1 .                        (4) 

 

  The weighted local efficiency of node i in a single-layer was originally defined in Latora and 

Marchiori, 2001, as implemented in BCT toolbox (Rubinov and Sporns, 2010): 

 

                    𝐸𝑙𝑜𝑐𝑖
=

1

2
∑

∑ (𝜔𝑖𝑗𝜔𝑖ℎ[𝑑𝑖ℎ
𝜔 (𝑁𝑖)])

1
3⁄

𝑗,ℎ∈𝑁,𝑗≠𝑖

𝑠𝑖(𝑠𝑖−1)
𝑁
𝑖=1 ,                   (6) 

 

Where, 𝑑𝑖ℎ
𝜔  is the weighted shortest path length between node i and h. 

 

The weighted betweenness centrality (Freeman, 1978; Rubinov and Sporns, 2010) of node i is 

defined as: 

 

                    𝐵𝐶𝑖 =
1

(𝑁−1)(𝑁−2)
∑

𝜎ℎ𝑗(𝑖)

𝜎ℎ𝑗
ℎ,𝑗∈𝑁
ℎ≠𝑖,𝑗
𝑗≠𝑖

,                         (7) 

 

Where 𝜎ℎ𝑗  is the number of shortest paths between node h and j, 𝜎ℎ𝑗(𝑖) is the number of 

shortest paths between node h and j passing through node i. 

 

Similar to the overlapping weighted degree, the overlapping weighted centrality metrics, such as 

overlapping weighted clustering coefficient, overlapping weighted local efficiency and 

overlapping weighted betweenness centrality of node i are respectively defined as: 

 

                                  𝑐𝑖 = ∑ 𝐶𝑖
[𝛼]

𝛼 , 𝑒𝑖 = ∑ 𝐸𝑙𝑜𝑐𝑖
[𝛼]

𝛼 ,  𝑏𝑖 = ∑ 𝐵𝐶𝑖
[𝛼]

𝛼 .              (8) 

 

1.3. Beamformer weights correlation 

To test if the observed group differences of multiplex network measures could be explained by 

differences in secondary leakage, we first computed the absolute correlation between 

beamformer weights (broad band: 0.5-48 Hz) for each pair-wise combination of ROIs for each 

subject (Brookes et al., 2011; Hillebrand et al., 2012), resulting in a square 90×90 weighted 

adjacency matrix (see Fig. S4). For each subject and for each ROI, we then computed the 

summation of absolute correlation values by summing up the correlation values of each row in 

the correlation matrix. Permutation tests were used to compare the summations of absolute 

correlation values for all ROIs between patients with Alzheimer’s disease and controls, with FDR 



 

101 
 

correction for multiple testing (Benjamini and Hochberg, 1995). The summation of absolute 

correlation values did not differ between patients with Alzheimer’s disease and controls. 

Therefore, we conclude that the observed group differences of multiplex network measures 

between patients with Alzheimer’s disease and controls were not driven by secondary leakage. 

 

2. Supplementary tables 
2.1. Supplementary Table 1 Hub disruption indexes for multiplex nodal measures. 

Multiplex nodal measures Alzheimer’s disease 

(mean) 

healthy controls 

(mean) 

P-value 

Overlapping weighted degree -0.8079 0.0605 0.00014 

Overlapping weighted BC -1.0345 -0.0061 0.011 

Overlapping weighted clustering 

coefficient 

-0.4627 -0.0742 0.031 

Overlapping weighted local 

efficiency 

-0.6906 0.1119 0.00016 

Participation coefficient -0.9098 0.0565 0.0002 

Note: The P-values were obtained from the subject-level permutation tests followed by FDR correction. 

 
2.2. Supplementary Table 2 Abbreviations for the 78 cortical and 12 sub-cortical regions used in this 

study. 

Region 

numbers 
Abbreviations Cortical and sub-cortical Regions Region 

numbers 
Abbreviations Cortical and sub-cortical Regions 

1 REC.L Left Gyrus Rectus 46 SFGdor.R Right Superior frontal gyrus, dorsolateral 

2 OLF.L Left Olfactory Cortex 47 MFG.R Right Middle frontal gyrus 

3 ORBsup.L Left Superior frontal gyrus, orbital part 48 IFGoperc.R Right Inferior frontal gyrus, opercular 

part 

4 ORBsupmed.L Left Superior frontal gyrus, medial orbital 49 IFGtriang.R Right Inferior frontal gyrus, triangular 

part 

5 ORBmid.L Left Middle frontal gyrus orbital part 50 SFGmed.R Right Superior frontal gyrus, medial 

6 ORBinf.L Left Inferior frontal gyrus, orbital part 51 SMA.R Right Supplementary motor area 

7 SFGdor.L Left Superior frontal gyrus, dorsolateral 52 PCL.R Right Paracentral lobule 

8 MFG.L Left Middle frontal gyrus 53 PreCG.R Right Precentral gyrus 

9 IFGoperc.L Left Inferior frontal gyrus, opercular part 54 ROL.R Right Rolandic operculum 

10 IFGtriang.L Left Inferior frontal gyrus, triangular part 55 PoCG.R Right Postcentral gyrus 

11 SFGmed.L Left Superior frontal gyrus, medial 56 SPG.R Right Superior parietal gyrus 

12 SMA.L Left Supplementary motor area 57 IPL.R Right Inferior parietal, but supramarginal 

and angular gyri 

13 PCL.L Left Paracentral lobule 58 SMG.R Right Supramarginal gyrus 

14 PreCG.L Left Precentral gyrus 59 ANG.R Right Angular gyrus 

15 ROL.L Left Rolandic operculum 60 PCUN.R Right Precuneus 

16 PoCG.L Left Postcentral gyrus 61 SOG.R Right Superior occipital gyrus 

17 SPG.L Left Superior parietal gyrus 62 MOG.R Right Middle occipital gyrus 

18 IPL.L Left Inferior parietal, but supramarginal and 63 IOG.R Right Inferior occipital gyrus 
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angular gyri 

19 SMG.L Left Supramarginal gyrus 64 CAL.R Right Calcarine fissure and surrounding 

cortex 

20 ANG.L Left Angular gyrus 65 CUN.R Right Cuneus 

21 PCUN.L Left Precuneus 66 LING.R Right Lingual gyrus 

22 SOG.L Left Superior occipital gyrus 67 FFG.R Right Fusiform gyrus 

23 MOG.L Left Middle occipital gyrus 68 HES.R Right Heschl gyrus 

24 IOG.L Left Inferior occipital gyrus 69 STG.R Right Superior temporal gyrus 

25 CAL.L Left Calcarine fissure and surrounding cortex 70 MTG.R Right Middle temporal gyrus 

26 CUN.L Left Cuneus 71 ITG.R Right Inferior temporal gyrus 

27 LING.L Left Lingual gyrus 72 TPOsup.R Right Temporal pole: superior temporal 

gyrus 

28 FFG.L Left Fusiform gyrus 73 TPOmid.R Right Temporal pole: middle temporal 

gyrus 

29 HES.L Left Heschl gyrus 74 PHG.R Right Parahippocampal gyrus 

30 STG.L Left Superior temporal gyrus 75 ACG.R Right Anterior cingulate and 

paracingulate gyri 

31 MTG.L Left Middle temporal gyrus 76 DCG.R Right Median cingulate and paracingulate 

gyri 

32 ITG.L Left Inferior temporal gyrus 77 PCG.R Right Posterior cingulate gyrus 

33 TPOsup.L Left Temporal pole: superior temporal gyrus 78 INS.R Right Insula 

34 TPOmid.L Left Temporal pole: middle temporal gyrus 79 HIP.L Left Hippocampus 

35 PHG.L Left Parahippocampal gyrus 80 HIP.R Right Hippocampus 

36 ACG.L Left Anterior cingulate and paracingulate gyri 81 AMYG.L Left Amygdala 

37 DCG.L Left Median cingulate and paracingulate gyri 82 AMYG.R Right Amygdala 

38 PCG.L Left Posterior cingulate gyrus 83 CAU.L Left Caudate 

39 INS.L Left Insula 84 CAU.R Right Caudate 

40 REC.R Right Gyrus Rectus 85 PUT.L Left Putamen 

41 OLF.R Right Olfactory Cortex 86 PUT.R Right Putamen 

42 ORBsup.R Right Superior frontal gyrus, orbital part 87 PAL.L Left Pallidum 

43 ORBsupmed.R Right Superior frontal gyrus, medial orbital 88 PAL.R Right Pallidum 

44 ORBmid.R Right Middle frontal gyrus orbital part 89 THA.L Left Thalamus 

45 ORBinf.R Right Inferior frontal gyrus, orbital part 90 THA.R Right Thalamus 
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3. Supplementary figures 

 

Fig. S1. Vulnerability of hub regions in patients with Alzheimer’s disease characterized by overlapping weighted 

local efficiency, overlapping weighted clustering coefficient and overlapping weighted betweenness centrality.  

 

 

Fig. S2. Vulnerability of hub regions in patients with Alzheimer’s disease characterized by overlapping weighted 

degree, overlapping weighted local efficiency and overlapping weighted clustering coefficient using rank 

numbers. AD = Alzheimer’s disease; HC = healthy control. 
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Fig. S3. Estimation of hub disruption index for an epoch for Alzheimer’s disease (A) and healthy controls (B). AD = 

Alzheimer’s disease; HC = healthy control. 

 

 

 
Fig. s4. Mean absolute correlation matrices (with the diagonals set to zero) for beamformer weights for 90 ROIs in 

patients with Alzheimer’s disease (A) and healthy controls (B). Note the similarity between the two matrices. The 

correspondent AAL labels of the Arabic numerals (1~90 AAL regions) in the x- and y-axis can be found in 

Supplementary Table 2.  
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Part Ⅲ  
 

Direction of information flow 

  



 

106 
 

   Chapter 5 
 

Directional information flow in patients with Alzheimer’s disease. A 

source-space resting-state MEG study 

 

Marjolein M.A. Engels*, Meichen Yu*, Cornelis J. Stam, Alida A Gouw, Wiesje M. van der Flier, 

Philip Scheltens, Elisabeth C.W. van Straaten, Arjan Hillebrand. Neuroimage Clin. 2016. 

 

*These authors contributed equally to this work.  
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ABSTRACT 

In a recent magnetoencephalography (MEG) study, we found posterior-to-anterior information 

flow over the cortex in higher frequency bands in healthy subjects, with a reversed pattern in the 

theta band. A disruption of information flow may underlie clinical symptoms in Alzheimer’s 

disease (AD). In AD, highly connected regions (hubs) in posterior areas are mostly disrupted. We 

therefore hypothesized that in AD the information flow from these hub regions would be 

disturbed. We used resting-state MEG recordings from 27 early-onset AD patients and 26 healthy 

controls. Using beamformer-based virtual electrodes, we estimated neuronal oscillatory activity 

for 78 cortical regions of interest (ROIs) and 12 subcortical ROIs of the AAL atlas, and calculated 

the directed phase transfer entropy (dPTE) as a measure of information flow between these ROIs. 

Group differences were evaluated using permutation tests and, for the AD group, associations 

between dPTE and general cognition or CSF biomarkers were determined using Spearman 

correlation coefficients. We confirmed the previously reported posterior-to-anterior information 

flow in the higher frequency bands in the healthy controls, and found it to be disturbed in the 

beta band in AD. Most prominently, the information flow from the precuneus and the visual 

cortex, towards frontal and subcortical structures, was decreased in AD. These disruptions did not 

correlate with cognitive impairment or CSF biomarkers. We conclude that AD pathology may 

affect the flow of information between brain regions, particularly from posterior hub regions, and 

that changes in the information flow in the beta band indicate an aspect of the 

pathophysiological process in AD. 

 

Keywords: Alzheimer’s disease, information flow, phase transfer entropy, 

magnetoencephalography, atlas-based beamforming. 
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INTRODUCTION 

Patients with Alzheimer’s disease (AD) clinically suffer from cognitive deficits in multiple cognitive 

domains, which is thought to be caused by intracellular tau inclusions (tangles) and extracellular 

accumulations of amyloid beta proteins (plaques) leading to synaptic loss, neuronal cell death 

and brain atrophy. The hippocampi, together with the posterior part of the default mode network 

(in particular the precuneus and posterior cingulate), are the most affected brain areas in AD. 

Besides these changes in brain structure, functional connections between distant brain areas are 

also affected in AD (e.g., refs. Alonso et al., 2011; Berendse et al., 2000; Besthorn et al., 1994; 

Engels et al., 2015; Franciotti et al., 2006; Wang et al., 2007; Zhang et al., 2009).  

Functional connections can be evaluated by calculating the statistical interdependencies 

between time series of neuronal activity (Friston, 2011). It has been shown consistently, using 

different imaging modalities, that the changes in functional connectivity in AD depend on the 

brain regions involved: while mainly the posterior regions show increased connectivity, decreased 

functional connectivity seems to be much more widespread throughout the brain (Crossley et al., 

2014; Engels et al., 2015; Engels et al., unpublished data; Greicius et al., 2004).  

Magnetoencephalography (MEG) can be used to study disease related changes in AD. MEG is 

reference free, and its large number of sensors allows for sophisticated spatial filtering to 

accurately reconstruct neuronal activity for predefined cortical brain areas (Baillet et al., 2001; 

Hillebrand et al., 2005; 2012; 2016). We have recently used this approach to reliably reconstruct 

oscillatory activity within the hippocampi of AD patients (Engels et al., 2016). The hippocampus 

has also been shown to function as a hub in the network (Battaglia et al., 2011; Yu et al., 

unpublished data), alongside the posterior regions. MEG can also be used to study the direction 

of information flow in brain networks, as we have recently shown in a group of healthy subjects 

(Hillebrand et al., 2016a). This study revealed an anterior-to-posterior pattern in the theta band 

(4-8 Hz) while a posterior-to-anterior pattern was observed in the alpha1 (8-10 Hz), alpha2 (10–

13 Hz), and beta bands (13-30 Hz). These directed connectivity patterns may be a result of 

underlying network topology, e.g. hub status of a region (Moon et al., 2015). Moon et al. (2015) 

demonstrated in an electroencephalography (EEG) study that hubs have a more receiving role in 

the network compared to non-hubs. These results may have been affected by their reference 

choices (a common  problem in EEG). Moreover, their measures of directionality were based on 

phase differences, which may provide misleading estimates of directionality (see Hillebrand et al., 

2016a). However, the exact relationship between hub-status and preferred direction of 

information flow is as yet unclear. Using EEG, two studies have reported disrupted information 

outflow from the posterior regions to anterior regions in AD patients (Babiloni et al., 2009; 

Dauwan et al., 2016), which confirms the hypothesis of an affected pattern of information flow in 

the large-scale brain networks. However, the patterns of information flow reconstructed from 

EEG data are strongly dependent on the reference choice and should therefore be interpreted 

with care (Guevara et al., 2005). Evaluating the information flow using MEG discards the 

reference problem and allows for more accurate source-estimation, which is crucial for a better 

understanding of disease mechanism in AD. 
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We hypothesized that the dominant posterior-to-anterior pattern of information flow seen in 

healthy controls would be disrupted in AD patients. In particular, we expected that in higher 

frequency bands the outflow from posterior regions would be reduced due to damage in 

posterior hub regions, and that in the theta band the outflow from the hippocampi would be 

reduced. This hypothesis was tested by comparing the directionality of information flow for 

cortical and sub-cortical regions, as reconstructed from resting-state MEG data, between healthy 

controls and patients with AD.  

METHODS 

Subjects 

Subjects used in this study have been previously described (Engels et al., 2016; Yu et al., 

unpublished data). In summary, 27 patients with probable AD with an early onset (age: 60.6 ± 5.4 

years) from the Amsterdam Dementia Cohort in the Alzheimer Center of the VU University 

Medical Center were included. All patients fulfilled NIA-AA criteria for probable AD (McKhann et 

al., 2011). AD patients were assessed according to a standard diagnostic workup for dementia 

screening including an informant-based history of the patient (if available), physical-, neurological 

and cognitive examinations (including the mini-mental state examination (MMSE)), laboratory 

tests (including cerebrospinal fluid (CSF) amyloid and tau), structural brain imaging, and EEG. 

Diagnoses were made in a multidisciplinary consensus meeting. Patients gave written informed 

consent for use of their clinical data for research purposes (van der Flier et al., 2014). Exclusion 

criteria for participation in this study were: an active psychiatric or other neurologic disorder, 

MMSE-score below 18, or age above 70 years. In addition to the patient group, we included 26 

out of 31 non-demented controls who responded to an advertisement in a national newspaper. 

After a telephone interview to exclude neurological or psychiatric disorders, subjects underwent 

neuropsychological testing, MRI of the brain and an MEG recording. One volunteer was excluded 

due to a meningioma found on the MRI; four volunteers were excluded due to poor performance 

on the neuropsychological tests. The local Ethics Committee approved the study and all 

participants gave written informed consent prior to participation. 

Data acquisition 

MEG recordings were obtained one to several hours before or more than one week after the 

MRI-scan in order to avoid artifacts due to, for example, magnetized dental material. The 

resting-state MEG recordings consisted of a five minutes eyes-closed condition, followed by two 

minutes eyes open, and again five minutes eyes-closed. In this protocol, to ensure that the 

subjects stayed awake during recording, we asked them to open their eyes for two minutes after 

five minutes eyes-closed recording. To avoid potential confounders due to eye-blinks during the 

eyes-open condition, and because EEG parameters during the eyes-closed condition are more 

stable over sessions (Corsi-Cabrera et al., 2007), we only analysed the second five-minute 

eyes-closed data segment (van Diessen et al., 2015). The data were sampled at 1250 Hz, and an 

online anti-aliasing (410 Hz) and a high-pass filter (0.1 Hz) were used. The head position relative 

to the MEG sensors was recorded continuously using the signals from five head-localization coils. 
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The head-localization coil positions were digitized, as well as the outline of the participant’s scalp 

(~500 points), using a 3D digitizer (Fastrak, Polhemus, Colchester, VT, USA). This scalp surface was 

used for co-registration with the patient’s MRI scan (see below). The data were spatially filtered 

offline using the temporal extension of Signal Space Separation (tSSS) (Taulu and Simola, 2006; 

Taulu and Hari, 2009), using MaxFilter software (Elekta Neuromag Oy, version 2.2.10). Channels 

containing excessive artifacts were manually discarded after visual inspection of the data by one 

of the authors (ME) before estimation of the SSS coefficients. The number of excluded channels 

varied between one and twelve. After fine-tuning for acquisition conditions at our site, the tSSS 

filter was used to remove noise signals that SSS would fail to discard, typically from noise sources 

near the head, using a subspace correlation limit of 0.9 (Medvedovsky et al., 2009; Hillebrand et 

al., 2013) and a sliding window of 10 seconds. Typical artifacts were due to (eye) movements, 

swallowing, dental prosthetics, or drowsiness, although the subjects were instructed to stay 

awake and reduce eye movements during the MEG recording.  

CSF samples were obtained by lumbar puncture using a 25-gauge needle, and collected in 

10-mL polypropylene tubes (Sarstedt, Nümbrecht, Germany) according to consensus protocols 

(Teunissen et al., 2009) only in the AD patients. Amyloid-beta 1-42, total tau, and p-tau were 

measured with commercially available ELISAs (Duits et al., 2015).  

Structural MRI scans were made for all participants. For one AD patient, a computer 

tomography (CT) scan was obtained instead of an MRI because of insufficient quality of the MRI. 

For all participants, the outline of the scalp on the structural scans was extracted. The sphere that 

best fitted the scalp surface was used as a volume conductor model for the beamformer analysis 

described below. Co-registration of the MEG data with the structural scans was achieved using 

surface matching software, resulting in an estimated co-registration accuracy of approximately 4 

mm (Whalen et al., 2008). The result of the co-registration between the MEG- and the MRI/CT 

scalp surfaces was visually inspected.  

Source localization  

In order to obtain source localized activity for all brain regions, we applied an atlas-based 

beamformer approach (Hillebrand et al., 2012), which projects the sensor signals to the 78 

cortical regions-of-interest (ROIs) (Gong et al., 2009), and 12 sub-cortical regions of the 

automated anatomical labeling (AAL) atlas (Tzourio-Mazoyer et al., 2002) (Table S1). Details about 

the beamformer are similar as described in (Hillebrand et al., 2016a): The beamformer (Elekta 

Neuromag Oy; version 2.1.28) sequentially reconstructs the activity for each centroid by 

selectively weighting the contribution from each MEG sensor to a centroid’s time series. The 

beamformer weights are based on the data covariance matrix and the forward solution (lead 

field) of a dipole source at the centroid location (Hillebrand et al., 2005; Robinson and Vrba, 

1999; van Veen et al., 1997), where the optimum dipole orientation was obtained using the 

eigendecomposition approach described by Sekihara and colleagues (Sekihara et al., 2004), using 

a unity matrix as estimate for the noise covariance matrix). A time window of, on average, 277 s 

(range 105-435 s) was used to compute the data covariance matrix. Singular value truncation was 

used when inverting the data covariance matrix to deal with the rank deficiency of the data after 

SSS (~70 components). The time series for the 90 ROIs were obtained by projecting the broad 
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band (0.5 – 48 Hz) MEG data through the normalized (Cheyne et al., 2007) broadband 

beamformer weights for each ROI.  

Data selection 

For each subject, twenty artifact-free epochs of 4096 samples (3.2768 seconds) were selected by 

one of the authors [ME]. A second researcher [IN, in acknowledgements] independently 

evaluated a sub-set of the selected epochs for quality. Epochs without consensus were replaced 

by new epochs. Selected epochs were converted to ASCII-files and imported into an in-house 

developed software package (BrainWave version 0.9.125.4.1, CS. Software available at: 

http://home.kpn.nl/stam7883/brainwave.html). The ROI time series were digitally filtered in the 

classical EEG frequency bands using a fast Fourier transform that does not distort the phases: 

delta (0.5–4 Hz), theta (4–8 Hz), lower alpha (8–10 Hz), upper alpha (10–13 Hz), beta (13–30 Hz), 

and gamma (30–48 Hz).  

Phase transfer entropy  

The direction of information flow between ROIs was estimated using the phase transfer entropy 

(PTE), which was introduced by (Paluš and Stefanovska et al., 2003), and thoroughly evaluated by 

Lobier and colleagues (Lobier et al., 2014 The instantaneous phase time-series were estimated 

using the Hilbert transform (Rosenblum et al., 1996; Stam et al., 2007). We used the 

implementation as described in (Hillebrand et al., 2016a): PTE quantifies the information flow 

between time series on the basis of phase information. For the PTE the time series of the phases 

are used as input for the transfer entropy (TE) (Schreiber, 2000), which is a specific version of the 

Kullback-Leiber entropy (Kullback and Leibler, 1951) or the conditional mutual information (Paluš 

and Stefanovska, 2003; Paluš and Vejmelka, 2007; for review see Hlaváčkova-Schindler et al., 

2007). As an information-theoretic measure, the TE characterizes the information transfer 

between time series. The TE can be easily understood in terms of uncertainty: a source signal has 

a causal influence on a target signal if the uncertainty of the target signal conditioned on both its 

own past and that of the source signals is smaller than the uncertainty of the target signal 

conditioned only on its own past. If the uncertainty of a target signal Y at a delay δ is expressed in 

terms of Shannon Entropy (Shannon, 1984), then the TE from source signal X to target signal Y 

can be expressed as 

 

TExy = ∑ p(Yt+δ, Yt, Xt)log (
p(Yt+δ|Yt,Xt)

p(Yt+δ|Yt)
)        (eq. 1) 

 

where the definition for Shannon Entropy, H(Y) = − ∑ p(Y)logp(Y), was used, and the sum 

runs over all discrete time steps t. 

