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1.   General InTroducTIon

“There are billions of neurons in our brains,  
but what are neurons? Just cells.  

The brain has no knowledge until connections are made  
between neurons. All that we know, all that we are,  

comes from the way our neurons are connected” 

~ Tim Berners-Lee, the founder of the World-Wide-Web ~

This thesis focuses on physiological measurements of brain function in dementia. By way of 
introduction, a short overview on dementia and its causes will be given, some challenges in the 
research field will be described and two measurement techniques for evaluating brain function 
will be introduced. I will review how these techniques are used to evaluate the functioning of the 
brain as a complex network and in the last part of this chapter I will present the aim of this thesis 
as well as a set of specific research questions.

Dementia
People diagnosed with a dementia syndrome suffer from declining mental abilities, which are 
severe enough to interfere with their daily living. Aside from cognitive deterioration, personality 
changes, psychiatric symptoms and motor dysfunction may occur, and together they make 
dementia a major burden, not only for the patients themselves but also for their caregivers and 
loved ones. dementia is a syndrome caused by a wide variety of diseases. The most prevalent 
cause of dementia is Alzheimer’s disease (Ad; McKhann et al., 2011). In this thesis, we will 
contrast brain function in Ad as measured with neurophysiologic techniques with other forms of 
dementia such as frontotemporal dementia (FTd; Rascovsky et al., 2011), Lewy body dementia 
(dLB; McKeith et al., 2005) and progressive supranuclear palsy (PSP; Litvan et al., 1996), because 
they affect different areas of the brain and may involve dysfunction of different networks. We 
will contrast these patients with normal controls, subjects with mild cognitive impairment (MCI) 
and subjects with subjective complaints. The latter group consists of people with a subjective 
noticeable decline from previous level of memory functioning, without evidence on 
neuropsychological testing (Vestberg et al. 2010). MCI subjects have subjective complaints and 
have test scores on one or more cognitive domain below 1Sd of normal, but without interference 
in daily living (Petersen et al., 2001). Individuals suffering from MCI have an increased risk of 
developing dementia and of Ad in case the specific Ad biomarkers (β-amyloid [1–42], total tau 
and phospho-tau-181 [hampel, 2011]) are positive in cerebrospinal fluid (CSF; Shah et al., 2000; 
Farias et al., 2005; okello et al., 2009). MCI is considered a clinical status in between cognitive 
health and dementia (Petersen et al., 2001), which makes research in this patient group extra 
challenging.
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A correct diagnosis of the underlying disease in the earliest stage of dementia is needed to 
inform the patient, guide management and develop rational therapeutic strategies (Scheltens et 
al., 2016). The different forms of dementia come with different sets of symptoms and have 
therefore different diagnostic criteria. In order to correctly classify the dementia type and to 
further our understanding of the different diseases more knowledge on the underlying 
pathophysiological mechanisms is needed. Therefore, there is a need for a method that can 
objectively measure brain function directly.

Resting-state brain physiology: EEG & MEG
The study of human brain functioning started with the development of the electroencephalogram 
(EEG) by hans Berger in the 1930s, which made it possible to measure brain activity in a non-
invasive manner (Gloor, 1994). Later, in 1968, david Cohen introduced the magneto-
encephalogram (MEG; Cohen, 1968). EEG, measuring bioelectric signals, and MEG, measuring 
the biomagnetic signals of the cortical pyramidal neurons partially capture the same underlying 
neurophysiological processes (Malmivuo, 2012; Lopes da Silva, 2013). MEG is most sensitive to 
superficial tangential current sources (hillebrand and Barnes, 2002), whereas EEG is sensitive to 
both radial and tangential sources (okada et al., 1999; Ahlfors et al., 2010). Both EEG and MEG 
have an equivalent temporal resolution; nevertheless, MEG offers superior spatial resolution. 
MEG data is more tractable (i.e. it can more reliably map the sensor data back to brain [solving 
the ‘inverse problem’]) and less sensitive to changes in the boundary between cortex and CSF, 
and therefore suitable for mapping the sensor data back to the brain locations.

It appears that, in the “resting-state” condition, the brain is remarkably active (damoiseaux et 
al., 2006; Greicius et al., 2003). A patient’s brain in resting-state produces neuronal activity that 
goes on while people are awake, but are doing nothing in particular. Interestingly, the resting-
state condition is closely related to cognition. For instance, brain activity produced during rest has 
been linked to intellectual performance (van den heuvel et al., 2009; douw et al., 2011; 2014). 
Furthermore, several studies focusing on diseases in which cognitive deterioration is present have 
shown that brain activity measured during the resting-state was able to distinguish Ad patients 
from healthy controls (for reviews, see Cabral et al., 2014; Tijms et al., 2013; Stam, 2014).

From brain activity towards brain networks
While noticing the opening statement of this thesis (“the human brain is one of the most 
complex structures in the universe”), the obvious question would be: why is our brain so 
complex? From an evolutionary point of view, we can assume that the brain has developed into 
some kind of optimal state rather than a randomly wired structure (Watts and Strogatz 1998). 
This means that brain activity, for instance as measured by the previously mentioned techniques, 
should not only reflect the local activation of (groups of) neurons, but it also reflects the optimal 
interconnectedness of the system. The rationale behind this idea has been perfectly captured by 
the founder of the World-Wide-Web (Berners-Lee, 1999):
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“In an extreme view, the world can be seen as 
only connections, nothing else. 

We think of a dictionary as the repository of meaning, 
but it defines words only in terms of other words. 

I liked the idea that a piece of information is really defined 
only by what it’s related to, and how it’s related. 

There really is little else to meaning. 
The structure is everything.”

Therefore, to capture the complexity of the human brain, the brain can be regarded as a network. 
In Figure 1, the different levels of how brain activity can be studied are captured (adapted from 
Stam and van Straaten, 2012). In this figure, the brain plot on the left represents the individual 
time series (which are, in the case of EEG and MEG, sensors/electrodes or brain areas). The 
middle plot represents the pair-wise functional connections, or connectivity, between brain areas. 
And finally, the plot on the right represents a network of the pair-wise interactions. here, we will 
give an overview of these three levels that can be used to study both EEG and MEG signals.

Level 1: Individual units, exploring the power spectrum
EEG and MEG activity is characterized by oscillations of electromagnetic field potentials at a 
variety of frequencies and methods to obtain the frequency spectrum are widely applied. An 
often-applied method to obtain the frequency spectrum of EEG or MEG signals is a fast Fourier 
transform (FFT). The basic idea of an FFT is that each signal can be represented as the sum of a 
number of perfect sines and cosines. This makes it possible to present a signal in two different 
ways: in a time domain, which is basically the raw signal, or in a frequency domain, which 
consists of the sines and cosines with different frequencies and amplitudes (Nuwer, 1998). 
Traditionally, the frequency domain is subdivided into different frequency bands. By dividing the 
power of a certain frequency band by the total power, the relative power per frequency band can 
be obtained. In this thesis, the signals are filtered into the following frequency bands: delta (0.5-
4 hz), theta (4-8 hz), alpha (8-13 hz), beta (13-30 hz) and, only for MEG, gamma (30-48 hz). In 
Figure 2, the data are filtered in different frequency bands and the frequency spectrum is 
presented. here, a peak frequency (i.e. Frequency with the highest power within a given 
frequency range [usually within the 4–13 hz frequency range])can be identified within the alpha 
range.

Level 2: Pair-wise connections, functional and directional connectivity
Functional relationships between brain areas have been studied extensively in the past decades. 
By calculating the statistical interdependencies between time series of EEG or MEG data, 
functional connectivity can be estimated. one important concept for understanding connectivity 
between brain regions is synchronization. Synchronization in the healthy brain is a delicate 
process characterized by a rapid formation and disappearance of functional connections between 
different brain regions (Stam and van Straaten, 2012). Several measures for functional connectivity 
are available, each with their own advantages and disadvantages (Stam and van Straaten, 2012). 
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Much of the work on synchronization is based upon the notion of phase coupling between pairs 
of harmonic oscillations. In this thesis, we studied functional connectivity using the phase lag 
index (PLI). This measure is based upon the idea that the existence of a consistent, nonzero phase 
lag between two times series cannot be explained by volume conduction from a single strong 
source (Stam et al., 2007). Functional connectivity does not provide information about the 
direction of information transfer between brain areas. If this information is required, directional 
connectivity can be studied (Friston, 2011).

Level 3: Networks of interactions
once the connectivity between each combination of time series is determined, the step towards 
the analyses of complex brain networks can be made. A graph is an abstract representation of a 
network. It consists of a set of nodes and the connections between the nodes. Looking at the 
brain as a complex network may benefit from a multidisciplinary approach, because some fields 
of research have much more experience in analyzing complex networks than the field of 
neuroscience. An example is social network science, in which network analyses have been 
applied to social interactions between people. But also networks of metabolic interaction 
pathways, computer pathways or infrastructure networks are all studied with a similar framework: 
graph theory. The major advantage of this multidisciplinary approach is that developments in one 
field may be directly applicable to another field. The oldest and most famous example of a graph-
theoretical approach to a real-life problem was introduced by the Swiss mathematician Leonhard 
Euler (1707-1783), who solved the problem of the “seven bridges of Konigsberg” (Figure 3). By 
using graph theory, Euler proved that it was impossible to find a continuous path that crosses 
each bridge exactly once in a situation in which starting- and ending point are the same. The 
central idea in graph theory is to represent a complex set of relationships with a set of nodes and 
their connections (Stam, 2014). Euler’s graph focuses solely on the bridges connecting the 
riverbanks while it is not informed by any other physical aspect of Koningsberg, such as the 
length of the bridges or the distance between them and so on. For instance, increasing or 
decreasing, rotating, reflecting or stretching the physical scale, all won’t have an effect on the 
number of bridges connecting any particular island to the rest of the town (Fornito et al., 2016). 
The strength of this idea is its generality: nodes and connections can represent any sort of entity 
and relationship, respectively (Stam, 2014).

Graph theory originally studied small deterministic network topologies (that is, ordered and 
regular networks). Paul Erdös and Alfred Rényi initiated the study of network topologies by the 
introduction of models for large, random graphs (Erdös and Rényi, 1960). however, if we regard 
the brain as the result of millennia of optimal development, it is difficult to believe that the brain’s 
topology is random. on the other hand, the brain is also not constructed as an ordered network. 
Therefore, two models have been developed that aimed to resemble the brain in a more realistic 
manner by mixing order and randomness. Watts and Strogatz introduced the small-world 
network, which combines the high clustering (a measure of local connectedness) of a regular 
network with the short path length (the distance between any two nodes) of a random network 
(Watts and Strogatz, 1998). This model randomly rewires the connections between nodes of 
ordered networks. They found that rewiring just a few connections optimizes the network 
topology due to a dramatic reduction in path length whereas the high clustering was more 
resilient. At about the same time, Barabasi and Albert (1999) introduced another model of a 
complete graph, this time by adding connections using a preferential attachment algorithm for 
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high-degree nodes. They called this type of network a scale-free network, which is characterized 
by a power-law degree distribution. This means that some network nodes in a scale-free network 
have a much higher degree (number of connections) than other nodes in the network. The main 
difference between these two models is the way they are constructed (rewiring a lattice network 
in the former versus growing with a preferential attachment to nodes that have a high degree in 
the latter). These models are powerful enough to explain a wide range of empirical phenomena 
that are observed in all sorts of real complex networks, while at the same time they are simple 
enough to enable a deep mathematical understanding: the small-world model is capable of 
explaining the observed clustering in real networks, whereas the latter is able to explain the 
occurrence of high degree nodes as observed in real networks (Stam, 2014).

other scientists picked up graph theory (i.e. to probe the weaknesses of the New York City 
electrical power grid (Phadke and Thorp, 1988) and the social network of the Screen Actors 
Guild (Wasserman and Faust, 1994; Petrella 2011; 2013; Watts and Strogatz, 1998). After the 
successful reconstruction of all neural and synaptic connections in Caenorhabditis elegans (White 
et al., 1986), as well as in the drosophila visual system (Takemura et al., 2013), followed by 
partial reconstructions of a mouse visual cortex (helmstaedter et al., 2013), the human 
connectome has been a major topic of research.

The traditional subdivision of the frequency bands is usually also applied to connectivity- and 
network analyses. This means that the EEG or MEG signals are first subdivided into the different 
frequency bands after which the connectivity matrices are calculated and the networks are 
constructed. Therefore, conventional network analyses are frequency-dependent. however, 
there might be a dependency between frequency bands that is discarded by analyzing the 
frequency bands separately. Multiplex network analysis is a way to integrate the frequency 
specific networks into one framework. herein, each frequency-specific network is regarded as 
one layer in the network, and these layers are interconnected (Kivela et al., 2014; Boccaletti et al., 
2014; havlin et al., 2015). This is a novel way to interconnect the network features of different 
frequency bands into one framework and we will refer to this approach as multilayer networks.

Previous dementia research using neurophysiological measurements
The electromagnetic activity as recorded by EEG or MEG has been studied in the Ad field by 
several researchers before. All three levels of the above described analyses techniques have been 
studied before. For instance, the global oscillatory pattern has found to be slowed down in Ad 
(de haan et al., 2008); the functional connectivity disrupted (Stam et al., 2009); and the global 
network analyses have shown a network disruption in the parietal hub region (de haan et al., 
2012) using MEG measurements. Using EEG, previous researchers showed more disruptions in 
Ad patients with an early disease onset compared to Ad patients with a late disease onset 
(multiple articles, bundled in the Phd thesis by hanneke de Waal). Therefore, a more (spatially) 
detailed research using MEG, together with the application of the latest developments in data 
analyses techniques, as described above, would increase the understanding of neurophysiological 
alterations in Ad. Furthermore, in another Phd thesis by Willem de haan, a selective vulnerability 
of hub regions has been described in Ad patients that requires further investigation. Therefore, 
the present thesis includes early onset dementia patients, as well as other types of dementia and 
MCI patients, analyzed with the state of the art of the current techniques using EEG and MEG 
that will aid the understanding of neuronal mechanisms leading to cognitive deficits.
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General aim
The main rationale of this thesis is to gain more insight into the brain function of patients with 
neurodegenerative dementias. We explored whether the differentiation between patients with 
different forms of dementia and healthy controls can be meaningfully interpreted. In order to 
specify this rationale, several research questions are formulated.

1. how does Ad affect the patterns of oscillatory brain activity and connectivity?
2.  how does Ad, in both the dementia and the pre-dementia state, alter hubs in brain networks?
3.  Can MEG-based oscillatory, connectivity and network measures function as diagnostic 

biomarkers to aid the clinician in memory clinics?

In order investigate these research questions, we interpreted EEG and MEG oscillations in patients 
with dementia at three different levels of signal analyses, as described above. Changes in 
oscillatory signals in patients with dementia is therefore evaluated locally (using spectral analyses, 
level 1), regionally (using connectivity analyses, level 2) and globally (using network analyses, 
level 3).

These research questions are addressed in 6 different chapters in this thesis, of which each 
specific aim is described below.

-  Chapter 2: Review of the state of the art of the recent literature to identify differences as well 
as consistencies in results regarding resting-state MEG in Ad.

-  Chapter 3: Using the high spatial resolution of MEG to measure hippocampal activity in Ad 
patients and healthy controls with “virtual electrodes”.

-  Chapter 4: Explore the differences in directional connectivity between Ad patients and healthy 
controls in both superficial cortical brain areas and deeper subcortical brain areas using MEG.

-  Chapter 5: Characterize the functional network organization in patients with at the MCI stage 
of dementia in comparison to healthy controls using MEG.

-  Chapter 6: Study the functional connectivity and network organization as a functional of Ad 
disease severity, ranging from subjective memory complains to severe Ad using EEG. 

-  Chapter 7: Investigate changes in hubs of multiplex networks of Ad patients en controls using 
MEG.

-  Chapter 8: Build a diagnostic marker with MEG based measures using a machine learning 
technique in order to distinguish different types of dementia.

Outline
This dissertation studies seven types of subject groups (healthy controls, patients with subjective 
cognitive decline, MCI, Ad, FTd, dLB, and PSP) using two types of measurement techniques (EEG 
and MEG). Furthermore, we studied a wide variety of analyses techniques (spectral analysis, 
functional connectivity, networks and machine learning). Therefore, this dissertation will build up 
in complexity of the analyses techniques ending with an implementation of these techniques as 
a diagnostic marker for differentiation between dementia types.

In chapter 2, we give an overview of the literature about resting-state MEG in Ad research as a 
systematic review. This review was conducted on all publications that were available on PubMed 
before the start of the projects described in this dissertation. Subsequently, we identified gaps in 
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knowledge and research questions to be addressed in the projects that are the basis of this 
dissertation. Chapter 3 compares a group of patients with Ad and healthy controls with respect 
to MEG signals in a localized manner by using source localization. This technique allowed us to 
focus on of the major hallmark regions of the disease, namely the hippocampus. We describe the 
spectral analyses of brain oscillatory brain activity. Furthermore, we correlate these findings to 
cognition for the patient group. In chapter 4 we report the findings of directional connectivity in 
the same dataset. Also, the correlation between these directional connectivity values in the 
patient group with both cognition and biomarkers will be described. In chapter 5 we use a 
different cohort of patients with mild cognitive impairment who have positive biomarkers for Ad 
and healthy controls and analyze differences between groups with respect to both functional 
connectivity and network measures. Importantly, we included conventional network measures as 
well as more recently developed measures to study brain networks and compare their ability to 
distinguish the groups. In chapter 6, we present a large EEG dataset of patients with Ad of 
varying disease severity and patients with subjective memory complaints as a control group. As 
in the previous chapter, we did not only describe both functional connectivity differences and the 
recently developed network measures to distinguish patients from controls, but investigated 
whether connectivity and network characteristics (specifically regions that function as hubs in the 
network) are more disrupted with increasing disease severity. In chapter 7, we investigate 
changes in hub regions using a multiplex framework that integrates frequency bands in a dataset 
with patients with Ad and healthy controls (similar to the datasets in chapter 3 and 4). Ultimately, 
in the last chapter (chapter 8), several types of analyses techniques (spectral power, directional 
connectivity and a complex network measure) are integrated into a machine learning algorithm 
in patients with different types of dementia and healthy controls in order to implement these 
techniques as a diagnostic marker for differentiation between dementia types. In the final 
chapter, we summarize and discuss the results and give directions for future research.

Figures

Fig. 1. Three levels of how brain functioning can be studied. Adapted from Stam and van Straaten, 2012.
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Fig. 2. The power spectrum of EEG and MEG data. Left shows the conventional frequency bands, right shows 
the power spectrum. Adapted from Jirayucharoensak et al., 2014 and http://www.bem.fi/book/13/13.htm.

Fig. 3. The problem of the seven bridges of Koningsberg. Images adapted from http://jdh.hamkins.org/tag/
bridges-of-konigsberg/.
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Alzheimer’s disease (AD) is accompanied by functional brain changes that can be 

detected in imaging studies, including electromagnetic activity recorded with 

magnetoencephalography (MEG). Here, we systematically review the studies that 

have examined resting-state MEG changes in AD and identify areas that lack 

scientific or clinical progress. Three levels of MEG analysis will be covered: (i) 

single-channel signal analysis, (ii) pairwise analyses over time series, which 

includes the study of interdependencies between two time series and (iii) global 

network analyses. We discuss the findings in the light of other functional 

modalities, such as electroencephalography (EEG) and functional magnetic 

resonance imaging (fMRI). Overall, single-channel MEG results show consistent 

changes in AD that are in line with EEG studies, but the full potential of the high 

spatial resolution of MEG and advanced functional connectivity and network 

analysis has yet to be fully exploited. Adding these features to the current 

knowledge will potentially aid in uncovering organizational patterns of brain 

function in AD and thereby aid the understanding of neuronal mechanisms 

leading to cognitive deficits.
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Introduction
Worldwide, approximately 35.6 million people are estimated to have dementia (World health 
organization, 2012). dementia prevalence ranges between 1.6% and 6.4% in subjects over age 
60 and increases disproportionally with advancing age (Ferri et al., 2005). Alzheimer’s disease 
(Ad) is the most common form of dementia and is known to be accompanied by abnormal 
neuronal activity that has been linked to amyloid beta depositions between neurons (Bero et al., 
2011; Walker and jucker, 2011). Although studies have indicated several potentially modifiable 
risk factors for Ad (Norton et al., 2014), at this moment, no curative interventions are available. 
The development of therapeutic strategies is hindered by an incomplete understanding of both 
the relationship between neuronal activity and cognition, and of the underlying causes of Ad. 

In order to detect neuronal brain activity, functional imaging studies may come to our aid. 
Magnetoencephalography (MEG) has millisecond temporal-resolution such that information 
about neuronal activity can be captured with exquisite detail. MEG non-invasively records the 
small magnetic fields that are induced by electrical fields in the cerebral cortex.

Abnormal neuronal brain activity measured in Ad has been reported extensively in recent years 
using a wide variety of analyses techniques, but mainly for electroencephalography (EEG; for 
reviews see Criado et al., 2006; delbeuck et al., 2003; hulbert and Adeli, 2013; jeong, 2004; 
Micanovic and Pal, 2014). on a single-channel level (i), the frequency spectrum can be evaluated 
as well as the nonlinear components of a signal (Stam, 2005). The latter method aims to estimate 
future dynamics of specific time series with respect to the previous dynamics (autocorrelation). 
These dynamical analyses can also be applied to pairwise analyses (ii) over time series in which 
previous dynamics of two time series try to predict the future dynamics of time series of interest. 
Furthermore, pairwise channel analyses have been used to estimate functional connection 
between distant brain areas (Friston, 2011; Pereda et al., 2005). This functional connectivity, or 
statistical interdependency of time series is assumed to reflect functional interactions between 
the underlying brain areas, regardless of direct structural connections. This approach allows the 
appreciation of the overall organization, rather than strength, of connections, which is likely to 
be optimized in healthy subjects and impaired in Ad (Stam et al., 2009; Tijms et al., 2013). on 
the other hand, effective connectivity reflects the direction of the connectivity, i.e. the influence 
of one region over the other (Friston, 2011). Functional and effective connectivity are indicative 
of macroscopic neuronal communication and may be especially relevant in dementia, where 
disturbances in this communication have been related to cognitive deficits (delbeuck et al., 
2003; Knyazeva et al., 2013). Imaging studies on coordinated brain activity have contributed to 
the understanding of the brain’s functional organization, as a representation of the brain as a 
global network (iii), by disclosing several generic properties: healthy brain networks appears 
integrated in a hierarchical, modular fashion (Stam and van Straaten, 2012), and has been 
related to cognitive performance and intelligence (douw et al., 2011, 2014; van den heuvel et al., 
2009). Individuals suffering from Ad show alterations in brain activity, functional connectivity, and 
functional network topology, but the nature of these changes, and the relation with cognitive 
decline, is not yet fully understood.

Previously, resting-state network studies have shown that the functional changes in Ad are not 
randomly distributed over the brain, but are focused in certain brain areas. In resting-state studies 
of healthy controls, a combination of brain areas referred to as the default mode network (dMN) 
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show coordinated activity (Greicius et al., 2004; Rosazza and Minati, 2011). Several regions in 
the parietal and temporal lobes, including the precuneus / posterior cingulate gyrus and 
hippocampus, are highly active dMN components, that play a central role (i.e. they form hubs) 
in the functional and structural brain networks (Buckner et al., 2008). however, although several 
dMN components are regarded as hubs, not all hubs in brain networks are part of the dMN. It 
has been shown that regions of the dMN are preferentially vulnerable to neurode generation, not 
only in Ad but also in a symptomatic pre-stage of Ad (hsiao et al., 2013). In Ad, the posterior 
part of the dMN, including the parasagittal parietal and posterior temporal areas, is particularly 
affected as shown in fMRI, EEG and MEG (Buckner et al., 2009; Engels et al., 2015; de haan et al., 
2012a,b; Li et al., 2015). It has been suggested that preferential damage to hub-like brain regions 
in Ad is related to high baseline local neuronal activity. A computational model study showed 
indeed that highly connected regions have a high neuronal firing rate and spectral power (de 
haan et al., 2012c). Furthermore, activity-dependent degeneration was able to reproduce the 
Ad-like changes that have been observed experimentally, such as oscillatory slowing, loss of 
spectral-power and long-range functional connections, as well as disrupted functional network 
topology, including hub vulnerability (de haan et al., 2012c).

Currently, there is no recent review of MEG studies investigat- ing preferential hub damage in 
Ad. In addition, while electroencephalography (EEG) studies in Ad have been reviewed extensively 
(e.g. Adeli et al., 2005; Bhat et al., 2015; dauwels et al., 2010; Ferrazzoli et al., 2013; jeong, 
2004; Lim et al., 2014; Micanovic and Pal, 2014; van Straaten et al., 2014), such reviews of MEG 
findings are less prevalent (Stam, 2010, 2014). We therefore set out to review the current 
literature to identify differences as well as consistencies in results regarding eyes-closed task-free 
MEG in Ad. In addition, we determined whether MEG studies provide more detailed anatomical 
information about abnormalities than EEG, and identify gaps in our knowledge as well as new 
questions for future research.

Methods
We performed a PubMed search with combinations of the following key words: magneto-
encephalography (MEG), Alzheimer’s disease (Ad). References from 1993 until july 2015 were 
used for further analysis. We only included papers published on eyes-closed task-free MEG in the 
English language and we focused on papers that described differences between Ad patients and 
non-demented subjects. Since drowsiness influences the resting-state brain activity, all included 
papers were checked for reported attention to sleep and drowsiness, both on-line (i.e. continuous 
monitoring by recording technicians) and/or off-line (during the epoch-selection procedure).

We subdivided the included papers into three main groups according to the method of analysis: 
(i) local analysis of MEG activity per sensor or brain area (single-channel analysis); (ii) pairwise 
analyses between time series of two distinct channels or brain regions; (iii) global network 
analysis, which integrates all pairwise or multivariate functional connections and reconstructs the 
topology of the overall functional network. The MEG time series under study included sensor-
space recordings as well as reconstructed activity for source-localized regions in the brain (source-
space analysis; for a review see Kida et al., 2016). An explanation of the measures described in 
the included literature is presented in Table 1.
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Within the first type of analysis, the single-channel analysis (i), several approaches were reported, 
one of them being spectral analysis where the amplitude (or power: amplitude squared) of the 
signal is represented as a function of frequency. Results for absolute and relative spectral power 
in several frequency bands (the (relative) area under the curve of the frequency spectrum in 
several frequency ranges), peak frequency (the frequency with the highest amplitude in the 
spectrum), median frequency and mean frequency are reported. Additionally, measures that 
correlate the signal of a channel over time, such as spectral turbulence and auto-mutual 
information, as well as measures that assess the complexity or state-space parameters were 
applied in several studies. Auto-correlation and complexity measures indicate the predictability of 
the signal, which can be computed in several domains: time domain, frequency domain and 
state-space. Most measures in this category attempt to characterize features of MEG signals that 
go beyond the power spectrum. Similar to frequency changes, changes in these measures are 
not specific to Ad, but the combination of changes in both types of measures is more specific.

The second type of analysis takes into account pairwise evaluation of time series (ii). This includes 
measures of predictability of an MEG signal and functional connectivity (Friston, 2011; Pereda et 
al., 2005). As with single-channel autocorrelation, these measures only indirectly link to neuronal 
activity and are based on statistical probability and distributions. however, time series of different 
brain areas that are functionally connected, are assumed to show a statistical relationship (Friston, 
2011; Stam, 2004).

Third, we identified functional connectivity-based network studies (iii). These studies applied 
mathematical tools from graph and modern network theory on functional connectivity values in 
search of patterns in functional connectivity. In parallel with many other biological and 
technological complex systems, functional MRI, EEG and MEG based functional networks possess 
organizational properties that combine high local interconnectedness with high global efficiency, 
also referred to as ‘small-world’ topology (Stam, 2004; Watts and Strogatz, 1998). In addition, 
the architecture of brain activity seems hierarchical and modular, with brain areas that act as 
important connectors, or hubs (Bassett and Bullmore, 2009; Bullmore and Sporns, 2009). here, 
we describe results for MEG networks in Ad with respect to the following network measures: the 
characteristic path length (a measure of global integration of the network), the clustering 
coefficient (a measure of local connectivity), the eigenvector centrality (a measure of the location 
of important and highly connected hubs) and the intramodular connectivity (Table 1).

Finally, to facilitate the clinical interpretation of the reported changes, we report the results of 
correlation analysis of MEG measures with cognitive measures.

Results
Fig. 1 shows the selection procedure with corresponding number of publications. of the 101 
papers matching the search terms, 19 were left out because Ad was not subject of the study and 
14 did not use MEG. Next, 16 papers were excluded due to a task-based study set-up or for 
measuring resting-state MEG with eyes open, and 2 papers were not available in full PdF in the 
English language. In addition, 9 papers were excluded since they did not aim to evaluate 
differences between Ad patients and a control group. Eventually, 41 papers were included for 
review, which are indicated with an asterisk in the reference list.
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Single-channel signal analyses
31 Studies used methods for individual time series analysis for the assessment of differences 
between Ad and control subjects. Group sizes ranged from 5 to 36. Supplementary Table S1 
shows the list of included publications regarding the single-channel signal analyses. Studies 
evaluating the peak frequency all reported a lower peak frequency in Ad patients compared to 
controls (Berendse et al., 2000; van Cappellen van Walsum et al., 2003; Montez et al., 2009; 
osipova et al., 2005; Poza et al., 2007b). In line with these findings, the median and mean 
frequencies were all lower in Ad (Escudero et al., 2008, 2009; Fernández et al., 2006a; Poza et 
al., 2007b). Furthermore, compared to controls, the Ad patients had increased relative and 
absolute power in the slow rhythms (i.e. delta and theta frequency bands), and decreased power 
of fast rhythms (i.e. alpha, beta and gamma frequency bands; Berendse et al., 2000; Besga et al., 
2010; Fernández et al., 2002, 2003, 2006b, 2013; de haan et al., 2008; osipova et al., 2005; 
Poza et al., 2007a, 2008a). In summary, these studies consistently show that MEG oscillations are 
slower in Ad patients than in controls. Regional information about changed oscillatory activity in 
Ad was found in 13 instances in 6 studies (Fig. 2A). We organized the regional results of different 
studies into 5 different regions per hemisphere: frontal, central, parietal, temporal and occipital. 
All studies showed that Ad patients had slower brain activity compared to controls, which was 
reflected in a higher power in the lower frequency bands and lower power in the higher 
frequency bands. This overlaps with the studies on EEG in Ad (reviewed in e.g.: dauwels et al., 
2010 and Micanovic and Pal, 2014). The brain areas that contained most slowing in Ad were the 
left parietal and left temporal regions (13 reports) and the left occipital region (12 reports). The 
central regions seemed less affected by slowing in Ad (4 and 5 reports for left and right central 
regions, respectively).

In addition to spectral analysis, measures that assess signal regularity over time were different in Ad 
compared to controls. The Lempel–Ziv complexity, correlation dimension and fractal dimension were 
generally lower in Ad than in controls (Abatzoglou et al., 2007; Fernández et al., 2010; Gómez 
et al., 2006a, 2009a, 2009c; hornero et al., 2009), indicating a decreased complexity of brain 
signals in Ad. however, one study found a higher complexity at higher frequencies, accompanying 
a lower complexity in lower frequency bands in Ad patients, as measured by the correlation 
dimension (van Cappellen van Walsum et al., 2003). The Ad MEGs had lower entropy values, 
indicating more predictable signal patterns, than controls (Bruña et al., 2012; Escudero et al., 
2008, 2009; Gómez et al., 2007b, 2009a, 2010; hornero et al., 2009; Poza et al., 2007a, 2007b, 
2008c;). Furthermore, the automutual information decrease rate was lower in Ad compared to 
controls, indicating abnormal and more predictable dynamics in Ad (Gómez et al., 2006b, 2007a; 
hornero et al., 2009). Also, two measures, both only once applied to MEG data in Ad patients, 
on the stationarity and equilibrium of the signals were impaired in Ad, which is in agreement with 
the complexity measures, and further suggests that the Ad patients have less complex brain signals 
(Gómez et al., 2009b; Bruña et al., 2012). The spectral crest factor and both spectral turbulence 
and wavelet turbulence were higher in Ad than in controls (Poza et al., 2008b, 2014), which 
indicates that the oscillating signal is more regular in Ad than in controls. In summary, Ad patients’ 
MEG signals were reported to be more regular, less complex and more predictable than controls 
and these results are in line with the EEG results on this topic (e.g. jeong, 2004). Regional 
information about these non-spectral types of single-channel analyses was provided in eight studies, 
of which seven studies reported no difference between Ad and controls. one study showed that 
the autocorrelation in Ad patients was specifically altered over the parietal and temporal regions.
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Pairwise analyses of time series
Nine studies compared Ad to controls with respect to pairwise analyses of time series. 
Supplementary Table S2 shows the list of included publications regarding the pairwise analyses 
of time series. The cross-approximate entropy was found to be decreased in Ad (Gómez et al., 
2012) suggesting more synchronized patterns in Ad. The nonlinear forecasting approach showed 
that time series are more predictable in Ad patients (Gómez et al., 2008), while mutual 
information values between time series was found to be increased in Ad (Alonso et al., 2011). In 
terms of functional connectivity, the linear measure coherence was most often applied and 
found to be lower in Ad patients than in controls (Berendse et al., 2000), although this loss of 
connectivity seems to be limited to the higher frequency bands (Alonso et al., 2011; Franciotti et 
al., 2006). In the delta band, twice, an increase in coherence has been reported (Alonso et al., 
2011; Escudero et al., 2011). one study did not find differences between Ad patients and 
controls in terms of coherence (Stam et al., 2002). The synchronization likelihood, which takes 
into account linear as well as nonlinear connectivity, was lower in Ad patients compared to 
controls in the alpha, beta and gamma bands and higher in the theta band (Stam et al., 2002, 
2006). Using phase lag index, functional connectivity was found to be lower in Ad patients than 
in controls in the alpha and beta band (Stam et al., 2009). overall, these results suggest that the 
general direction of change in Ad is a decrease in MEG-based functional connectivity, especially 
in the higher frequency bands. Wefound no studies that studied effective connectivity.

Six studies included regional information about functional connectivity (Fig. 2B and C). The 
connectivity increases were not frequency dependent and mainly present in the parietal and 
temporal regions as well as between the parietal and occipital regions. The long-range connection 
decreases mainly involved the parietal areas (with left frontal and occipital areas) especially in the 
left hemisphere. The short-range, intraregional connections were primarily decreased in the 
frontal and parietal areas, especially in the right hemisphere.

Global network analyses
Four studies, all from one research group, used functional brain network analysis in Ad and these 
are presented in Supplementary Table S3. First of all, neural complexity, assumed to capture the 
interplay between functional segregation and global integration, was found to be lower in Ad in 
the low frequencies (van Cappellen van Walsum et al., 2003). Next, Ad networks had amore 
random configuration than those of controls, as indicated by a lower clustering coefficient and 
a shorter characteristic path length (Stam et al., 2009). EEG results tend towards the same 
conclusions (reviewed in: dai and he, 2014). In addition, the loss of a known left temporal hub 
was observed in Ad, as measured by a decreased eigenvector centrality, as well as fewer modules 
with weaker connections within, but especially between, modules (de haan et al., 2012a, 
2012b). These studies have shown that the parietal region acts as a hub region in healthy brains.

Linking MEG findings to cognitive functioning
Several studies indicated a relationship between MEG slowing and cognitive impairment as 
measured with Mini Mental State Examination (MMSE) and Functional Assessment Staging FAST 
(Fernández et al., 2006a, 2013; Poza et al., 2008a). however, since patients and controls were 
pooled in these studies, the relationship is not corrected for the effect that the diagnosis Ad and 
low MMSE are related. At this point, the data do not allow to determine the exact relationship 
between cognition and MEG activity. de haan et al. showed, in a group of Ad patients only, a 
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relation between lower MMSE scores and slowing in the central and parietal brain areas (de haan 
et al., 2008). only two studies from one research group reported a relationship between network 
characteristics and performance on cognitive tests. In Ad patients, lower hubness (as measured 
with the eigenvector centrality) correlated positively with lower MMSE, and lower between-
module strength was related to poorer performance for word recall, word fluency and visual 
recognition (de haan et al., 2012a, 2012b). In conclusion, these results are in line with the 
concept of disintegration of functional connections and network disorganization in Ad.

Discussion
This review shows that a wide variety of analyses and tech- niques have been described, from 
relatively straightforward analyses (spectral analyses) to recently developed techniques that allow 
assessment of large-scale brain network topology.

Single-channel analyses in AD
The findings of MEG studies in Ad show convergent results in the classical frequency analyses: 
brain rhythms slow down in Ad. however, this finding is not specific for Ad since the majority of 
brain diseases show slowing of oscillatory brain activity (for a review see Nimmrich et al., 2015). 
We therefore conclude that for the single-channel analyses, the expected pattern for Ad is clear 
and independent of the analyses method used. In addition, the slowing is not uniformly 
distributed throughout the brain. Combining the studies, it becomes clear that the left parietal, 
occipital and temporal areas are most frequently affected. Especially the parietal and temporal 
regions are of specific interest since they belong to the previously mentioned default mode 
network, which is known to be especially affected in Ad.

one of the most likely mechanisms causing the slowing in Ad might be the loss of connections 
between (groups of) neurons. This decreased connectivity may be associated with the decreasing 
amount of acetylcholine in Ad. Administration of cholinesterase inhibitors invariably results in an 
increase in power for faster oscillations although effects on functional connectivity and network 
organization remain to be studied (Adler and Brassen, 2001; Babiloni et al., 2013; Ebert and 
Kirch, 1998; Neufeld et al., 1994; osipova et al., 2003). however, the loss of acetylcholine and 
related synapses might not be selective since more widespread neurodegenerative processes that 
involve also monoaminergic, glutamatergic, or other neurotransmitter loss, also produce the 
frequency slowing seen in Ad (dringenberg, 2000). In addition, histopathological studies suggest 
a cortico-cortical disconnection caused by a loss of pyramidal neurons, which could also play a 
role in the increased delta activity and in the decreased beta activity seen in Ad (hansen et al., 
1988; holschneider and Leuchter, 1995). Another possible explanation for the observed 
oscillatory slowing is the increase in power for generators of slow activity, rather than a decrease 
in power for generators of fast activity (osipova et al., 2005). The underlying mechanisms for this 
effect are unknown.

We reviewed a wide variety of single-channel analysis methods, other than frequency measures, 
with converging results: the oscillatory brain activity of Ad patients becomes less complex, more 
regular and more predictable. however, one subject of debate is whether or not this finding is 
simply a direct reflection of the slowing of the oscillatory brain activity (Stam, 2005). In contrast 
to the above described slowing, the nonlinear findings of complexity and regularity lack clear 
hypotheses. Besides the decreased complexity and increased regularity, a progressive increase of 
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the average degree of similarity within time series over the course of Ad has been reported with 
wavelet turbulence and entropy analyses. These measures reflect the flatness of the frequency 
spectrum, therefore indicating that brain signals in Ad patients have a less uniform spectral 
content than controls (Poza et al., 2007b). These nonlinear findings might be linked to the 
slowing of MEG signals: the decrease in complexity of brain signals in Ad might be simply due to 
the altered spectrum reported in Ad (jeong, 2004; Stam, 2005). on the other hand, there are 
indications that the complexity, regularity and predictability measures of the single channel MEG 
analysis are not entirely dependent on the spectral component of the data. It has been shown 
using surrogate data that EEG and MEG in healthy subjects and Ad patients contain nonlinear 
structures (Gómez et al., 2009c; jelles et al., 1999). The surrogate data were generated by 
randomizing the original data in such a way that frequency information, such as power and peak 
frequency, remains unchanged whilst nonlinear components are removed (jeong, 2004). The 
effect of randomization was different in Ad compared to controls, suggesting that the results of 
complexity and regularity measures in Ad studies cannot be completely attributed to the slowing 
of the signal. Another indication for this notion is the non-overlapping spectral and complexity 
results in the study by van Cappellen van Walsum and colleagues (van Cappellen van Walsum et 
al., 2003). The underlying pathophysiological mechanisms for the decrease in MEG complexity 
are currently not completely understood, but seem to involve neuronal and synaptic loss and 
reductions in neurotransmitters (Gómez et al. 2009b). These factors partly overlap with those 
that are involved in signal slowing, indicating different neurophysiological expressions of the 
same underlying processes. The finding that functional connectivity and brain network changes 
can also result from changes at the synaptic level (de haan et al., 2012c) is in line with this view.