For observed data, estimation of the probabilities in Eq. 1 is time-consuming and requires 

fine-tuning of several parameters (Wibral et al., 2011). To solve these problems, Staniek and 

Lehnertz proposed to estimate transfer entropy by converting observed time series into 

sequences of symbols (Staniek and Lehnartz, 2008). In the same spirit, time series can be 

described in terms of their amplitudes and instantaneous phases (Rosenblum et al., 2001), 

following which transfer entropy can be estimated from the time series of the instantaneous 
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phases (PTE), at low computational cost (Paluš and Stefanovska, 2003; Lobier et al., 2014). 

Dropping the subscript t for clarity, and to speed-up the computations, we computed the PTE as: 

 

PTExy = ∑ p(Yδ)p(Y)p(X)log (
p(Yδ|Y,X)

p(Yδ|Y)
)     (eq. 2) 

 

where the probabilities are obtained by building histograms of occurrences of single, pairs or 

triplets of phase estimates in an epoch (Lobier et al., 2014). In Eq. 2, we assumed that the 

probability distribution of source signal X is independent with that of target signal Y, so 

p(Yδ, Y, X) = p(Yδ)p(Y)p(X). This assumption has no influence on the information flow patterns 

and could speed up the computation time (Prokopenko and Lizier, 2014). The number of bins in 

the histograms was set as e0.626+0.4ln (Ns−δ−1) (Rosenblom et al., 2001), and the prediction delay 

δ was set as (Ns×Nch)/N±, with Ns  and Nch the number of samples and channels (ROIs), 

respectively, and N± the number of times the phase changes sign across time and channels. A 

previous study has demonstrated that the choice of the delay has little effect on results obtained 

with the dPTE (Lobier et al., 2014). The prediction delays for different frequency bands are given 

in Table S5. 

Finally, because the PTE does not have a meaningful upper bound (Lobier et al., 2014), and to 

reduce biases, i.e., the effect of having (small) nonzero PTE values in situations when there is no 

actual information flow, we normalized the PTE, 

 

dPTExy =
PTExy

PTExy+PTEyx
                          (eq. 3) 

 

The value of dPTExy ranges between 0 and 1. When information flows preferentially from time 

series X to time series Y, 0.5 < dPTExy ≤ 1. When information flows preferentially toward X from Y, 

0 ≤ dPTExy < 0.5. In the case of no preferential direction of information flow, dPTExy = 0.5. 

Eq. 2 is a modified version of the PTE as introduced by Lobier et al., 2014. To test the effect of 

making the assumption of independent probability distributions (for the joint probability term 

only), we also computed dPTE using equation 1 directly to compute the PTE. Eq. 3 and 

permutation testing with FDR correction (see Statistical analysis) was used again to compare the 

dPTE values between AD and control groups. The comparison of the results between both 

implementations of the dPTE can be found in the Supplemental material, which shows that both 

approaches give very similar results. 

The dPTE value for all pairwise ROIs was computed, forming a dPTE matrix, as well as the regional 

dPTE values, i.e. the average dPTE for each ROI. The regional dPTE values were computed by 

averaging all pairwise dPTE values from one ROI to all the other ROIs, and obtained one regional 

dPTE value for each of the 90 ROIs. This was repeated for all epochs in each frequency band, and 

for all subjects. The regional dPTE values indicate that on average a brain area is a driver (0.5 < 

dPTE ≤ 1) or receiver (0 ≤ dPTE < 0.5), relative to other areas. 
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To establish whether there was a consistent pattern of information flow in the MEG networks, a 

posterior-anterior index (PAx) (Hillebrand et al., 2016) and a central-to-(posterior+anterior) 

(CPAx) index was calculated as follows: 

 

PAx =  {dPTE̅̅ ̅̅ ̅̅ ̅}
posterior

− {dPTE̅̅ ̅̅ ̅̅ ̅}
anterior

          (eq. 4) 

CPAx =  {dPTE̅̅ ̅̅ ̅̅ ̅}
central

− {dPTE̅̅ ̅̅ ̅̅ ̅}
anterior+posterior

               (eq. 5) 

 

where the dPTE was averaged over a set of anterior, central, posterior and anterior + posterior 

regions, respectively (see Table S1 for the definitions of anterior, central and posterior regions). 

PAx and CPAx were normalized by the absolute maximum PAx value that could have been 

obtained with the dPTE values for these channels, respectively. A positive PAx indicates 

posterior-to-anterior information flow, and negative PAx anterior-to-posterior information flow; a 

positive CPAx indicates flow from central to posterior and anterior regions, and negative CPAx 

flow towards central regions from posterior and anterior regions. 

Statistical analysis 

IBM SPSS Statistics 20.0 for mac was used for statistical analyses of the subjects’ demographics. 

Differences between groups in age, MMSE and education were tested using unpaired Student’s 

t-tests, while gender differences between groups were tested using a chi-square test.  

For each frequency band separately, we used permutation tests to compare group-level 90 

regional dPTE values between the two diagnostic groups, using the following approach: 

1. Average the regional (AAL ROI) dPTE values for AD and control groups over all the epochs; 

2. Compute the observed absolute difference between the group-level regional dPTEs of AD, and 

control groups;  

3. Permute the group assignments of the individuals’ dPTE matrices for AD and control groups 

(the epochs for the same subjects were always permuted together); 

4. Repeat steps 1 to 3 to obtain 50000 permutations of absolute differences for AD and control 

groups. 

The observed absolute difference was tested against the sampled distribution in order to obtain a 

p-value. The p-values of pairwise comparisons were corrected by the false discovery rate (FDR) 

(Benjamini and Hochberg, 1995). The FDR-corrected p-values were considered to be significant at 

p < .05. Spearman correlation coefficients were calculated between the regional dPTE values of 

ROIs that showed significant differences between groups and MMSE scores, as well as protein 

biomarkers (CSF amyloid and tau). 

We repeated the analyses for the individual dPTE values between all pairs of ROIs (i.e. the 

individual dPTE values were used in step 1) above instead of the regional dPTE values), for which 

we included all individual connections of the upper triangular part of the dPTE matrix into the 
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permutation test. Again, the permutations tests were FDR corrected. We only considered the 

frequency bands that had shown significantly different regional dPTE values between the groups. 

The dPTE values for 90 ROIs were computed for AD and controls, respectively. The observed PAx 

value was computed for the averaged dPTE values for each group and the observed absolute 

difference between PAx values for two groups were computed. Significance of the group 

difference in PAx value was estimated using permutation testing, where dPTE values were 

permuted between groups, after which the absolute differences of PAx values were re-computed. 

This was repeated 50000 times to build a distribution of permuted absolute difference of PAx 

values against which the observed absolute difference of PAx values was tested (p < .05). 

The CPAx values were compared between AD and controls using the same permutation 

procedure as described above for the PAx. 

RESULTS 

Demographics 

Characteristics of the healthy controls and patients with AD are presented in Table 1. Age (t(51) = 

-.82, p = .673), education (t(39) = -2.58, p = .462), and gender  (c2(1, 53) = .50, p = .587) did not 

differ between groups, while MMSE scores were lower in AD patients than controls (t(51) = -9.82, 

p < .001).  

Regional information flow  

The beta band was the only frequency band showing differences in dPTE between patients and 

controls (Fig. 1). Fig. 1A reveals a dominant pattern of posterior-to-anterior information flow for 

healthy controls. In AD patients (Fig. 1B), this characteristic posterior-to-anterior pattern was 

disrupted, showing significantly lower mean dPTE values mainly in occipital (MOG.L and MOG.R, 

CAL.L and CAL.R, CUN.L and CUN.R, SOG.R), but also in parietal (PCUN.R), and temporal (FFG.L) 

regions, and significantly higher mean dPTE values in prefrontal (REC.L, ORBsupmed.L and 

ORBsupmed.R, ORBmid.R) and temporal regions (TPOsup.L) (p < .05) (Fig. 1C). The disruption of 

posterior-to-anterior information flow in AD patients was also quantified by the significantly 

lower (p = .004) PAx index in AD patients (PAx = 0.3689) compared to healthy controls (PAx = 

0.5870). In comparison with controls (CPAx = 0.0604), AD patients (CPAx = 0.2990) showed a 

more central-to-(posterior+anterior) information flow characterized by significantly higher CPAx 

(p = .01). Fig. S1 shows the results for the delta, theta, lower alpha, upper alpha and gamma 

band, which did not reveal significant differences between the two groups. 
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Fig. 1. Disrupted mean dPTE in AD patients in the beta band. Mean dPTE for the 78 cortical AAL ROIs only, 

displayed as a color coded map on a template mesh for healthy controls (HC) (A) and AD patients (B). (C) Cortical 

surface representation of the regions that demonstrated significant between-group difference in mean dPTE; 

group-level permutation tests with FDR correction (p < .05). Hot and cold colors indicate whether the mean dPTE 

was significantly higher or lower in controls than in AD patients, respectively; dPTE for regions in grey were not 

significantly different between controls and AD patients. The colorbar in (C) denotes the mean difference of the 

dPTE values between HC and AD groups for the significant ROIs. 

Information flow between regions 

Fig. 2A and B show the dPTE matrices in the beta band for the healthy controls and AD patients, 

respectively. Abbreviations can be found in Table S1. From these figures it is clear that the dPTE 

values for the AD patients show less variation, and are more centered around the equilibrium 

value of 0.5, i.e. no preferred direction of information flow, compared to the controls. In controls 

(Fig. 2C), clear patterns of higher left and right parieto-occipital dPTE values can be observed. The 

strongest information flow was from posterior regions, including the (primary) visual areas and 

posterior parts of the default mode network (DMN), to anterior cingulate, frontal, and temporal 

regions. In contrast, in the AD patients, the global posterior-to-anterior information flow was 

disrupted (Fig. 2D). Specifically, the outgoing connections in AD patients started in left central 

brain areas (postcentral gyrus) and projected to the frontal, parietal and occipital regions; and 

also started in the right central regions (postcentral gyrus) and projected to the right frontal and 

temporal regions. Fig. 2E and F show that, in the beta band, the strongest information flow in 
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controls was between occipital-/parietal-/central regions and frontal regions, whereas in AD 

patients the strongest information flow was between central to 

frontal-/occipital-/temporal-/limbic regions. Fig. S4 shows that, in the beta band, the strongest 

information flow in controls was between occipital-/parietal-/central regions and frontal regions, 

whereas in AD patients the strongest information flow was between central to 

frontal-/occipital-/temporal-/limbic regions. 

The significant differences between the dPTE matrices in AD and controls are shown in Fig. 3 for 

the beta band. Fig. 3A shows that the information flow between posterior regions and frontal 

regions was decreased in AD patients, including occipital-to-frontal, occipital-to-temporal, 

parietal-to-frontal, parietal-to-temporal and occipital-to-limbic (limbic system: subcortical and 

cingulate gyrus) connections (p < .05). The connections with the most significant group 

differences (p < .0001) are displayed in Fig. 3B and described in Table S2. The most significant 

connections with lower dPTE values in AD patients were located in multiple occipital regions 

(SOG.L, SOG.R, MOG.L, MOG.R, CAL.L, CAL.R, CUN. L) and one temporal region (FFG.L) and 

connected to frontal regions (REC.R, ORBsup.R, ORBsupmed.R, ORBmid.R), temporal regions 

(TPOsup.R, TPOsup.L, TPOmid.R, TPOmid.L), limbic regions (ACG.R, MCG.R) and subcortical 

regions (AMYG.L, CAU.R, CAU.L, PUT.L, PAL.L, THA.L). The most significant connections with 

higher dPTE values in AD patients were located mostly in frontal regions (REC.L, REC.R, ORBsup.L, 

ORBsup.R, ORBsupmed.L, ORBsubmed.R, ORBmid.R, ORBinf.L, ORBinf.R, IFGtriang.L) and 

temporal regions (STG.L, TPOsup.L, TPOmid.L) but also in two central regions (PreCG.L, PCL.R), 

one limbic region (MCG.L), one insular region (INS.L) and one posterior region (SMG.L) and 

connected mainly to occipital regions (SOG.L, SOG.R, MOG.L, MOG.R, CAL.L, CUN.L, CUN.R, 

LING.L), but also to two posterior regions (PCUN.R, ANG.R) and two temporal regions (FFG.L, 

FFG.R). See Table S2 and Fig. S4 for details.  

 

Correlations with cognition and CSF amyloid and tau 

Spearman correlations revealed several correlations between the dPTE of each of the 90 AAL 

regions and MMSE, CSF tau and ptau and CSF amyloid. This revealed a positive correlation 

between MMSE and dPTE in the SMG.R region, and a negative correlation between MMSE and 

dPTE in the PreCG.L, ROL.L and IFGtriang.R regions. CSF ptau showed a negative correlation with 

dPTE in HIP.L, and CSF both tau and ptau showed negative correlations with dPTE in PCG.L and 

PCG. R. However, after FDR correction for multiple testing none of these correlations survived 

(Fig. S2 and Table S3).  

 



 

117 
 

 

Fig. 2. Direction of information flow patterns in the beta band. Mean dPTE matrices for controls (A) and AD 

patients (B). Preferred direction of information flow of the strongest senders in controls (C) and AD patients (D). 

Colors and line thickness indicate the dPTE values (lower and upper thresholds: [0.5086, 0.5108] and [0.5060, 

0.5085] for the controls and AD, respectively), and arrows indicate the preferred direction of information flow. 

Thresholds were (arbitrarily) chosen to highlight the dominant patterns formed by the information flows between 

regions. L = left; R = right; 0.5 < dPTE ≤ 1 represents information flow from region X to region Y; 0 ≤ dPTE < 

0.5 represents information flow towards region X from region Y, with X forming the columns and Y the rows in the 

matrix.  

 

Fig. 3. Disrupted direction of information flow in AD patients in the beta band. (A) p-value (p < .05) matrix for 

each ROI showing significant between-group differences in directed connections between pairwise ROIs; 

permutation tests with FDR correction. (B) For visualization purposes, only a subset of the significantly different 

connections, namely those with p < .0001, between AD patients and controls is shown. Hot and cold colors 

indicate whether the strength of information flow (dPTE value) between pairs of brain regions was significantly 

higher or lower in controls than in AD patients, respectively. The details of information flow between specific 

regions are shown Table S2. 
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DISCUSSION 

We hypothesized that the dominant posterior-to-anterior pattern of information flow would be 

disrupted in AD patients. In particular, we expected that in higher frequency bands the outflow 

from posterior regions would be reduced due to damage in posterior hub regions, and that in the 

theta band the outflow from the hippocampi would be reduced. Using resting-state MEG data for 

patients with AD and healthy controls, we studied these hypotheses using the dPTE as a measure 

of the direction of information flow in large-scale brain networks involving the cortical and 

subcortical regions. Our hypothesis was confirmed for the posterior regions. We found that the 

posterior-to-anterior pattern of information flow in the beta band, dominated by the visual 

cortex and posterior DMN in the controls, was decreased in patients with AD.  In this band, the 

posterior regions in AD patients were less sending, and the pre-frontal regions were less 

receiving, than in controls. The information flow from the precuneus and the visual cortex was in 

particular affected in AD, as well as the information flow towards subcortical structures. We did 

not find any group differences in other frequency bands, including the theta band where we 

found a preserved characteristic anterior-to-posterior pattern in AD patients. 

Patterns of information flow 

The patterns of information flow between cortical regions observed in the controls were similar 

to those reported using a different cohort of healthy individuals (Hillebrand et al., 2016a), despite 

the inclusion of sub-cortical regions in the present study. In the healthy subjects we found a 

posterior-to-anterior pattern of information flow in the higher frequency bands (lower alpha, 

beta) and an opposite directional pattern of information flow in the theta band. The disruption of 

posterior-to-anterior information flow in AD patients in the beta band was not only shown by 

comparing regional dPTE values between AD patients and controls, but also quantified by the 

lower PAx index in AD patients. Moreover, because of the disruption of posterior regions in AD 

patients, the information flow from central regions to posterior and anterior regions in AD 

patients became more apparent than in the healthy controls. In addition, the changes observed 

for the AD in the posterior-to-anterior beta band pattern were in line with two previous studies 

based on EEG (Babiloni et al., 2009; Dauwan et al., 2016), although Dauwan et al., (2016) found 

these changes for both the alpha and beta band, whereas we only observed significant 

differences in the beta band. These differences could possibly be due to differences in patient 

cohort, MEG versus EEG, or source-level versus sensor-level analysis.  

Hubs and direction of information flow 

Figure 2A, B shows that the mean dPTE values in AD are more centered around the equilibrium 

value of 0.5, suggesting that the posterior regions are less sending and frontal regions are less 

receiving compared to controls. A recent modeling study suggest that the balance of information 

flow depends on the hubness (measured by degree in this case) of a region, which high degree 

nodes being stronger senders (Stam et al., 2016). Moreover, strongly active hub regions seem to 

be particularly vulnerable in a neurodegenerative network model (de Haan et al., 2012). These 

modeling results, together with the often reported damage to posterior hub regions in AD and 
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subsequent increase in hubness in other, more anterior located, regions (Engels et al., 2015), may 

explain our observed disrupted pattern of information flow. These observations are congruent 

with the cascading-hub hypothesis, namely that signals are redirected when a hub fails, and the 

“next hub in line” gets more of the load. Therefore, if typical hub regions decline then other 

regions become more hub-like (Stam, 2014).  

A study by Moon et al. (2015) reported the opposite relation between hubness of brain regions 

and the direction of information flow between them. However, this difference is most likely due 

to the use of a directed connectivity measure that is based on phase differences (rather than 

phase transfer entropy), as we have recently shown that such measures can give erroneous 

estimates of direction of information flow (Hillebrand et al., 2016a).  

Hippocampal information flow 

We found altered information flow in AD not only between cortical regions but also with 

subcortical regions. Previous MEG studies have shown that subcortical brain activity can be 

estimated using beamforming (Engels et al., 2016; Tenney et al., 2013; Hillebrand et al., 2016b). 

Since the hippocampi play a key role in AD pathology (Hampel et al., 2008), and are also hub 

regions in the AD functional networks (Battaglia et al., 2011), we hypothesized that information 

flow would be impaired for these regions. However, we were not able to detect differences in 

information flow between the groups with regard to the hippocampi. One reason for this could 

be reduced signal-to-noise ratio (SNR), and therefore lower spatial resolution for deeper regions 

(Hillebrand and Barnes, 2002). This may explain why a decreased information flow from the 

occipital regions towards the amygdala, a brain area that is not typically involved in AD, but has a 

close proximity to the hippocampi, was found. Despite the successful placements of virtual 

electrodes in previous studies (Engels et al., 2016; Hillebrand et al., 2016b), interpretation of time 

series reconstructed for a deeper region should be made with care since the presumed activity 

can actually arise from a broader area around the virtual electrode (Attal and Schwartz, 2013; 

Wennberg and Cheyne, 2014). Thus, hippocampal changes in information flow may simply be 

missed due to low SNR, and/or the interference of surrounding sources on the reconstructed 

time series. Another reason might be that hippocampal pathology did not change the 

information flow with the hippocampi. However, after calculating Spearman correlation 

coefficients between dPTE values in all regions with MMSE, CSF A42, tau and ptau, we found a 

negative correlation in the left hippocampus between CSF ptau and dPTE. Although this 

correlation was not significant after correction for multiple comparisons this might hint to 

mechanisms that cause a pathological flow in the hippocampi. Future studies should focus on 

determining the relationship between disturbed information flow and pathological hallmarks in 

AD. 

Memory component alterations in AD 

Our results show that the sending properties of the posterior brain region and the receiving 

properties of the anterior brain region are altered in AD. This finding is in agreement with 

previous research showing DMN dysfunction regarding the anterior-posterior integration in AD 

(Greicius et al., 2004; Toussaint et al., 2014). The observation of a dominant posterior-to-anterior 
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flow in the higher frequency range and an anterior-to-posterior flow in the lower frequency range 

is suggestive for a loop through which information circulates (Hillebrand et al., 2016a). This 

circulation seems to be disrupted in AD, but only for the posterior-to-anterior pattern in the 

higher frequency range. This may seem counterintuitive since the theta band is involved in 

memory processes in frontal areas and the hippocampi (Tóth et al., 2014). However, lack of 

differences in the theta band between AD patients and controls can possibly be explained by the 

relatively young age of the included patients. It is often reported that AD has a clinically distinct 

presentation at a young age compared to late-onset AD, where early onset patients have fewer 

memory impairments (van der Flier et al., 2011).  

Disruption in the beta band 

We reported disruption of information flow between posterior and frontal regions, and between 

posterior and subcortical regions in AD in the beta band. The beta band is altered in many 

neurodegenerative disorders (Hughes and Rowe, 2013; Holschneider and Leuchter, 1995). 

However, with regard to functional connectivity, other frequency bands have also been reported 

to be altered in AD using MEG (Alonso et al., 2011; Escudero et al., 2011; Franciotti et al., 2006; 

Stam et al., 2002; 2006; 2009). Overall, the most powerful beta band activity in resting subjects is 

located in central brain areas, especially around the motor cortex in AD (Engels et al., 2016), 

which is thought to be a higher harmonic component of the rolandic mu-rhythm (for a review, 

see Hari and Salmelin, 1997). Interestingly, in a previous study on the same dataset (Engels et al., 

2016), we reported that primary cortices are spared in AD in terms of slowing of relative power, 

which seems to be in concordance with the findings in the present study of a preserved 

information flow for these regions. In the supplemental material we show that there is no 

evidence that the observed group differences in regional dPTE values are trivially driven by group 

differences in relative power (Fig. S5 and Fig. S6). Within the groups. the patterns of relative 

power were similar to those obtained for the dPTE (compare Figure 1 and Figure S1 to Figure S5), 

which is in accordance with the findings of Hillebrand et al., 2016.However, although the beta 

band showed a significant positive correlation between relative power and dPTE values, so did 

other frequency bands for which there were no significant group differences in dPTE values 

(Figure S6). Furthermore, the beta band more widespread significant group differences for 

relative power than for dPTE (compare Figure 1 to Figure S5). Taken together, these findings 

suggest that the observed group differences in dPTE cannot be fully explained by the group 

differences in relative power.  

Activity in the beta band has also been associated with synchronization of long-distance 

interactions between brain regions (Kopell et al., 2000). In patients with AD, the functional 

connectivity in the beta band is frequently reported to be altered (Alonso et al., 2011; Stam et al., 

2002; 2006; 2009). These studies together suggest a key role for the beta band to preserve 

long-range anterior-to-posterior functional connections, which might be vulnerable in AD 

patients.  

 

Correlations with cognition and CSF biomarkers 
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Spearman correlation coefficients between regional dPTE values and MMSE and CSF biomarkers 

(Aβ42, tau and ptau) for the AD group were not significant after correction for multiple 

comparisons using FDR. However, the uncorrected significant correlations revealed trends in 

several regions (Table S3). In AD, A42 levels in the CSF are typically decreased while tau and ptau 

levels are elevated (Mulder et al., 2010; Duits et al., 2014; Scheltens et al., 2016). On the other 

hand, MMSE scores are generally low in AD. With respect to the findings of decreased dPTE 

values in the beta band for the posterior region in AD, one could expect a positive correlation 

between the dPTE in those regions and MMSE. Indeed, we found a positive correlation for the 

SMG.R region. The opposite pattern could be expected for the frontal regions, which was indeed 

the case for PreCG.L, ROL.L and IFGtriang.R. Thus, although these correlations with MMSE did not 

survive a multiple comparison correction, the correlations show a trend in the expected 

direction. The CSF biomarkers showed correlations with dPTE for several AD-related areas of 

which the left hippocampus (HIP.L) and left and right posterior cingulate gyri (PCG.L and PCG.R) 

stood out the most. HIP.L showed a negative correlation with CSF ptau, and PCG.L and PCG.R 

showed a positive correlation with both CSF tau and ptau. However, these correlations are not 

easy to understand since both biomarkers are typically elevated in AD, while a decrease in dPTE 

values in the posterior regions was observed. Therefore, a negative correlation was expected. For 

the hippocampi, no differences in dPTE values were found and therefore, the negative correlation 

with CSF ptau would suggest an increase of hippocampal information outflow. These 

observations provide a possible link between hippocampal information flow alterations and CSF 

biomarkers in AD patients.  

Methodological considerations 

We used a beamformer-based approach to reconstruct source-level brain activity, not only in 

cortical regions, but also in deeper subcortical structures. This allows for drawing more disease- 

and area- related conclusions. With regard to the statistical testing, the applied permutation tests 

combined with FDR correction (Benjamini and Hochberg, 1995) provide reliable statistical results 

(Ludbrook, 1994). However, this study also has a limitation that deserves consideration. The FDR 

(BHFDR; Benjamini and Hochberg, 1995) was controlled at an alpha level of 5%, and therefore 5% 

of the significant ROIs could still be false positive results. Furthermore, our results may have been 

influenced by methodological choices such as the selection of artifact-free epochs. An 

independent researcher (IN, in acknowledgements) double-checked our selected epochs to 

ensure the epoch quality, with no artifacts or signs of drowsiness.  

CONCLUSION 

In conclusion, we found a disrupted posterior-to-anterior pattern in AD in the beta band involving 

both cortical and subcortical brain regions. Most prominently, the information flow from the 

precuneus and the visual cortex, towards frontal and subcortical structures, was disrupted in AD. 

We conclude that AD pathology may affect the flow of information between brain regions, 

particularly from posterior hub regions, and that changes in the information flow in the beta 

band indicate an aspect of the pathophysiological process in AD. 
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SUPPLEMENTARY MATERIALS 

1. Relative power versus information flow 

In order to test whether the observed differences in regional dPTE values were driven by 

differences in relative power, we first computed the relative power for both AD and controls in 

the six frequency bands: delta, theta, alpha 1, alpha 2, beta and gamma. Then, we computed the 

differences in relative power between groups in each frequency band. Finally, we computed the 

Spearman’s correlations (FDR corrections) between the differences in regional dPTE values and 

the differences in relative power between groups for each frequency band. By visual inspection, 

the overall patterns of relative power differ from the information flow pattern in healthy controls 

(compare Fig. 1 with Fig. S5). Moreover, the differences of regional dPTE values and the 

differences of relative power between groups were only weakly correlated (r = 0.24; p = 0.03, 

uncorrected) in the beta band (see Fig. S6). However, in the lower frequency bands, delta (r = 

0.47; p <.0001), theta (r = 0.27; p = 0.02) and alpha 1 (r = 0.43; p =.0001), the power and DPTE 

differences were more strongly correlated (Fig. S6), even though there were no significant 

differences in dPTE values between the groups for these frequency bands. Therefore, we 

conclude that there is no strong evidence that the observed group differences of regional dPTE 

values are driven by the group differences of relative power between AD and controls.     
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2. Supplementary tables 

Table S1. Abbreviations for the 78 cortical (Gong et al., 2009) and 12 sub-cortical regions used in this study. 

Region numbers Abbreviations Cortical and sub-cortical Regions Region numbers Abbreviations Cortical and sub-cortical Regions 

1 REC.L Left Gyrus Rectus                             46 SFGdor.R Right Superior frontal gyrus, dorsolateral     

2 OLF.L Left Olfactory Cortex                         47 MFG.R Right Middle frontal gyrus                     

3 ORBsup.L Left Superior frontal gyrus, orbital part     48 IFGoperc.R Right Inferior frontal gyrus, opercular part   

4 ORBsupmed.L Left Superior frontal gyrus, medial orbital   49 IFGtriang.R Right Inferior frontal gyrus, triangular part  

5 ORBmid.L Left Middle frontal gyrus orbital part        50 SFGmed.R Right Superior frontal gyrus, medial           

6 ORBinf.L Left Inferior frontal gyrus, orbital part     51 SMA.R Right Supplementary motor area                 

7 SFGdor.L Left Superior frontal gyrus, dorsolateral     52 PCL.R Right Paracentral lobule                       

8 MFG.L Left Middle frontal gyrus                     53 PreCG.R Right Precentral gyrus    

9 IFGoperc.L Left Inferior frontal gyrus, opercular part   54 ROL.R Right Rolandic operculum  

10 IFGtriang.L Left Inferior frontal gyrus, triangular part  55 PoCG.R Right Postcentral gyrus   

11 SFGmed.L Left Superior frontal gyrus, medial           56 SPG.R Right Superior parietal gyrus                               

12 SMA.L Left Supplementary motor area                 57 IPL.R Right Inferior parietal, but supramarginal and 

angular gyri 

13 PCL.L Left Paracentral lobule                       58 SMG.R Right Supramarginal gyrus                                   

14 PreCG.L Left Precentral gyrus    59 ANG.R Right Angular gyrus                                         

15 ROL.L Left Rolandic operculum  60 PCUN.R Right Precuneus                                             

16 PoCG.L Left Postcentral gyrus   61 SOG.R Right Superior occipital gyrus                   

17 SPG.L Left Superior parietal gyrus                               62 MOG.R Right Middle occipital gyrus                     

18 IPL.L Left Inferior parietal, but supramarginal and angular 

gyri 

63 IOG.R Right Inferior occipital gyrus                   

19 SMG.L Left Supramarginal gyrus                                   64 CAL.R Right Calcarine fissure and surrounding cortex   

20 ANG.L Left Angular gyrus                                         65 CUN.R Right Cuneus                                     

21 PCUN.L Left Precuneus                                             66 LING.R Right Lingual gyrus                              

22 SOG.L Left Superior occipital gyrus                   67 FFG.R Right Fusiform gyrus                             

23 MOG.L Left Middle occipital gyrus                     68 HES.R Right Heschl gyrus                            

24 IOG.L Left Inferior occipital gyrus                   69 STG.R Right Superior temporal gyrus                 

25 CAL.L Left Calcarine fissure and surrounding cortex   70 MTG.R Right Middle temporal gyrus                   

26 CUN.L Left Cuneus                                     71 ITG.R Right Inferior temporal gyrus                 

27 LING.L Left Lingual gyrus                              72 TPOsup.R Right Temporal pole: superior temporal gyrus  

28 FFG.L Left Fusiform gyrus                             73 TPOmid.R Right Temporal pole: middle temporal gyrus    

29 HES.L Left Heschl gyrus                            74 PHG.R Right Parahippocampal gyrus                      

30 STG.L Left Superior temporal gyrus                 75 ACG.R Right Anterior cingulate and paracingulate gyri  

31 MTG.L Left Middle temporal gyrus                   76 DCG.R Right Median cingulate and paracingulate gyri    

32 ITG.L Left Inferior temporal gyrus                 77 PCG.R Right Posterior cingulate gyrus                  

33 TPOsup.L Left Temporal pole: superior temporal gyrus  78 INS.R Right Insula   

34 TPOmid.L Left Temporal pole: middle temporal gyrus    79 HIP.L Left Hippocampus  

35 PHG.L Left Parahippocampal gyrus                      80 HIP.R Right Hippocampus 

36 ACG.L Left Anterior cingulate and paracingulate gyri  81 AMYG.L Left Amygdala 

37 DCG.L Left Median cingulate and paracingulate gyri    82 AMYG.R Right Amygdala 
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38 PCG.L Left Posterior cingulate gyrus                  83 CAU.L Left Caudate 

39 INS.L Left Insula   84 CAU.R Right Caudate 

40 REC.R Right Gyrus Rectus                             85 PUT.L Left Putamen 

41 OLF.R Right Olfactory Cortex                         86 PUT.R Right Putamen 

42 ORBsup.R Right Superior frontal gyrus, orbital part     87 PAL.L Left Pallidum 

43 ORBsupmed.R Right Superior frontal gyrus, medial orbital   88 PAL.R Right Pallidum 

44 ORBmid.R Right Middle frontal gyrus orbital part        89 THA.L Left Thalamus 

45 ORBinf.R Right Inferior frontal gyrus, orbital part     90 THA.R Right Thalamus 

Note: The region numbers are the 1~90 AAL regions shown on the x-axis of Fig. 2A, B and Fig.3A. Regions in black, 

red and blue boldfaces formed the set of anterior, central and posterior regions, respectively.  

 

Table S2. The most significantly different connections (p < .0001, n = 90 links) between pairs of regions between 

AD and controls in the beta band. Red = lower in AD; blue = higher in AD. 

Note that we used permutation testing with FDR correction (p < .05) to compare the dPTE values for pairs of 

brain regions between AD and control groups (see Fig. 3A). Only the most significantly different (i.e. the lowest 

p-values; p < .0001) connections are given (see also Fig. 3B). 

Table S3. Significant Spearman’s correlations between dPTE values and MMSE; CSF Aβ42; tau; and ptau. 
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Region R P 

Correlation between dPTE and MMSE 

PreCG.L -0.3992 .0392 

ROL.L -0.5645 .0022 

IFGtriang.R -0.3853 .0472 

SMG.R 0.4334 .0239 

Correlation between dPTE and CSF Aβ42 

DCG.L 0.4087 .0485 

IOG.R -0.4513 .028 

PHG.R  -0.4383 .0333 

AMYG.R -0.4252 .0395 

THA.L 0.4861 .0171 

Correlation between dPTE and CSF tau 

ORBinf.L -0.5722 .0041 

ITG.L -0.5913 .0028 

TPOmid.L -0.4087 .0485 

PHG.L -0.4739 .0204 

PCG.L 0.493 .0154 

PCG.R 0.4965 .0146 

Correlation between dPTE and CSF ptau 

ORBinf.L -0.539 .0066 

IFGtriang.L -0.409 .0472 

ITG.L -0.4703 .0204 

PHG.L -0.4851 .0163 

PCG.L 0.4908 .0149 

PCG.R 0.4259 .0163 

HIP.L -0.4155 .0435 

 

 

 

 

 

 

 

 

 

Table S4. Regions with significantly different dPTE values between the AD and healthy controls as obtained by 

dPTE and modified dPTE. 
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 modified dPTE dPTE 

 

 

Regions 

REC.L; ORBsupmed.L; MOG.L; 

CAL.L; CUN.L; FFG.L; 

TPOsup.L; 

ORBsupmed.R; ORBmid.R; 

PCUN.R; SOG.R; MOG.R; 

CAL.R; CUN.R 

REC.L; MOG.L; CAL.L; CUN.L; 

LING.L; TPOsup.L; TPOmid.L 

ORBsupmed.R; SOG.R; 

MOG.R; CAL.R; CUN.R 

The same regions obtained by both dPTE and modified dPTE are indicated in bold font.  

 

Table S5. Prediction delays (# of samples) for different frequency bands. 

 

Frequency band 

Controls 

 

AD patients 

mean (std) 

[range] 

mean (std) 

[range] 

delta band 

[0.5-4] Hz 

145.34 (±6.89) 

[123, 165] 

146.43(±6.69) 

[134, 165] 

theta band 

[4-8] Hz 

51.30 (±0.99) 

[48, 54] 

51.99 (±0.89) 

[50, 55] 

alpha 1 band 

[8-10] Hz 

34.83 (±0.53) 

[34, 36] 

34.99(±0.64) 

[34, 37] 

alpha 2 band 

[10-13] Hz 

27.84 (±0.58) 

[27, 30] 

27.74 (±0.46) 

[27, 29] 

beta band 

[13-30] Hz 

14.97 (±0.21) 

[14, 16] 

14.86 (±0.35) 

[14, 15] 

gamma band 

[30-48] Hz 

8.04 (±0.21) 

[8, 9] 

8.03 (±0.18) 

[8, 9] 

Note that the prediction delays were computed using MATLAB (version R2015a: 

https://dx.doi.org/10.6084/m9.figshare.3847086.v9). 

 

 

 

 

 

3. Supplementary Figures 
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Fig. S1. Mean dPTE for the 78 cortical AAL ROIs only, displayed as a color-coded map on the parcellated template 

brain. Mean dPTE, displayed as a color coded map on a template mesh for healthy controls (left) and AD patients 

(right). Delta band, theta band, alpha1 band, alpha2 band and gamma band are shown here. The beta band is 

presented in Figure 1 in the main manuscript. 
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Fig. S2. Significant Spearman correlations between MMSE and regional dPTE. Uncorrected for multiple testing. 

 

 

Fig. S3. Disrupted mean dPTE in AD patients in the beta band by using modified dPTE (as in main manuscript; A) 

and dPTE (as by Lobier et al., 2014; B). Note that not only the information flow patterns of AD and healthy control 

(HC) groups are similar, but also the regions with significantly different dPTE values between the two groups are 

similar (also see Table S4). In the lower panels, hot and cold colors indicate whether the mean dPTE was 

significantly higher or lower in controls than in AD patients, respectively; dPTE for regions in grey were not 

significantly different between controls and AD patients. The colorbars in the lower panels denote the mean 

difference of the dPTE values between HC and AD groups for the significant ROIs. 
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Fig. S4. Direction of information flow for the beta band displayed as circular plots (similar to Hillebrand et al., 

2016, Moon et al., 2015). The colour of each region indicates the mean dPTE value over all subjects. The regions 

are grouped into the different lobes (frontal, parietal, temporal and occipital lobes, central regions, limbic 

regions, subcortical regions and insula (Ins)), in which the colour for each group indicates the mean dPTE value 

over all belonging ROIs. The interior of the circle shows the connections between regions, with arbitrary 

thresholds of 0.509 and 0.506 for controls and AD patients, respectively. The full names of the ROI abbreviations 

are given in Table S1. 
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Fig. S5. Relative power for the 78 cortical AAL ROIs only, displayed as a color coded map on a template mesh for 

healthy controls and AD patients in the delta (A), theta (B), alpha 1 (C), alpha 2 (E), beta and gamma (F) bands. In 

the right column, hot and cold colors indicate regions with significantly and non-significantly different relative 

power values between the two groups, respectively. Note that, in the figures of HC vs. AD, hot and cold colors 

respectively indicate that the mean values of relative power in some brain regions were significantly higher and 

lower in controls than those in AD patients; grey color indicates that the mean dPTE values were not significantly 

different between controls and AD patients. The colorbar in the right panel denotes the mean difference of the 

relative power between HC and AD groups for the significant ROIs. 
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Fig. S6. Spearman’s correlations between the group differences in dPTE and group differences in relative power 

in the delta (A), theta (B), alpha 1 (C), alpha 2 (D), beta (E) and gamma (F) bands. 
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Chapter 6  

 

Horizontal visibility graph transfer entropy (HVG-TE): a novel metric to 

characterize directed connectivity in large-scale brain networks 

 

Meichen Yu, Arjan Hillebrand, Alida A Gouw, Cornelis J. Stam. Neuroimage. 2016. 
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ABSTRACT 

We propose a new measure, horizontal visibility graph transfer entropy (HVG-TE), to estimate 

the direction of information flow between pairs of time series. HVG-TE quantifies the transfer 

entropy between the degree sequences of horizontal visibility graphs derived from original time 

series. Twenty-one Rössler attractors unidirectionally coupled in the posterior-to-anterior 

direction were used to simulate 21-channel Electroencephalography (EEG) brain networks and 

validate the performance of the HVG-TE. We showed that the HVG-TE is robust to different levels 

of coupling strengths between the coupled Rössler attractors, a wide range of time delays, 

different sample sizes, the effects of noise and volume conduction, and the choice of reference 

for EEG data. We also applied HVG-TE to EEG data in 20 healthy controls and compared its 

performance to a recently introduces phase-based TE measure (PTE). We found that compared 

with PTE, HVG-TE consistently detected stronger posterior-to-anterior information flow patterns 

in the alpha-band (8-13 Hz) EEG brain networks for three different references. Moreover, in 

contrast to PTE, HVG-TE does not require an assumption on the periodicity of input signals, 

therefore it can be more widely applicable, even for non-periodic signals. This study shows that 

the HVG-TE is a directed connectivity measure to characterise the direction of information flow 

in large-scale brain networks. 

 

Key words: directed connectivity, horizontal visibility graph, transfer entropy, EEG, brain 

networks. 
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INTRODUCTION 

Normal cognitive functioning requires efficient information transfer between large numbers of 

neurons in functionally specialized brain areas (Stam, 2014; Wibral et al., 2014; Hillebrand et al., 

2016). Advances in neuroimaging technology, such as functional magnetic resonance imaging 

(fMRI), electro- and magneto-encephalography (EEG/MEG) provide measures of neuronal activity 

in the human brain (Lopes da Silva, 2013). Taking advantage of recent developments in the field 

of synchronization theory (Boccaletti et al., 2002; Pecora and Carroll, 2015), the communication 

or functional interactions between neuronal populations can be characterized by the statistical 

dependencies between the recorded time series of neuronal activity, so-called functional 

connectivity (Aertsen et al., 1989; Pereda et al., 2005). However, functional connectivity as 

quantified by different synchronization measures does not provide information about the 

direction of information transfer between neuronal populations. To quantify both connection 

strength and direction of connectivity, the term of directed connectivity was introduced (Friston, 

1994, 2011).  

 

EEG and MEG directly measure neuronal activity and have higher temporal resolution than fMRI. 

For these reasons they have been considered as competitive modalities to characterize 

whole-brain information flow between neuronal signals (Nolte et al., 2008; Ramsey et al., 2010; 

Webb et al., 2013; Hillebrand et al., 2016). However, EEG and MEG also suffer from some 

methodological limitations (Palva and Palva, 2012; Stam and Van Straaten, 2012(b); Haufe et al., 

2013; Van Diessen et al., 2015). Firstly, neighbouring sensors are likely to pick up neuronal 

activity from a common source, which is the well-known problem of volume conduction in EEG 

or field spread in MEG (van den Broek et al., 1998; Schoffelen and Gross, 2009). This problem is 

not completely solved by projecting sensor space signals to source space using inverse modelling 

methods (Hillebrand et al., 2012), where it is often referred to as leakage. Secondly, the electric 

potentials recorded from each EEG electrode are defined with respect to a reference electrode. 

An active reference electrode contributes similar components to signals measured at different 

electrodes (Nunez et al., 1997, 2010), which may lead to spurious estimates of connectivity in 

EEG brain networks (Qin et al., 2010; Chella et al., 2016). Moreover, different laboratories use 

different references, and the effects of these choices on estimates of effectivity connectivity are 

not well known. Besides these two limitations of EEG and/or MEG, several general technical 

issues should be considered in time series analysis: both biological and experimental noise can 

result in spurious or incorrect estimates of directed connectivity (Nolte et al., 2008; Lobier et al., 

2014); there is often a trade-off between the number of samples required for reliable 

connectivity estimation and requirements of stationarity of time series. Furthermore, for many 

metrics of directed connectivity several parameters, such as time delay, embedding dimension 

and bin size, need to be set, the choice of which are often arbitrary or difficult to justify, yet they 

may have large effects on the estimated directed connectivity. Therefore, any metric which is 

believed to be able to accurately quantify the directed connectivity on the basis of EEG/MEG 

signals should be robust to the five aforementioned factors. 

 

Many measures have been developed to estimate directed connectivity between coupled 

systems (Pereda et al., 2005; Greenblatt et al., 2012; Wibral et al., 2014; Schoffelen and Bastos, 
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2016). The most widely used measure is Granger Causality (GC), which was originally developed 

in economics (Granger, 1969). According to the definition of GC, a signal X Granger-causes 

another signal Y if the predictions of Y based on its own past and on the past of X are better than 

the predictions of Y based on only its own past. Although GC can be easily implemented without 

prior assumptions about the underlying physical mechanisms (Seth et al., 2015), it is sensitive to 

noise and volume conduction (Nalatore et al., 2007; Nolte et al., 2008). Moreover, the 

interactions between pairs of brain regions, which are believed to be nonlinear (Kantz and 

Schreiber, 2004), cannot be fully characterized by GC since it usually relies on fitting a linear 

vector autoregressive model (VAR) to the time series, for which the optimal model order may be 

difficult to estimate.  

 

To solve these problems, phase-based metrics have been developed to assess directed 

interactions, such as directionality index (Rosenblum and Pikovsky, 2001), phase-slope index (PSI) 

(Nolte et al., 2008) and directed phase lag index (dPLI) (Stam and van Straaten, 2012(a)). PSI has 

been shown to be superior to GC for reasonable levels of noise and volume conduction (Nolte et 

al., 2008), but its estimated connectivity largely relies on the choice of references (Haufe et al., 

2013). However, phase-based measures are not robust to the different choices of reference 

when applied to EEG studies (Stam and van Straaten, 2012(a)), and usually assume that the 

phase differences remain bounded, otherwise results become ambiguous (i.e., a signal that is 

leading with a large phase difference can become lagging with a small phase difference, and vice 

versa). Moreover, it has been shown using simulations that the existence of consistent phase 

differences does not necessarily reflect the correct direction of information flow (Hillebrand et al. 

2016). Furthermore, for phase-based measures, reliable phase estimation is required. In theory, 

the phase time series should be monotonically increasing in time, which can be achieved only if 

the original signal is approximately periodic or has a single dominant peak in its power spectrum 

(Kantz and Schreiber, 2004). However, reliable phase estimation depends on the signal-to-noise 

ratio (SNR) of time series (Muthukumaraswamy and Singh, 2011), filtering, and downsampling 

approaches. 