Functional connectivity in AD
We found that most MEG papers studying functional connectivity described a lower functional 
connectivity in Ad than in controls, which is in line with the results from several EEG, fMRI and 
PET studies, (Adler et al., 2003; Besthorn et al., 1994; desgranges et al., 1998; Greicius et al., 
2004; Leuchter et al., 1992; Teipel et al., 2016) and also with pathological studies that found loss 
of connections at the microscopic scale (Coleman et al., 2004; Selkoe, 2002). These MEG results 
support the concept of Ad as a ‘disconnection syndrome’ (delbeuck et al., 2003, 2007). In MEG, 
the lower functional connectivity seems to be present mainly in the higher frequency bands. 
higher frequency band connectivity reductions might reflect  short-range changes. however, this 
short-range connectivity may be overestimated using methods that do not deal with volume 
conduction, which may yield spurious correlations between nearby sensors. Spatial information 
showed that connectivity decreases are present between as well as within brain areas with the 
between-regions long-range connectivity predominantly decreased in the left hemisphere, 
involving the parietal, temporal and frontal areas, while the short-range (intraregional 
connections) were primarily decreased in the frontal and parietal areas, especially in the right 
hemisphere. Connectivity increases were found less frequently and mainly located in the posterior 
brain areas. These seemingly contradictory results could be due to, for example, the use of 
different connectivity metrics. Connectivity decreases are often said to be the result of the failing 
brain dynamics due to the disease, whereas increases are often attributed to compensatory 
recruitment, although it is not always obvious that compensation coincides with increased 
performance. In addition, the tasks and analysis methods differ, which hampers direct 
comparability. Extension of the current studies is needed to reveal consistent patterns and a 
unifying framework for the interpretation of the results.
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Brain networks in AD
MEG-based studies in the emerging field of functional brain networks in Ad are relatively few in 
number, but overlap with results from resting-state fMRI studies suggesting some general 
changes in Ad networks. one of the simplest and frequently applied measures for evaluating 
brain networks is the relation between the path length (L) and the clustering coefficient (C), 
together referred to as the small-world axis (Stam et al., 2007). on this small-world axis, a 
change towards a more random network topology seems to emerge in Ad, reflected by a shorter 
path length and a lower clustering coefficient (Sanz-Arigita et al., 2010; Stam et al., 2009, 2014; 
Supekar et al., 2008).

As mentioned above, a ‘‘hub” is a network node (brain region) with the specific property of 
having a high centrality (e.g. it plays an important role within the network). Several measures 
have been used to identify hubs within the brain network. To date, the eigenvector centrality has 
been the only hub-measure used in MEG research in Ad, and this measure pointed out that hub 
regions were decreased in Ad patients, specifically in the parietal region in the theta band (de 
haan et al., 2012a). hubs can be regarded as the connectors of groups of functionally highly 
intra-connected brain areas, or modules. Weakening of these connector hubs could potentially 
result in a lower overall functional connectivity (de Pasquale et al., 2015). one MEG study found 
lower inter-modular connectivity in Ad compared to controls (de haan et al., 2012b). The 
‘‘activity dependent degeneration” hypothesis, introduced by de haan et al., 2012c, provides a 
possible explanation for the fact that the most active regions show the most abundant Ad-
related changes.

Converging results on anatomical locations
We hypothesized that the parietal and temporal brain areas are important functional areas with 
a central role in the MEG functional networks, in line with fMRI and EEG studies. The number of 
studies on Ad that report that these brain regions differ from those in healthy controls support 
this notion (Fig. 2). These brain areas not only stood out in the network analyses, but were also 
most affected in terms of frequency and functional connectivity studies, showing slowing and 
functional connectivity decreases.

Technical aspects of neurophysiological studies
Two factors that hamper interpretation of neurophysiological signals are volume conduction (VC) 
and field spread (FS). VC is the phenomenon that electrical current is blurred by brain and 
surrounding tissues such as the cerebrospinal fluid, skull and scalp. FS is the phenomenon that a 
magnetic or electrical field has a topographical representation beyond the source and can be 
picked up at some distance, independent of the tissue. If two sources of such activity are spatially 
close, their activity may be mixed and may not be separated as different sources at some distance 
(Bastos and Schoffelen, 2016). due to both VC and FS, a signal from one underlying source can 
be present in multiple time-series. If this is the case, the estimated statistical dependencies 
between these time series may not reflect true interactions between different neural systems 
(Stam et al., 2007), that is, functional connectivity is overestimated. Magnetic fields are less 
affected by VC than electrical fields, and VC is therefore less of a problem for MEG than for EEG. 
however, FS may still cause spurious estimates of connectivity in MEG, and even reconstructing 
the signals in source-space, where FS is often referred to as ‘leakage’, does not completely solve 
the problem (hillebrand et al., 2012). For typical frequencies in MEG (<100 hz), the quasi-static 
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approximation holds (hämäläinen et al., 1992), such that the phases of the signals in MEG 
sensors that measure the same underlying source, as is the case in FS and VC, are identical (zero-
lag (mod p) phase difference). Functional connectivity measures that are based on similarity in 
phases between sensors can therefore provide erroneously high estimates of functional 
connectivity as a result of FS and VC. Several connectivity measures implement strategies to 
minimize the effects of VC and FS (Bastos and Schoffelen, 2016; Colclough et al., 2016). of the 
papers included in this review, only the PLI falls into this category, as it discards zero-lag (mod p) 
phase differences (Stam et al., 2007). It should be noted that true zero-lag functional connectivity 
is removed from the analysis as well, making the PLI a conservative connectivity measure. Another 
consequence of mixing of activity from multiple sources by VC and FS is that the estimate of 
pairwise interactions between two sources that are not directly connected may be wrongly 
inferred due to the presence of other (common) sources.

Resting-state and task-based MEG
This review focused mainly on resting-state MEG data in Ad populations. In the resting-state 
condition, a subject is awake but not performing a mental or physical task. This condition  
has been increasingly studied in the past decades, especially with fMRI, because it is believed  
to reflect brain function (Buckner and Vincent, 2007) in addition to task situations. Brain  
areas that are functionally and anatomically connected, co-vary their activity in rest and a group 
of connected brain areas (the default mode network) that is consistently more active in rest then 
in a wide variety of tasks. In addition, the cerebral metabolic rate in ‘rest’ is only 5% less than the 
metabolic rate in a task condition (Raichle et al., 2001), indicating that the brain at rest is still 
significantly active. Scanning Ad patients in a resting-state condition asks for extra care to make 
sure patients stay awake and alert, since drowsiness influences the resting-state brain activity. 
The potential bias resulting from an increased tendency to fall asleep in Ad needs to be addressed 
by closely monitoring the EEG/MEG for signs of drowsiness and take subsequent action if 
needed. In order to do so, all included papers in this review reported strategies to assure sufficient 
vigilance of the study subjects. 

Task-based research is also frequently conducted in Ad. It has been shown that not activation 
itself, but mainly the brain systems that are involved in the activation differ between resting state 
and task conditions (Raichle et al., 2001). Even more, brain regions that correlate in resting-state 
tend to co-activate during tasks, but their role (importance in the brain network) may be shifted 
(di et al., 2013). different tasks have been used to study different cognitive systems, ranging 
from simple instructions such as opening or closing the eyes or listing to auditory stimuli, to 
performing complex cognitive tasks during scanning. Changes in activity during the task are 
thought to reflect the involvement of those areas in the task. differences between groups can be 
interpreted in the light of these tasks. In Ad, the reactivity to eye opening, which is the instant 
reduction of the signal amplitude after opening the eyes, is diminished, but this does not alter 
functional connectivity (Berendse et al., 2000). Another method to study reactivity of the brain is 
to use an ‘‘oddball” paradigm, in which monotone stimuli, e.g. sounds, are randomly interspersed 
with deviates. Several studies using both fMRI and EEG techniques have shown that Ad patients 
have an altered evoked response to these types of passive tasks (Cheng et al., 2012; Franciotti et 
al., 2006; osipova et al., 2006; Polich and Corey-Bloom, 2005). Furthermore, mental tasks 
during MEG have shown that, besides the obvious lower cognitive performances of Ad patients, 
the patient group differs from the healthy controls. For example, Kurimoto et al. and Maestú et al. 
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reported a reduced MEG response during the retention period of a working memory task in Ad 
patients (Kurimoto et al., 2012; Maestú et al., 2005). Therefore, as in the resting-state, task-
based neurophysiological analyses are able to reveal differences between Ad patients and 
controls. The interpretation of these differences may be challenging because of possible 
confounding differences in e.g. task performance, concentration and head movement between 
groups (dickerson, 2007). As with MEG resting-state connectivity and with task EEG and fMRI, 
increases as well as decreases are reported in task MEG, implying the need for future studies for 
enhanced interpretation (for an fMRI review see: Chhatwal and Sperling, 2012; for an EEG 
review see: Polich and Corey-Bloom, 2005).

MEG versus other imaging modalities
For a thorough overview of the differences and similarities of MEG and other imaging modalities, 
like EEG, fMRI and PET, we refer to a review paper by Baillet (Baillet, 2017). In the papers included 
for the present review, we found one study that directly correlated MEG power in the lower 
frequency bands to MRI atrophy and found a negative correlation between delta power and 
hippocampal volume, supporting the notion that Ad is related to slowing of activity and that this 
may relate to volume loss in the hippocampus (Fernández et al., 2003). Functional interactions 
between brain regions are likely to be highly dynamic (Bola and Sabel, 2015). A major advantage 
of MEG over fMRI is the high tem poral resolution, enabling a detailed characterization of the 
dynamical changes of brain activity on multiple time scales. This so-called ‘‘dynome” supplements 
the notion of functional connections of the brain to the mechanisms that underlie or produce 
brain signals (Kopell et al., 2014). This field of research is still immature but has shown that 
reorganization of networks possibly contributes to cognition (Bola and Sabel, 2015). For studying 
brain dynamics, Ad would be a particularly interesting disease.

Conclusion and future directions
MEG is a potential valuable tool in Ad research, enabling the detection of altered brain activity. 
This review combined the results of previous studies for a larger overview and further char- 
acterization in order to come to a better understanding of disease mechanisms. It provided the 
notion that findings of single-, two-, and multi-channel analyses converge when viewed at the 
spatial level of brain lobes. The results of the single channel oscillatory studies in patients with Ad 
indicate a general pattern of slowing, consistent with the potential underlying mechanism of 
synaptic degeneration. MEG results have confirmed EEG results, thereby strengthening the 
robustness of the findings. At the level of functional connectivity, the results are less consistent 
but with a tendency toward decreases in connectivity, and at the level of functional brain 
networks the studies are still too sparse to draw firm conclusions. however, all three levels of 
analysis demonstrate that most Ad related changes are located in, or involve, the parietal and 
temporal areas.

While the application of source-reconstruction techniques allows for analyses at a high spatial 
resolution, no studies included in this review provided information with higher spatial resolution 
than at the level of brain lobes. Although oscillatory activity of the hippocampus has been studied 
using MEG, these findings have not yet been fully exploited (Engels et al., 2016). For instance, 
the functional connectivity between source-reconstructed (deep) regions is yet unexplored in Ad. 
In combination with functional network analyses, such analyses would contribute to our 
understanding of brain activity in Ad. In addition, directionality of functional connectivity has not 
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yet been evaluated in MEG data of Ad patients. In simulations, a link between directed functional 
connectivity and hubs has been demonstrated (Moon et al., 2015; Meier et al., 2017), hence in 
Ad, where hubs are selectively vulnerable, one would expect a disruption of the direction of 
functional connectivity. In terms of network analysis, new approaches have not been fully 
exploited in MEG research in Ad patients. one example is the use of the minimum spanning tree 
(Ciftçi, 2011; Stam et al., 2014; Tewarie et al., 2015), which overcomes some of the biases that 
hinder network characterization with conventional approaches (van Wijk et al., 2010). Moreover, 
multi-layer MEG net- work analysis allows for the integration of multiple frequency bands in a 
single framework, which has shown that hub regions are preferentially disrupted in Ad patients 
(Yu et al., 2017). The use of such a common theoretical framework (network theory) applied in 
a shared anatomical space (hillebrand et al., 2012) may help to bridge the gap between different 
functional imaging modalities.

Tables
Single channel analysis 

Spectral analysis

Absolute power Integral of all power values (μV2/hz) in a given frequency band. 

Relative power Absolute power as a proportion of the total power (range between 0 and 1).

Peak frequency Frequency with the highest power within a given frequency range.

Transition frequency Mean frequency from 1 hz to the peak frequency.

Mean frequency Average frequency of the spectrum within a given frequency range.

Median frequency Frequency at which the power spectrum is divided into two sections with equal 
total power.

Spectral edge (95) Frequency below which 95% of the total spectral power is located.

Signal regularity

Spectral crest factor In the frequency domain, the ratio of the peak power and the total power of the 
signal. A high value indicates a clear peak in the frequency spectrum and therefore 
high regularity.

Spectral turbulence Correlation coefficient of the power of each frequency bin for adjacent time slides. 
A high value indicates a high regularity.

Complexity

Correlation 
dimension

With the time series transferred to chaos-theory-based state-space, it is the number 
of independent variables needed to describe the time series dynamics. The higher 
the value, the more complex the signal.

Fractal dimension Measure of the change in detail of the signal with change in scale. If the fractal 
dimension is high, the change in detail is large when the scale changes, indicating 
that the signal has a high complexity.

Lempel-Ziv 
Complexity

The number of segments after binary conversion of the signal based on a threshold at 
median signal amplitude. A high value indicates a high variation of the binary signal.
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Lopez Ruiz-Mancini-
Calbet Complexity

Indicates the signal complexity measured with a statistical distribution between two 
extreme states (perfect order and maximal randomness). The higher the value, the 
further away from both extreme states.

disequilibrium Indicates the magnitude of the difference between a uniform frequency distribution 
(such as white noise) and the frequency distribution of the data under study. A high 
disequilibrium indicates an irregular frequency distribution.

Single channel predictability

Entropy In general, entropy indicates the distribution of signal components. A flat and 
broad distribution has a low predictability and corresponds to a high entropy level, 
a narrow and peaked distribution is more predictable and corresponds to a low 
entropy level.

Spectral entropy Predictability according to the power spectrum. A high value indicates a more 
irregular and less predictable signal.

Sample entropy Predictability according to the amplitude of the time series (analysis in the time 
domain). A high value indicates a more irregular and less predictable signal.

Approximate 
entropy

Modification of the sample entropy with the negative natural logarithm of the 
predictability. A high value indicates a more irregular and less predictable signal.

Auto-mutual 
information 
decrease rate

Auto-mutual information measures the predictability of future points from past 
points. The decrease rate of auto-mutual information is the rate at which auto-
mutual information decreases with increasing time delays. A predictable signal has 
a low auto-mutual information decrease rate.

detrended 
fluctuation analysis

detection of long-range self-similarity (correlation) in non-stationary data. A high 
value indicates a high predictability.

Backwards 
detrending moving 
average

detection of long-range self-similarity (correlation) in non-stationary data while 
using a continuous function, the moving average, instead of non-overlapping 
windows. A high value indicates a high predictability.

Wavelet turbulence After signal decomposition into wavelets (wave-like oscillations with limited time-
base), the variation of wavelet power over time is computed. A high variation 
indicates a less predictable signal.

Pairwise analysis

Predictability and functional connectivity

Cross-approximate 
entropy

Similarity (and therefore predictability) is based on the distribution of the amplitude 
of two time series. A high value indicates low similarity between the time series.

Cross-mutual 
information

Predictability (in the time domain) of one time series when a second time series is 
known. high values indicate a high predictability.

Nonlinear 
forecasting

Predictability (in chaos-theory-based state-space) of one time series when a second 
time series is known. high values indicate a high predictability.

Coherence The degree of similarity of frequency components of two time series (of simultaneous 
values or leading and lagging relationships). high values indicate strong functional 
connectivity.
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Synchronization 
likelihood

The strength of synchronization of two time series based on state-space embedding. 
high values indicate strong functional connectivity, but field spread/volume 
conduction affects the estimate.

Phase lag index Instantaneous phases of two time series are compared at each time point and the 
asymmetry of the distribution of the phase differences between these time series is 
quantified. A high value indicates that there is a consistent non-zero (modulus π) 
phase relation between the two time series, indicative of functional coupling.

Multichannel and network analysis

Network efficiency

Characteristic 
shortest path length

The number of edges on the shortest path between two nodes in a network (for 
unweighted networks). A high value indicates a less integrated network.

Clustering 
coefficient

Probability that two nodes that are both connected to a third node, will also be 
connected to each other. A high value indicates a locally well connected network.

Neural complexity Indicates the combination of functional segregation and integration of time series. 
It is low if time series are totally independent or totally dependent of each other and 
it is high if the relationship between time series indicates an optimum between 
segregation (using the correlation dimension, see above) and integration (using 
coherence, see above). 

Spectral radius The largest eigenvalue of the adjacency matrix of the functional network. A high 
spectral radius indicates more connections and a well-connected network.

Network stability

Eigenratio The ratio of the largest and the second-smallest eigenvalue of the Laplacian matrix 
of the functional network. The Laplacian matrix results from subtracting the 
adjacency matrix from the degree matrix (which is the diagonal matrix containing 
the number of connections of each node). A high value is indicative of a less stable 
network synchronization.

Spectral gap The difference between the two largest eigenvalues of the adjacency matrix of the 
functional network. A high value indicates that a dynamical process will reach a 
steady state in a relative short time.

Algebraic 
connectivity

The second-smallest eigenvalue of the Laplacian matrix of the functional network. 
A high value indicates that the network is relatively stable and robust to damage.

Modularity

Number of modules Number of subgraphs containing nodes that are more strongly connected to 
themselves than to other nodes.

Modularity Modularity is determined by the relation between the connectivity strength within 
and between modules.

Within module 
degree

The sum of all connections of a node to nodes within the same module.

Participation 
coefficient

Reflects the proportion of connections of a node within and to other modules. A 
high value indicates strong connectivity to other modules.

Table 1. Explanation of the measures described in the included literature. 
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Figures

Fig. 1. Flow chart of in- and excluded papers. 
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Fig. 2. Overview of regional MEG findings in AD. The colors of the dots and the size of the lines indicate the 
number of instances reported. A. Oscillatory slowing. B. Increased functional connectivity within (dots) and 
between (lines) brain areas. C. Decreased functional connectivity within (dots) and between (lines) brain areas. 
Data are visualized with BrainNet Viewer (Xia et al., 2013, http://www.nitrc.org/projects/bnv/).
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Appendix

Type of 
analysis

Study
Single-channel 
analysis

Number of 
AD patients 
(Female)

Number of 
controls 
(Females)

Results AD versus C

Absolute power (Berendse et al. 2000)
(Besga et al. 2010)
(Fernández et al. 2002)
(Fernández et al. 2003)
(Fernández et al. 2013)

5 (0)
33 (18)
15 (9)
15 (nr)
35 (16)

5 (4)
14 (9)
19 (11)
16 (nr)
24 (14)

incr. low-; decr. high frequencies
incr. delta and theta band*
incr. delta and theta band*
incr. delta and theta band*
incr. delta band**

AMI decrease 
rate

(Gómez et al. 2006b)
(Gómez et al. 2007a; 
hornero et al. 2009)

12 (9) 
20 (13) 

12 (7) 
21 (12) 

decr.
decr.

ApEn (Gómez et al. 2010)
(hornero et al. 2009)

15 (10) 
20 (13) 

15 (8) 
21 (12) 

decr.
decr.

BdMA (Gómez et al. 2009b) 15 (10) 15 (8) incr.

d2 (Abatzoglou et al. 
2007)
(van Cappellen van 
Walsum et al. 2003)

9 (6) 

20 (nr)

5 (nr) 

20 (nr)

decr.

decr. in low-; incr. high 
frequencies

dFA (Gómez et al. 2009b)
(Montez et al. 2009)

15 (10) 
19 (8) 

15 (8) 
16 (9) 

incr.
incr. delta band; decr. beta band

Ed (Bruña et al. 2012) 36 (24) 26 (16) incr.