 

Information theoretic approaches, in particular transfer entropy (TE) (Schreiber, 2000), provide 

efficient and robust ways to quantify the direction of information flow between time series. TE is 

a specific version of the Kullback-Leibler entropy (Kullback and Leibler, 1951), and has been 

shown to be mathematically equivalent to the conditional mutual information (Paluš et al., 2001, 

2007). TE can be understood in terms of uncertainty: a source signal has a causal influence on a 

target signal if the uncertainty of the target signal conditioned on both its own past and that of 

the source signals is smaller than the uncertainty of the target signal conditioned only on its own 

past. In contrast to GC, TE is model-free and makes no assumptions about signal or interaction 

structure. Although TE and GC are equivalent for Gaussian variables (Barnett et al., 2009), for 

non-Gaussian time series TE is superior to GC (Hlaváčková-Schindler et al., 2007). TE can 

effectively distinguish information that is actually exchanged from shared information due to 

common history and input signals (Schreiber, 2000), and is therefore theoretically robust to the 

effects of volume conduction/field spread. However, estimating transfer entropy requires 

sufficient samples and high SNRs, as well as fine-tuning of parameters such as the time delay, 

embedding dimension and bin size. Furthermore, the computation of TE is time-consuming when 
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applied to large data sets. To avoid these drawbacks, various techniques have been proposed, 

such as symbolic transfer entropy (STE; Staniek and Lehnertz, 2008), phase transfer entropy (PTE; 

Lobier et al., 2014) or equivalently computing conditional mutual information based on phase 

time series (Paluš and Vejmelka, 2003). In STE, the reconstruction of state spaces is needed, in 

which the optimal choices for time delay and embedding dimension are uncertain. PTE has been 

shown to be robust to the nuisance parameters (time delay, filtering method, sample size, noise 

and linear mixing) (Lobier et al., 2014). However, as mentioned above, reliable phase estimation 

is still required for PTE. Therefore, alternative measures that require fewer parameters and do 

not depend on the periodicity of input signals, are still needed. 

 

The visibility graph (VG) provides an effective approach to map any time series to a network, 

where each data of the original time series corresponds, in the same order, to each node in VG 

(Lacasa et al., 2008). It has been shown that the topological properties of the VG are able to 

capture the fingerprints of the dynamical process that generated the corresponding time series: 

random time series convert into random graphs, periodic time series convert into regular graphs, 

fractal time series convert into scale-free graphs (Lacasa et al., 2008). A previous study has 

proposed a new functional connectivity measure based on computation of the linear correlation 

between two degree sequences of VGs. It was shown that this approach provided more accurate 

estimates of functional connectivity compared to estimates obtained with conventional 

synchronization measures applied to the experimental time series directly (Ahmadlou and Adeli, 

2012). Subsequently, the horizontal visibility graph (HVG) (Luque et al., 2009), which is 

geometrically simpler and computationally faster than the VG, was introduced to further 

distinguish random time series with different degrees of randomness and fractal time series from 

independent and identically distributed theory. In the spirit of STE, the degree sequence of an 

HVG is a symbolic time series (Luque et al., 2011) that can be used as the input time series to TE. 

Of note, the degree sequences can be obtained from HVGs without assumptions regarding the 

periodicity of input signals, and without the biases caused by the arbitrary choices of parameters, 

such as embedding dimension for STE (Luque et al., 2011). 

 

Here, we introduce a new directed connectivity measure by combining the horizontal visibility 

graph and the transfer entropy. For two given time series, we first computed their HVGs 

individually and then computed the TE between the degree sequences of the HVGs. Because the 

TE does not have a meaningful upper bound and to reduce the biases, e.g. the effect of having 

nonzero TE values in situations when there is no actual information flow, we defined a 

normalized measure called dHVG-TE. We hypothesized that the new measure can correctly 

detect the direction of information flow in both simulated and real multivariate time series. 

Moreover, we tested whether the measure is robust to the aforementioned nuisance factors, 

namely coupling strength, volume conduction/field spread, noise, the choice of time delay, 

number of data samples or trial lengths, and choice of reference for EEG data. We tested our 

approach on simulated time series generated by coupled Rössler attractors, as well as using 

experimental EEG data in comparison to PTE. 
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METHODS AND MATERIALS 

Horizontal visibility graph 

The horizontal visibility graph (HVG) is a geometric mapping from a given time series (Luque et 

al., 2009). The HVG of time series Xt = {xi}i=1,⋯,N is constructed as follows: 

 

Two nodes i and j are connected, if xi, xj > xn for all n such that i < n < j. In words, if 

the magnitudes at two time points are larger than the magnitudes at all other time points 

between them, the two data points are connected and correspond to two connected nodes in 

the HVG (See the illustrative example in Fig. 1).  

 

Once the (unweighted, undirected) HVG is constructed, the degree (the number of links 

connected to a node) of each node is computed. Every node in the HVG corresponds, in the same 

order, to the series data (Luque et al., 2009). We refer to the degree sequence of a HVG as DS, 

which is used as input for the transfer entropy computation. 

 

Transfer entropy 

The transfer entropy (TE) quantifies the strength and direction of information flow between the 

degree sequences DSXt
 and DSYt

. For a given analysis time delay or lag τ (τ was set to the 

mean degree of the source degree sequence unless otherwise specified), the TE from source 

signal DSXt
 to target signal DSYt

 was defined as (Schreiber, 2000): 

 

   HVG-TEDSXt
→DSYt

= ∑ p(DSYt+τ
, DSYt

, DSXt
)log (

p(DSYt+τ
|DSYt

,DSXt
)

p(DSYt+τ
|DSYt

)
),       (1) 

 

where the summation runs over discrete time steps t. Since  

p(DSYt+τ
|DSYt

, DSXt
) =  

p(DSYt+τ
, DSYt

, DSXt
)

p(DSYt
, DSXt

)
⁄              (2) 

and  

             p(DSYt+τ
|DSYt

) =  
p(DSYt+τ

, DSYt
)

p(DSYt
)

⁄                   (3) 

equation (1) can be replaced by 

HVG-TEDSXt
→DSYt

= ∑ p(DSYt+τ
, DSYt

, DSXt
)log (

p(DSYt+τ
,DSYt

,DSXt
)p(DSYt

)

p(DSYt+τ
,DSYt

)p(DSYt
,DSXt

)
).            (4) 

 

In this study, as degree sequences or vectors DSXt
, DSYt

 and DSYt+τ
 are symbolic time 

series (Luque et al., 2011), the one-dimensional marginal probability and two/three-dimensional 

joint probabilities in equation (4) were computed by simply counting the number of unique 

values in each vector space (one dimension for p(DSYt
), two dimensions for p(DSYt+τ

, DSYt
) 

and p(DSYt
, DSXt

), three dimensions for p(DSYt+τ
, DSYt

, DSXt
)). 
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Fig. 1. 21-channel coupled Rössler attractors and schematic of the dHVG-TE algorithm. 

A. Graphical illustration of the 21-channel coupled Rössler attractors with embedded posterior-to-anterior 

information flow pattern. 

B. Time series of the 21-channel coupled Rössler attractors in A (trial length = 4096). 

C. Graphical illustration of converting a time series into a horizontal visibility graph (HVG). The left panel shows a 

time series of data with different amplitudes; in the right panel, each node corresponds to each data point in the 

left panel, such that two nodes are connected, if the amplitudes of their corresponding data are larger than those 

of all the data between them. The black double arrows indicate the visibility between respective data points.    

D. The degree sequences of the visibility graphs converted from the time series in channel 18 (leading) and 

channel 16 (lagging), respectively. 

E. The histograms of the degree sequences of the visibility graphs converted from the time series in channel 18 

(leading) and channel 16 (lagging), respectively. The histograms are used to compute the probabilities in equation 

(1). 
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Because the TE does not have a meaningful upper bound (Staniek and Lehnertz, 2008), and to 

reduce biases, e.g. the effect of having (small) nonzero TE values in situations when there is no 

actual information flow, we normalized the HVG-TE: 

 

                                dHVG-TE =
HVG‐TEDSX→DSY

HVG‐TEDSX→DSY
+HVG‐TEDSY→DSX

.                  (5) 

 

The values of dHVG-TE range between 0 and 1. When 0.5 < HVGTEDSX→DSY
< 1, the 

preferred direction of information flow is from DSX to DSY; when 0 ≤ HVGTEDSX→DSY
< 0.5, 

the information flows preferentially towards DSX  from DSY ; for symmetric bidirectional 

information flow between DSX and DSY, we expect HVGTEDSX→DSY
= 0.5. 

 

Phase transfer entropy 

We compared the performance of dHVG-TE with another TE-based effective connectivity 

measure: phase transfer entropy (PTE) (Paluš and Stefanovska, 2003; Paluš and Vejmelka, 2003; 

Lobier et al., 2014). For two time series Xt = {xi}i=1,⋯,N  and Yt = {yi}i=1,⋯,N , the 

corresponding phase time series ФXt
= {φxi

}
i=1,⋯,N

 and ФYt
= {φyi

}
i=1,⋯,N

 were estimated 

using the Hilbert transform (Rosenblum et al., 1996; Stam et al., 2007).   

 

In the same spirit of HVG-TE (Equations (4) and (5)), the transfer entropy can be estimated 

from the instantaneous phase time series ФXt
 and ФYt

 as 

 

                  PTEX→Y =  ∑ p(ФYt+τ
, ФYt

, ФXt
)log (

p(ФYt+τ
|ФYt

, ФXt
)

p(ФYt+τ
|ФYt

)
) 

= ∑ p(ФYt+τ
, ФYt

, ФXt
)log (

p(ФYt+τ
,ФYt

,ФXt
)p(ФYt

)

p(ФYt+τ
,ФYt

)p(ФYt
,ФXt

)
) .         (6) 

 

Then similarly, the normalized PTE can be defined as (Hillebrand et al., 2016) 

 

                                                            dPTEX→Y =
PTEX→Y

PTEX→Y+PTEY→X
.                        (7) 

 

  To compare the performance of dPTE with dHVG-TE, the experimental EEG data (see below), 

as used for the dHVG-TE computations were used for dPTE. The probabilities in equation (6) 

were computed by building histograms of occurrences of single, pairs or triplets of phase 

estimates in an epoch. The number of bins in the histograms was set to e0.626+0.4 ln(Ns−δ−1); the 

prediction delay was set as 
(Ns × Nch)

N±
⁄ , with Ns and Nch the number of samples and 

channels, respectively, and N± the number of times the phase changes sign across time and 

channels.  

 

Both dHVG-TE and dPTE (Fraschini and Hillebrand, 2016) were computed using MATLAB 
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(version R2015a). 

 

Description of coupled Rössler attractors 

To generate simulated time series we used coupled Rössler attractors (Rössler, 1976), which 

have been widely used to test approaches for estimating directional coupling in nonlinear 

dynamical systems (Rosenblum and Pikovsky, 2001; Staniek and Lehnertz, 2008). To simulate the 

information flow patterns in an EEG-like system, we generated time series from 21 coupled 

identical Rössler attractors (Fig. 1A). The direction of interaction between pairs of Rössler 

attractors (nodes) in the model was chosen such that information flow was from posterior to 

anterior nodes(Fig. 1A). For any two coupled Rössler attractors, the defining ordinary differential 

equations (ODEs, Rössler, 1976) were  

 

ẋ1,2 = −ω1,2y1,2 − z1,2 + ξ1,2 + c(x2,1 − x1,2) 

ẏ1,2 = ω1,2x1,2 + 0.15y1,2 

                 ż1,2 = 0.2 + z1,2(x1,2 − 10)                               (8)       

 

where the parameters ω1,2 = 1 ± ∆ω and c indicate the frequencies of the two oscillators 

and coupling strength (c ∈  [0, 0.025]), respectively; ξ1,2 are two Gaussian delta-correlated 

noise terms with 〈ξi(t)ξj(t′)〉 = 2Dδ(t − t′)δi,j. The coupling strength c between specific pairs 

of oscillators (Fig. 1A) was always set to a fixed value (varied from 0 to 0.025 in different 

simulations), and was set to zero between other pairs of oscillators, such that a 

posterior-to-anterior pattern of information flow was created. The ODEs were numerically solved 

by Euler’s algorithm with time step ∆t = 2π/1000. In this study, we fixed D = 1 and ∆ω = 0. 

Each of the 21 time series consisted of the last N = 4096 data points of 60000 iterations. The 

simulation was run 100 times to generate 100 time series of 4096 samples for each node, unless 

otherwise specified, and dHVG-TE results were averaged over these 100 runs. 

 

Description of experiments 

The effect of coupling strength 

To investigate the influence of different coupling strengths on the estimated information flow, 

dHVG-TE was computed for no coupling (c = 0), weak coupling (c = 0.008), and strong coupling 

(c = 0.025). The coupled chaotic systems should demonstrate no information flow at c = 0; 

obvious direction of information flow for weak coupling; less obvious direction of information 

flow for strong coupling, as for fully synchronized systems there is no preferred direction of 

information flow (Staniek and Lehnertz et al., 2008).  

 

For a specific coupling strength, a square asymmetric 21×21 weighted adjacency matrix, 

containing the dHVG-TE values, was constructed by computing dHVG-TE between all pair-wise 

combinations of the 21 time series for each trial. The dHVG-TE matrices were averaged over the 

100 trials. Subsequently, the average dHVG-TE value for each Rössler attractor to all other 

attractors was computed. In this way, each Rössler attractor could be characterized as a 

preferred sender (average dHVG-TE > 0.5) or receiver (average dHVG-TE < 0.5) of information.  

 

The effect of time delay 
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The optimal choice for the time delay for the computation of the transfer entropy is largely 

unknown and data dependent (Kantz and Schreiber, 2004; Wibral et al., 2013). Throughout the 

manuscript, τ was set to the mean degree of the source degree sequences. Here, to test 

whether HVG-TE depends on different choices of time delay, dHVG-TE was computed for a wide 

range of delays τ ∈ {2, 200, 500, 1000, 2000}.  

 

The effect of the number trials and the length of trials 

To test the effect of the number of data samples on dHVG-TE, dHVG-TE was computed for 

different number of trials ntrial ∈ {50, 100}  and trial lengths 

nlength ∈ {4096, 3500, 3000, 2500, 2000, 1000}.  

 

The effect of noise 

  The signal-to-noise ratio was defined as SNR = 20 log10
AS

AN
⁄  (Lobier et al., 2014), where 

AS and AN are the mean amplitude of signal S(t) and noise N(t), respectively. The noise N(t) 

was generated by frequency-domain phase shuffling, but preserving the power spectrum as well 

as the amplitude of the original signal S(t) (Theiler et al., 1992). Then, the contaminated signal 

(NS(t)) was created by adding noise to the corresponding original signal: NS(t) = S(t) + ε ∗

N(t), where ε = 10
−SNR

20⁄ . Thus, when SNR = 0, ε = 1, the signal S(t) and noise N(t) have the 

same amplitude. To explore the effect of noise on dHVG-TE, dHVG-TE was computed for a wide 

range of SNRs (SNR∈{1000, 45, 30, 15, 10, 7, 5, 3, 1.5, 0, -6}) for the 21 coupled Rössler 

attractors with low and high coupling strengths, respectively. 

 

The effect of volume conduction 

We studied if the dHVG-TE is affected by volume conduction in two different conditions: i) linear 

mixing of two signals; ii) a single (common) source signal measured in two channels (Nolte et al., 

2008; Vicente et al., 2011; Wibral et al., 2011). In EEG and MEG, linear mixed source signals 

detected by the sensors may cause false negative and positive results for effective connectivity 

measures (Vicente et al., 2011). In addition, dHVG-TE should be 0.5 for identical signals (even 

with different amplitudes) originating from a common source, but noisy signals may lead to false 

positive results for entropy-based measures (Wibral et al., 2011). 

 

i) Linear mixing between two noisy signals (NS1(t) and NS2(t)) was varied as (Wibral 

et al., 2011; Vicente et al., 2011; Lobier et al., 2014): 

 

NS1m(t) = (1 −
m

2
) NS1(t) +

m

2
NS2(t) 

NS2m = (1 −
m

2
) NS2(t) +

m

2
NS1(t),                                   (9) 

 

where m is the defined linear mixing strength. For m = 0, two noisy signals NS1(t) 

and NS2(t) are completely uncorrelated (no volume conduction); m = 1 means 

that they are perfectly linear mixed (NS11(t) = NS21(t)). To explore the effect of 
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volume conduction alone on dHVG-TE, m was varied from 0 to 1 in steps of 0.1. 

 

        To isolate the effect of linear mixing on HVG-TE, we first simulated two coupled 

Rössler attractors, NS1 and NS2, (100 trials; nlength = 4096) with a range of linear 

mixing strength (m∈[0: 0.1: 1]) and moderate noise (SNR∈ {1000, 45, 30, 15, 10) for 

both low (c = 0.008), and high (c = 0.025) couplings. However, in real time series, linear 

mixing and noise are concurrent (Stam, 2005). Therefore, the joint effect of linear 

mixing and noise on dHVG-TE was also studied for the same two coupled Rössler 

attractors with linear mixing strength (m∈ [0: 0.1: 1]) and high noise (SNR∈ {7, 5, 3, 

1.5, 0, −6}) for both low (c = 0.008), and high (c = 0.025) couplings.  

 

ii) A single source signal mixed onto two noisy channels was used as follows:  

 

Xsource(t) = source signal 

Xchannel 1(t) = mXsource(t) + εNXchannel 1
 

Xchannel 2(t) = (1 − m)Xsource(t) + εNXchannel 2
                         (10) 

 

where Xsource(t) is a source signal in one of two coupled Rössler attractors (100 

trials; trial length = 4096). NXchannel 1
 and NXchannel 2

 are noise signals generated 

from the two coupled Rössler attractors as described above. Note that only one of the 

two coupled Rössler attractors was used to generate the common source signal; the 

phase-shuffled signals from the two coupled Rössler attractors were used to generate 

the noise signals NXchannel 1
 and NXchannel 2

, respectively. SNR was set to 1000 

(moderate noise level). When m = 0 or 1 , signal of channel Xchannel 1(t) or 

Xchannel 2(t) only contains noise, respectively, and the signal of the other channel, 

Xchannel 2(t) or Xchannel 1(t) , respectively, is equal to the source signal 

Xsource(t) mixed with noise; when m ∈ (0: 0.1: 1), the source signal Xsource(t) is 

proportionally mixed onto two channels Xchannel 1(t) and Xchannel 2(t). Under low 

noise level, we expected that dHVG-TE = 0.5, when m ∈ [0: 0.1: 1] at both low and 

high coupling strengths (c ϵ {0.008, 0.025}).  

 

Subjects and EEG recordings 

To study the direction of information flow in EEG brain networks, we tested the new measure 

HVG-TE on EEG data obtained from 20 subjects with subjective cognitive decline (SCD). These 

data form part of a study that has been described previously (Yu et al., 2016). In the current 

study, all the SCD subjects (see Tab. 1) were selected to have a Mini-Mental State Examination 

(MMSE) score of 30. We repeat the description of the subjects and EEG data from Yu et al., 2016 

below: 

 

Twenty SCD subjects were selected from the Amsterdam Dementia cohort of the Alzheimer 

Center of the VU University Medical Center, using subjects who were recruited between October 

2003 and October 2013 (van der Flier et al., 2014). These subjects presented at our memory 

clinic with subjective cognitive complaints and were screened according to a standardized 

protocol. Standardized diagnostic screening included medical history, informant based history, 
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physical and neurological examination, screening laboratory tests, neuropsychological 

evaluation, resting-state EEG, magnetic resonance imaging (MRI), and lumbar puncture. The 

diagnoses for the SCD subjects were made in a multidisciplinary consensus meeting. Subjects did 

not have cognitive deficits, performed normal on clinical investigations and had a non-AD CSF 

profile (Tau/ amyloid-β 42 ratio < 0.52). All subjects gave written informed consent for the 

storage of the examinations in a local database and for use of their data for research purposes. 

This protocol was in agreement with the WMA declaration of Helsinki, and approved by the 

ethical review board of the VU University Medical Centre. See Table 1 for details of the 

demographic and clinical characteristics. 

 

Twenty minutes resting-state EEGs were recorded using 21 electrodes following the 10–20 

system (BrainLab and BrainRT, OSG bv, Rumst, Belgium). EEGs were recorded against an average 

reference including all electrodes with the following order of channels: Fp2/ Fp1, F8/ F7, F4/ F3, 

A2/ A1, T4/ T3, C4/ C3, T6/ T5, P4/ P3, O2/ O1, Fz, Cz, Pz. Sample frequency was 500 Hz. 

Electrode impedance was kept below 5 kOhm. Filter settings were: time constant 0.6 (BrainRT) or 

1 second (BrainLab), low pass filter 70 (BrainLab) or 100 Hz (BrainRT) and no notch filter. Analog 

to digital conversion precision was 12 (BrainLab) or 20 bit (BrainRT). Subjects were seated in a 

slightly reclined chair in a sound attenuated room. Subjects sat mainly with their eyes closed and 

EEG technicians kept subjects awake by sound stimuli. 

 

Five epochs (epoch length 4096 samples; ~8.2 seconds) of eyes-closed EEG recording for each 

subject were carefully selected (AG), based on a minimum of artefacts (no eyeblinks, muscle 

artefacts, electrocardiogram artefacts, signs of drowsiness [roving horizontal eye movements, 

alpha slowing / alpha drop-out]). The epoch quality per subject, defined as the presence and 

severity of artefacts, was rated from 1 (no artefacts) to 4 (severe artefacts). All grade 4 epochs 

were reviewed by two expert raters (IvS and CJS). When at least one of the raters believed that 

epoch quality was insufficient for quantitative EEG analyses then an epoch was replaced by 

another epoch.  

 

The time series of 21 EEG channels were filtered in the alpha band (8-13 Hz) using an offline 

discrete FFT filter that does not distort the phases (Delorme and Makeig, 2004). A square 

asymmetric 21×21 weighted adjacency matrix, containing the dHVG-TE values, was constructed 

by computing dHVG-TE between all pair-wise combinations of 21 EEG channels for each epoch. 

For each subject separately, the dHVG-TE matrices were averaged over the 5 epochs, and then 

averaged over subjects. Subsequently, to obtain the average preferred direction of information 

flow for a channel, the average dHVG-TE value for each EEG channel to all the other channels 

was computed.  

 

To study the effect of the choice of reference, all the alpha-filtered EEG data were 

re-referenced to A1/A2 or Cz reference, and dHVG-TE values were recomputed. In previous 

work, we have revealed a posterior-to-anterior information flow pattern in a different EEG 

dataset of SCD subjects using dPTE (Dauwan et al., 2016). Here, we compared the information 

flow patterns for three different references as obtained with the dHVG-TE to those obtained with 

the dPTE.   
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Statistical analyses 

To establish whether there was a consistent pattern of information flow in the simulated and 

EEG networks, a posterior-anterior index (PAx) (Hillebrand et al., 2016) was calculated as follows: 

 

PAx =  {dHVG‐ TE̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅}
posterior

− {dHVG‐ TE̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅}
anterior

              (11) 

 

where the dHVG-TE was averaged over a set of posterior and anterior channels, respectively (see 

Fig. 1A). PAx was normalized by the absolute maximum PAx value that could have been obtained 

with the dHVG-TE values for these channels. A positive PAx indicates posterior-to-anterior 

information flow, and negative PAx anterior-to-posterior information flow.  

 

  For the simulated data, the dHVG-TE values for 21 channels were computed for three data 

groups (3*100 trials), namely for zero, low (c = 0.008) and high (c = 0.025) coupling strengths. 

The observed PAx value was computed for the averaged dHVG-TE values for each group 

(coupling strength) and the observed absolute difference between PAx values for two groups was 

computed (zero versus low, zero versus high, low versus high). Significance of the group 

difference in PAx value was estimated using permutation testing, where dHVG-TE values were 

permuted between groups, after which the absolute differences of PAx values were 

re-computed. This was repeated 50000 times to build a distribution of permuted absolute 

difference of PAx values against which the observed absolute difference of PAx values was tested 

(p <  .05).  

 

For the simulations of linear mixing effects, the dHVG-TE values for the time series of two 

coupled Rössler attractors (100 trials) were computed and then averaged for each mixing level 

separately, and for both low (c = 0.008) and high (c = 0.025) coupling strengths. One Rössler was 

driving the other, hence dHVG-TE values should be higher than 0.5. One-sample t-Test (right tail; 

p < .05) was computed to quantify whether the mean observed dHVG-TE value over 100 trials 

was higher than 0.5. 

 

For the EEG data, the dHVG-TE and dPTE values for 21 channels were first computed for 100 

epochs (each subject has 5 epochs; 20 subjects) for a particular reference choice, respectively. 

Then, the observed PAx values were computed for the averaged regional dHVG-TE and dPTE 

values across epochs, respectively, and the observed absolute difference between the PAx values 

for dHVG-TE and dPTE groups was computed. Significance of the group difference in PAx value 

was estimated using permutation testing, where regional dHVG-TE and dPTE values were 

permuted between groups, after which the absolute differences of PAx values were 

re-computed. This was repeated 50000 times to build a distribution of permuted absolute 

difference of PAx values against which the experimentally observed absolute difference of PAx 

values was tested (p < .05). 

 

RESULTS 
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dHVG-TE reliably reflects coupling strength  

Fig. 2 shows the dependence of dHVG-TE on the coupling strength between 21-channel coupled 

Rössler attractors. At zero coupling strength (c = 0), no posterior-to-anterior pattern is found by 

dHVG-TE, as should be the case. At low (c = 0.008) and high (c = 0.025) coupling strength, 

dHVG-TE detected clear posterior-to-anterior patterns (for statistical results see Table 2). Of 

note, the posterior-to-anterior pattern is weaker when coupling is high than when coupling is low 

(Table 2). 

 

Fig. 2. Effect of coupling strength on dHVG-TE. 

dHVG-TE for 21-channel coupled Rössler attractors (averaged over 100 trials, trial length = 4096) at zero coupling 

(c = 0), low coupling (c = 0.008) and high coupling (c = 0.025), respectively. Top row: the average HVG-TE for each 

attractor to all the other attractors is displayed as a color-coded map on a schematic head plot, viewed from the 

top. Hot and cold colours indicate information outflow and inflow, respectively. The second row shows the 

distributions of dHVG-TE values for two randomly selected Rössler attractors (100 trials) for the three couplings. 

The third row shows the distributions of the PAx values for the 21-channel coupled Rössler attractors across 100 

trials for the three couplings. Note that at zero coupling (A), no clear information flow pattern is shown by 

dHVG-TE. At low (B) and high (C) coupling, dHVG-TE detects clear posterior-to-anterior information flow patterns. 

Moreover, at zero coupling, the dHVG-TE values for a random chosen channel pair and the PAx values of the 

21-channel coupled Rössler attractors show Gaussian-like distributions, which are contrast to the cases at low 

and high coupling. The red triangles indicate the dHVG-TE = 0.5 or PAx = 0 for the case of symmetric bidirectional 

or no clear information flow pattern. 

 

dHVG-TE is robust to a wide range of analysis time delays 

As can be seen in Fig. 3, dHVG-TE correctly detected the underlying posterior-to-anterior 

information flow for a wide range of time delays τ ∈ {200, 500, 1000, 2000} for both low 

(c = 0.008) and high (c = 0.025) coupling strengths.  

 

dHVG-TE is robust to the number of trials and trial lengths 

Fig. 4 shows that the information flow pattern can be correctly detected by dHVG-TE for both 

100 and 50 trials, again for both low (c = 0.008) and high (c = 0.025) coupling strengths.  
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The effect of trial length on dHVG-TE is shown in Fig.5. At low coupling strength (c = 0.008), 

dHVG-TE could stably detect the posterior-to-anterior information flow pattern when the trials 

were longer than 2000 samples (Table 2). At high coupling strength (c = 0.025), dHVG-TE could 

stably detect the posterior-to-anterior information flow pattern for a wide range of trial lengths 

(nlength ∈ {4096, 3500, 3000, 2500, 2000, 1000}). 

 

HVG-TE is robust to noise 

Fig. 6 shows that when the signals generated by the 21-channel coupled Rössler attractors were 

of the same amplitude as the noise (SNR = 0), there was no clear information flow pattern 

detectable at both low (c = 0.008) and high (c = 0.025) coupling strengths. However, when 

SNR∈{1000, 45, 30, 15, 10, 7, 5, 3, 1.5}, dHVG-TE can detect the correct pattern of information 

flow at low and high coupling strengths; for higher noise levels (SNR∈{0, −6}; AN ≥ AS), 

dHVG-TE failed to capture the posterior-to-anterior patterns (Table 2). 

 

dHVG-TE is robust to volume conduction 

The effect of linear mixing on dHVG-TE at both low (c = 0.008) and high (c = 0.025) coupling 

strengths was studied for moderate (SNR∈{1000, 45, 30, 15, 10}; Fig. 7) and high (SNR∈{7, 5, 3, 

1.5, 0, −6}; Fig. 8) noise levels, respectively.  

 

Fig. 7 shows that for moderate noise levels, at moderate linear mixing strength (m ≤ 0.7), 

dHVG-TE could detect the correct direction of information flow for both low (c = 0.008; Fig. 7A) 

and high (c = 0.025; Fig. 7B) coupling strengths. At low coupling strength (Fig. 7A; Fig. 9A), the 

values of dHVG-TE were stable for a wide range of linear mixing strengths (m ∈ [0: 0.1: 0.9]). In 

contrast, at high coupling strength (Fig. 7B; Fig. 9A), the values of dHVG-TE decreased as the 

linear mixing strength increased; at high linear mixing strengths (m = {0.8, 0.9, 1}), dHVG-TE was 

not able to reveal the correct direction of information flow. The above results (Fig. 7A, B) were 

obtained with setting τ equal to the mean degree of the degree sequences of the horizontal 

visibility graphs. We also computed the dHVG-TE for the high coupling strength with longer 

analysis delay time τ = 150 (Fig. 7C). Similar to the results for the dHVG-TE at low coupling 

strength, at τ = 150 and c = 0.025, dHVG-TE could also correctly detect the information flow 

pattern for a wide range of linear mixing strengths (m ∈ [0: 0.1: 0.9]; Fig. 9A). In the presence of 

perfect mixing, no clear information flow pattern was detected by dHVG-TE at both low and high 

coupling strengths, therefore the results were not shown. 

 

  Fig. 8 shows that for high noise levels (only except SNR = −6), the values of dHVG-TE were 

stable for a wide range of linear mixing strengths (m ∈ [0: 0.1: 0.9]) at low coupling strength (Fig. 

8A; Fig. 9B). However, for high noise levels at high coupling strength, dHVG-TE failed to detect 

the correct direction of information flow (Fig. 9B).  

 

  Fig. 10 shows that for both low (c = 0.008) and high (c = 0.025) coupling strengths, when 

two noise-free or moderately noisy (SNR = 1000) coupled oscillators share a common source 

signal, dHVG-TE correctly showed no information flow between identical signals (with different 

amplitudes, m ∈ (0: 0.1: 1)) originating from the common source. However, when the level of 
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noise increased, even still within moderate level (SNR = 45), dHVG-TE failed to identify the true 

directed connectivity.For both low and high coupling strengths, when m equal to 0 or 1, the 

dHVG-TE values were close to 0.5, but not exactly 0.5, because of the different noise 

components in the two Rössler signals sharing the common source. 

 

dHVG-TE is robust to reference choice in EEG 

The main demographic and clinical characteristics of the 20 SCD subjects are listed in Table 1.  

 

Fig. 11 shows that for three different references (average, A1/A2, Cz), using dHVG-TE, the SCD 

subjects consistently showed posterior-to-anterior information flow patterns with relatively 

higher dHVG-TE values in the posterior channels than those in the frontal channels. dPTE also 

showed posterior-to-anterior information flow patterns for three references, but the patterns 

were less obvious (average: p = .02; A1/A2: p = .01; Cz: p = .05) compared with dHVG-TE (Fig. 11). 

For all the three references, across subjects most of the posterior dHVG-TE values are higher 

than 0.5, and higher than the values in anterior channels (Fig. 12A), confirming strong 

posterior-to-anterior information flow patterns shown in Fig. 11. However, for average and Cz, 

the inverse patterns were shown by dPTE (Fig. 12B), indicating that dHVG-TE outperforms dPTE. 

 

 
Fig. 3. Effect of time delay on dHVG-TE. 

dHVG-TE for 21-channel coupled Rössler attractors (averaged over 100 trials, trial length = 4096) at low (c = 

0.008) and high coupling (c = 0.025), for a range ({200, 500, 1000, 2000}) of time delays. Colour coding is the 

same as in Fig. 2. Note that the clear posterior-to-anterior patterns, showing that the dHVG-TE is robust to a wide 

range of analysis time delays. 
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Fig. 4. Effect of trial number on dHVG-TE. 

dHVG-TE for 21-channel coupled Rössler attractors (averaged over 100 trials, trial length = 4096) at low (c = 

0.008) and high coupling (c = 0.025), for different number (ntrial ∈ {50, 100}) of trials. Colour coding is the same 

as in Fig. 2. Note that the clear posterior-to-anterior patterns, showing that the dHVG-TE is robust to different 

number of trials.  

 
Fig. 5. Effect of trial length on dHVG-TE. 

dHVG-TE for 21-channel coupled Rössler attractors (averaged over 100 trials, trial length = 4096) at low (c = 

0.008) and high coupling (c = 0.025), for a range of  ({3500, 3000, 2500, 2000, 1000}) of trial lengths. Colour 

coding is the same as in Fig. 2. Note that the clear posterior-to-anterior patterns, showing that the dHVG-TE is 

robust to a wide range of trial lengths.  
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Fig. 6. Effect of noise levels on dHVG-TE.  

dHVG-TE for 21-channel coupled Rössler attractors (averaged over 100 trials, trial length = 4096) at low (c = 

0.008) and high coupling (c = 0.025), for a wide range of SNRs ({1000, 45, 30, 15, 10, 7, 5, 3, 1.5, 0, -6}). Colour 

coding is the same as in Fig. 2; the channel labels of each schematic head plot were removed for clarity. Note that 

the clear posterior-to-anterior patterns at both low and high couplings for high and moderate SNRs ({1000, 45, 

30, 15, 10, 7, 5, 3, 1.5}), showing that the dHVG-TE is robust for high SNRs. For low SNRs ({0, -6}), i.e. when 

AN≥AS, the posterior-to-anterior patterns disappeared. For statistical results, see Table 2. 
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Fig. 7. Effect of linear mixing with moderate noise (SNR∈ {1000, 45, 30, 15, 10) on dHVG-TE.  

dHVG-TE for 2-channel coupled Rössler attractors (averaged over 100 trials, trial length = 4096) at both low (c = 

0.008) (A) and high (c = 0.025) coupling strengths with the analysis delay time τ = mean degree (B) or 150 (C). The 

horizontal red lines in Fig. 7 indicate the dHVG-TE value of 0.5; the blue solid lines with circles represent the 

mean dHVG-TE values across 100 trials; the purple shaded lines represent 95% confidence intervals. Note that 

dHVG-TE is robust to a wide range of linear mixing levels (m∈ [0: 0.1: 0.9]) with moderate noise. 

 

 

Fig. 8. Effect of linear mixing with high noise (SNR∈ {7, 5, 3, 1.5, 0, -6}) on dHVG-TE.  

dHVG-TE for 2-channel coupled Rössler attractors (averaged over 100 trials, trial length = 4096) at both low (c = 

0.008) (A) and high (c = 0.025) coupling strengths with the analysis delay time τ = mean degree (B) or 150 (C). The 

horizontal red lines in Fig. 7 indicate the dHVG-TE value of 0.5; the blue solid lines with circles represent the 

mean dHVG-TE values across 100 trials; the purple shaded lines represent 95% confidence intervals. Note that 

dHVG-TE is robust to a wide range of linear mixing levels (m∈ [0: 0.1: 0.9]) with high noise levels at low coupling 

strength. 
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Fig. 9. Statistical results for the effects of linear mixing with moderate (A) and high (B) noise levels on dHVG-TE.  

The semi-transparent surfaces (dark green) in Fig. 9 indicate a significance level of p < .05. Note that at low 

coupling strength, dHVG-TE is robust to a wide range of linear mixing levels (m∈[0: 0.1: 0.9]) with both 

moderate and high noise levels; at high coupling strength, dHVG-TE can robustly estimate the direction of 

information flow for a wide range of linear mixing levels (m∈[0: 0.1: 0.9]) only at moderate noise levels and with 

longer analysis delay time τ = 150. 

 

 
Fig. 10. Effect of two attractors sharing a single common source on dHVG-TE. 

dHVG-TE for two noise-free and moderately (SNR∈ {1000, 45}) noisy attractors sharing a single common source 

(averaged over 100 trials, trial length = 4096) at both low (c = 0.008) (A) and high (c = 0.025) coupling strength 

(B). Note that dHVG-TE can detect the correct direction of information flow only at noise-free and low (SNR = 

1000) noise level in the presence of a single common source. 
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Fig. 11. The effect of the choice of different references (average, A1/A2, Cz) on dPTE and dHVG-TE. 

dPTE and dHVG-TE for 21-channel EEG brain networks (averaged over 5*20 epochs, epoch length = 4096) for 

average (A), A1/A2 (B) and Cz (C) references. Colour coding is the same as in Fig. 2. Note that for the three 

references (Average: p = .02; A1/A2: p = .01; Cz: p = .05), dHVG-TE shows stronger posterior-to-anterior 

information flow pattern than dPTE. 

 

 

Fig. 12. Distributions of anterior and posterior dHVG-TE (A) and dPTE (B) values across subjects for different 

references (Average, A1/A2, Cz). Note that, across subjects, for all the three references, most of the posterior 

dHVG-TE values are higher than the anterior values, indicating strong posterior-to-anterior information flow 

patterns. The red triangles indicate the dHVG-TE = 0.5 for the case of symmetric bidirectional or no clear 

information flow pattern. 
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Table 1. Demographic and clinical characteristics for SCD subjects. 

Subjects SCD 

Number 20 

Age (1st visit) 58.5 ± 7.1 

Gender(%F) 5 (25%) 

EEG system 

BrainLab 

BrainRT 

 

13 (65%) 

7 (35%) 

CAMCOG 
a
 

(range) 

95.9 ± 4.1 

(91 - 103) 

FAB 
c
 

(range) 

177 ± 0.5 

(17 - 18) 

Education 
d
 

5.5 ± 1.3 

(2 - 7) 

Note: Values are mean (SD), percentage (%) or range.  

a CAMCOG (Cambridge Cognitive Examination (Roth et al., 1986) ) scores were only available for 15 subjects. 

b FAB (Frontal Assessment Battery (Dubois, et al., 2000) ) scores were only available for 14 subjects. 

d Level of education was rated according to Verhage (Verhage, 1964). The scores for the level of education were 

only available for 19 subjects. 
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Table 2. Statistical results for 21 coupled Rössler attractors. 

Measure no/low no/high low/high 

dHVG-TE 

(τ = mean degree) 

p < .0001 

(PAx = -0.102/0.531) 

p < .0001 

(PAx = -0.102/0.367) 

p < .0001 

(PAx = 0.531/0.367) 

dHVG-TE 

(τ = 200) 

p < .0001 

(PAx = -0.104/0.524) 

p < .0001 

(PAx = -0.104/0.491) 

p = .30 

(PAx = 0.524/0.491) 

dHVG-TE 

(τ = 500) 

p < .0001 

(PAx = -0.185/0.679) 

p < .0001 

(PAx = -0.185/0.679) 

p = .002 

(PAx = 0.679/0.510) 

dHVG-TE 

(τ = 1000) 

p < .0001 

(PAx = -0.005/0.508) 

p < .0001 

(PAx = -0.005/0.416) 

p = .03 

(PAx = 0.508/0.416) 

dHVG-TE 

(τ = 2000) 

p < .0001 

(PAx = -0.054/0.515) 

p < .0001 

(PAx = -0.054/0.408) 

p = .006 

(PAx = 0.515/0.408) 

dHVG-TE 

(ntrial = 50) 

p < .0001 

(PAx = -1.229/0.574) 

p < .0001 

(PAx = -1.229/0.363) 

p < .0001 

(PAx = 0.574/0.363) 

dHVG-TE 

(nlength = 3000) 

p < .0001 

(PAx = -0.155/0.517) 

p < .0001 

(PAx = -0.155/0.496) 

p = .43 

(PAx = 0.517/0.496) 

dHVG-TE 

(nlength = 3500) 

p < .0001 

(PAx = -0.170/0.536) 

p < .0001 

(PAx = -0.170/0.502) 

p = .24 

(PAx = 0.536/0.502) 

dHVG-TE 

(nlength = 2500) 

p < .0001 

(PAx = -0.048/0.516) 

p < .0001 

(PAx = -0.048/0.511) 

p = .91 

(PAx = 0.516/0.511) 

dHVG-TE 

(nlength = 2000) 

p < .0001 

(PAx = -0.010/0.538) 

p < .0001 

(PAx = -0.010/0.482) 

p = .11 

(PAx = 0.538/0.482) 

dHVG-TE 

(nlength = 1000) 

p = .06 

(PAx = 0.005/0.317) 

p < .0001 

(PAx = 0.005/0.507) 

p = .001 

(PAx = 0.317/0.507) 

dHVG-TE 

(SNR = 1000) 

p < .0001 

(PAx = -0.102/0.531) 

p < .0001 

(PAx = -0.1016/0.491) 

p = .11 

(PAx = 0.531/0.491) 

dHVG-TE 

(SNR = 45) 

p < .0001 

(PAx = -0.090/0.526) 

p < .0001 

(PAx = -0.090/0.500) 

p = .39 

(PAx = 0.526/0.505) 

dHVG-TE 

(SNR = 30) 

p < .0001 

(PAx = -0.042/0.532) 

p < .0001 

(PAx = -0.042/0.500) 

p = .24 

(PAx = 0.532/0.500) 

dHVG-TE 

(SNR =15) 

p < .0001 

(PAx = -0.027/0.522) 

p < .0001 

(PAx = -0.027/0.510) 

p = .72 

(PAx = 0.522/0.510) 

Note: For the simulations of 21 coupled Rössler attractors, τ was set to the mean degree of the source degree 

sequences, ntrial = 100 ,  nlength = 4096, unless otherwise specified. Key: no, zero coupling strength (c = 0); 

low, low coupling strength (c = 0.008); high, high coupling strength (c = 0.025). Pairwise significant differences 

(permutation testing; p < .05) are given in bold. The values in parentheses are mean values. 
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DISCUSSION 

In this study, we have introduced the HVG-TE as a novel directed connectivity measure. We 

characterised its behaviour using time series generated by 21 coupled Rössler attractors with 

known patterns of information flow, and demonstrated its applicability using 21-channel EEG 

data for a cohort of 20 SCD subjects. Our study is the first to detect information flow patterns 

from the degree sequences of horizontal visibility graph using transfer entropy. We showed that 

the dHVG-TE can reliably detect the correct direction of information flow for different coupling 

strengths, wide ranges of time delays, trial lengths, data segments and SNRs, and that it is robust 

to the effects of volume conduction. For SCD EEG data, compared with dPTE, dHVG-TE showed 

more consistently posterior-to-anterior information flow patterns for three different references. 

Furthermore, in contrast to dPTE, there is no need to make an assumption on the periodicity of 

input signals when estimating transfer entropy between the symbolic degree-based time series 

constructed from horizontal visibility graphs.  

 

Horizontal visibility graph combined with transfer entropy 

In this study, we proposed a new measure to characterize the direction of information flow by 

estimating transfer entropy between time series (degree sequences) of horizontal visibility graphs 

(HVG) (Luque et al., 2009). HVG-TE has advantages over other transfer entropy-based measures, 

as the HVG can accurately map the information contained in a time series into the degree 

sequences without the requirement of reconstructing a state space (as is the case for the original 

TE and STE), and without assumptions regarding the periodicity of input signals (as is the case for 

PTE). Therefore, with these advantages, HVG-TE can be expected to be more widely applicable 

(even for non-periodic signals). 

  

The use of coupled Rössler attractors 

We employed the coupled Rössler attractors to validate the dHVG-TE. Because of its robustness 

and simplicity, the Rössler attractor is a widely used dynamic model in studies on directed or 

functional connectivity measures (Boccaletti et al., 2002; Hlaváčková-Shindler et al., 2007). Other 

studies have evaluated the performance of connectivity measures using neural mass models 

(NMMs), in which the interactions between interconnected excitatory and inhibitory neurons are 

modelled (Freeman, 1978; Lopes da Silva et al., 1974; David and Friston, 2003), partly because 

NMMs are able to generate EEG/MEG-like signals. However, compared with the coupled Rössler 

attractors, NMMs contain many more parameters and the directionality of interactions between 

NMMs is more difficult to control. Therefore, before applying the dHVG-TE to real 

electrophysiological data, we used the widely used, simple and easy-to-interpret coupled Rössler 

attractors to validate its performance.  

 

The robustness of dHVG-TE in coupled Rössler attractors 

Firstly, our results showed that the dHVG-TE correctly identifies direction of information flow for 

different coupling strengths. These results are in line with those obtained with other transfer 

entropy-based measures (Staniek and Lehnertz, 2008; Lobier et al., 2014). Of note, the direction 

of information flow becomes less obvious for strong coupling, which is in line with our 

expectations and the findings by a previous study using another entropy-based directed 
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connectivity measure, symbolic transfer entropy (Staniek and Lehnertz, 2008). Actually, for 

strongly coupled attractors the system tends to be fully synchronized. The direction of 

information flow cannot be detected for such fully synchronized systems.  

 

Secondly, dHVG-TE is robust to a wide range of analysis time delays. For any transfer entropy- 

or (conditional) mutual information-based measure, the analysis time delay is a parameter that 

has to be set a priori. Several strategies to set the optimal analysis time delay have been 

proposed, such as searching of the first minimum of the time-delayed mutual information for the 

original signal or the autocorrelation function of the squared signal (Wibral et al., 2014), however 

there exists no rigorous way of determining such optimal delay value (Kantz and Schreiber, 2004). 

For the dPTE we had previously proposed to base the delay on the frequency content of the data 

(Hillebrand et al., 2016). For the dHVG-TE, this translates to a characteristic of the degree 

sequence of the HVG, such as the mean or maximum degree. Importantly, the simulations show 

that the dHVG-TE is robust for a large range of delays. 

 

Thirdly, dHVG-TE is robust to the number of trials and a wide range of trial lengths. Although 

transfer entropy-based measures have the advantage that they are model-free, large amounts of 

data are required for the accurate estimation of entropy (Smirnov and Bezruchko, 2003; 

Hlaváčková-Shindler et al., 2007). For neuroimaging and electrophysiological data, the effects of a 

finite number of samples make it difficult to assess significant information flow patterns using 

transfer entropy-based measures. The robustness of dHVG-TE to the effects of sample size 

demonstrates its applicability with experimental data. 

 

Fourthly, dHVG-TE is robust to noise. Noisy time series may cause false positive and negative 

results for the estimation of directed connectivity (Smirnov and Bezruchko, 2003; Papana and 

Kugiumtzis, 2011). HVG-TE can be robustly estimated for data with low and moderate noise levels 

(AN < AS) at both low and high coupling strengths; whenAN ≥ AS, dHVG-TE failed to capture the 

posterior-to-anterior patterns.  