Fractal 
dimension

(Gómez et al. 2009c) 20 (13) 21 (12) decr.

LMC (Bruña et al. 2012) 36 (24) 26 (16) incr.

LZC (Escudero et al. 2009)
(Fernández et al. 2010)
(Gómez et al. 2006a)
(Gómez et al. 2009a; 
hornero et al. 2009)

26 (24) 
18 (11) 
21 (nr) 
20 (13) 

26 (17) 
18 (11) 
21 (nr) 
21 (12) 

decr.
decr.
decr.
decr.

Mean frequency (Fernández et al. 
2006a)
(Poza et al. 2007b)

22 (14)

20 (13) 

21 (14) 

21 (12) 

decr.
decr.

Median 
frequency

(Escudero et al. 2008)
(Escudero et al. 2009)

21 (13) 
26 (24) 

21 (13) 
26 (17) 

decr.
decr.
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Peak frequency (Berendse et al. 2000)
(van Cappellen van 
Walsum et al. 2003)
(Montez et al. 2009)
(osipova et al. 2005) 
(Poza et al. 2007b)

5 (0) 
20 (nr) 

19 (8) 
11 (6) 
20 (13) 

5 (4) 
20 (nr) 

16 (9) 
12 (5) 
21 (12) 

decr.
decr.

decr. 
decr. 
decr.

Relative power (Fernández et al. 
2006b)
(de haan et al. 2008)

(osipova et al. 2005) 

(Poza et al. 2007a; 
2008a)

22 (11) 

18 (7) 

11 (6) 

20 (13) 

21 (10) 

18 (11) 

12 (5) 

21 (12) 

incr. low-; decr. high frequencies

incr. delta band; decr. alpha1, 
alpha2, beta band
incr. delta, theta band; decr 
beta band
incr. delta and theta band; decr. 
beta, gamma band

SampEn (Gómez et al. 2007b; 
2009a; hornero et al. 
2009)
(Escudero et al. 2009)

20 (13)

26 (24) 

21 (12) 

26 (17) 

decr.

decr.

SCF (Poza et al. 2008b) 20 (13) 21 (12) incr.

SEF95 (Poza et al. 2007b) 20 (13) 21 (12) decr.

SpecEn (Bruña et al. 2012)
(Escudero et al. 2008)
(Escudero et al. 2009)
(Poza et al. 2007a; 
2007b; 2008c)

36 (24) 
21 (13) 
26 (24) 
20 (13) 

26 (16) 
21 (13) 
26 (17) 
21 (12) 

decr.
decr.
decr.
decr. 

ST (Poza et al. 2008b) 20 (13) 21 (12) incr.

Transition 
frequency

(Poza et al. 2007b) 20 (13) 21 (12) decr.

WT (Poza et al. 2014) 36 (24) 26 (16) incr.

Supplementary Table S1. Final list of included publications regarding the single-channel signal analyses. AD 
= Alzheimer’s disease; AMI = auto-mutual information; ApEn = approximate entropy; BDMA = backward 
detrended moving average; DFA = detrended fluctuation analyses; D2 = correlation dimension; decr = 
decreased in AD; ED = Euclidean distance; incr = increased in AD; LMC = Lopez Ruis-Mancini-Calbet; LZC = 
Lempel-Ziv complexity; SampEn = sample entropy; SCF = spectral crest factor; SEF95 = 95% spectral edge 
frequency; SpecEn = spectral entropy; ST = spectral turbulence; nr = not reported; WT = wavelet turbulence.
* only theta and delta band examined
** only delta band examined
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Type of 
analysis

Study
Pair-wise analyses

Number of 
AD patients 
(Female)

Number of 
controls 
(Females)

Results AD versus C

CMIF (Alonso et al. 2011) 17 (11) 17 (11) incr.

Coherencerate (Alonso et al. 2011)

(Berendse et al. 2000)
(Escudero et al. 2011)
(Franciotti et al. 2006)
(Stam et al. 2002)
(Stam et al. 2006)

17 (11) 

5 (0) 
36 (24) 
15 (9) 
20 (9) 
18 (7) 

17 (11) 

5 (4) 
26 (17) 
9 (5) 
20 (11) 
18 (11) 

incr. delta band; decr. beta2, 
gamma band
decr.
incr. delta bad
decr. alpha band
Not significant
incr. alpha2, beta and gamma 
band

Cross-ApEn (Gómez et al. 2012) 12 (9) 12 (7) decr.

NLF (Gómez et al. 2008) 15 (10) 15 (8) decr.

PLI (Stam et al. 2009) 18 (7) 18 (11) decr. alpha1 and beta band

SL (Stam et al. 2002)

(Stam et al. 2006)

20 (9) 

18 (7) 

20 (11) 

18 (11) 

decr. 10-14 hz, 18-22 hz, 22-
40 hz
incr. theta, beta* band; decr. 
alpha1, beta* band

Supplementary Table S2. Final list of included publications with regard to pair-wise signal analyses in this 
review. AD = Alzheimer’s disease; CMIF = cross mutual information function; Cross-ApEn = cross-approximate 
entropy; incr = increased in AD; NLF = nonlinear forecasting; nr = not reported; PLI = phase lag index; SL = 
synchronization likelihood.
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Type of 
analysis

Study
Global Network 
Analyses

Number of 
AD patients 
(Female)

Number of 
controls 
(Females)

Results AD versus C

Algebraic 
connectivity

(de haan et al. 2012a) 18 (7) 18 (11) decr. alpha1, beta, gamma band

Cn (van Cappellen van 
Walsum et al. 2003)

20 (nr) 20 (nr) incr. in low frequencies

Cw (Stam et al. 2009) 18 (7) 18 (11) decr. alpha1 band

Eigenratio (de haan et al. 2012a) 18 (7) 18 (11) decr. theta band; incr. gamma 
band

Lw (Stam et al. 2009) 18 (7) 18 (11) decr. alpha1 band

Modularity (de haan et al. 2012b) 18 (7) 18 (11) incr. delta, theta band; decr. 
beta, gamma band

Number of 
modules

(de haan et al. 2012b) 18 (7) 18 (11) decr. theta, beta and gamma 
band

Participation 
coefficient

(de haan et al. 2012b) 18 (7) 18 (11) decr. delta and theta band

Within module 
degree

(de haan et al. 2012b) 18 (7) 18 (11) decr. beta band

Spectral gap (de haan et al. 2012a) 18 (7) 18 (11) decr. 

Spectral radius (de haan et al. 2012a) 18 (7) 18 (11) decr. gamma band

Supplementary Table S3. Final list of included publications with regard to Global Network analyses in this 
review. AD = Alzheimer’s disease; Cn = neural complexity; Cw = weighted clustering coefficient; decr = 
decreased in AD; incr = increased in AD; Lw = weighted path length; nr = not reported.
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Pathology in Alzheimer’s disease (AD) starts in the entorhinal cortex and 

hippocampus. Because of their deep location, activity from these areas is difficult 

to record with conventional electro- or magnetoencephalography (EEG/MEG). 

The purpose of this study was to explore hippocampal activity in AD patients and 

healthy controls using “virtual MEG electrodes”. We used resting-state MEG 

recordings from 27 early onset AD patients [age 60.6 ± 5.4, 12 females, mini-

mental state examination (MMSE) range: 19–28] and 26 cognitively healthy age- 

and gender-matched controls (age 61.8 ± 5.5, 14 females). Activity was 

reconstructed using beamformer-based virtual electrodes for 78 cortical regions 

and 6 hippocampal regions. Group differences in peak frequency and relative 

power in six frequency bands were identified using permutation testing. For the 

patients, spearman correlations between the MMSE scores and peak frequency or 

relative power were calculated. Moreover, receiver operator characteristic curves 

were plotted to estimate the diagnostic accuracy. We found a lower hippocampal 

peak frequency in AD compared to controls, which, in the patients, correlated 

positively with MMSE [r(25) = 0.61; p < 0.01] whereas hippocampal relative theta 

power correlated negatively with MMSE [r(25) = −0.54; p < 0.01]. Cortical peak 

frequency was also lower in AD in association areas. Furthermore, cortical peak 

frequency correlated positively with MMSE [r(25) = 0.43; p < 0.05]. In line with 

this finding, relative theta power was higher in AD across the cortex, and relative 

alpha and beta power was lower in more circumscribed areas. The average 

cortical relative theta power was the best discriminator between AD and controls 

(sensitivity 82%; specificity 81%). Using beamformer-based virtual electrodes, we 

were able to detect hippocampal activity in AD. In AD, this hippocampal activity 

is slowed, and correlates better with cognition than the (slowed) activity in 

cortical areas. On the other hand, the average cortical relative power in the theta 

band was shown to be the best diagnostic discriminator. We postulate that this 

novel approach using virtual electrodes can be used in future research to 

quantify functional interactions between the hippocampi and cortical areas.
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Introduction
Alzheimer’s disease (Ad) is a neurodegenerative disease affecting a large proportion of the 
human population worldwide. While the prevalence of Ad increases with advancing age, an 
early onset form of the disease is increasingly recognized (van der Flier and Scheltens, 2005). 
Early onset Ad is frequently referred to as a disease onset before the age of 65, although this 
cutoff age is arbitrary (van der Flier et al., 2011). Electroencephalography (EEG) studies have 
been conducted for several decades and have consistently demonstrated slowing of oscillatory 
brain activity in Ad (jeong, 2004; de Waal et al., 2012). This slowing of oscillatory frequencies in 
Ad may be caused by the loss of connection between neurons, shown in a model of coupled 
neural masses (de haan et al., 2012; Stam and van Straaten, 2012). These losses of connections 
on a cellular level are also observed at the macroscopic level using functional connectivity. This 
resulted in hypotheses of Ad as a disconnection syndrome (delbeuck et al., 2007). Studies with 
magnetoencephalography (MEG) have consistently reproduced the slowing of brain activity in 
Ad (e.g., Fernández et al., 2006b; de haan et al., 2008; Abatzoglou et al., 2009). The relation 
between slowing of oscillatory brain activity and decreasing connectivity has been modeled using 
computer based neuronal assemblies while it has been shown that amyloid-beta toxicity primarily 
affects dendrites (Thal et al., 2008). Studies, in which slowing of oscillatory brain activity has 
been reported using MEG, were all conducted in “signal space” meaning that an accurate 
regional estimation is lacking. MEG measures neuronal activity directly with a high temporal and 
spatial resolution (Ioannides, 2006; Stam, 2010; van Straaten et al., 2014), allowing accurate 
source reconstruction (Baillet et al., 2001; hillebrand and Barnes, 2005). Techniques to transform 
signal space data to “source space” data are not only able to localize MEG signals that arise from 
the cortex, but neuronal activity in subcortical gray matter, including the medial temporal lobe, 
can also be localized (Attal and Schwartz, 2013). This allows researchers to non-invasively look 
at specific brain regions, not only cortically but also subcortically. A major region of interest in Ad 
would be the hippocampus, since this region is already involved in the early stages of the disease.

The purpose of this study was to non-invasively characterize resting-state brain activity from 
deeper brain structures, namely the hippocampi, and to compare this to cortical activity and 
cognitive performance. Furthermore, we aimed to compare differences in hippocampal and 
cortical activity between Ad patients and healthy controls, where we expected a slowing in the 
patients compared to the healthy controls. our results show that the use of beamformer-based 
virtual electrodes indeed allow for the non-invasive sampling of these deeper brain structures, as 
we characterized, for the first time, resting-state brain activity in Ad in the hippocampus, as well 
as in cortical regions.

Methods
Subjects
We conducted MEG measurements in 27 young (age: 60.6 ± 5.4 years) patients with 
probableAdfrom the Amsterdam dementia Cohort in the Alzheimer Center of the VU University 
Medical Center. All patients fulfilled the National Institute of Aging-Alzheimer’s Association (NIA-
AA) criteria for probable Ad with a high likelihood of Ad patho physiology, based on the 
combination of a positive biomarker reflecting Aβ deposition (in either cerebrospinal fluid (CSF) 
or by positron emission tomography (PET) scanning) and/or a positive biomarker for neuronal 
injury (tau or phosphorylated tau in CSF). They were assessed according to a standard diagnostic 
workup for dementia screening including an informant-based history of the patient (if available), 
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physical-, neurological and cognitive examinations, laboratory tests, structural brain imaging, 
and EEG. diagnoses were made in a multidisciplinary consensus meeting. None of the patients 
had a known autosomal dominant mutation. Patients gave written informed consent for use of 
their clinical data for research purposes (van der Flier et al., 2014). For our analyses, we used the 
following clinical data: subject characteristics, mini-mental state examination (MMSE). Exclusion 
criteria for participation were: an active psychiatric or neurologic disorder, MMSE-score below 
18, or age above 70 years. In addition to the patient group, we included 26 of 31 non-demented 
controls that responded to an advertisement in a national newspaper. 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 1 week after, the MRI-scan in order to avoid 
interference due to, for example, magnetized dental elements. one volunteer was excluded as a 
meningioma found 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.

MEG Recordings
Magnetoencephalography recordings were obtained within several weeks after diagnosis. In 
order not to interfere with the resting-state condition, neuropsychological testing of the healthy 
control subjects was conducted after the MEG-recording. Since patients received an Ad diagnosis 
after they went to the Alzheimer’s center, the MEG took place a few weeks after the MRI scan 
and neuropsychological testing. All 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). The recording protocol consisted of 5 min of eyes-closed 
resting-state condition followed by 2 min-eyes open, and again 5 min eyes-closed. only data 
from the second eyes-closed session were analyzed here. 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 s. 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 1 and 12. 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 
(Medvedovsky et al., 2009). 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. 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 patients’ structural scan.

Co-registration of MEG Data and Structural Scans
Structural MRI scans were made of all participants. For one Ad patient, a computer tomography 
(CT) scan was used 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. Co-registration of the MEG data 
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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.

Source Reconstruction in Cortical Regions and Hippocampi Using Virtual Electrodes
In order to obtain source localized activity in cortical regions, we applied an atlas-based 
beamformer approach (hillebrand et al., 2012). In this work, we used the sphere that best fitted 
the scalp surface [using the Nelder–Mead method (fminsearch in Matlab, version R2008b)] as a 
volume conductor model. Sensor signals are projected to an anatomical framework such that 
source-reconstructed neuronal activity for 78 cortical regions-of-interest (RoIs; Gong et al., 
2009), identified by means of automated anatomical labeling (AAL; Tzourio-Mazoyer et al., 
2002; Supplementary Table S1), is obtained. The voxel with the maximum pseudoZ (hillebrand et 
al., 2012) in a particular frequency band (see below) was selected as representative for that 
specific RoI (Zobay et al., 2015). once the broad band (0.5–48 hz) beamformer weights for the 
selected voxel were computed, then the time series for this voxel, i.e., a virtual electrode, was 
reconstructed (see hillebrand et al., 2012 for details).

To reconstruct brain activity for the hippocampus, three virtual electrodes were manually placed 
in both left and right hippocampal gray matter by one of the authors (ME). The first electrode 
was placed in the center of the hippocampi while the second and the third electrode were placed 
anterior and posterior from the central electrode, respectively (Figure 1). The center of the 
hippocampus, in which the central virtual electrode was placed, was identified on the sagittal 
MRI coupe in which the full length of the hippocampus was visible. Thereafter, the posterior and 
anterior virtual electrodes were placed with an approximately equal distance (dependent on the 
size of the hippocampus) to the centrally placed virtual electrode in the same coupe, leading to 
electrode placements within the hippocampal gray matter. Virtual electrodes could not be reliably 
placed in 4 out of 27 Ad patients (one patient with CT, and four patients with MRI of insufficient 
quality). Therefore, we placed hippocampal virtual electrodes in 23 Ad patients and 26 healthy 
controls (Table 1).

For each subject, care was taken to select 20 artifact-free epochs of 4096 samples (3.2768 s) by 
one of the authors (ME). A second researcher independently evaluated the selected epochs. 
Epochs without consensus were replaced by new epochs. Epochs were converted to ASCII-files 
and imported into an in-house developed software package (BrainWave version 0.9.125, CS. 
Software [http://home.kpn.nl/stam7883/brainwave.html]). The MEG data were digitally filtered 
with a band pass filter of 0.5–48 hz using a 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), and gamma (30–45 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. Average peak frequency values were obtained by averaging, over epochs, the 
peak frequency within the 4–13 hz frequency range.
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Statistical Analysis
IBM SPSS Statistics 20.0 for mac and R 3.2.0 for mac were used for statistical analyses. First, we 
tested subject characteristics using an unpaired student’s t-test or χ2 test where appropriate. We 
calculated relative power values for each cortical RoI and for all six hippocampal virtual electrodes. 
We compared Ad and controls by means of permutation analysis (Nichols and holmes, 2002) in 
a similar way as described by Ponsen et al. (2012). This approach has been reported to show 
robust results in MEG data (Singh et al., 2003). hereby, a null distribution for between-group 
differences (independent t-test) was derived by permuting group assignment and calculating a 
t-statistic after each permutation. To correct for multiple comparisons, the maximum t-value 
across RoIs of each permutation was used to construct a distribution of maximum t-values (N = 
1000) against which the observed t-values were tested (with α = 0.05). Receiver operating 
characteristic (RoC) curves were plotted for the peak frequency and the power in the different 
frequency bands for both cortical areas (averaged over all 78 cortical regions) and the hippocampi 
(averaged over the six hippocampal regions). The optimal thresholds of the cut-offs were 
determined using the Youden-index. Bivariate non-parametric correlation (Spearman) tests of 
average relative power or average peak frequency with MMSE scores were performed for both 
the cortical areas and the hippocampi. Correlations were estimated only for the patients.

Results
Subject Characteristics
Subject characteristics are given in Table 1. Continuous and categorical variables were tested by 
unpaired Student’s t and χ2 tests, respectively. Age, gender, and level of education did not differ 
between groups. The mean MMSE score was lower in Ad patients compared to the healthy controls.

Hippocampal Peak Frequency
We found that Ad patients had significantly lower peak frequencies compared to controls (C) in 
all six regions [left anterior Ad (mean ± standard deviation): 7.91 ± 1.09, C: 8.77 ± 0.63; left 
center Ad: 8.14 ± 1.04, C: 8.94 ± 0.57; left posterior Ad: 8.12 ± 1.23, C: 9.01 ± 0.61; and right 
posterior Ad: 8.27 ± 1.27, C: 9.01 ± 0.61; right anterior Ad: 8.02 ± 1.12, C: 8.82 ± 0.72; right 
center Ad: 8.15 ± 1.09, C: 8.98 ± 0.66; all regions: p < 0.01; except right posterior p < 0.05]. 
We found no differences in peak frequency between the three hippocampal areas (anterior, 
center, and posterior hippocampus) or between the left and right hippocampi (Figure 2).

Hippocampal Relative Power
Since location within the hippocampus was not relevant, we averaged the relative power values 
over sub-regions and for the left and right hippocampi for every subject. We found higher 
relative theta power in Ad patients compared to controls (Ad: 0.19 ± 0.06, C: 0.14 ± 0.03,  
p < 0.01). Upper alpha and beta band relative power was lower in Ad patients compared to 
controls (upper alpha band Ad: 0.11 ± 0.03, C: 0.13 ± 0.03; beta band Ad: 0.21 ± 0.07, C: 0.25 
± 0.04; all p < 0.01).

Cortical Peak Frequency
Individual power spectra, averaged over all 78 cortical RoIs, for Ad patients and healthy controls 
are presented in Figures 3A,B, respectively. Group averages of the spectra, including the standard 
error of the mean, are in Figure 3C. The mean peak frequency, averaged over all RoIs, was lower 
for the Ad patients than for the controls (Ad 7.63 ± 0.98; controls 8.49 ± 0.53; p < 0.001). 
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Regionally, we found decreased peak frequencies in Ad patients compared to controls (Figure 
3d) in 26 regions (Supplementary Table S2) using permutation testing. Note that mainly 
association cortical areas showed a lower peak frequency in Ad patients compared to healthy 
controls, whereas the peak frequencies for the primary cortical areas were not different between 
the groups (Supplementary Table S2).