 

Fifthly, dHVG-TE is robust to the effects of volume conduction. Volume conduction is a 

notorious problem for directed as well as functional connectivity measures in EEG and MEG 

analyses (Schoffelen and Gross, 2009; van Diessen et al., 2015). Previous studies have simulated 

the volume conduction effect by considering two conditions: linear mixing of two signals (Vicente 

et al., 2011; Wibral et al., 2011; Lobier et al., 2014); a single source signal measured in two 

channels (Vicente et al., 2011; Wibral et al., 2011). These studies found that transfer entropy is 

robust under these two conditions. Our simulations show that these results extend to the 

dHVG-TE. Of note, we found that for moderate noise levels, the values of dHVG-TE were stable 

for a wide range of linear mixing strengths (m∈ [0: 0.1: 0.9]) at low coupling strength as well as 

at high coupling strength with larger analysis time lagτ; for high noise levels, dHVG-TE can 

accurately detect the direction of information flow only at low coupling strength. In addition, 

dHVG-TE can accurately identify the direction of information flow when two noise-free or 

moderately noisy attractors share a common source. However, in contrast to the high robustness 

of dHVG-TE to the linear mixing effect, the robustness of dHVG-TE to the effect of a common 

source sharply weakens when the levels of noise increases. Therefore, compared with noise, 
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HVG-TE is more robust to volume conduction, which is in line with findings for the PTE (Lobier et 

al., 2014). Moreover, for moderate noise levels, only at high coupling strength (c = 0.025) and 

strong linear mixing strength (m = {0.8, 0.9}) dHVG-TE showed incorrect results for short analysis 

time lag (τ = mean degree), but the correct results were obtained with τ = 150. These results 

indicate that a larger analysis time lag τ is required for accurately estimate the underlying 

effectivity connectivity, when the effect of linear mixing is considered in strongly coupled 

oscillators. Another consideration is that in the brain, the dynamic interactions between different 

brain regions occur with different time lags (Wibral et al., 2013), therefore for EEG/MEG data, to 

reduce the effect of volume conduction, a time delay should be used that is large enough to 

cover the dynamic interactions with different delays as observed across the brain.  

 

The robustness of dHVG-TE to different choices of references in EEG data 

Using dHVG-TE we found posterior-to-anterior information flow patterns in EEG networks in SCD 

subjects in the alpha band, which is in line with previous EEG and MEG studies (Babiloni et al., 

2009; Dauwan et al., 2016; Hillebrand et al., 2016). Importantly, the posterior-to-anterior 

information flow patterns quantified by dHVG-TE were consistent using different references 

(average, A1/A2 and Cz). The information flow patterns in different references were less obvious 

for dPTE compared with dHVG-TE, indicating that dHVG-TE is more reliable and therefore more 

applicable than dPTE for experimental EEG data. 

 

Methodological considerations 

In the present study, we did not test the performance of dHVG-TE to different filter types. 

However, a previous study (Lobier et al., 2014) has shown that the directed phase transfer 

entropy (dPTE) is robust to different choice of filter types. We have shown here that dHVG-TE 

behaves similar to dPTE in both simulations and EEG data. Importantly, dHVG-TE does not require 

assumptions regarding the periodicity of input signals. Therefore we expect dHVG-TE to be more 

robust to different choices of filter types than dPTE. Moreover, both modelling (Lobier et al., 

2014) and experimental (Hillebrand et al., 2016) studies have demonstrated that the information 

flow patterns detected by entropy-based connectivity measures are not simply due to patterns of 

oscillatory power. Furthermore, we have shown that the dHVG-TE is robust to different levels of 

noise. Therefore, we think that the observed alpha-band information flow patterns in EEG brain 

networks are not trivially caused by the SNR or patterns of relative alpha power. 

 

CONCLUSIONS 

To conclude, we presented a new metric, the HVG-TE, for the estimation of information flow 

between neurophysiological time series. The aforementioned advantages of HVG-TE render it an 

efficient and promising causality measure for analysis of directed connectivity in neuroimaging 

and electrophysiological data. 
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Chapter 7 

 

Summary and general discussion 
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SUMMARY 

The aim of this dissertation was two-fold: firstly, to develop new measures including an effective 

connectivity measure (HVG-TE) to estimate direction of information flow between pairs of time 

series, and to develop a tree clustering method (TAHC) to detect the hierarchical clustering 

structure in MSTs; secondly, to apply HVG-TE (or PTE), MST measures and TAHC, and multiplex 

network metrics to EEG and/or MEG data in AD and/or bvFTD in order to gain insights into the 

pathophysiological mechanisms of the two types of dementia. 

 

In chapter 2, we introduced a tree-clustering method, tree agglomerative hierarchical 

clustering (TAHC) for the detection of clusters in MSTs. It is one of the first studies to define and 

detect a particular type of clustering in trees, maximally sparse connected graphs, which are 

traditionally thought to be non-modular. In this study, we confirmed the hypothesis that any 

general tree consisting of some combination of the star- and line-motifs possesses corresponding 

hierarchical clustering structure using both artificial trees (star-motif trees and Cayley tree) and 

MSTs of two weighted social networks (Zachary’s karate club network and Les Misérables 

network). Moreover, we showed that compared with the widely used Louvain method, our TAHC 

method does not suffer from the resolution limit in the detection of clusters in trees. Therefore, 

this study not only indicates that clusters can be found in MSTs, but that the MSTs contain 

information about the underlying clusters of the original weighted networks. The TAHC method is 

thus a promising tree-clustering approach that can be applied to detect clusters and compare 

hierarchical clustering organizations between the MSTs of AD and bvFTD EEG- and MEG-based 

weighted networks. 

 

In chapter 3, we explored the hypothesis that the EEG-based functional connectivity and 

network topologies in AD and bvFTD patients are different compared to subjects with subjective 

cognitive decline (SCD). In this study, to differentiate the three groups, we computed three 

different types of measures for different frequency bands: PLI-based functional connectivity, 

several MST measures and MST hierarchical clustering organization detected by the TAHC 

method. We found that AD and bvFTD patients could be differentiated by the three types of 

measures in several frequency bands: in the delta and/or alpha band, AD patients showed lower 

functional connectivity, and disrupted hub areas and clusters especially in posterior brain areas. 

The differences between AD and SCD subjects were similar to those between AD and bvFTD 

patients. Of note, valuable results of functional connectivity between bvFTD and SCD (bvFTD > 

SCD) were found by global (in the delta band) and regional functional connectivity (in the delta 

band over central regions and in the alpha band over the left temporal region). Moreover, the 

alpha-band frontal cluster in SCD subjects was shown to be disrupted in bvFTD patients, whereas 

in AD patients, the right posterior cluster was mostly affected. This study avoided potential biases 

caused by volume conduction and activity from the common source (PLI), network comparison 

problems (MST), resolution limit of the detection of small clusters (TAHC), and problems with 

multiple statistical comparisons (permutation tests with FDR corrections). With these advantages, 

this study provided a useful and unbiased framework to investigate functional connectivity and 

network topology not only for dementia, but also for other types of brain disorders. 
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In Chapter 4, we studied the functional brain networks in AD patients in the framework of 

multiplex networks. Previous frequency-specific network analyses have shown that functional 

brain networks are altered in patients with Alzheimer’s disease (AD) mostly in the alpha and beta 

bands, however it remains largely unknown how these frequency-specific network alterations 

relate. Multiplex network analysis is a novel network approach to study complex systems 

consisting of subsystems with different types of connections, enabling the study of 

frequency-specific networks in AD within a single framework. As hypothesized, we found that 

multiplex hub regions, namely left hippocampus, posterior parts of the default mode network 

(DMN) and occipital regions, were particularly vulnerable in AD patients compared to controls. 

Importantly, these detected vulnerable hubs in AD were absent in each individual 

frequency-specific network, thus showing the MEG-based multiplex brain networks contain 

important information that cannot be revealed by frequency-specific analyses. Furthermore, in 

AD patients cognitive function, as well as CSF amyloid-beta (Aβ42) levels, were shown to be 

correlated positively with multiplex hub metrics. Our current study was the first MEG study using 

multiplex network metrics to identify the prominent hubs located in the posterior midline 

(precuneus) and hippocampus in the healthy controls, which have usually been absent in 

previous frequency-specific electrophysiological studies (Brookes, et al., 2011; Hipp et al., 2011, 

2012; Baker et al., 2014).  

 

In chapter 5, we applied the phase transfer entropy (PTE) as a measure of directed information 

flow between brain areas to resting-state MEG recordings in AD patients and healthy controls. As 

predicted by our hypothesis, we found that in comparison with healthy controls, AD patients 

showed disrupted information flow from posterior hub brain areas to frontal and subcortical 

areas only in the beta band. Similar disrupted information flow patterns in AD patients have been 

found in previous EEG studies. However, by using source-space MEG data, the effects of reference 

choices and volume conduction in EEG can be reduced. Therefore, our MEG-based study that 

showed disrupted directional information flow pattern in AD can be better utilized to explain the 

pathophysiological mechanism in AD. 

 

In chapter 6, we proposed a novel effective connectivity measure, HVG-TE, to characterise the 

direction of information flow in 21-coupled Rössler attractors and 21-channel EEG brain networks 

in 20 healthy controls. In this study, we showed that the HVG-TE is robust to different levels of 

coupling strengths between the coupled Rössler attractors, a wide range of time delays, different 

sample sizes, the effects of noise and volume conduction, and the choice of reference for EEG 

data. Although both HVG-TE and PTE are robust to the aforementioned methodological factors, 

HVG-TE was shown to outperform PTE in two aspects. Firstly, compared with PTE, we found that 

HVG-TE could consistently detect stronger posterior-to-anterior information flow patterns in the 

alpha-band (8-13 Hz) EEG brain networks for three different references. Secondly, in contrast to 

PTE, the HVG-TE does not require an assumption on the periodicity of input signals, therefore it is 

more widely applicable (e.g., also for non-periodic signals). 
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Finally, the main conclusions of these studies are: 

• TAHC, one of the first tree-clustering methods, provides a definition and an algorithm for the 

detection of clusters in trees, and reveals important underlying hierarchical MST clustering 

structure contained in weighted networks. 

• The EEG study showed different functional connectivity and network topology in bvFTD and 

AD, indicating different pathophysiological mechanisms in the two types of dementia. This 

study also provides a standard and unbiased framework to study frequency-specific 

functional connectivity and network analyses not only in dementia, but also in other brain 

disorders. 

• The MEG multiplex network study demonstrated that the hippocampus and posterior hub 

regions were preferentially affected in AD. The hub vulnerability of these regions correlated 

positively with cognitive deterioration and abnormal accumulation levels of amyloid-beta 

plaques in cerebrospinal fluid, which may augment the underlying neuropathological cascade 

in Alzheimer’s disease. 

• The application of PTE to source-space MEG data unbiasedly characterises the disrupted 

information flow pattern between posterior hub brain regions and frontal and subcortical 

brain areas, which could potentially explain the underlying pathophysiological mechanism in 

AD. 

• Transfer entropy can also be based upon the degree sequence of the horizontal visibility 

graph. HVG-TE does not require an assumption on the periodicity of input signals, therefore 

outperforms PTE. HVG-TE is a novel effective connectivity measure, which can be used to 

estimate the direction of information flow in simulated and experimental functional brain 

networks without the biases of aforementioned methodological factors.  
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GENERAL DISCUSSION 

In this dissertation, I have introduced new measures for the estimation of effective connective 

and tree clustering, and demonstrated that the application of the new measures and other novel 

approaches such as the multiplex framework to EEG- and/or MEG-based brain networks in AD 

patients, bvFTD patients, SCD subjects and healthy controls can provide important insights in 

understanding the underlying pathophysiological mechanisms of the two types of dementia. 

However, apart from these interesting findings, there are several concepts, methodological issues 

and potential implications with respect to method development and application to the field of 

EEG- and MEG-based brain network analysis that warrant further discussion.  

 

Tree-clustering measure: TAHC 

Detecting modules in a network and estimating the quality of a partitioning of a network are 

generally difficult problems (Fortunato, 2010; Newman, 2012). To date, there is no widely 

accepted modular measure that could accurately partition all networks into modules given 

related structural and functional data (Sporns and Betzel, 2016). The MST is an important 

transport backbone of the original weighted graph (Jackson and Read, 2010) and the 

transportation in weighted graphs is dominated by their MSTs (Van Mieghem and van Langen, 

2005; Van Mieghem and Magdalena, 2005; Wang 2008). Moreover, previous modelling (Tewarie 

et al., 2015) and experimental brain network studies (Stam et al., 2014b) have demonstrated that 

the MST is a sensitive and practical tool to overcome methodological problems in network 

comparisons (van Wijk et al., 2010). It is important to investigate whether the MST contains 

information about clusters in the underlying weighted network and whether these clusters can 

be detected in minimum spanning trees. Most clustering methods rely on the optimization of an 

objective metric (for example, the modularity), which has been shown to suffer from the 

resolution limit (Fortunato and Barthélemy, 2007). However, the MST is a maximally sparse 

connected graph, which is not conventionally considered to possess clustering structure 

(Fortunato, 2010) and the detection of clusters in MST is highly subject to the problem caused by 

resolution limit. Therefore, there is a strong need to develop a tree clustering method. 

 

In chapter 2, we first proposed a definition for clustering in trees and developed a new tree 

agglomerative hierarchical clustering (TAHC) method (Yu et al., 2015). To avoid the problem of the 

resolution limit, we did not evaluate the hierarchical clustering results by optimising any objective 

metrics. Instead, we first defined star-motif and line-motif clustering structure in trees, and then 

identified these motifs by applying a standard agglomerative hierarchical clustering algorithm 

(SAHCG) to the geodesic distance matrix. Of note, the utilization of geodesic distance (the 

number of links in the shortest path between two nodes) matrix instead of the original adjacency 

matrix is a crucial choice in tree clustering, because previous studies (Girvan and Newman, 2002; 

Newman and Girvan, 2004; Newman, 2012) have shown that simply applying SAHCG to the 

original adjacency matrix could not obtain ideal clustering results. As the original adjacency 

matrix does not contain information on the location of each node, using SAHCG, structural 

equivalent nodes tend to be clustered but without considering the geodesic distance between 

them (Fortunato, 2010). As a consequence, even two remote nodes are likely to be connected 

earlier than two nearby nodes, which may lead to erroneous clustering results. This problem 
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could be solved by using the geodesic distance matrix as an input to the SAHCG. In contrast to 

two widely-used clustering methods: GN algorithm (Girvan and Newman, 2002) and Louvain 

method (Blondel et al., 2008), we demonstrated that TAHC method does not suffer from the 

resolution limit by detecting clusters in two artificial trees consisting of star-motifs and 

line-motifs. Using the TAHC method, we also successfully identified clusters in the MSTs of two 

widely-used weighted social networks (Zachary’s karate club network and Les Misérables 

network). The clusters detected by the MSTs of the two weighted social networks are almost 

perfectly overlapped with the clusters in the original weighted graphs. Therefore, we concluded 

that MSTs contain information about the clustering in the underlying weighted networks, and the 

clusters in MSTS could be detected by the TAHC method. After validation of the accuracy and 

applicability of the TAHC method, we applied this tree-clustering method to investigate the 

hierarchical clustering organization in brain networks.  

 

Different alpha-band functional network topologies in AD and bvFTD 

In chapter 2, we studied the functional network topologies using MSTs in AD, bvFTD patients and 

SCD subjects across four different frequency bands: delta (0.5-4 Hz), theta (4-8 Hz), alpha (8-13 

Hz), and beta (13-30 Hz). We showed that alpha-band MST network topologies changed 

differently in AD and bvFTD patients compared with SCD subjects at three different levels: 1) 

global MST network properties; 2) nodal MST network centralities; 3) hierarchical clustering 

organizations.  

 

Firstly, global MST network measures showed that compared with SCD subjects, alpha-band MSTs 

in AD showed a decentralized line-like tree configuration; in contrast, bvFTD patients preserved 

the star-like tree topologies also seen in SCD subjects. For AD, the decentralized line-like tree 

configuration was characterised by longer diameter and higher eccentricity compared with SCD 

subjects, and lower global centrality metrics (degree and betweenness centrality), leaf fraction 

and Kappa (quantifies the existence of scale-free degree distribution) compared with both bvFTD 

and SCD subjects. Previous functional brain network studies have shown that compared with 

healthy controls, AD is characterised by a loss of small-world features, but quantified by 

inconsistent results: longer (beta-band EEG: Stam et al., 2007a), shorter (alpha-band MEG: Stam 

et al., 2009; alpha- and gamma-band EEG: de Haan et al., 2009) or normal (fMRI: Supekar et al., 

2008) characteristic path length; lower (fMRI: Supekar et al., 2008; alpha-band MEG: Stam et al., 

2009; alpha- and beta-band EEG: de Haan et al., 2009) and normal (Stam et al., 2007a) clustering 

coefficient. Recently, one modelling study (Tewarie et al., 2015) has shown that path length is 

highly correlated with MST diameter, and highly anti-correlated with MST leaf fraction and 

degree in both rewired regular and scale-free networks. Therefore, our results of global MST 

metrics in AD were comparable and consistent with those in Stam et al., 2007a. For bvFTD, the 

unchanged, star-like tree topologies similar to SCD subjects, were discordant with results in de 

Haan et al., 2009 (EEG) and Agosta et al., 2013 (fMRI). In particular, in the two previous studies 

(de Haan et al., 2009; Agosta et al., 2013), the network assortativity was higher in bvFTD 

compared with controls, but was not altered in our study. Although the inconsistence among 

studies for both AD and bvFTD could be due to the utilization of different modalities (EEG, MEG 

and fMRI) or different functional connectivity measures, one previous modelling study (van Wijk 

et al., 2010) has demonstrated that conventional network metrics suffer from network 



 

164 
 

comparison problems across different groups and conditions. As MST metrics do not suffer from 

the methodological biases in network comparison (Stam et al., 2014b; Tewarie et al., 2015), 

compared with previous studies, our results are more reliable. Therefore, by synthesising the 

existing evidence, we conclude that the global network efficiency quantified by reliable global 

MST metrics was disrupted in AD patients, but preserved in bvFTD.  

 

Secondly, the nodal efficiency measured by MST network centralities (nodal degree, betweenness 

centrality and eccentricity) showed that AD and bvFTD targeted different MST hub regions: the 

nodal efficiency was attenuated in poster brain areas, but enhanced in frontal regions; bvFTD 

mainly influenced frontal regions. The selective disruptions of hub areas in AD and bvFTD were 

relatively consistent among studies with different modalities using different connectivity and 

network metrics (Stam et al., 2009; Buckner et al., 2009; Seeley, 2008; Zhou et al., 2010; for 

reviews, see Tijms et al., 2013; Stam, 2014a). This topic will be further discussed in later section 

of multiplex network analysis in AD. 

 

Thirdly, we used the tree-clustering method (TAHC method) developed in chapter 1 to 

differentiate the hierarchical clustering topologies of EEG functional brain network between AD 

and bvFTD patients. Normal brain functions have been believed to be supported by the optimal 

balance between information integration (hubs) and segregation (clusters) (Sporns, 2013; 

Crossley et al., 2013; Sporns and Betzel, 2016). In our EEG study in chapter 2, we found that the 

group-level MST in SCD subjects consisted of three clusters located in frontal, left and right 

posterior regions, respectively. Moreover, the three clusters in SCD subjects were integrated by 

three largest parietal and occipital hubs. In comparison with SCD subjects, AD and bvFTD patients 

possessed different hierarchical clustering organizations: in AD, the anterior and right posterior 

clusters were disrupted; in bvFTD, the frontal clusters were mostly disrupted. The findings of 

disrupted clusters in AD were consistent with the results in one previous MEG study (de Haan et 

al., 2012a). The disruption of anterior and right posterior clusters could be due to the loss of hub 

strength in parietal and occipital brain regions, indicating that in AD the balance between 

information integration (hubs) and segregation (clusters) was disrupted (Sporns, 2013). In 

contrast to AD, bvFTD showed abnormal clustering organization by a disrupted frontal cluster and 

abnormal emergence of long-distance connections between frontal and right posterior regions. In 

healthy brains, the information can be efficiently transferred by short-distance connectivity 

within clusters and by long-distance connectivity between clusters as shown in the SCD subjects. 

In bvFTD, the within-cluster connections shown in SCD subjects were absent, which decreases the 

efficiency of information processing within frontal areas. The abnormal long-distance 

connectivity was formed between spatially remote brain regions in bvFTD, which could support 

direct and efficient information transfer between these areas. The existence of the “efficient” 

long-distance connectivity might explain why the global efficiency of MSTs was conserved in 

bvFTD. However, the long-distance connectivity was formed at the expense of the disruption of 

frontal hubs and cluster, which disrupts the economic trade-off between minimizing costs 

(high-cost hubs and long-distance connections/connectivity) and efficiency of information 

processing (Bullmore and Sporns, 2012).  

 

Disruption of multiplex hubs in AD and its relation to cognitive function and CSF 
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biomarkers 

It is increasingly acknowledged that multiplex network and single-layer networks possess 

different properties in terms of network topology and dynamics (Kurant and Thiran, 2006; 

Buldyrev et al., 2010; Kivelä et al., 2014; Boccaletti et al., 2014; Havlin et al., 2015). Although 

single-layer network analyses have been performed extensively and have provided important 

insights in understanding the structure and function of the healthy and diseased brain, multiplex 

network analysis still remains at an initial stage in the field of brain network analysis (Brookes et 

al., 2016; Tewarie et al., 2016; De Domenico et al., 2016; Yu et al., 2017). Therefore, it is 

necessary to apply the multiplex network measures to both structural and functional brain 

networks using different modalities. 

 

  Although previous frequency-specific MEG studies (Brookes et al., 2011; Hillebrand et al., 2012; 

Hipp et al., 2012; Hall et al., 2014; Baker et al., 2014) have identified similar resting-state 

networks (RSNs) derived by fMRI in healthy controls (Damoiseaux et al., 2006; Smith et al., 2009; 

for review, see Fox and Raichle, 2007; Smith et al., 2013; Buckner et al., 2013), the prominent 

hubs located in the posterior midline (precuneus) and hippocampus were usually absent. In 

chapter 3, using a multiplex network framework, we not only detected the hub areas located at 

medial temporal lobe (left hippocampus), posterior default model network (right precuneus, 

superior and inferior parietal regions) and visual cortex (left superior, middle, and inferior 

occipital cortex) in healthy controls, but more importantly showed that these hub areas were 

disrupted in AD patients. The vulnerability of the hippocampus and posterior DMN in AD patients 

has been consistently reported in previous structural (DTI and MRI) and functional (PET and fMRI) 

neuroimaging studies (Greicius et al., 2004; Supekar et al., 2008; Buckner et al., 2009; Lo et al., 

2010; Crossley et al., 2014). However, these disrupted hub areas in AD were not present by 

performing frequency-specific analysis in chapter 3, and in previous frequency-specific MEG 

studies (Stam et al., 2009; de Haan et al., 2012a; Canuet et al., 2015). These results indicate that 

multiplex network analysis in MEG may capture similar neurophysiological mechanisms to other 

modalities (PET, DTI, MRI and fMRI), which facilitates directly comparisons across different 

modalities. More importantly, integrating frequency-specific MEG functional networks into a 

framework of multiplex networks provides more information in support of the theoretical 

prediction that hub regions are particularly vulnerable in AD than only considering individual 

frequency-specific networks. Therefore, compared with frequency-specific analysis, MEG-based 

multiplex network analysis is more promising to become a biomarker to diagnose Alzheimer’s 

disease. 

 

  The nodal heterogeneity or the diversity of connectivity patterns across layers could be 

quantified by the multiplex participation coefficient. In chapter 3, we found that the disrupted 

hub areas in AD have different connectivity patterns in different frequency-specific layers, 

indicating that they played different functional roles across layers. For instance, the posterior 

DMN regions shifted from peripheral hubs in healthy controls to connector non-hubs in AD 

patients; the left hippocampus and superior parietal cortex were equally participating in each 

layer in both groups; the three occipital regions had different connectivity patterns in different 

frequency bands in both groups. Therefore, the framework of multiplex network could not only 

evaluate the overall importance of each node in the multiplex networks, but also characterise the 
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diversity of connectivity patterns across layers. 

 

  Normal cognitive function and behaviour are believed to be supported by optimal topology 

and dynamics of brain networks (Bressler and Menon, 2010; Smith et al., 2013; Petersen and 

Sporns, 2015; Mišić and Sporns, 2016), the specific disruptions of which accounts for different 

types of brain disorders (Schnitzler and Gross, 2005; Buckner et al., 2008; Bassett and Bullmore, 

2009; Stam, 2014a). In chapter 3, we have also reported that in AD patients the cognitive 

dysfunction measured by MMSE scores was correlated to the vulnerability of the hub areas in 

right precuneus and left hippocampus quantified by multiplex centrality metrics. The posterior 

DMN, especially precuneus, plays a particularly prominent structural and functional role in 

healthy brains (Hagmann et al., 2008; Gong et al., 2009), and is involved in cognitive processes 

such as episodic memory and self-referential processing (Fransson and Marrelec, 2008;Cavanna 

and Trimble, 2006). Therefore, the disruption of the nodal efficiency in the precuneus may lead to 

the abnormal cognitive performances in AD patients (Lehmann et al., 2013). Moreover, the 

hippocampus acts as a convergence zone in the large-scale functional connectome (Mišić et al., 

2014). The prominent role of hippocampus in memory processing might explain why the 

disruption of its hub property could lead to the early memory disturbances in AD patients (Allen 

et al., 2007; Eichenbaum et al., 2007; Battaglia et al., 2011). 

 

  As mentioned in chapter 1, according to the International Working Group-2 (IWG-2) criteria in 

2014 (Dubois et al., 2014), CSF biomarkers, including CSF amyloid-β42, p-Tau and Tau are 

widely-accepted pathophysiological biomarkers for the diagnosis of Alzheimer’s disease. In 

particular, the level of CSF amyloid-β42 is decreased in AD patients compared with healthy 

controls. In chapter 3, we showed that abnormal levels of CSF amyloid-β42 were positively 

associated with the disruption of hub areas in the multiplex brain networks. The results in our 

MEG multiplex network study are consistent with those in previous MEG and fMRI resting-state 

functional connectivity studies, which reported that MCI or AD patients with abnormal CSF 

amyloid-β42 show decreased functional connectivity of the medial temporal regions and 

posterior DMN regions (Canuet et al., 2015; Wang et al., 2013). Moreover, a previous PET amyloid 

imaging study has demonstrated that amyloid-β42 deposition in AD patients is preferentially 

located in cortical hub areas in DMN (Buckner et al., 2009). Our multiplex network study provides 

a possible link between disrupted functional brain networks and underlying pathophysiological 

mechanisms in AD. Furthermore, high amyloid-beta deposition in posterior hub regions 

(particularly DMN) has not only been found in Alzheimer’s disease (Buckner et al., 2009), but also 

in mild cognitive impairment (Drzezga et al., 2011; Canuet et al., 2015) and also in older healthy 

subjects (Sperling et al., 2009; Drzezga et al., 2011). In chapter 3, the recruited AD patients were 

relatively young (60.6±5.4 years), which indicates the potential ability of multiplex centrality 

metrics to diagnose early-phase Alzheimer’s disease. To promote early diagnosis and intervention 

of Alzheimer’s disease, it is also important to investigate whether the predictability of multiplex 

centrality metrics to locate the brain regions with abnormal level of CSF and/or PET amyloid-beta 

or p-Tau and Tau deposition in Alzheimer’s disease can be applied to individuals with mild 

cognitive impairment and healthy elders.   

 

  On the other hand, hubs and modules are believed to respectively support functional 
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integration and segregation of neural information (Sporns, 2013), the balance of which is 

essential for normal brain functions (Bullmore and Sporns, 2012; Sporns and Betzel, 2016). 

Disrupted multiplex hubs in AD have been shown in chapter 3, however the multiplex modular 

structure in AD has not been studied. A previous MEG frequency-specific modular study has 

reported that the posterior DMN module was disrupted in AD, which was also correlated with 

cognitive decline in AD (de Haan et al., 2012a). Multiplex modular structure has been recently 

defined (Mucha et al., 2010; De Domenico et al., 2015b) and identified in healthy subjects using 

fMRI data (Bassett et al., 2013; Cole et al., 2014; Braun et al., 2015), which would be of interest to 

be applied in multiplex AD networks using MEG and other modalities in future studies.  

 

Frequency-specific alterations of functional connectivity in AD and bvFTD 

In chapter 2, we showed that EEG-based functional connectivity assessed with the phase lag 

index (PLI) in AD and bvFTD was frequency-dependent. In comparison with SCD subjects, AD 

patients consistently showed lower functional connectivity over most brain regions across 

different EEG (Stam et al., 2007a; Pijnenburg et al., 2008; de Haan et al., 2009; Engels et al., 2015; 

Yu et al., 2016) and MEG studies (Stam et al., 2006, 2009), which supports the concept of 

Alzheimer’s disease as a disconnection syndrome (Geschwind, 1965a, b; Delbeuck et al., 2003; 

Catani and ffytche, 2005; Stam, 2014a; Fornito et al., 2015). In AD patients, compared with bvFTD 

patients, the functional connectivity was higher over frontal and posterior regions in the theta 

band, but lower over the posterior regions in the alpha band. These results are in line with a 

previous EEG (Pijnenburg et al., 2008) study. However, previous fMRI studies (Greicius et al., 

2004; Zhou et al., 2010, 2014; Hafkemeijer et al., 2015) reported that the functional connectivity 

in AD patients was enhanced in the salience network (DN) located in the frontal lobe, but 

attenuated in the posterior component of default mode network (DMN); bvFTD showed the 

inverse pattern, with reduced DN, but enhanced DMN connectivity. Our EEG study found 

analogous results to these fMRI studies, but divided over two frequency bands. Therefore, to 

differentiate AD with bvFTD using EEG, it is necessary to investigate functional connectivity in 

different frequency bands.  

   

  Of note, in chapter 2, we found that the functional connectivity in bvFTD was different from 

SCD subjects: higher over central regions in the delta band, but lower over left temporal regions 

in the alpha band. These results are quite valuable, as previous studies have shown that the EEG 

in bvFTD remains normal or only mildly disturbed until late in the course of disease (Neary et al., 

1998, 2005; Pasquier et al., 1999; Stam, 2011). Moreover, a previous EEG functional connectivity 

study could not find abnormal functional connectivity in bvFTD patients (Pijnenburg et al., 2008). 

The inconsistence could be explained by the use of different functional connectivity measures. In 

Pijnenburg et al., 2008, synchronization likelihood (SL; Stam and van Dijk, 2002) was used to 

quantify the functional connectivity, the results of which could have been influenced by the 

notorious biases due to volume conduction and activity from common source (e.g. reference 

effects). However, in chapter 2, the functional connectivity detected by PLI was relatively more 

reliable than that by SL, as PLI could largely reduce these biases (see the detailed discussion in 

Methodological considerations). Previous MEG source (Hughes et al., 2011) and effective 

connectivity (Hughes et al., 2013) studies reported disrupted functional connectivity in 

fronto-parietal network in patients with bvFTD, which is in line with our EEG study in chapter 2. 
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Furthermore, inconsistent findings of functional connectivity in parietal brain areas (mainly in the 

DMN) between bvFTD and controls were also found in fMRI studies (Zhou et al., 2010; Filippi et 

al., 2013; Farb et al., 2013; Hafkemeijer et al., 2015). The functional connectivity in the DMN was 

higher in bvFTD patients in Zhou et al., 2010, Farb et al., 2013 and Chiong et al., 2013, but was 

lower in Filippi et al., 2013 and Hafkemeijer et al., 2015, compared with healthy controls or SCD 

subjects. Recently, one study (Lee et al., 2014) has shown that the inconsistence in fMRI studies 

may be explained from a genetic point of view: bvFTD patients with and without C9orf72 

mutation carriers respectively exhibited increased and decreased DMN connectivity compared to 

healthy controls. However, as different neuroimaging modalities (EEG, MEG and fMRI) and 

different control group (healthy controls versus SCD subjects) were used, drawing ultimate 

conclusions on whether and how functional connectivity in DMN in bvFTD is altered is still not 

possible.  

 

  In addition to the reliability of PLI-based functional connectivity, phase synchronization is 

believed to play important roles in neural communication (Varela et al., 2001; Siegel et al., 2012), 

neural plasticity (Axmacher et al., 2006; Jutras and Buffalo, 2010), many cognitive processes 

(Sauseng and Klimesch, 2008), in particular working memory and long-term memory (Fell and 

Axmacher, 2011). Delta oscillations are important for attentional and syntactic language 

processes (Harmony, 2013). Theta oscillations can be found in both cortical areas and the 

hippocampus, the phase synchronization of which is often involved in multiple memory processes 

(Rutishauser, 2010; Fell and Axmacher, 2011). Moreover, alpha-band phase synchronization has 

been showed to possess similar physiological reactivity as theta in working memory tasks 

(Klimesch et al., 2005), governs sensory information processing (Sadaghiani et al., 2012; 

Klimesch, 2012) and support attentional and executive functions (Palva and Palva, 2007, 2011). 

Therefore, the observed abnormal delta-, theta- and alpha-band PLI- or phase-based functional 

connectivity in AD and/or bvFTD may associate with the perturbed cognitive/executive functions 

in the two types of dementia. In future studies, it would be interesting to investigate the potential 

relationships between frequency-specific PLI-based functional connectivity and 

cognitive/executive functions in AD and bvFTD. 

 

Direction of information flow in AD patients 

Functional connectivity captures the strength, or consistency, of functional interactions between 

spatially separated and functionally specialized regions, but not the direction of these 

interactions or information flow patterns. Effective connectivity accounts for both strength and 

direction of information flow between pairs of neuroimaging (e.g. fMRI) or neurophysiological 

(e.g. EEG and MEG) time series (Friston, 1994, 2011). Currently, a variety of measures have been 

developed to estimate effectivity connectivity. In principle, there is no gold standard to determine 

which measures are more applicable to estimate effective connectivity without the consideration 

of methodological issues for specific time series. 

 

  In a recent study (Lobier et al., 2014), a phase-based effective connectivity measure, phase 

transfer entropy (PTE) has been proposed. PTE outperforms other effective connectivity 

measures in terms of its robustness to the effect of noise (Granger Causality: Granger, 1969), 

requirements of stationarity and sample size of time series, the choice of several parameters 
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(time delay, embedding dimension and bin size) (transfer entropy: Schreiber, 2000; symbolic 

transfer entropy: Staniek and Lehnertz, 2008), effect of volume conduction in EEG or field spread 

in MEG (Granger Causality: Granger, 1969), and effect of different references in EEG (Granger 

Causality: Granger, 1969; phase slope index: Nolte et al., 2008; directed phase lag index: Stam 

and van Straaten, 2012b). Therefore, in our previous studies, we have applied PTE to investigate 

the information flow pattern in EEG- and/or MEG-based healthy and/or demented brain 

networks. In a source-space MEG study (Hillebrand et al., 2016), we have observed 

posterior-to-anterior patterns of information flow from the highly-connected hub areas in 

posterior DMN and visual cortex to the regions in frontal lobe in the higher-frequency bands 

(alpha1, alpha2, and beta band) and inverse anterior-to-posterior patterns between these regions 

in the theta band. Therefore, the subsequent questions are how these information flow patterns 

are disrupted in Alzheimer’s disease, whether the disrupted hub areas detected in previous 

chapters (Yu et al., 2016, 2017) are involved and whether these disruptions are related to 

cognitive performance and underlying pathological mechanism. 

 

In chapter 4, in line with our hypothesis, we showed that the posterior-to-anterior information 

flow quantified by dPTE in the beta band in the healthy controls was disrupted in AD patients. 

Particularly, the beta-band long-range information flow from the posterior DMN (e.g. precuneus) 

and the visual cortex, towards frontal and subcortical structures, was significantly decreased in 

AD. The observed beta-band disruption of information flow is in line with previous EEG-based 

effective connectivity studies using PTE (Dauwan et al., 2016) and another measure (Babiloni et 

al., 2009). Of note, the disrupted information flows in AD were shown not only between cortical 

regions, but also between cortical and subcortical regions. Compared with the previous MEG 

study (Hillebrand et al., 2016), the study in chapter 4 added additional knowledge about 

information flow patterns with subcortical structures, and therefore indicated the importance of 

consideration of deep sources in AD. The disruption of information flow was only shown in the 

beta band, not in other frequency bands, indicating the strong frequency-dependent alterations 

on information flow in AD. Oscillations in the beta band are thought to achieve transfer of 

packets of specific information among relatively discrete populations (Freeman, 2003). The 

observed disruption of long-range information flow in the beta band is not a coincidence, but a 

consequence of disruption of long-range anatomically neuronal connections between specific 

regions in AD (He et al., 2008). Although previous EEG studies (Dauwan et al., 2016; Babiloni et 

al., 2009) also showed alpha-band disrupted information flow in AD, the results of our MEG 

source-space study is relatively more reliable, because MEG does not have the potential bias due 

to reference in EEG. In this study, no significant correlations were found between the disrupted 

information flow and cognitive performance (measured by MMSE scores) and CSF biomarkers. 

However, as posterior DMN (particularly precuneus), plays an important role in episodic memory 

and self-referential processing (Fransson and Marrelec, 2008;Cavanna and Trimble, 2006), we 

believe that the disrupted beta-band information flow involving posterior DMN could have 

potential relationships with perturbed cognitive functions in AD patients.  

 

A new effective connectivity measure: HVG-TE 

Information theory has provided a powerful theoretical framework for the estimation of 

functional (Quiroga and Panzeri, 2009) and effective connectivity (Hlaváčková-Schindler et al., 
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2007). Although PTE has been shown to be robust to the aforementioned methodological factors 

(Lobier et al., 2014), for phase-based measures, reliable phase estimation is required. In theory, 

the phase time series should be monotonically increasing in time, which can be achieved only if 

the original signal is approximately periodic or has a single dominant peak in its power spectrum 

(Kantz and Schreiber, 2004). However, reliable phase estimation depends on the signal-to-noise 

ratio (SNR) of time series (Muthukumaraswamy and Singh, 2011), filtering, and downsampling 

approaches. Therefore, there is room for developing a new measure which does not have the 

drawbacks caused by phase estimation.  

 

The horizontal visibility graph (HVG), a family member of the visibility graph (Lacasa et al., 

2008), provides an effective approach to map any time series to a network, where the sample 

times of the original time series and the degree sequences of the HVG have a one-to-one 

correspondence (Luque et al., 2009). The simple topological properties of the VG are able to 

capture the fingerprints of the dynamical process that generated the corresponding time series 

(Luque et al., 2009). The degree sequence of an HVG is a symbolic time series (Luque et al., 2011) 

that can be used as the input time series to transfer entropy (Schreiber, 2000). Of note, the 

degree sequences can be obtained from HVGs without assumptions regarding the periodicity of 

input signals (Luque et al., 2011). In chapter 5, to avoid the potential disadvantages of PTE, we 

proposed a novel effective connectivity measure, HVG-TE (Yu et al., 2017, under review). We 

demonstrated that HVG-TE is not only robust to the aforementioned methodological factors, but 

also seems to outperform PTE in two aspects: 1). HVG-TE showed stronger posterior-to-anterior 

information flow patterns in the alpha-band (8-13 Hz) EEG brain networks and the patterns were 

more robust to the choice of references; 2). HVG-TE does not require the assumption on the 

periodicity of input signals. Compared with PTE, the two advantages of HVG-TE make it more 

widely applicable, not only for simulated and EEG/MEG time series, but for non-periodic signals.  

 

Additional methodological considerations 

There are many methodological issues that need to be taken into account in the field of EEG/MEG 

brain network analysis. Here, we discuss several points which have not been covered in previous 

sections. 

 

Throughout the dissertation (in chapter 2 and 3), we used a phase-based coupling measure, 

PLI (Stam et al., 2007b) to estimate the functional connectivity between pairwise of EEG (Yu et 

al., 2016) or MEG (Yu et al., 2017) channels. Compared with other functional connectivity 

measures, such as synchronization likelihood (Stam and van Dijk, 2002), coherence (Nunez , 1997; 

Srinivasan et al., 2007), phase coherence (Mormann et al., 2000) or phase-locking value (Lachaux 

et al., 1999), and amplitude-based measures (Brookes et al., 2011), both modelling (Stam et al., 

2007b; Porz et al., 2014) and experimental MEG (Hillebrand et al., 2012) studies have shown that 

the PLI is relatively insensitive to the effects of field spread or (primary) signal leakage (Schoffelen 

and Gross, 2009; Brookes et al., 2011). Besides the primary signal leakage, the assessment of 

MEG functional connectivity can also be influenced by the so-called secondary leakage (Palva and 

Palva, 2012). In MEG, a single source produces a signal at multiple recording sites , known as field 

spread, or (primary) signal leakage in source space, which can give rise to spurious estimates of 

functional connectivity (Schoffelen and Gross, 2009). Moreover, this leakage may also result in 
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spurious estimates of connectivity (‘inherited connectivity’ or ‘secondary leakage’) between areas 

surrounding two genuinely connected brain regions (Palva and Palva, 2012). In chapter 3, we 

have demonstrated that the observed group differences of multiplex network measures could not 

be driven or explained by differences in secondary leakage by comparing the mean absolute 

correlations between beamformer weights for each ROI between the two groups (Yu et al., 2017). 

On the other hand, recent studies (Colclough et al., 2016; Liuzzi et al., 2016) have shown that 

amplitude-based functional connectivity measures outperform phase- or coherence-based 

measures (for instance, PLI, Stam et al., 2007b; imaginary part of coherency, Nolte et al., 2004 ) 

with respect to repeatability for individual subjects and reproducibility for group-level 

connectivity estimation. However, currently there is no functional connectivity measure that 

could simultaneously possess high reliability, repeatability and reproducibility. Therefore, for 

functional connectivity studies, it is important and necessary to take the factors mentioned in 

chapter 1 into account. 

 

In chapter 2, we characterised and compared the MST network topologies between the three 

groups at four different levels: firstly, we compared the dissimilarities in group-level MST 

topologies using survival ratios; secondly, we quantified the MST global network properties by 

computing MST global network measures; thirdly, we studied the MST local network properties 

by computing MST nodal network centrality measures; finally, we investigated the hierarchical 

clustering organizations of group-level MSTs by utilizing the tree-clustering method, TAHC 

method. Of note, in this study, each lower-level analysis was performed as post hoc analysis of 

former higher-level analysis. For instance, the MST global network analysis was performed if and 

only if the topological structures of MSTs were significantly different between groups in a specific 

frequency band; the MST nodal network centrality measures were computed when and only 

when the corresponding MST global network measures were significantly different between 

groups. Moreover, permutation testing combined with FDR corrections were performed at each 

of the four levels. Therefore, the study in chapter 2 provides a comprehensive, rigorous and 

reliable framework to investigate the functional brain network topologies covering global, local 

and clustering network properties, which could be generalized and popularised not only for 

dementias, but also for other types of brain disorders.   

 

For dementias, as there is no single measurement which can achieve accurate diagnoses and 

fully characterise the underlying pathophysiological mechanisms (Dubois et al., 2014), it is 

important to associate abnormal network topologies with perturbed brain functions and 

pathophysiological biomarkers in dementias. However, currently in the field of brain network 

analysis, the potential relationships between these variables/measurements are usually 

investigated by simple linear correlation or dependence tests, such as Sprearman’s rank 

correlation and linear regression t-test. Nevertheless, the complexity of brain network topologies, 

clinical phenotypes and pathophysiological mechanisms does not seem to be fully characterised 

and interpreted by simple linear relationships. Therefore, multivariate statistical techniques 

(McIntosh and Mišić, 2013) which are capable to simultaneously capture diversified association 

patterns between phenotypic, pathophysiological and network topographical biomarkers, are still 

largely needed. Instead of linear correlation tests, several advanced measures, such as distance 

correlation (Székely et al., 2007) and randomized dependence coefficient (Lopez-Paz et al., 2013) 
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have been introduced to discover a wide range of functional association patterns among 

multivariate variables. Moreover, recently, machine learning approaches such as random forest or 

support vector machine, have revealed powerful abilities to investigate the relationships between 

neuroimaging/neurophysiological data and other types of data sets (Lemm et al., 2011; Zanin et 

al., 2016). For instance, a recent study (Khazaee et al., 2015) has accurately (100%) classified AD 

patients from healthy subjects by combining fMRI-based network metrics with support vector 

machine. An EEG study has used a random forest classifier to successfully discriminate AD, 

dementia with Lewy bodies and controls by combining EEG network and power measures with 

clinical, neuropsychological, visual EEG, neuroimaging, and cerebrospinal fluid data (Dauwan et 

al., 2016). Furthermore, deep learning, a family of machine learning methods, has shown 

powerful abilities to classify psychiatric and neurologic disorders in neuroimaging studies (Vieira 

et al., 2017). Given its powerful integration capability, combing machine learning with existed 

phenotypic, pathophysiological and network topographical biomarkers can be considered as a 

promising framework for future study of dementias.  

 

Future directions 

This dissertation has presented several studies devoted to the development of new 

functional/effective and network measures, and the application of these measures to functional 

brain network analyses in two types of dementia: AD and bvFTD. However, there are several 

potential research orientations that have not been covered, but are important and interesting to 

be considered.  

 

Firstly, at present, the definition of clustering in trees has been given, the known clustering 

structures in both artificial trees and the MSTs of social weighted networks have been 

successfully detected, and different hierarchical clusters have been found to be disrupted in AD 

and bvFTD patients. However, we have not presented an objective function or metric (for 

example, the modularity) to evaluate the hierarchical clustering results. As trees are most likely to 

suffer from the resolution limit, the widely used modularity which has been shown to suffer from 

the resolution limit cannot be used as the evaluation function in tree clustering. In chapter 2, we 

presented the entire hierarchical dendrograms and obtained clusters by comparing with 

previously reported clustering results of the original weighted networks. In chapter 3, as there is 

no pre-defined clustering structure in EEG networks, we compared the clustering structures 

between three groups after first fixing the number (three) of clusters in all the three groups. 