Cortical Relative Power
The relative power, averaged over all cortical regions, was lower in Ad patients compared to 
controls in lower alpha and beta band (lower alpha band: Ad 0.09 ± 0.02, C: 0.11 ± 0.04,  
p < 0.05; beta band: Ad 0.27 ± 0.06, C: 0.32 ± 0.05, p < 0.05) and higher in the delta and theta 
band (delta band: Ad 0.27 ± 0.05, C: 0.23 ± 0.05, p < 0.05; theta band: Ad 0.20 ± 0.05, C: 0.15 
± 0.03, p < 0.05). Regional differences in relative power using permutation testing are presented 
in Figure 4 (only bands with at least one region that showed a significant difference are presented) 
and Supplementary Table S3. The delta power was higher in Ad than in controls in six regions, 
all located caudally from the central sulcus (left superior parietal gyrus, right angular gyrus, right 
superior, middle and inferior occipital gyrus, and right middle temporal gyrus). The theta band 
power was higher in almost all cortical regions in Ad versus controls. The power in the lower 
alpha band was lower in Ad versus controls in 16 regions, all in the parietal/occipital lobe, 
whereas the power in the beta band was lower in 17, mostly frontal, regions (Figure 4).

Diagnostic Accuracy
Receiver operator characteristic curves were plotted to investigate the discriminative capability of 
the relative power and peak frequency both using the averaged values over the cortical (Figure 
5A) and hippocampal (Figure 5B) areas for the various frequency bands. The best diagnostic 
accuracy was observed for the cortical relative theta power (area-under-the-curve of 0.830) with 
a sensitivity of 82% and a specificity of 81%. Furthermore, we tested the accuracy for the right 
parietal region separately for the delta power and peak frequency since these characteristics in 
this region have previously been identified to index the transition from MCI to dementia 
(Fernández et al., 2013). This resulted in an accuracy of 72% (sensitivity 70%; specificity 73%; 
area-under-the-curve 0.727; data not shown) for the superior part and an accuracy of 72% 
(sensitivity 63%; specificity 81%; area-under-the-curve 0.726; data not shown) for the inferior 
part of the right parietal cortex in the delta power, which is substantially higher than the values 
obtained for the global delta power (accuracy 66%; sensitivity 85%; specificity 46%; area-
under-the-curve 0.698; Figure 5A). The accuracy for the peak frequency did not improve (56%; 
data not shown) when only the right parietal region was taken into account.

Correlation with Cognition
Within Ad patients and averaged over all cortical regions, the relative power values in the various 
frequency bands did not have a significant correlation with patients’ MMSE score, whereas the 
peak frequency showed a positive correlation [r(25) = 0.43; p < 0.05; Figure 6A, left]. For the 
hippocampus, a positive correlation with MMSE [r(25)=0.61; p < 0.01; Figure 6A, right] was 
found. In addition, a negative correlation [r(25) = −0.54; p < 0.01] between relative theta power 
in the hippocampus and MMSE was found (Figure 6B). Regional correlations with peak frequency 
and MMSE score are shown in Figure 6C (left) while Figure 6C (right) shows the significant 
correlation values in red. Significant correlations between peak frequency and MMSE were 
mainly found for right parietal areas.
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Discussion
Using a novel non-invasive approach, we were able to localize oscillatory brain activity in cortical 
regions and the hippocampi of Ad patients and controls. We found slower resting-state activity 
in Ad patients compared to controls for the cortical regions as well as the hippocampi. In Ad, the 
reduction of the peak frequency was widely present across the cortex with the exception of 
primary cortical areas, while theta power was increased throughout the entire cortex. The 
reduction in peak frequency, as well as increased relative theta power, was also observed 
throughout the hippocampus. The hippocampal peak frequency showed a strong positive 
correlation with cognition, with a corresponding negative correlation between cognition and 
hippocampal theta power. Cortical theta power was shown to be the best diagnostic discriminator.

Hippocampal Oscillatory Activity
here, we report for the first time results of virtual electrodes in patients with Ad. These virtual 
electrodes were manually placed in a major disease hallmark region: the hippocampus, enabling 
the non-invasive study of hippocampal activity. We found a reduced peak frequency in the 
hippocampus of Ad patients compared to controls indicative of slowing of brain activity in the 
hippocampus. occipital regions are the main cortical generators of the dominant oscillatory 
activity in the alpha frequency range (8–13 hz) during eyes-closed resting-state conditions 
(Klimesch, 1999). Therefore, the slowing of oscillatory brain activity is sometimes only considered 
using posterio-occipital MEG/EEG channels. however, some studies have shown that slowing 
also occurs in temporal and prefrontal regions (Fernández et al., 2002; Criado et al., 2007). 
however, a general slowing of activity in cortical areas has been reported numerous times in both 
EEG (for a review see jeong, 2004) and MEG data (e.g., de haan et al., 2008). our study adds to 
the current knowledge that in the early onset variant of the disease, where the hippocampal area 
is relatively spared compared to the late-onset variant of Ad, slowing of oscillatory activity can 
already be observed in the hippocampus.

Hippocampal Subdivision
Virtual electrodes were manually placed in six hippocampal regions (left and right anterior, 
central and posterior hippocampus). Previous research has suggested that anterior and posterior 
hippocampal areas have distinct specialization (Poppenk et al., 2013). This anterior–posterior 
hippocampal segmentation has also been found in a data-driven approach using diffusion- 
weighted images (Adnan et al., 2015). hippocampal studies in animals showed not only distinct 
anatomical connections, but also functional dissimilarities between the ventral hippocampus 
(homolog of anterior hippocampus in humans) and the dorsal hippocampus (homolog of 
posterior hippocampus in humans; Fanselow and dong, 2010), as Moser and Moser (1998) 
already suggested in their review in 1998. This so-called Moser-theory states that the anterior 
hippocampus modulates emotional and affective processes whereas the posterior hippocampus 
is specifically involved in memory function (Fanselow and dong, 2010). In this view, it could be 
expected that Ad patients would show more severe abnormalities in the posterior part of the 
hippocampus since memory processes are generally severely affected in these patients. our 
finding showed a slowing of oscillatory brain activity in the hippocampi of Ad patients regardless 
of the region. Therefore, we conclude that hippocampal dysfunction in terms of slowing of 
oscillatory activity is unlikely to be region dependent. An alternative explanation is that our non-
invasive approach lacks the spatial resolution to detect subtle differences between the 
hippocampal sub-regions (see limitations below). Future studies should elucidate whether the 



| 49Chapter 3

functional connectivity profiles for these sub-regions differ, in line with the previously observed 
distinct anatomical connectivity profiles.

Cortical Power
For the cortical regions, we found a lower peak frequency in Ad patients in the association areas, 
whereas the primary cortical areas, such as primary visual cortex and sensorimotor cortices, were 
spared (Figure 3C). This finding is in line with the results of by Buckner et al. (2005), who 
described a hypothetical relationship across molecular, structural, and functional measures that 
all markedly overlap in association areas. But the primary cortices were spared. our finding of 
lower peak frequencies in the association areas, a possible indication of an underlying pathological 
process in these areas, fits this. In our early onset Ad patients, the peak frequency in occipital 
areas was not significantly lower compared to controls, whereas previous MEG studies found a 
reduced peak frequency when only assessing occipital- or occipitoparietal channels (Berendse et 
al., 2000; Montez et al., 2009). This contradiction might be a result of technical differences 
between the studies (signal space versus source space) or the use of an early onset Ad group, 
which differs from late-onset in terms of atrophy [i.e., disproportionate atrophy in the posterior 
part of the brain while the hippocampi are relatively spared (Karas et al., 2007)]. The alpha 
rhythm is most dominant in the occipital regions of the brain. Unsurprisingly, the regions where 
in our study the relative power in the lower alpha was reduced were located in the occipital lobe. 
Furthermore, we found a widespread increase of relative theta power in patients with Ad. The 
increase of theta power is in accordance with the general notion of slower brain activity in Ad 
patients as well is the decrease of lower alpha power in the occipital area. The increase in low 
frequencies and decrease in high frequency bands in MEG in patients with Ad has been published 
before (e.g., Berendse et al., 2000; Fernández et al., 2002, 2003, 2005, 2006a,b, 2013; osipova 
et al., 2005; Poza et al., 2007, 2008; de haan et al., 2008; Montez et al., 2009; Besga et al., 
2010; Ranasinghe et al., 2014) and our regionally specific source-space approach is in line with 
these results.

Correlation with Cognition
We found a strong correlation between MMSE scores and hippocampal peak frequency within 
the Ad group. This correlation was stronger than the correlation found between MMSE score 
and cortical peak frequency as well as cortical/hippocampal theta power. Correlations between 
MMSE scores and MEG power in different frequency bands have been reported before, power in 
lower frequency bands were found to correlate negatively (Poza et al., 2008) and power in higher 
frequency bands to correlate positively (de haan et al., 2008; Poza et al., 2008). Regionally, we 
found significant correlations in mainly right parietal areas between peak frequency and MMSE 
score whereas the temporal region did not show such correlations. Importantly, the absence of 
significant correlations between cognition and peak frequency in the neocortical temporal areas 
indicates that the observed relation between hippocampal peak frequency and cognition is 
unlikely to be due to signal leakage from nearby superficial cortical regions.
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Early Onset AD
The correlations between slowing of rhythmic activity and cognition, together with the diagnostic 
accuracy findings reported in this study, may reveal a functional dysfunction of the hippocampi 
in early onset Ad. The cortical changes in Ad patients are most outspoken, not only in terms of 
oscillatory activity, as suggested by the RoC curves in present study, but also in terms of atrophy 
(Karas et al., 2007). The hippocampi in early onset Ad are relatively spared in terms of atrophy 
and pathological processes, while the posterior regions are relatively more affected as compared 
to the late-onset counterpart of the disease (Karas et al., 2007; ossenkoppele et al., 2012). 
Therefore, early onset Ad is usually accompanied by relatively spared scores on memory tests. For 
future research, it would be interesting to relate hippocampus atrophy scores to physiological 
data in this patient group. Interestingly, while the cortical theta power was the best discriminator 
between Ad and controls, this parameter did not correlate with cognition. In contrast, the hippo-
campal peak frequency and relative theta power did not show good discriminative abilities, whereas 
significant correlations with cognition were found. The young Ad group used in this study might 
explain this finding. In young patients with Ad, typical findings like primary memory impairments 
are infrequently found. Instead of memory impairment and the accompanied hippocampal atophy, 
impairments in other cognitive domains, often accompanied by parietal atrophy, are more 
outspoken. Therefore, slowing in the posterior regions is likely to be a better diagnostic feature 
in this group than hippocampal slowing. When the disease severity increases, hippocampal 
atrophy and memory problems may arise. In this study, we found indications that hippocampal 
oscillatory activity is correlated to those features and may therefore indicate that despite the 
young age of the patients, the disease has already progressed to a more advanced disease stage.

Methodological Considerations
Several potential limitations of this study should be taken into account. The estimated power 
spectra may have been influenced by methodological choices, such as the selection of artifact-
free epochs. however, an independent researcher (IN, in acknowledgments) checked the selected 
epochs for quality and signs of drowsiness. We therefore expect that the epochs we have selected 
for our final analyses are artifact-free.

Magnetoencephalography has a lower spatial resolution for deeper regions (hillebrand and 
Barnes, 2002). The spatial resolution of beamformer-reconstructed images of neuronal activity is 
inhomogeneous across the brain and typically ranges between 1 and 20 mm (hillebrand et al., 
2005), but for cortical regions it may be of the order of a few millimeters (Barnes et al., 2004). 
With regard to the placement of virtual electrodes in the hippocampus, we had to take this 
reduced spatial resolution into account. The hippocampus is approximately 7 cm in length, which 
makes a spatial resolution of 1–20 mm more than sufficient to detect anterior/posterior changes, 
although admittedly the exact spatial resolution for the hippocampal area is as yet unknown. 
Although it has been debated whether deeper brain regions can be detected by MEG, previous 
empirical data have shown that MEG beamformer techniques are able to reconstruct these 
regions, particularly when group averages are constructed (Quraan et al., 2011).

In this study, we used a single sphere as a model for the volume conductor. The accuracy of the 
reconstructed time-series may be improved in future studies by using more realistic volume 
conductor models (Lalancette et al., 2011), albeit at the expense of computational complexity 
and more elaborate preprocessing.
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From a clinical perspective, the modest sample size, comorbidity and disease heterogeneity 
might be limitations for the present study. however, all patients had pathological biomarkers 
suggestive for Ad (either obtained by CSF analysis or by PET scanning). The healthy control 
participants were not tested in a clinical setting, and therefore, clinical information about disease 
history (besides dementia or other neurological diseases) were not available. Therefore, 
confounding effects of concomitant illnesses could not be assessed. Also, the healthy control 
participants did not have known amyloid status so it is possible that amyloid pathology was 
present in some of the participants in this group. We therefore believe that the findings of this 
study are potentially an underestimation of the real group effects.

Conclusion and future directions
In this resting-state MEG study, we were able to detect hippocampal activity in Ad using 
beamformer-based virtual electrodes. We found slowing of oscillatory brain activity in cortical 
areas, as well as in the hippocampus, which correlated with general cognitive decline. The 
cortical association areas and the hippocampus are most prone to Ad-related slowing. We 
postulate that this novel approach using virtual electrodes can be used in future research to 
quantify functional interactions between the hippocampi and cortical areas. This may give insight 
into the connectional disruptions that occurs in Ad, not only within the cortex, but also between 
cortex and hippocampi, and even within the hippocampi.
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Tables
AD patients Healthy controls

Cortical 
analyses

hippocampal 
analyses

Cortical- and 
hippocampal analyses

N 27 23 26

Mean age (SD) 60.6 (5.4) 60.7 (5.6) 61.8 (5.5)

Gender (F/M) 12/15 11/12 14/12

Mean MMSE (SD) 23.4 (2.6)** 23.2 (2.5)** 28.9 (1.0)

Mean Educational score (SD) 4.84 (1.06) 4.70 (0.93) 5.71 (0.91)

Presence of dementia in family  
(yes/no/unknown)

10 / 15 / 2 9 / 12 / 2 n.a.

APOE genotype E4E4: 10 E4E4: 9 n.a.

 E3E4: 13 E3E4: 10  

 E3E3: 2 E3E3: 2  

 E2E4: 1 E2E4: 1  

Table 1. Subject characteristics. APOE, apolipoprotein E alleles; MMSE, mini-mental state examination;  
F, number of female subjects; M, number of male subjects; N, number of subjects; N.A., not available;  
SD, standard deviation. **p<0.01; alevel of education was rated according to Verhage (Verhage, 1964); 
bpositive history indicating at least one first degree relative with dementia.

Figures
Fig. 1. Example of the placement of virtual electrodes in one patient in the right hippocampus on T1 weighted 
magnetic resonance imaging (MRI). The virtual electrodes are shown as blue (anterior), red (center), and green 
(posterior) dots on sagittal, coronal and axial brain slices (left, middle, and right panel, respectively).
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Fig. 2. The peak frequency for virtual electrodes placed in the hippocampi. Top panel shows an example 
sagittal view of a T1-weighted MRI with three different virtual electrode in one patient in the left hippocampus. 
The lower panel shows boxplots of the anterior, middle, and posterior left and right hippocampal regions for 
AD patients and healthy controls. Significant differences are indicated using asterisks: *p < 0.05, **p < 0.01. 
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Fig. 3. Left panel shows the frequency spectra, averaged over all cortical ROIs. [a.u.] stands for arbitrary units, 
(A) represents AD patients, (B) represents healthy controls, and (C) represents the average spectra for both 
groups with the corresponding standard errors and the right panel shows the regional peak frequency for 
each ROI (D). (D) A color-coded map on a template mesh of the peak frequency values for every region of 
interest. The same color scale is used for the AD patients and the healthy controls. The lower part of panel (D) 
shows the significant differences (blue means AD patients have lower values than healthy controls) between 
the two groups as determined using permutation analyses (p < 0.05, corrected). 
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Fig. 4. Relative power, shown as a color-coded map on a template mesh, for the AD patients (left) and healthy 
controls (middle) in, respectively, the delta (first row), theta (second row), lower alpha (third row), and beta 
(fourth row) bands. The (right) shows the significant differences (red and blue indicate higher and lower 
relative power values for AD patients compared to healthy controls, respectively) in corresponding bands 
between the two groups as determined using permutation analysis (p < 0.05, corrected).
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Fig. 5. ROC for discriminating AD patients and healthy controls, obtained using the relative power values in 
six frequency bands and the peak frequency, averaged over cortical areas (A) and hippocampal areas (B).

Fig. 6. Correlations between peak frequency and relative theta power in the patients’ cortical and hippo-
campal areas with MMSE. (A) Spearman’s correlation coefficient between MMSE and peak frequency, 
averaged over all cortical areas (left), and over hippocampal areas (right). (B) Spearman’s correlation coefficient 
between MMSE and the relative theta power averaged over hippocampal ROIs. (C) Spearman’s correlation 
coefficients between MMSE and peak frequency for every cortical ROI (left), and the significant (red) and non-
significant (gray) correlations (right).
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Appendix

ROI 
no. in 
Gong 
atlas

Hemi-
sphere

Cortical regions Abbrevia-
tions

ROI 
no. in 
Gong 
atlas

Hemi-
sphere

Cortical regions Abbrevia-
tions

1 Left Gyrus Rectus REC 40 Right Gyrus Rectus REC

2 Left olfactory Cortex oLF 41 Right olfactory Cortex oLF

3 Left Superior frontal 
gyrus, orbital part

oRBsup 42 Right Superior frontal 
gyrus, orbital part

oRBsup

4 Left Superior frontal 
gyrus, medial 
orbital

oRBsupmed 43 Right Superior frontal 
gyrus, medial 
orbital 

oRBsupmed 

5 Left Middle frontal 
gyrus orbital part

oRBmid 44 Right Middle frontal 
gyrus orbital part

oRBmid

6 Left Inferior frontal 
gyrus, orbital part

oRBinf 45 Right Inferior frontal 
gyrus, orbital part

oRBinf 

7 Left Superior frontal 
gyrus, dorsolateral

SFGdor 46 Right Superior frontal 
gyrus, dorsolateral

SFGdor 

8 Left Middle frontal 
gyrus

MFG 47 Right Middle frontal 
gyrus

MFG

9 Left Inferior frontal 
gyrus, opercular 
part 

IFGoperc 48 Right Inferior frontal 
gyrus, opercular 
part 

IFGoperc 

10 Left Inferior frontal 
gyrus, triangular 
part 

IFGtriang 49 Right Inferior frontal 
gyrus, triangular 
part 

IFGtriang 

11 Left Superior frontal 
gyrus, medial

SFGmed 50 Right Superior frontal 
gyrus, medial

SFGmed

12 Left Supplementary 
motor area

SMA 51 Right Supplementary 
motor area

SMA

13 Left Paracentral lobule PCL 52 Right Paracentral lobule PCL

14 Left Precentral gyrus PreCG 53 Right Precentral gyrus PreCG

15 Left Rolandic 
operculum 

RoL 54 Right Rolandic 
operculum 

RoL 

16 Left Postcentral gyrus PoCG 55 Right Postcentral gyrus PoCG 

17 Left Superior parietal 
gyrus

SPG 56 Right Superior parietal 
gyrus

SPG 
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ROI 
no. in 
Gong 
atlas

Hemi-
sphere

Cortical regions Abbrevia-
tions

ROI 
no. in 
Gong 
atlas

Hemi-
sphere

Cortical regions Abbrevia-
tions

18 Left Inferior parietal, 
but supramarginal 
and angular gyri

IPL 57 Right Inferior parietal, 
but supramarginal 
and angular gyri

IPL 

19 Left Supramarginal 
gyrus 

SMG 58 Right Supramarginal 
gyrus 

SMG 

20 Left Angular gyrus ANG 59 Right Angular gyrus ANG 

21 Left Precuneus PCUN 60 Right Precuneus PCUN

22 Left Superior occipital 
gyrus 

SoG 61 Right Superior occipital 
gyrus 

SoG 

23 Left Middle occipital 
gyrus 

MoG 62 Right Middle occipital 
gyrus 

MoG 

24 Left Inferior occipital 
gyrus 

IoG 63 Right Inferior occipital 
gyrus 

IoG 

25 Left Calcarine fissure 
and surrounding 
cortex 

CAL 64 Right Calcarine fissure 
and surrounding 
cortex 

CAL 

26 Left Cuneus CUN 65 Right Cuneus CUN 

27 Left Lingual gyrus LING 66 Right Lingual gyrus LING

28 Left Fusiform gyrus FFG 67 Right Fusiform gyrus FFG 

29 Left heschl gyrus hES 68 Right heschl gyrus hES 

30 Left Superior temporal 
gyrus 

STG 69 Right Superior temporal 
gyrus 

STG 

31 Left Middle temporal 
gyrus 

MTG 70 Right Middle temporal 
gyrus 

MTG 

32 Left Inferior temporal 
gyrus 

ITG 71 Right Inferior temporal 
gyrus 

ITG 

33 Left Temporal pole: 
superior temporal 
gyrus 

TPosup 72 Right Temporal pole: 
superior temporal 
gyrus 

TPosup

34 Left Temporal pole: 
middle temporal 
gyrus 

TPomid 73 Right Temporal pole: 
middle temporal 
gyrus 

TPomid

35 Left Parahippocampal 
gyrus 

PhG 74 Right Parahippocampal 
gyrus 

PhG
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ROI 
no. in 
Gong 
atlas

Hemi-
sphere

Cortical regions Abbrevia-
tions

ROI 
no. in 
Gong 
atlas

Hemi-
sphere

Cortical regions Abbrevia-
tions

36 Left Anterior cingulate 
and paracingulate 
gyri 

ACG 75 Right Anterior cingulate 
and paracingulate 
gyri 

ACG

37 Left Median cingulate 
and paracingulate 
gyri 

dCG 76 Right Median cingulate 
and paracingulate 
gyri 

dCG

38 Left Posterior cingulate 
gyrus 

PCG 77 Right Posterior cingulate 
gyrus 

PCG

39 Left Insula INS 78 Right Insula INS

Table S1. The nomenclature for the different areas, including the corresponding number, based on the AAL 
atlas (automated anatomical labeling) as reordered by Gong et al. 2009.