However, in the field of brain network analysis, the clustering structure is not known in advance, 

and the choice of the number of clusters to be detected is arbitrary. Therefore, future studies 

should develop an objective heuristic to set the threshold for the dendrograms. Moreover, recent 

studies (Power et al., 2013; van den Heuvel and Sporns, 2013) have shown that compared with 

hubs discovered by conventional centrality measures (e.g. degree or betweenness centrality), 

cluster-based hubs (connector and provincial hubs) quantified by within-module degree and 

participation coefficient (Guimerà and Nunes Amaral, 2005) are of more interest in the brain 

network field. For instance, recently, a large fMRI study using the BrainMap database including 

9,208 experiments of 77 cognitive tasks, has shown that connector hubs are mainly located in 

brain regions associated with many different cognitive functions (Bertolero et al., 2015). 

Importantly, this study also demonstrated that these connector hubs play an important role in 
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communication between modules that maintains the modular function of the brain. Another 

recent study (Gu et al., 2015) showed that in youth, functional brain network topologies changes 

through a process of modular evolution, in particular the balance between within- and 

between-module connectivity, indicating the importance of studying brain networks at the 

modular level. Importantly, in this study, the changes in modular organizations during the brain 

development were shown to be dominated by specific cognitive roles of each system (such as 

default mode, salience, sensorimotor, cognitive control, memory, and attention systems), 

confirming that modules in functional brain networks support specific cognitive functions 

(Crossley et al., 2013; Sporns and Betzel, 2016). In chapter 3, no significantly different nodal 

efficiency measured by conventional centrality measures was found between bvFTD and SCD 

subjects. Therefore, in future studies, it might be interesting to investigate whether the 

cluster-based hubs and the within- or between-module connectivity were disrupted in bvFTD 

patients compared with controls.  

 

Secondly, as mentioned before in chapter 1, bvFTD and AD patients also show different clinical 

symptoms. For instance, typical AD patients usually have impaired performance on episodic 

memory tests, but patients with bvFTD present with social-emotional functioning and personality 

change. Our study in chapter 3 did not perform correlation analyses between MST measures and 

memory or other cognitive functioning tests. In the future, it would be of interest to explore 

whether the impaired and preserved performance on cognitive and/or social-emotional functions 

in AD and bvFTD could be explained by the different changes on functional brain network 

topologies in the two types of dementia. 

 

Thirdly, one recent multiplex network fMRI study (De Domenico et al., 2016) showed that the 

locations of multiplex hubs are not completely the same to those in typical- and full-band fMRI 

networks. The inconsistent findings may also due to the methodological problems with respect to 

network comparisons between groups. In chapter 5, we have shown that MST measures could be 

used to characterise and compare in an unbiased way the network topologies between groups. 

However, for multiplex network analysis, there is no valid way to unbiasedly compare multiplex 

network measures yet. Therefore, there is a great need to construct multiplex MSTs or forest for 

unbiased comparisons of multiplex network measures across different groups or conditions. 

 

Fourthly, in healthy brains, the pattern of functional networks is largely determined by the 

underlying structural networks (Honey et al., 2007, 2009; Deco et al., 2009; Ponten et al., 2010; 

Vértes et al., 2012; Ercsey-Ravasz et al., 2013; Stam et al., 2015; Schnidt et al., 2015; Mišić et al., 

2015, 2016; Betzel et al., 2016). However, the essential relationship between structural and 

functional networks in Alzheimer’s disease is largely unknown. In the MEG multiplex network 

study in chapter 3, we found that hub regions in hippocampus and posterior DMN were 

selectively vulnerable in patients with Alzheimer’s disease, which is consistent with the findings 

in previous studies using other neuroimaging modalities (Crossley et al., 2014). The multiplex 

framework allows for the integration of multimodal neuroimaging data, such as functional (MEG, 

PET and fMRI) and structural networks (DTI and MRI) (Sporns, 2014; Muldoon and Bassett, 2017; 

Betzel and Bassett, 2017). In that case, in the future, the interaction between the functional and 

structural networks can be studied under the unified framework of multiplex network by 
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integrating multimodal neuroimaging data, not only for AD patients, but also for healthy controls 

and for other brain disorders. On the other hand, the relationship between structural and 

functional networks in Alzheimer’s disease could be studied by computational network models 

(Ponten et al., 2010; Deco et al., 2011; Canbral et al., 2014; Sporns, 2014; Deco and Kringelbach, 

2014). Previous computational network models have demonstrated that high-cost hub regions 

tend to be more vulnerable in Alzheimer’s disease (Stam et al., 2009; de Haan et al., 2012b; Raj et 

al., 2012). However, until now, aforementioned modelling studies are limited to single-layer brain 

networks. Previous modelling studies have shown that hubs in multilayer networks become 

particularly vulnerable when random cascading failures occurs (Buldyrev et al., 2010) even when 

hubs are protected (Huang et al., 2011). Therefore, there is a strong need for establishing 

multiplex network models to support our experimental findings of hub vulnerability in multilayer 

networks.   

 

Fifthly, the relationships between brain regions across different MEG frequency-specific brain 

networks in AD patients and healthy controls have been studied in chapter 3 using the 

framework of multiplex network. However, functional interactions between frequency-specific 

oscillations of different regions, the so-called cross-frequency couplings have not been 

investigated in this dissertation. Recent studies suggest that cross-frequency couplings (CFCs), in 

particular couplings between low-frequency and high-frequency oscillations, play an important 

role in memory processing (mostly in hippocampus), decision making and learning (Jensen and 

Colgin, 2007; Canolty and Knight, 2010; Helfrich and Knight, 2016). Three types of CFCs, 

cross-frequency phase synchronization (phase-phase CFC; Palva et al., 2005; Siegel et al., 2009; 

Gregoriou et al., 2009; Belluscio et al., 2012), cross-frequency amplitude envelope correlation 

(amplitude- amplitude CFC; Shirvalkar et al., 2010; Brookes et al., 2016) and cross-frequency 

phase-amplitude coupling (phase-amplitude CFC; Canolty et al., 2006; Heusser et al., 2016) have 

been studied. Among the three types of CFCs, phase-amplitude CFCs studies, particularly CFCs 

between theta-phase and gamma power (for review, see Lisman and Jensen, 2013) using 

different neurophysiological modalities, such as intracranial EEG (Axmacher et al., 2010), MEG 

(Heusser et al., 2016) and ECoG (Canolty et al., 2006; Voytek et al., 2015; Lega et al., 2016), have 

reported the important relationships between phase-amplitude CFCs and memory processing in 

hippocampus. A recent fMRI-LFP study (Wang et al., 2012) has also reported the importance of 

phase-amplitude CFCs between signals of local field potentials (LFPs) to modulate the 

resting-state BOLD connectivity, providing electrophysiological basis of fMRI functional 

connectivity. Phase-phase CFCs are also found to be related to short-term memory (Sauseng et 

al., 2008; Siegel et al., 2009) and working memory (Palva et al., 2010; Holz et al., 2010). For 

phase-amplitude CFCs, until now, their functional role remains unclear (Canolty and Knight, 

2010). As mentioned before in chapter 1, amnestic syndrome of the hippocampal type is the 

main phenotype in typical Alzheimer’s disease, therefore it would be of interest to study the 

potential relationships between the three types of CFCs and cognitive dysfunctions, particularly 

the amnestic syndrome in Alzheimer’s disease. In contrast to multiplex brain network, the 

interlayer links of which only connect the same brain regions across different frequency-specific 

layers, a more comprehensive framework, multilayer network (Kivelä et al., 2014; Boccaletti et 

al., 2014; Havlin et al., 2015), can be used to study the different types of CFCs. Recent MEG 

(Brookes et al., 2016) and modelling studies (Brookes et al., 2016) have shown that the multilayer 



 

175 
 

network framework is useful to characterise neural network formation and dissolution, and has 

confirmed the disconnection syndrome of schizophrenia. Therefore, the multilayer network can 

be used as a promising framework to study the CFCs, and their relations to clinical phenotypes 

and pathophysiological biomarkers, not only in Alzheimer’s disease, but for other types of 

dementia. However, of note, despite its potential relevance to cognitive functions, CFC analysis 

suffers from several problems (Aru et al., 2015), which have not been completely solved by 

existing CFC measures (Cohen, 2008; Kramer and Eden, 2013; van Wijk et al., 2015; 

Ardila-Jimenez et al., 2015). For instance, when the neuronal signals are non-stationary, spectral 

correlations between components of the Fourier expansion can be erroneously identified as 

CFCs. Moreover, reliable statistical inference is required to test the statistical significance of CFC 

measures. However, until now, there is no reliable statistical approach which can construct 

surrogate data that can completely destroy the specific cyclo-stationarities, meanwhile keep the 

non-stationarities and non-linearities of the original data. Therefore, reliable CFC measure and 

strict statistical approach should be proposed and applied in future CFC analyses.  

 

Sixthly, in this dissertation, we only considered the static functional/effectivity connectivity and 

brain network organizations built on average connectivity metrics. However, recent EEG/MEG and 

fMRI studies have shown that functional connectivity and network topologies actually change 

over time (for review, see Hutchison et al., 2013). Although until now, it remains unclear whether 

a stationary or dynamic hypothesis can better characterise the underlying brain activities and 

interactions between brain regions, many studies (Hutchison et al., 2013) have shown that it is 

worthwhile to explore the dynamic functional/effective connectivity and network topologies in 

healthy and demented brains. To date, a sliding-window approach has been widely used to 

estimate the dynamics in resting-state functional connectivity. Using the sliding-window 

approach, EEG (Tagliazucchi et al., 2012; Chang et al., 2013), MEG (de Pasquale et al., 2010; 2012; 

2016) and fMRI (Smith et al., 2012; Liu and Duyn, 2013; Allen et al., 2014) studies have 

consistently found that dynamical functional connectivity can reflect more comparable 

connectivity patterns across the three modalities. These studies indicate that dynamical 

functional connectivity may capture the common neurophysiology mechanism underlying 

different modalities (Hutchison et al., 2013), and provide additional insights in understanding of 

dementias. A recent fMRI study (Jones et al., 2012) has found that dynamical functional 

connectivity provides more accurate description of Alzheimer's disease, in particular the 

contributions of posterior DMN and dorsal medial PFC brain regions to brain states are different 

in AD patients compared with healthy controls. The dynamics of EEG-based global functional 

connectivity has also been studied in healthy controls (Stam and de Bruin, 2004) and AD patients 

(Stam et al., 2005). The scale-free dynamics of global functional connectivity in both healthy 

controls and AD patients reflect the self-organized criticality of neural networks in the human 

brain (Stam, 2005; He et al., 2010; He, 2014). However, for dynamical connectivity or network 

analyses, there are many questions remaining to be solved in terms of methodological concerns 

and interpretation (Hutchison et al., 2013; Sporns, 2014). For instance, a recent modelling study 

(Hindriks et al., 2016) has demonstrated that the widely-used sliding-window approach failed to 

detect dynamical functional connectivity when the length of the resting-state sessions is shorter 

than 10 min for fMRI. Although several strategies such as state-based dynamic community 

structure (fMRI; Robinson et al., 2015) and Hidden Markov model (MEG; Baker et al., 2014) have 
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been proposed, the availability and generalizability of these measures need to be further 

validated. Alternatively, would be more straightforward to develop a dynamical 

functional/effectivity measure that is able to directly estimate the nonstationary 

couplings/interactions between recorded signals. One significant advantage of application of such 

dynamical functional/effectivity measure is that there is no need to perform sliding-window or 

other approaches with potential biases. Therefore, although the dynamics of functional 

connectivity and brain networks are of interest for the understanding of dementias, before 

studying them, reliable connectivity measures and analytical framework are still largely needed.  

 

Seventhly, from the literature, information theoretic measures, such as HVG-TE and PTE or 

conditional mutual information based on phase time series (Paluš and Vejmelka, 2003), seem to 

be the most applicable effective connectivity measure in EEG/MEG analysis in comparison to 

other types of measures. However, there is at least one issue remaining to be considered. 

Currently, transfer entropy-based measures are usually bivariate, which assume that a source 

signal has a causal influence on a target signal if the uncertainty of the target signal conditioned 

on both its own past and that of the source signals is smaller than the uncertainty of the target 

signal conditioned only on its own past. In other words, in transfer entropy-based measures, the 

computation of effective connectivity between two time series only depends on one target and 

one source signal. However, in the field of brain network analysis, it is widely known that the 

interactions between brain areas are not bivariate. Actually, when performing complicated tasks, 

or even in resting-state condition, many of our brain regions are involved, coordinated and 

cooperating together. In this case, only considering the causal interactions between two brain 

regions is not enough, or even incorrect. Therefore, developing multivariate transfer 

entropy-based measures which simultaneously considering multivariate causal interactions 

between more than two signals is largely needed in both task-related and resting-state network 

analyses. Moreover, for source-space MEG data, the assessment of functional connectivity could 

also be influenced by the so-called secondary leakage. Multivariate transfer entropy-based 

measures could provide promising solutions to accurately detect the underlying genuine effective 

connectivity. 
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Nederlandse samenvatting  

Het doel van deze thesis was tweeledig: ten eerste, het ontwikkelen van nieuwe methoden om de 

richting van de informatie stroom tussen twee tijdsreeksen te schatten (een effectieve 

connectiviteitsmaat (Horizontal Visibility Graph-Transfer Entropy (HVG-TE)) en het ontwikkelen 

van een clusteringsmethode om de hiërarchisch clusterstructuur in ‘Minimum Spanning Trees’ 

(MST's) te detecteren; ten tweede, om de HVG-TE (of de Phase Transfer Entropy (PTE)), MST 

maten, TAHC en multiplex netwerkmaten toe te passen op EEG en/of MEG data van patiënten 

met de ziekte van Alzheimer (AD) en de gedragsvariant van Frontotemporale Dementie (bvFTD) 

met als doel inzicht te verwerven in de pathofysiologische mechanismen van deze twee typen 

dementie.  

 

In hoofdstuk 2 hebben wij de "Tree Agglomerative Hierarchical Clustering" (TAHC) voor de 

detectie van clusters in MST’s geïntroduceerd. Het is één van de allereerste onderzoeken die 

clusters in een MST, netwerken met een minimum aan verbindingen, definieert en detecteert, 

waarvan men aanvankelijk dacht dat ze niet-modulair waren. In dit onderzoek bevestigen wij de 

hypothese dat elke MST, die bestaat uit een combinatie van ster- en lijnmotieven, de betreffende 

hiërarchische clusterstructuur bezit door zowel kunstmatige trees (stermotief en "Cayley" trees), 

als MST's van twee gewogen sociale netwerken ("Zachary's karate club netwerk" en het "Les 

Misérables netwerk") te onderzoeken. Verder hebben wij laten zien dat, vergeleken met de 

veelvuldig gebruikte Louvain method, onze TAHC methode geen nadelig effect ondervindt van 

een limiet aan resolutie. Deze studie geeft dus niet alleen aan dat er clusters bestaan in MST's, 

maar ook dat de MST's informatie bevatten over de onderliggende clusters van de originele 

gewogen netwerken. De TAHC methode is dus een veel belovende clusteringmethode voor MST’s 

die kan worden gebruikt om clusters te detecteren en AD en FTD patiënten te vergelijken met 

betrekking tot hiërarchische clusterformaties die zijn afgeleid van gewogen EEG- en MEG- 

netwerken. 

 

Hoofdstuk 3 beschrijft een EEG-studie waarin wij AD patiënten, FTD patiënten en patiënten met 

subjectieve geheugenklachten (‘Subjective Cognitive Decline’, SCD) hebben vergeleken met 

betrekking tot functionele connectiviteit en netwerk topologie. Hiervoor hebben we de volgende 

maten in verschillende conventionele frequentiebanden berekend: functionele connectiviteit 

gebaseerd op de ‘Phase Lag Index’ (PLI), een aantal netwerkmaten gebaseerd op de MST, en 

MST-clustering op basis van de TAHC-methode zoals beschreven in het voorgaande hoofdstuk. 

Wij vonden verschillen tussen AD en FTD patiënten in de delta en alfaband: de AD patiënten 

hadden een lagere functionele connectiviteit, verstoorde hubs en clusters in met name de 

achterste hersengebieden. De verschillen tussen AD en SCD patiënten waren vergelijkbaar met 

die tussen AD en FTD patiënten.  

 

Bij de vergelijking van functionele connectiviteit tussen FTD en SCD patiënten werden 

interessante verschillen gevonden: de globale connectiviteit in de delta band was hoger in FTD 

patiënten evenals de regionale connectiviteit, centraal in de deltaband en links temporaal in de 

alfaband. Bovendien was het frontale cluster verstoord in de FTD patiënten, terwijl in AD het 

rechter posterieure cluster het meest was aangedaan. Met de opzet van de studie hebben wij 



 

179 
 

rekening gehouden met potentiële methodologische problemen die veroorzaakt kunnen worden 

door volume geleiding en activiteit vanuit een gemeenschappelijke bron (door het gebruik van de 

PLI als connectiviteitsmaat), onbetrouwbare vergelijking van netwerken (door het gebruik van 

MST), resolutie problemen bij de detectie van kleine clusters (door gebruik van de 

TAHC-methode), en door multipele statistische testen (door permutatietesten te corrigeren met 

de FDR). De methodologische opzet van deze studie leidt tot een bruikbaar en betrouwbaar 

kader voor onderzoek naar functionele connectiviteit en netwerk topologie bij dementie en 

andere hersenaandoeningen. 

 

In hoofdstuk 4 onderzochten we de functionele hersennetwerken in patiënten met AD in het 

kader van multiplex netwerken. Eerdere frequentie-specifieke netwerkanalyses hebben laten zien 

dat functionele hersennetwerken veranderd zijn bij patiënten met AD, vooral in de alfa en bèta 

banden. Het blijft echter grotendeels onbekend hoe deze frequentie-specifieke 

netwerkveranderingen betrekking hebben op elkaar. Multiplex netwerkanalyse is een nieuwe 

benadering om complexe netwerksystemen te onderzoeken die bestaan uit subsystemen met 

verschillende typen connecties. Hierdoor kunnen de frequentie-specifieke netwerken bij AD in 

één enkel kader onderzocht worden. In overeenstemming met de hypothese hebben wij 

gevonden dat, vergeleken met controles, multiplex hub-regio’s, specifiek de linker hippocampus, 

het posterieure deel van het Default Mode Network (DMN) en occipitale regio’s, kwetsbaar zijn 

bij patiënten met AD. Belangrijk is dat deze gedetecteerde, kwetsbare hub regio’s bij AD niet 

werden gevonden in de individuele frequentie-specifieke netwerken, wat laat zien dat 

MEG-gebaseerde multiplex hersennetwerken belangrijke informatie bevatten welke niet ontdekt 

zou worden met alleen frequentie-specifieke analyses. Verder is er bij patiënten met AD 

aangetoond dat zowel cognitieve functies als CSF amyloid-beta (Aβ42) niveaus positief 

gecorreleerd waren aan multiplex hub-maten. Onze huidige studie is de eerste MEG-studie die 

gebruik maakt van multiplex netwerkmaten en hiermee de prominente hubs in de posterior 

middenlijn (precuneus) en hippocampus in gezonde controles identificeert, waarin eerdere 

frequentie-specifieke elektrofysiologische studies meestal niet slaagden.  

 

In hoofdstuk 5 hebben wij de PTE toegepast als een maat van gerichte informatieflow tussen 

hersengebieden op MEG-registraties in rust bij patiënten met de AD en in gezonde controles. 

Zoals voorspeld in onze hypothese is er gevonden dat, in vergelijking met gezonde controles, AD 

patiënten alleen in de bèta band een verstoorde informatieflow van de posterior hub 

hersengebieden naar de frontale en subcorticale gebieden lieten zien. Eerdere EEG studies 

vonden vergelijkbare verstoorde patronen van informatieflow bij AD. Echter, door het gebruik van 

MEG-data en bronlokalisatie waren de nadelige effecten als gevolg van referentie keuze en 

volume geleiding in EEG-studies verminderd. Daarom kan onze MEG-studie waarmee we 

verstoorde gerichte informatieflow patronen in AD aantoonden, beter gebruikt worden om de 

pathofysiologische mechanismen bij de ziekte te verklaren. 

 

In hoofdstuk 6 hebben wij een nieuwe effectieve connectiviteitsmaat geïntroduceerd, de HVG-TE 

om de richting van informatieflow te karakteriseren. We hebben deze methode getest op 21 

gekoppelde Rössler attractors en 21-kanaals EEG hersennetwerken van 20 gezonde controles. In 

deze studie hebben we aangetoond dat de HVG-TE ongevoelig is voor verschillende 
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koppelingssterktes tussen de Rössler attractors, een groot bereik in vertragingstijden, 

verschillende groepsgroottes, het effect van ruis en volume geleiding en de keuze in referentie 

voor de EEG data. Hoewel zowel de HVG-TE als de PTE bestand zijn tegen de bovengenoemde 

methodologische factoren, presteerde de HVG-TE op twee punten beter dan de PTE. Ten eerste 

vonden we met de HVG-TE een consistent sterker patroon in de posterieur-anterieur 

informatieflow in EEG hersennetwerken (alfaband, 8-13Hz) voor drie verschillende referenties. 

Ten tweede, in tegenstelling tot de PTE, is voor de HVG-TE geen vooronderstelling van 

periodiciteit van de input signalen vereist waardoor deze maat breder toepasbaar is (i.e. ook voor 

niet-periodieke signalen). 

 

De belangrijkste conclusies van dit proefschrift zijn:  

• met de TAHC, één van de eerste MST clusteringmethodes, hebben wij een algoritme voor de 

detectie van clusters in MST-netwerken gedefinieerd. Deze methode blijkt belangrijke 

onderliggende hiërarchische clustering in de MST’s van gewogen netwerken te onthullen. 

• met een EEG studie in hoofdstuk 3 toonden wij aan dat FTD en AD patiënten van elkaar 

verschillen in functionele connectiviteit en netwerk topologie, wat duidt op verschillende 

pathofysiologische mechanismen in de twee typen dementie. Deze studie geeft ook een 

betrouwbaar kader voor het bestuderen van frequentie-specifieke functionele connectiviteit en 

netwerken in dementie en in andere hersenaandoeningen. 

• De MEG multiplex netwerk studie toonde aan dat bij de ziekte van Alzheimer de 

hippocampus en de posterieure hub-regio’s het meest aangedaan zijn. De kwetsbaarheid van 

deze hub-regio’s correleerde positief met cognitieve achteruitgang en abnormale amyloid niveaus 

in het hersenvocht. Deze correlaties hebben wellicht betrekking op de onderliggende 

pathofysiologische cascade van de ziekte. 

• De toepassing van PTE op MEG-data op bronniveau karakteriseert de verstoorde 

informatieflow tussen de posterieure hub-regio’s en frontale en subcorticale hersengebieden. Dit 

kan een mogelijk onderliggend pathofysiologisch mechanisme van de ziekte van Alzheimer zijn. 

• ‘Transfer entropy’ kan ook gebaseerd worden op de degree van de ‘horizontal visibility graph’. 

Voor de HVG-TE is periodiciteit van de input signalen niet vereist, wat een voordeel is boven de 

PTE. De HVG-TE is een nieuwe effectieve connectiviteitsmaat waarmee de richting van 

informatieflow kan worden bepaald in gesimuleerde en experimentele functionele 

hersennetwerken zonder bias door verschillende methodologische factoren te veroorzaken. 
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