ROI no. 
in Gong 
atlas 

Hemi-
sphere

ROI name (abbriviations) 
in Gong atlas 

PF value in AD 
patients (mean (SD))

PF value in healthy 
controls (mean (SD))

1 Left REC 7.10 (1.05) 7.93 (0.72)

2 Left oLF 7.09 (0.98) 8.07 (0.86)

5 Left oRBmid 6.87 (0.84) 7.65 (0.61)

6 Left oRBinf 7.19 (0.85) 8.01 (0.74)

9 Left IFGoperc 7.12 (0.94) 7.95 (0.76)

10 Left IFGtriang 6.81 (0.77) 7.83 (0.77)

15 Left RoL 7.87 (1.33) 8.94 (0.72)

17 Left SPG 7.70 (1.43) 8.86 (0.80)

19 Left SMG 8.12 (1.36) 9.17 (0.72)

29 Left hES 7.94 (1.28) 8.96 (0.68)

33 Left TPosup 7.41 (0.92) 8.37 (0.68)

36 Left ACG 6.74 (.74) 7.78 (0.78)

40 Right REC 7.13 (0.83) 7.98 (0.81)

41 Right oLF 7.23 (0.87) 8.03 (0.81)

42 Right oRBsup 7.07 (0.87) 8.00 (0.84)

45 Right oRBinf 7.05 (0.94) 7.92 (0.89)

46 Right SFGdor 6.53 (0.61) 7.38 (0.89)

50 Right SFGmed 6.56 (0.63) 7.28 (0.81)

54 Right RoL 7.67 (1.21) 8.86 (0.98)
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ROI no. 
in Gong 
atlas 

Hemi-
sphere

ROI name (abbriviations) 
in Gong atlas 

PF value in AD 
patients (mean (SD))

PF value in healthy 
controls (mean (SD))

56 Right SPG 7.82 (1.50) 8.95 (0.65)

57 Right IPL 7.73 (1.41) 8.98 (0.80)

58 Right SMG 7.84 (1.44) 9.08 (0.74)

59 Right ANG 7.86 (1.44) 9.03 (0.78)

68 Right hES 7.93 (1.21) 8.97 (0.85)

72 Right TPosup 7.51 (1.10) 8.39 (0.80)

75 Right ACG 6.75 (0.79) 7.84 (0.83)

78 Right INS 7.70 (1.25) 8.65 (1.02)

Table S2. The nomenclature for the areas, including the corresponding number, based on automated 
anatomical labeling (AAL) as reordered by Gong et al., (2009) that have significantly different (p<0.05, 
corrected) peak frequency values between AD patients and healthy controls after permutation testing. AD = 
Alzheimer’s disease; PF = peak frequency; SD = standard deviation.

ROI no. 
in Gong 
atlas 

Hemi-
sphere

ROI name (abbriviations) 
in Gong atlas 

ROI no. 
in Gong 
atlas 

Hemi-
sphere

ROI name (abbriviations) 
in Gong atlas 

Delta band Lower Alpha band (continuation)

1 Left SPG 62 Right MoG 

59 Right ANG 63 Right IoG 

61 Right SoG 64 Right CAL 

62 Right MoG 65 Right CUN 

63 Right IoG 66 Right LING

70 Right MTG 67 Right FFG 

Theta band* Beta band

24 Left IoG 2 Left oLF 

28 Left FFG 3 Left oRBsup 

31 Left MTG 5 Left oRBmid 

32 Left ITG 6 Left oRBinf 

34 Left TPomid 10 Left IFGtriang 

63 Right IoG 11 Left SFGmed 

Lower Alpha band 33 Left TPosup

21 Left PCUN 35 Left PhG

22 Left SoG 36 Left ACG

23 Left MoG 40 Right REC 
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ROI no. 
in Gong 
atlas 

Hemi-
sphere

ROI name (abbriviations) 
in Gong atlas 

ROI no. 
in Gong 
atlas 

Hemi-
sphere

ROI name (abbriviations) 
in Gong atlas 

24 Left IoG 41 Right oLF 

25 Left CAL 42 Right oRBsup 

26 Left CUN 45 Right oRBinf 

27 Left LING 50 Right SFGmed 

28 Left FFG 62 Right MoG 

56 Right SPG 70 Right MTG 

61 Right SoG 73 Right TPomid

75 Right ACG

Table S3. The nomenclature for the areas, including the corresponding number, based on automated 
anatomical labeling (AAL) as reordered by Gong et al., (2009) that have significantly different (p<0.05, 
corrected) power in different frequency bands between AD patients and healthy controls after permutation 
testing. *all but these regions where significantly different between groups.
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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. 
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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., 2017; 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; hillebrand et al., 2016a, 2016b). 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., 2017), 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.

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 



Neurophysiology of Dementia: The resting-state of the art70 |

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., 2017). 
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 5 min eyes-closed condition, followed by 2 min eyes open, 
and again 5 min eyes-closed. In this protocol, to ensure that the subjects stayed awake during 
recording, we asked them to open their eyes for 2 min after 5 min 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. 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 
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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 s. 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 
4mm (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 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 s) 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 
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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 (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). 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-Leibler entropy (Kullback 
and Leibler, 1951) or the conditional mutual information (Paluš and Stefanovska, 2003; Paluš 
and Vejmelka, 2007; for review see hlaváčková-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, 1948), then the TE from source signal X to target signal Y can be expressed as

(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 Lehnertz, 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 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:

(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+0.4 ln(Ns −δ−1) (Rosenblum et al., 2001), and the prediction delay δ was 
set as (N

s
×N

ch
)/N

±
, with N

s
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 the number of samples and channels (RoIs), respectively, and 
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N
±
 the number of times the phase changes sign across time and channels. Previous results have 

demonstrated that the choice of the delay does not influence the results (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,

(3)

The value of dPTE
xy
 ranges between 0 and 1. When information flows preferentially from time 

series X to time series Y, 0.5 < dPTE
xy 

≤1. When information flows preferentially towards X from 
Y, 0 ≤ dPTE

xy
 < 0.5. In the case of no preferential direction of information flow, dPTE

xy
 = 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 Eq. (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 dPTE and the modified 
version of dPTE, as by Lobier et al., 2014, can be found in the Supplementary 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.

To establish whether there was a consistent pattern of information flow in the MEG networks, a 
posterior-anterior index (PAx) (hillebrand et al., 2016a) was calculated as follows:

(4)

where the dPTE was averaged over a set of anterior and posterior regions, respectively (see Table 
S1 for the definitions of anterior, central and posterior regions). PAx was 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.

To investigate whether there is different information flow from central to anterior regions and 
from central to posterior regions between Ad and hCs, we also computed a central-to-anterior 
index (CAx) and a central-to-posterior index (CPx) for both groups. These results can be found in 
the Supplemental materials.

dPTExy =
PTExy

PTExy+PTEyx

PAx = dPTE{ } posterior − dPTE{ }anterior
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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 50,000 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 < 0.05. 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 
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 50,000 times to build a distribution of permuted absolute difference of PAx 
values against which the observed absolute difference of PAx values was tested (p < 0.05).

The CPx and CAx 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) 
= −0.82, p = 0.673), education (t (39) = −2.58, p = 0.462), and gender (c2 (1, 53) = 0.50, p = 
0.587) did not differ between groups, while MMSE scores were lower in Ad patients than 
controls (t(51) = −9.82, p < 0.001).
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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 < 0.05) (Fig. 1C). The disruption 
of posterior-to-anterior information flow in Ad patients was also quantified by the significantly 
lower (p = 0.004) PAx index in Ad patients (PAx = 0.3689) compared to healthy controls (PAx = 
0.5870). In comparison with controls (CPx = −0.3459), Ad patients (CPx = 0.2238) showed a 
more central-to-posterior information flow characterized by significantly higher CPx (p < 0.001); 
Ad (CAx = 0.4383) and control groups (CAx = 0.4161) showed similar central-to-anterior 
information flow (p = 0.73). 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.

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. 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 < 0.05). The connections with the most significant group 
differences (p < 0.0001) 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 
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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
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).

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. of note, the observed group difference in PAx values between 
Ad and hC were mainly due to the different directions of central-to-posterior information flow 
(as quantified by CPx values) between the two groups. 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 
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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
Fig. 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 
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 Aβ

42
, 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 
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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 
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 the correlations 
between dPTE values and relative power values in all frequency bands (Fig. S1, Fig. S5 and Fig. 
S6). Within the groups, the patterns of relative power were similar to those obtained for the dPTE 
(compare Fig. 1 and Fig. S1 to Fig. S5a), which is in accordance with the findings of hillebrand et 
al. (2016a, 2016b). 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 (Fig. S6). Furthermore, the beta band showed more widespread 
significant group differences for relative power than for dPTE (compare Fig. 1 to Fig. S5a). This 
might suggest that the observed differences in dPTE cannot be fully explained by the group 
differences in relative power. however, one should take into account that this result does not 
guarantee a true independent relationship between dPTE and relative power values. For instance, 
the relative power and signal-to-noise ratios are different for each frequency band (Fig. S5b). This 
may affect phase estimates (Muthukumaraswamy and Singh, 2011) and dPTE estimates (although 
dPTE is relatively insensitive to SNR (Lobier et al., 2014), and therefore affect the ability to detect 
group differences for dPTE at low SNRs (i.e. within the constraints of inferential statistics, a non-
significant difference does not necessarily equate the absence of a difference). hence, although 
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these results suggest that power differences are not the main driver of dPTE differences, we 
cannot fully rule out such an effect. 

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
Spearman correlation coefficients between regional dPTE values and MMSE and CSF biomarkers 
(Aβ

42
, 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, Aβ

42
 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.
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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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Tables
AD patients Healthy controls

N 27 26

Mean age (SD) 60.6 (5.4) 61.8 (5.5)

Gender (F/M) 12/15 14/12

Mean MMSE score (SD) 23.4 (2.6)** 28.9 (1.0)

Mean Educational score (SD)a 4.84 (1.06) 5.71 (0.91)

Mean CSF Aß42 (range, pg/mL) 509 (324-674) n.a.

Mean CSF tau (range, pg/mL) 715 (307-1677) n.a.

Mean CSF p-tau (range, pg/mL) 83 (44-173) n.a.

Table 1. Subject characteristics. Abbreviations: Aβ
42

=amyloid-β
42

; CSF=cerebrospinal fluid; F=number  
of female subjects; M=number of male subjects; MMSE=Mini-Mental State Examination; N=number  
of subjects; n.a.=not available; p-tau=tau phosphorylated at threonine 181; SD=standard deviation.  
**p < 0.01. a Level of education was rated according to Verhage (1964). 
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Figures

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 < 0.05). 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 color bar in (C) 
denotes the mean difference of the dPTE values between HC and AD groups for the significant ROIs.
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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. 
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Fig. 3. Disrupted direction of information flow in AD patients in the beta band. (A) p-value (p < 0.05) 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 < 0.0001, 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. 



Neurophysiology of Dementia: The resting-state of the art84 |

Reference list

Alonso, j.F., Poza, j., Mañanas, M.A., Romero, S., 
Fernández, A., hornero, R., 2011. MEG 
connectivity analysis in patients with Alzheimer’s 
disease using cross mutual information and spectral 
coherence. Ann. Biomed. Eng. 39 (1), 524–536. 

Attal, Y., Schwartz, d., 2013. Assessment of 
subcortical source localization using deep brain 
activity imaging model with minimum norm 
operators: a MEG study. PLoS one 8 (3), e59856. 

Babiloni, C., Ferri, R., Binetti, G., Vecchio, F., Frisoni, 
G.B., Lanuzza, B., Miniussi, C., Nobili, F., Rodriguez, 
G., Rundo, F., Cassarino, A., Infarinato, F., 
Cassetta, E., Salinari, S., Eusebi, F., Rossini, P.M., 2009. 
Directionality of EEG synchronization in Alzheimer’s 
disease subjects. Neurobiol. Aging 30 (1), 93–102. 

Baillet, S., Mosher, j.C., Leahy, R.M., 2001. 
Electromagnetic brain mapping. IEEE Signal 
Process. Mag. 18 (6), 14–30. 

Battaglia, F.P., Benchenane, K., Sirota, A., Pennartz, 
C.M., Wiener, S.I., 2011. The hippocampus: hub 
of brain network communication for memory. 
Trends Cogn. Sci. 15 (7), 310–318. 

Benjamini, Y., hochberg, Y., 1995. Controling the 
false discovery rate: a practical and powerful 
approach to multiple testing. j. R. Stat. Soc. Ser. 
B Methodol. 57, 289–300. 

Berendse, h.W., Verbunt, j.P., Scheltens, P., van dijk, 
B.W., jonkman, E.j., 2000. Magnetoencephalo-
graphic analysis of cortical activity in Alzheimer’s 
disease: a pilot study. Clin. Neurophysiol. 111 (4), 
604–612. 

Besthorn, C., Förstl, h., Geiger-Kabisch, C., Sattel, 
h., Gasser, T., Schreiter-Gasser, U., 1994. EEG 
coherence in Alzheimer disease. Electro-
encephalogr. Clin. Neurophysiol. 90 (3), 242–245. 

Cheyne, d., Bostan, A.C., Gaetz, W., Pang, E.W., 
2007. Event-related beamforming: a robust 
method for presurgical functional mapping using 
MEG. Clin. Neurophysiol. 118 (8), 1691–1704. 

Corsi-Cabrera, M., Galindo-Vilchis, L., del-Río-
Portilla, Y., Arce, C., Ramos-Loyo, j., 2007. 
Within-subject reliability and inter-session stability 
of EEG power and coherent activity in women 
evaluated monthly over nine months. Clin. 
Neurophysiol. 118 (1), 9–21. 

Crossley, N.A., Mechelli, A., Scott, j., Carletti, F., 
Fox, P.T., McGuire, P., Bullmore, E.T., 2014. The 
hubs of the human connectome are generally 
implicated in the anatomy of brain disorders. 
Brain 137 (Pt 8), 2382–2395. 

dauwan, M., van dellen, E., van Boxtel, L., van 
Straaten, E.C.W., de Waal, h., Lemstra, A.W., 
Gouw, A.A., van der Flier, W.M., Scheltens, P., 
Sommer, I.E., Stam, C.j., 2016. EEG-directed 
connectivity from posterior brain regions is 
decreased in dementia with Lewy bodies: a 
comparison with Alzheimer’s disease and 
controls. Neurobiol. Aging 14, 122–129. 

van diessen, E., Numan, T., van dellen, E., van der 
Kooi, A.W., Boersma, M., hofman, d., van 
Lutterveld, R., van dijk, B.W., van Straaten, E.C., 
hillebrand, A., Stam, C.j., 2015. Opportunities 
and methodological challenges in EEG and MEG 
resting state functional brain network research. 
Clin. Neurophysiol. 126 (8), 1468–1481. 

duits, F.h., Teunissen, C.E., Bouwman, F.h., Visser, P.j., 
Mattsson, N., Zetterberg, h., Blennow, K., hansson, 
o., Minthon, L., Andreasen, N., Marcusson, j., 
Wallin, A., Rikkert, M.o., Tsolaki, M., Parnetti, L., 
herukka, S.K., hampel, h., de Leon, M.j., Schröder, 
j., Aarsland, d., Blankenstein, M.A., Scheltens, P., 
van der Flier, W.M., 2014. The cerebrospinal fluid 
“Alzheimer profile”: easily said, but what does it 
mean? Alzheimers dement. 10 (6), 713–723.e2.

duits, F.h., Prins, N.d., Lemstra, A.W., Pijnenburg, 
Y.A., Bouwman, F.h., Teunissen, C.E., Scheltens, 
P., van der Flier, W.M., 2015. Diagnostic impact 
of CSF biomarkers for Alzheimer’s disease in a 
tertiary memory clinic. Alzheimers dement. 11 
(5), 523–532. 



| 85Chapter 4

Engels, M.M., Stam, C.j., van der Flier, W.M., 
Scheltens, P., de Waal, h., van Straaten, E.C.W., 
2015. Declining functional connectivity and 
changing hub locations in Alzheimer’s disease: an 
EEG study. BMC Neurol. 20, 15–145. 

Engels, M.M., hillebrand, A., van der Flier, W.M., 
Stam, C.j., Scheltens, P., van Straaten, E.C.W., 
2016. Slowing of hippocampal activity correlates 
with cognitive decline in early onset Alzheimer’s 
disease. An MEG study with virtual electrodes. 
Front. hum. Neurosci. 10, 238. 

Engels, M.M.A., van der Flier, W.M., Stam, C.j., 
hillebrand, A., Scheltens, P., van Straaten, E.C.W., 
2017. Alzheimer’s disease: The state of the art in 
resting-state magnetoencephalography. Clin. 
Neurophysiol. 128 (8), 1426–1437. 

Escudero, j., Sanei, S., jarchi, d., Abásolo, d., 
hornero, R., 2011. Regional coherence evaluation 
in mild cognitive impairment and Alzheimer’s disease 
based on adaptively extracted magnetoencephalo-
gram rhythms. Physiol. Meas. 32 (8), 1163–1180. 

van der Flier, W.M., Pijnenburg, Y.A.L., Fox, N.C., 
Scheltens, P., 2011. Early-onset versus late-onset 
Alzheimer’s disease: the case of the missing 
APOE ε4 allele. Lancet 10, 280e288. 

van der Flier, W.M., Pijnenburg, Y.A., Prins, N., 
Lemstra, A.W., Bouwman, F.h., Teunissen, C.E., 
van Berckel, B.N., Stam, C.j., Barkhof, F., Visser, 
P.j., van Egmond, E., Scheltens, P., 2014. 
Optimizing patient care and research: the 
Amsterdam Dementia Cohort. j. Alzheimers dis. 
41 (1), 313–327. 

Franciotti, R., Iacono, d., della Penna, S., Pizzella, 
V., Torquati, K., onofrj, M., Romani, G.L., 2006. 
Cortical rhythms reactivity in AD, LBD and normal 
subjects: a quantitative MEG study. Neurobiol. 
Aging 27 (8), 1100–1109. 

Friston, K.j., 2011. Functional and effective 
connectivity: a review. Brain Connect. 1 (1), 13–36. 

Gong, G., he, Y., Concha, L., Lebel, C., Gross, d.W., 
Evans, A.C., Beaulieu, C., 2009. Mapping 

anatomical connectivity patterns of human 
cerebral cortex using in vivo diffusion tensor 
imaging tractography. Cereb. Cortex 19 (3), 524–
536. 

Greicius, M.d., Srivastava, G., Reiss, A.L., Menon, 
V., 2004. Default-mode network activity 
distinguishes Alzheimer’s disease from healthy 
aging: evidence from functional MRI. Proc. Natl. 
Acad. Sci. U. S. A. 101 (13), 4637–4642. 

Guevara, R., Velazquez, j.L., Nenadovic, V., 
Wennberg, R., Senjanovic, G., dominguez, L.G., 
2005. Phase synchronization measurements 
using electroencephalographic recordings: what 
can we really say about neuronal synchrony? 
Neuroinformatics 3 (4), 301–314.

de haan, W., Mott, K., van Straaten, E.C., 
Scheltens, P., Stam, C.j., 2012. Activity 
dependent degeneration explains hub 
vulnerability in Alzheimer’s disease. PLoS 
Comput. Biol. 8 (8), e1002582. 

hampel, h., Bürger, K., Teipel, S.j., Bokde, A.L., 
Zetterberg, h., Blennow, K., 2008. Core 
candidate neurochemical and imaging 
biomarkers of Alzheimer’s disease. Alzheimers 
dement. 4 (1), 38–48. 

hari, R., Salmelin, R., 1997. Human cortical 
oscillations: a neuromagnetic view through the 
skull. Trends Neurosci. 20 (1), 44–49. 

hillebrand, A., Barnes, G.R., 2002. A quantitative 
assessment of the sensitivity of whole-head MEG 
to activity in the adult human cortex. NeuroImage 
16 (3 Pt 1), 638–650. 

hillebrand, A., Singh, K.d., holliday, I.E., Furlong, 
P.L., Barnes, G.R., 2005. A new approach to 
neuroimaging with magnetoencephalography. 
hum. Brain Mapp. 25 (2), 199–211. 

hillebrand, A., Barnes, G.R., Bosboom, j.L., 
Berendse, h.W., Stam, C.j., 2012. Frequency-
dependent functional connectivity within resting-
state networks: an atlas-based MEG beamformer 
solution. NeuroImage 59 (4), 3909–3921. 



Neurophysiology of Dementia: The resting-state of the art86 |

hillebrand, A., Fazio, P., de Munck, j.C., van dijk, 
B.W., 2013. Feasibility of clinical 
magnetoencephalography (MEG) functional 
mapping in the presence of dental artefacts. Clin. 
Neurophysiol. 124 (1), 107–113. 

hillebrand, A., Tewarie, P., van dellen, E., Yu, M., 
Carbo, E.W.S., douw, L., Gouw, A., van Straaten, 
E.C.W., Stam, C.j., 2016a. Direction of 
information flow in large-scale resting-state 
networks is frequency-dependent. Proc. Natl. 
Acad. Sci. U. S. A. 113 (14), 3867–3872. 

hillebrand, A., Nissen, I.A., Ris-hilgersom, I., Sijsma, 
N.C., Ronner, h.E., van dijk, B.W., Stam, C.j., 
2016b. Detecting epileptiform activity from 
deeper brain regions in spatially filtered MEG 
data. Clin. Neurophysiol. 127 (8), 2766–2769. 

hlaváčková-Schindler, K., Paluš, M., Vejmelkab, M., 
Bhattacharyaa, j., 2007. Causality detection 
based on information-theoretic approaches in 
time series analysis. Phys. Rep. 441, 1–46. 

holschneider, d.P., Leuchter, A.F., 1995.  
Beta activity in aging and dementia. Brain Topogr. 
8 (2), 169–180. 

hughes, L.E., Rowe, j.B., 2013. The impact of 
neurodegeneration on network connectivity: a 
study of change detection in frontotemporal 
dementia. j. Cogn. Neurosci. 25 (5), 802–813. 

Kopell, N., Ermentrout, G.B., Whittington, M.A., 
Traub, R.d., 2000. Gamma rhythms and beta 
rhythms have different synchronization 
properties. Proc. Natl. Acad. Sci. U. S. A. 97 (4), 
1867–1872. 

Kullback, S., Leibler, R.A., 1951. On information and 
sufficiency. Ann. Math. Stat. 22 (1), 79–86. 

Lobier, M., Siebenhühner, F., Palva, S., Palva, j.M., 
2014. Phase transfer entropy: a novel phase-
based measure for directed connectivity in 
networks coupled by oscillatory interactions. 
NeuroImage 85, 853–872. 

Ludbrook, j., 1994. Advantages of permutation 
(randomization) test in clinical and experimental 
pharmacology and physiology. Clin. Exp. 
Pharmacol. Physiol. 21, 673e686.

McKhann, G.M., Knopman, d.S., Chertkow, h., 
hyman, B.T., jack jr., C.R., Kawas, C.h., Klunk, 
W.E., Koroshetz, W.j., Manly, j.j., Mayeux, R., 
Mohs, R.C., Morris, j.C., Rossor, M.N., Scheltens, P., 
Carrillo, M.C., Thies, B., Weintraub, S., Phelps, C.h., 
2011. The diagnosis of dementia due to Alzheimer’s 
disease: recommendations from the National 
Institute on Aging-Alzheimer’s Association 
workgroups on diagnostic guidelines for Alzheimer’s 
disease. Alzheimers dement. 7 (3), 263–269. 

Medvedovsky, M., Taulu, S., Bikmullina, R., Ahonen, 
A., Paetau, R., 2009. Fine tuning the correlation 
limit of spatio-temporal signal space separation 
for magnetoencephalography. j. Neurosci. 
Methods 177 (1), 203–211. 

Moon, j.Y., Lee, U., Blain-Moraes, S., Mashour, 
G.A., 2015. General relationship of global 
topology, local dynamics, and directionality in 
large-scale brain networks. PLoS Comput. Biol. 
11 (4), e1004225. 

Mulder, C., Verwey, N.A., van der Flier, W.M., 
Bouwman, F.h., Kok, A., van Elk, E.j., Scheltens, 
P., Blankenstein, M.A., 2010. Amyloid-beta(1-42), 
total tau, and phosphorylated tau as 
cerebrospinal fluid biomarkers for the diagnosis 
of Alzheimer disease. Clin. Chem. 56, 248e253. 

Muthukumaraswamy, S.d., Singh, K.d., 2011.  
A cautionary note on the interpretation of phase-
locking estimates with concurrent changes in 
power. Clin. Neurophysiol. 122 (11), 2324–2325. 

Paluš, M., Stefanovska, A., 2003. Direction of 
coupling from phases of interacting oscillators: 
an information-theoretic approach. Phys. Rev. E 
67, 055201(R). 

Paluš, M., Vejmelka, M., 2007. Directionality of 
coupling from bivariate time series: how to avoid 
false causalities and missed connections. Phys. 
Rev. E 75, 056211. 



| 87Chapter 4

Prokopenko, M., Lizier, j.T., 2014. Transfer entropy 
and transient limits of computation. Sci Rep 4, 
5394. 

Robinson, S.E., Vrba, j., 1999. Functional 
Neuroimaging by Synthetic Aperture 
Magnetometry (SAM). Recent Advances in 
Biomagnetism. Tohoku Univ. Press, Sendai, japan, 
pp. 302–305. 

Rosenblum, M.G., Pikovsky, A.S., Kurths, j., 1996. 
Phase synchronization of chaotic oscillators. Phys. 
Rev. Lett. 76 (11), 1804–1807. 

Rosenblum, M.G., Pikovsky, A.S., Kurths, j., Schäfer, 
C., Tass, P., 2001. Phase synchronization: from 
theory to data analysis. In: hoff, A.j. (Ed.), Neuro-
informatics and Neural Modeling, handbook of 
Biological Physics. Vol 4. Elsevier, New York, pp. 
279–321. 

Scheltens, P., Blennow, K., Breteler, M.M., de 
Strooper, B., Frisoni, G.B., Salloway, S., van der 
Flier, W.M., 2016. Alzheimer’s disease. Lancet 
388 (10043), 505–517. 

Schreiber, T., 2000. Measuring information transfer. 
Phys. Rev. Lett. 8, 5461–5464. 

Sekihara, K., Nagarajan, S.S., Poeppel, d., Marantz, 
A., 2004. Asymptotic SNR of scalar and vector 
minimum-variance beamformers for 
neuromagnetic source reconstruction. IEEE Trans. 
Biomed. Eng. 51 (10), 1726–1734. 

Shannon, C.E., 1948. A mathematical theory of 
communication. Bell Syst. Tech. j. 27 (3), 379–423. 

Stam, C.j., 2014. Modern network science of 
neurological disorders. Nat. Rev. Neurosci. 15 
(10), 683–695. 

Stam, C.j., van Cappellen van Walsum, A.M., 
Pijnenburg, Y.A., Berendse, h.W., de Munck, j.C., 
Scheltens, P., van dijk, B.W., 2002. Generalized 
synchronization of MEG recordings in Alzheimer’s 
disease: evidence for involvement of the gamma 
band. j. Clin. Neurophysiol. 19 (6), 562–574. 

Stam, C.j., jones, B.F., Manshanden, I., van 
Cappellen van Walsum, A.M., Montez, T., 
Verbunt, j.P., de Munck, j.C., van dijk, B.W., 
Berendse, h.W., Scheltens, P., 2006. 
Magnetoencephalographic evaluation of resting-
state functional connectivity in Alzheimer’s 
disease. NeuroImage 32 (3), 1335–1344. 

Stam, C.j., de haan, W., daffertshofer, A., jones, 
B.F., Manshanden, I., van Cappellen van Walsum, 
A.M., Montez, T., Verbunt, j.P., de Munck, j.C., 
van dijk, B.W., Berendse, h.W., Scheltens, P., 
2009. Graph theoretical analysis of 
magnetoencephalographic functional 
connectivity in Alzheimer’s disease. Brain 132 
(Pt1), 213–224. 

Stam, C.j., van Straaten, E.C., van dellen, E., 
Tewarie, P., Gong, G., hillebrand, A., Meier, j., 
van Mieghem, P., 2016. The relation between 
structural and functional connectivity patterns in 
complex brain networks. Int. j. Psychophysiol. 
103, 149–160. 

Staniek, M., Lehnertz, K., 2008. Symbolic transfer 
entropy. Phys. Rev. Lett. 18;100 (15), 158101. 

Taulu, S., hari, R., 2009. Removal of 
magnetoencephalographic artifacts with 
temporal signal-space separation: demonstration 
with single-trial auditory-evoked responses. hum. 
Brain Mapp. 30 (5), 1524–1534. 

Taulu, S., Simola, j., 2006. Spatiotemporal signal 
space separation method for rejecting nearby 
interference in MEG measurements. Phys. Med. 
Biol. 51 (7), 1759–1768. 

Tenney, j.R., Fujiwara, h., horn, P.S., jacobson, S.E., 
Glauser, T.A., Rose, d.F., 2013. Focal 
corticothalamic sources during generalized 
absence seizures: a MEG study. Epilepsy Res. 106 
(1–2), 113–122.

Teunissen, C.E., Petzold, A., Bennett, j.L., Berven, 
F.S., Brundin, L., Comabella, M., Franciotta, d., 
Frederiksen, j.L., Fleming, j.o., Furlan, R., 
hintzen, R.Q., hughes, S.G., johnson, M.h., 
Krasulova, E., Kuhle, j., Magnone, M.C., Rajda, 



Neurophysiology of Dementia: The resting-state of the art88 |

C., Rejdak, K., Schmidt, h.K., van Pesch, V., 
Waubant, E., Wolf, C., Giovannoni, G., hemmer, 
B., Tumani, h., deisenhammer, F., 2009. A 
consensus protocol for the standardization of 
cerebrospinal fluid collection and biobanking. 
Neurology 73 (22), 1914–1922. 

Tóth, B., Kardos, Z., File, B., Boha, R., Stam, C.j., 
Molnár, M., 2014. Frontal midline theta 
connectivity is related to efficiency of WM 
maintenance and is affected by aging. Neurobiol. 
Learn. Mem. 114, 58–69. 

Toussaint, P.j., Maiz, S., Coynel, d., doyon, j., 
Messé, A., de Souza, L.C., Sarazin, M., Perlbarg, 
V., habert, M.o., Benali, h., 2014. Characteristics 
of the default mode functional connectivity in 
normal ageing and Alzheimer’s disease using 
resting state fMRI with a combined approach of 
entropy-based and graph theoretical 
measurements. NeuroImage 101, 778e786. 

Tzourio-Mazoyer, N., Landeau, B., Papathanassiou, d., 
Crivello, F., Etard, o., delcroix, N., Mazoyer, B., 
joliot, M., 2002. Automated anatomical labeling 
of activations in SPM using a macroscopic 
anatomical parcellation of the MNI MRI single-
subject brain. NeuroImage 15 (1), 273–289. 

van Veen, B.d., van drongelen, W., Yuchtman, M., 
Suzuki, A., 1997. Localization of brain electrical 
activity via linearly constrained minimum variance 
spatial filtering. IEEE Trans. Biomed. Eng. 44 (9), 
867–880. 

Verhage, F., 1964. Intelligence and Age: Study With 
Dutch People Aged 12 to 77. (in dutch). 

Wang, K., Liang, M., Wang, L., Tian, L., Zhang, X., 
Li, K., jiang, T., 2007. Altered functional 
connectivity in early Alzheimer’s disease: a 
resting-state fMRI study. hum. Brain Mapp. 28 
(10), 967–978. 

Wennberg, R., Cheyne, d., 2014. Reliability of MEG 
source imaging of anterior temporal spikes: 
analysis of an intracranially characterized spike 
focus. Clin. Neurophysiol. 125, 903–918. 

Whalen, C., Maclin, E.L., Fabiani, M., Gratton, G., 
2008. Validation of a method for coregistering 
scalp recording locations with 3D structural MR 
images. hum. Brain Mapp. 29 (11), 1288–1301. 

Wibral, M., Rahm, B., Rieder, M., Lindner, M., 
Vicente, R., Kaiser, j., 2011. Transfer entropy in 
magnetoencephalographic data: quantifying 
information flow in cortical and cerebellar 
networks. Prog. Biophys. Mol. Biol. 105 (1–2), 
80–97. 

Yu, M., Engels, M.M.A., hillebrand, A., van 
Straaten, E.C., Gouw, A.A., Teunissen, C., van 
der Flier, W.M., Scheltens, P., Stam, C.j., 2017. 
Selective impairment of hippocampus and 
posterior hub areas in Alzheimer’s disease: an 
MEG-based multiplex network study. Brain 140 
(5), 1466–1485. 

Zhang, h.Y., Wang, S.j., Xing, j., Liu, B., Ma, Z.L., 
Yang, M., Zhang, Z.j., Teng, G.j., 2009. Detection 
of PCC functional connectivity characteristics in 
resting-state fMRI in mild Alzheimer’s disease. 
Behav. Brain Res. 197 (1), 103–108.



| 89Chapter 4

Supplementary material

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 = 
.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 = .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 
difference 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. 

2. Calculation of CAx and CPx indices
To establish whether there was consistent central-to-anterior and central-to-posterior information 
flow in the MEG networks in the beta band, a central-to-anterior index (CAx) and a central-to-
posterior (CPx) index was calculated as follows:

(eq. S1)

(eq. S2)

where the dPTE was averaged over a set of anterior, central and posterior regions, respectively 
(see Table S1 for the definitions of anterior, central and posterior regions). CAx and CPx were 
normalized by the absolute maximum CAx or CPx values that could have been obtained with the 
dPTE values for these channels, respectively. A positive CAx indicates central-to-anterior 
information flow, and negative CAx anterior-to-central information flow; a positive CPx indicates 
flow from central to posterior regions, and negative CPx flow towards central regions from 
posterior regions.

The CAx and CPx values were compared between Ad and controls using the same permutation 
procedure as described in the Main text for the PAx.

Ad patients (CPx = 0.2238) showed a more central-to-posterior information flow characterized by 
significantly higher CPx (p = .001) in comparison with controls (CPx = -0.3459); Ad (CAx = 0.4383) 
and control groups (CAx = 0.4161) showed consistent central-to-anterior information flow (p = .73). 
These results therefore showed that the observed group difference in PAx values between Ad 
and hC, as reported in the main manuscript, are mainly due to the different directions of central-
to-posterior information flow (as quantified by CPx values) between the two groups.

CAx = {dPTE}central – {dPTE}anterior

CPx = {dPTE}central – {dPTE}posterior
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Supplementary tables

Region 
num-
bers

Abbrevia-
tions

Cortical and sub-
cortical Regions

Region 
num-
bers

Abbreviat-
ions

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 ORB-
supmed.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 
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Region 
num-
bers

Abbrevia-
tions

Cortical and sub-
cortical Regions

Region 
num-
bers

Abbreviat-
ions

Cortical and sub-cortical 
Regions

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
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Region 
num-
bers

Abbrevia-
tions

Cortical and sub-
cortical Regions

Region 
num-
bers

Abbreviat-
ions

Cortical and sub-cortical 
Regions

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 ORB-

supmed.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

Table S1. Abbreviations for the 78 cortical (Gong et al., 2009) and 12 sub-cortical regions used in this study.
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: 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). The most significantly different (p < .0001) 
connections are shown (also see Fig. 3B).

Region Lobe Region Lobe Region Lobe Region Lobe
REC.L Frontal SoG.L occipital SoG.R occipital PAL.L Subcortical
REC.L Frontal MoG.L occipital SoG.R occipital ThA.L Subcortical
REC.L Frontal CAL.L occipital MoG.L occipital REC.R Frontal
REC.L Frontal CUN.L occipital MoG.L occipital oRBsupmed.R Frontal
REC.L Frontal LING.L occipital MoG.L occipital oRBmid.R Frontal
REC.L Frontal FFG.L Temporal MoG.L occipital AMYG.L Subcortical
REC.L Frontal PCUN.R Parietal MoG.L occipital PAL.L Subcortical
REC.L Frontal SoG.R occipital MoG.R occipital TPosup.R Temporal
REC.L Frontal MoG.R occipital MoG.R occipital TPomid.R Temporal
REC.L Frontal FFG.R Temporal MoG.R occipital ACG.R Limbic
REC.R Frontal SoG.R occipital MoG.R occipital MCG.R Limbic
REC.R Frontal MoG.R occipital MoG.R occipital AMYG.L Subcortical
oRBsup.L Frontal SoG.R occipital MoG.R occipital CAU.L Subcortical
oRBsup.L Frontal MoG.R occipital MoG.R occipital CAU.R Subcortical
oRBsup.R Frontal SoG.R occipital MoG.R occipital PUT.L Subcortical
oRBsup.R Frontal MoG.R occipital MoG.R occipital PAL.L Subcortical
oRBsupmed.L Frontal CAL.L occipital MoG.R occipital ThA.L Subcortical
oRBsupmed.L Frontal ANG.R Parietal CAL.L occipital TPosup.L Temporal
oRBsupmed.L Frontal SoG.R occipital CAL.L occipital REC.R Frontal
oRBsupmed.L Frontal MoG.R occipital CAL.L occipital oRBsup.R Frontal
oRBsupmed.L Frontal CUN.R occipital CAL.L occipital oRBsupmed.R Frontal
oRBsupmed.R Frontal PCUN.R Parietal CAL.L occipital oRBmid.R Frontal
oRBsupmed.R Frontal SoG.R occipital CAL.L occipital PUT.L Subcortical
oRBsupmed.R Frontal MoG.R occipital CAL.L occipital PAL.L Subcortical
oRBsupmed.R Frontal FFG.R Temporal CAL.L occipital ThA.L Subcortical
oRBmid.R Frontal SoG.R occipital CAL.R occipital PUT.L Subcortical
oRBmid.R Frontal MoG.R occipital CUN.L occipital TPomid.L Temporal
oRBinf.L Frontal FFG.L Temporal CUN.L occipital oRBsupmed.R Frontal
oRBinf.L Frontal SoG.R occipital CUN.L occipital oRBmid.R Frontal
oRBinf.L Frontal MoG.R occipital CUN.L occipital TPosup.R Temporal
oRBinf.R Frontal MoG.R occipital CUN.L occipital PAL.L Subcortical
IFGtriang.L Frontal SoG.R occipital CUN.L occipital ThA.L Subcortical
IFGtriang.L Frontal MoG.R occipital FFG.L Temporal TPosup.L Temporal
PreCG.L Central SoG.R occipital STG.L Temporal MoG.R occipital
SMG.L Parietal SoG.R occipital TPosup.L Temporal PCUN.R Parietal
PCL.R Central SoG.R occipital TPosup.L Temporal SoG.R occipital
PCL.R Central MoG.R occipital TPosup.L Temporal MoG.R occipital
SoG.L occipital oRBmid.R Frontal TPosup.L Temporal CAL.R occipital
SoG.R occipital TPosup.R Temporal TPosup.L Temporal CUN.R occipital
SoG.R occipital TPomid.R Temporal TPomid.L Temporal PCUN.R Parietal
SoG.R occipital ACG.R Limbic TPomid.L Temporal SoG.R occipital
SoG.R occipital MCG.R Limbic TPomid.L Temporal MoG.R occipital
SoG.R occipital AMYG.L Subcortical MCG.L Limbic SoG.R occipital
SoG.R occipital CAU.L Subcortical INS.L Temporal SoG.R occipital
SoG.R occipital PUT.L Subcortical INS.L Temporal MoG.R occipital
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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 S3. Significant Spearman’s correlations between dPTE values and MMSE; CSF Aβ42
; tau; and ptau.



Neurophysiology of Dementia: The resting-state of the art94 |

Modified dPTE dPTE

Regions

REC.L; oRBsupmed.L; MOG.L; REC.L; MOG.L; CAL.L; CUN.L; LING.L; 
TPOsup.L; TPomid.L

CAL.L; CUN.L; FFG.L; TPOsup.L; ORBsupmed.R; SOG.R; MOG.R; CAL.R; 
CUN.R

ORBsupmed.R; oRBmid.R; PCUN.R; SOG.R; 
MOG.R; CAL.R; CUN.R

Table S4. Regions with significantly different dPTE values between the AD and healthy controls as obtained 
by dPTE and modified dPTE.
Note: The same regions obtained by both dPTE and modified dPTE are indicated by bold characters.

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]

Table S5. Prediction delays (# of samples) for different frequency bands.
Note: The prediction delays were computed using MATLAB (version R2015a: https://dx.doi.org/10.6084/
m9.figshare.3847086.v9).
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Supplementary Figures
 

Fig. S1. Mean dPTE for the 78 cortical AAL ROIs only, displayed as a color coded map on a parcellated 
template brain 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. Preferential information flow for the beta band displayed as circular plots (similar to 17, 19). Mean 
dPTE matrices for controls (A) and AD patients (B). The color of each region indicated the mean dPTE value 
over the 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 color of each group 
indicates the mean dPTE values of all belonging ROIs. The interior of the circle shows the connections between 
regions, with arbitrary thresholds of 0.509 for controls and 0.506 for AD patients. The full names of the ROI 
abbreviations are given in Table S1.
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Fig. S5a. 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 values 
of relative power 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.



| 99Chapter 4

Fig. S5b. 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. This figure shows the same data as in Figure S5a, but here the colorbar is the same for all frequency 
bands.
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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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Subjects with mild cognitive impairment (MCI) have an increased risk of 

developing Alzheimer’s disease (AD), and their functional brain networks are 

presumably already altered. To test this hypothesis, we compared 

magnetoencephalography (MEG) eyes-closed resting-state recordings from  

29 MCI subjects and 29 healthy elderly subjects in the present exploratory study. 

Functional connectivity in different frequency bands was assessed with the phase 

lag index (PLI) in source space. Normalized weighted clustering coefficient 

(normalized Cw) and path length (normalized Lw), as well as network measures 

derived from the minimum spanning tree [MST; i.e., betweenness centrality (BC) 

and node degree], were calculated. First, we found altered PLI values in the lower 

and upper alpha bands in MCI patients compared to controls. Thereafter, we 

explored network differences in these frequency bands. Normalized Cw and Lw 

did not differ between the groups, whereas BC and node degree of the MST 

differed, although these differences did not survive correction for multiple 

testing using the False Discovery Rate (FDR). As an exploratory study, we may 

conclude that: (1) the increases and decreases observed in PLI values in lower and 

upper alpha bands in MCI patients may be interpreted as a dual pattern of 

disconnection and aberrant functioning; (2) network measures are in line with 

connectivity findings, indicating a lower efficiency of the brain networks in MCI 

patients; (3) the MST centrality measures are more sensitive to detect subtle 

differences in the functional brain networks in MCI than traditional graph 

theoretical metrics. 
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Introduction
Mild Cognitive Impairment
Mild cognitive impairment (MCI) is an intermediate state between normal aging and dementia. 
Patients suffering from MCI have an increased risk of developing dementia, in particular 
Alzheimer’s disease (Ad; Shah et al., 2000; Farias et al., 2005). Those MCI subjects with positive 
biomarkers for Ad (i.e., amyloid deposition and neural injury markers such as accumulations of 
intracellular tau or medial temporal lobe atrophy [MTA]) are regarded to be at the symptomatic 
pre-dementia phase of Ad, and are often referred to as “MCI due to Ad” (Albert et al., 2011). 
The pathological processes that these biomarkers indicate are well described in Ad (Braak and 
Braak, 1991) and are known to produce synaptic disruptions. Ad has been described as a 
“disconnection syndrome”, not only at the cellular level, but also at the macroscale, since the 
connections in the brain networks also seem to be disrupted (Blennow et al., 1996; Selkoe, 
2002; delbeuck et al., 2003; Arendt, 2009; Takahashi et al., 2010). In fact, structural and 
functional changes have been described in MCI subjects, suggesting that this disconnection of 
brain networks already begins during the MCI-stage of Ad (Pijnenburg et al., 2004; Koenig et al., 
2005; Buldú et al., 2011; Wang et al., 2013).

Functional Connectivity
one of the main concepts used to understand how the different brain areas interact is functional 
connectivity (Friston, 1994), which reflects the statistical interdependencies between two-time 
series of physiological activity. Several resting-state electroencephalography (EEG) and 
magnetoencephalography (MEG) studies have found decreases in functional connectivity, 
especially in higher frequency bands (i.e., alpha and beta bands), in MCI patients compared to 
healthy controls (Moretti et al., 2008; Gómez et al., 2009; López et al., 2014b; Cuesta et al., 
2015). This change in synchronization pattern is quite similar to that described for Ad patients 
(Stam and van dijk, 2002; jeong, 2004; Stam et al., 2006), although increased connectivity has 
also been described for Ad involving posterior brain regions (Stam et al., 2006; Alonso et al., 
2011). Reductions in functional connectivity in MCI have also been observed between regions of 
the default mode network (dMN), with a parallel disruption of the anatomical connections 
(Garcés et al., 2014; Pineda-Pardo et al., 2014). however, some resting-state studies comparing 
different MCI groups have also detected a specific hypersynchronization pattern in high frequency 
bands (alpha and beta) in those MCI subjects who finally developed Ad (López et al., 2014a), or 
those who presented abnormal concentration of phospho-tau (p-tau) protein in the cerebrospinal 
fluid (CSF; Canuet et al., 2015). In a recent multicenter study, this profile of hypersynchronization 
was used to obtain a high percentage of correct classification of MCI and healthy controls 
(Maestú et al., 2015).

Brain Networks
Based on the estimated functional connectivity between time series, a weighted network can be 
reconstructed using graph theory (Bullmore and Sporns, 2009). For this purpose, brain systems 
are described as sets of nodes (i.e., brain regions or sensors) and links (i.e., functional connections 
between nodes). The topology of these networks can then be characterized, for example, 
providing information about the local integration of the network (e.g., the “clustering 
coefficient”) as well as the global integration (e.g., the “path length”; see Rubinov and Sporns, 
2010 for a review). A small-world network has a high local connectedness (quantified by a large 
clustering coefficient) and a high global integration (quantified by a short path length) and has 
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been regarded as a network with an optimal topology for the transfer of information. Ad 
patients exhibit brain networks that appear to have a sub-optimal topology in which the networks 
have shifted toward a more random configuration. This was mainly characterized by a loss of 
small-worldness (see Tijms et al., 2013 for a review), supporting the hypothesis of the 
disconnection syndrome. however, Tijms et al. (2013) also show that the results differ drastically 
between studies. only few studies, using different approaches and modalities, have explored the 
network topology in MCI, reporting a disturbed balance between local and global integration 
[functional Magnetic Resonance imaging (fMRI); Wang et al., 2013; MEG; Buldú et al., 2011; 
Pineda-Pardo et al., 2014]. Methodological difficulties make the comparison between networks 
of different sizes and different edge densities challenging, if not impossible (Lee et al., 2006; van 
Wijk et al., 2010; Stam, 2014; Tewarie et al., 2015). This might lead to contradicting results that 
could be due to differences in modalities (Tijms et al., 2013), but also due to methodological 
biases (van Wijk et al., 2010). one solution is to reconstruct the minimum spanning tree (MST; 
Stam, 2014). The MST is a sub-graph of the complete network, which forms a backbone of the 
original graph. It is uniquely defined whilst avoiding the arbitrary choices of traditional 
approaches, therefore solving the limitations of previous graph studies (van Wijk et al., 2010; 
Tewarie et al., 2015). despite its advantages and application in other neurological disorders 
(ortega et al., 2008; Fraschini et al., 2014; olde dubbelink et al., 2014; otte et al., 2015; Tewarie 
et al., 2015), there is only one fMRI study and one EEG study that has used the MST in comparing 
healthy elders and Ad patients (Çiftçi, 2011; Engels et al., 2015), and none that studied the MST 
in patients with MCI.

For this reason, we performed an MEG study with MCIs and healthy controls with the aim to 
characterize how the functional network organization in the MCI stage differs from that of 
controls. To this end, we estimated MEG resting-state functional connectivity between cortical 
regions and characterized the topology of the reconstructed MST. We expected to find subtle 
differences in functional connectivity between MCI patients and controls while the graph 
theoretical measures will show a clear disrupted topological pattern in MCI. We expected that 
the novel MST measures give more insight in the network changes of MCI than the traditional 
network measures (normalized Cw and normalized Lw).

Methods
Subjects
Magnetoencephalography recordings were obtained from 58 subjects (29 MCI patients and 29 
healthy elderly subjects). The MCI group was recruited from the hospital Universitario San Carlos 
(Madrid), and the control group from the Seniors Center of the district of Chamartin (Madrid). 
All subjects were right handed (oldfield, 1971) and native Spanish speakers.

All participants were screened by means of standardized diagnostic instruments and also received 
an exhaustive neuropsychological assessment. To evaluate their global and cognitive functional 
status there were used: the Spanish version of the Mini-Mental State Examination (MMSE; Lobo 
et al., 1979), the Global deterioration Scale (GdS; Reisberg et al., 1982), the Functional 
Assessment Questionnaire (FAQ; Pfeffer et al., 1982), the Geriatric depression Scale-Short Form 
(GdS-SF; Yesavage et al., 1982), the hachinski Ischemic Score (Rosen et al., 1980), the 
questionnaire for Instrumental Activities of daily Living (Lawton and Brody, 1969), and the 
Functional Assessment Staging (FAST; Auer and Reisberg, 1997).
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Additionally, all subjects underwent an extensive neuropsychological assessment to explore their 
cognitive functioning by using the following tests: direct and inverse digit span test (ddS and 
IdS, Wechsler Memory Scale III, WMS-III; Wechsler, 1997), immediate and delayed recall (IR and 
dR, WMS-III; Wechsler, 1997), phonemic and semantic fluency (PhF and SF, controlled oral word 
association test; Benton and hamsher, 1989), ideomotor praxis of Barcelona test (IP; Peña-
Casanova, 1990), Visual object and Space Perception Test (VoSP; Warrington and james, 1991), 
Boston Naming Test (BNT; Kaplan et al., 1983), and Trail-Making Test (TMT), parts A and B (TMT-A 
and TMT-B; Reitan, 1958).

The MCI diagnosis was established according to the National Institute on Aging- Alzheimer 
Association (NIA-AA) criteria (Albert et al., 2011), which includes: (i) self- or informant-reported 
cognitive complaints; (ii) objective evidence of impairment in one or more cognitive domains; (iii) 
preserved independence in functional abilities; and (iv) not demented (McKhann et al., 2011). 
Besides meeting the clinical criteria, MCI participants had signs of neuronal injury (hippocampal 
volume measured by magnetic resonance imaging (MRI). So, they might be considered as “MCI 
due to Ad” with an intermediate likelihood (Albert et al., 2011).

None of the participants had a history of psychiatric or neurological disorders (other than MCI). 
General inclusion criteria were: an age between 65 and 80, a modified hachinski score ≤ 4, a 
short-form Geriatric depression Scale score ≤ 5, and T1/T2-weighted MRI within 12 months and 
2 weeks before MEG screening without indication of infection, infarction, or focal lesions (rated 
by two independent experienced radiologists; Bai et al., 2012). Patients were off those medications 
that could affect MEG activity, such as cholinesterase inhibitors, 48 h before recordings.

Ethics Statement
Methods were carried out in accordance with the approved guidelines. The study was approved 
by the hospital Universitario San Carlos Ethics Committee (Madrid), and all participants signed a 
written informed consent prior to participation.

MEG Acquisition
Magnetoencephalography signals were measured by a 306 channel Vectorview system (Elekta 
Neuromag oy) at the Center for Biomedical Technology (Madrid, Spain), inside a magnetically 
shielded room (VacuumSchmelze Gmbh, hanau, Germany) within several days after the 
neuropsychological assessment. Brain magnetic fields were recorded in the morning during a 
task-free 3 min eyes-closed resting-state condition, while subjects sat comfortably. Participants 
were instructed to move as little as possible, and were monitored during the recording to ensure 
that they did not fall asleep.

Sampling frequency was 1000 hz with an online filter with bandwidth 0.1–300hz. The position 
of the head inside the sensor array was determined using a head-position indicator (hPI) with 
four coils attached to the scalp (two on the mastoids and two on the forehead). These four coils 
along with the head shape (~500 points) of each subject (referenced to three anatomical 
fiducials: nasion, and left-right preauricular points) were acquired using a three-dimensional 
Fastrak Polhemus system (manufacturer: Polhemus, Inc., USA). Vertical ocular movements 
weremeasured by two bipolar electrodes attached above and below the left eye, and a third one 
to the earlobe, for electrical grounding. 

Chapter 5



Neurophysiology of Dementia: The resting-state of the art106 |

Maxfilter software (version 2.2, Elekta Neuromag oy) was used to remove noise from the MEG 
data using the temporal extension of signal space separation (tSSS) with movement compensation 
(Taulu and Simola, 2006). Flat channels, or those that contained excessive artifacts, were manually 
discarded after visual inspection of the data by one of the authors (M. E. López) before estimation 
of the SSS coefficients. The tSSS filter was subsequently 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 (Medvedovsky et al., 2009) and a sliding window of 10 s.

MRI Acquisition
3d T1 weighted anatomical brain MRI scans were collected with a General Electric 1.5T MRI 
scanner, using a high resolution antenna and a homogenization PURE filter [Fast Spoiled Gradient 
Echo (FSPGR) sequence with parameters: TR/TE/TI=11.2/4.2/450 ms; flip angle 12°; 1mmslice 
thickness, a 256×256 matrix and FoV 25 cm].

FreeSurfer software (version 5.1.0; Fischl et al., 2002) was used to obtain the hippocampal 
volumes, which were normalized with the overall intracranial volume (ICV) of each subject. 

Co-registration and Beamforming
The outline of the scalp, as obtained from the subject’s structural MRI, was used for co-registration 
with the MEG data using the VUmc Amsterdam co-registration surface matching software, 
resulting in an estimated co-registration accuracy of approximately 4mm (Whalen et al., 2008). 
A single sphere fitted to the scalp surface was used as a volume conductor model for the 
beamformer analysis. An atlas-based beamformer was used to project the MEG sensor signals to 
78 cortical regions-of-interest (RoIs) from the Automatic Anatomical Labeling (AAL) atlas (see 
Supplementary Material) (Tzourio-Mazoyer et al., 2002; Gong et al., 2009). Based on the broad-
band (0.5–48 hz) beamformer weights, time series of neuronal activity were reconstructed for 
the voxel with the maximum power within a RoI for each frequency band separately, i.e., a 
virtual electrode that was representative for that specific RoI was reconstructed. A detailed 
description of this procedure is given in hillebrand et al. (2012).

MEG Analysis
Per subject, five artifact free trials of approximately 16.384 s (four times 4096 samples) were 
selected after careful visual inspection, giving a total of 20 epochs of 4096 samples for further 
analysis. Time-series of neuronal activation were computed for the six 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), and 
gamma (30–48 hz). Selected epochs were converted to ASCII-files and imported into an in-
house developed software package BrainWave version 0.9.125, developed by one of the authors 
(C.j. Stam) and available at: http://home.kpn.nl/stam7883/brainwave.html.

Functional Connectivity
Functional connectivity was assessed with the PLI, which quantifies the consistency of a phase 
relationship between two signals while zero-lag (mod π) phase differences are ignored (Stam et 
al., 2007b). Therefore, the PLI is insensitive to spurious interactions caused by the effects of 
volume conduction and/or field spread (Stam et al., 2007b; hillebrand et al., 2012). The PLI 
ranges between 0 and 1 in which 0 represents no consistent coupling or coupling with zero-lag 
and one represents consistent phase-lagged coupling. First, the instantaneous phase for each 
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time series is computed by taking the argument of the analytic signal (Stam et al., 2007b) as 
computed using the hilbert transform. Second, we calculate the asymmetry of the distribution 
of instantaneous phase differences between two time series:

(1)

where the phase difference ΔΦ
t
 is defined in the interval [-π, π], <> denotes the mean value, sign 

stands for signum function, | | indicates the absolute value, and t corresponds to time samples 1, 
. . .,Ns, where Ns is the number of samples. By calculating the PLI values between all pairs of RoIs, 
we obtained a 78×78 adjacency matrix, which we used for the network analyses (see below).

Small-Worldness
A low characteristic path length (L) and a high clustering coefficient (C) characterize a small-
world network (Watts and Strogatz, 1998). In an unweighted network, the C represents the 
probability that two nodes are connected when they share a neighboring node and the L 
represents the average of the shortest distance between pairs of nodes, with distance define by 
the number of links between nodes. From the weighted graph, the weighted clustering 
coefficient (Cw) and weighted characteristic path length (Lw) were calculated as described in 
Stam et al. (2007a). Fifty random control networks were created by randomly shuffling the PLI 
values in each adjacency matrix while keeping the matrix symmetry intact. For each ensemble of 
50 random networks, the average Cw (random) and Lw (random) were computed. The observed 
network values were divided by the average values obtained for the random networks in order 
to create normalized values. The resulting normalized clustering coefficient (normalized Cw) and 
normalized path length (normalized Lw) were used for further analyses. These measures were 
computed for each epoch, and then averaged over the epochs for each subject.

Minimum Spanning Tree
We constructed the MST from the weighted adjacency matrix containing the PLI values. The MST 
is a unique subgraph that connects all nodes in the network by the strongest connections 
(defined as the network links with the highest PLI values) without forming cycles (Stam et al., 
2014), and was reconstructed using Kruskal’s algorithm (Kruskal, 1956). By using 1/PLI as input 
to the algorithm, strongest connections are likely to be included in the MST, as long as no cycles 
are formed. The MST was characterized by the following measures: degree, betweenness 
centrality (BC), eccentricity, degree distribution (κ), the number of leafs, degree correlation (R), 
tree hierarchy and diameter. MST measures were computed for each epoch, and then averaged 
over the epochs for each subject. The degree describes how many links each node has. BC is a 
measure of the importance of a node within the network. The BC of node i is defined as the 
number of shortest paths in the network that run through a specific node, divided by the total 
number of shortest paths from any node to all other nodes in the MST. In our calculations, we 
used the maximum BC across all nodes as well as per node for further testing. The eccentricity of 
a node is defined as the longest distance between that node and any other node in the network. 
The degree distribution is formed by the likelihood (P) that a randomly chosen node of the 
network will have degree κ (the number of connections of a specific node); it is a plot of P (κ) as 
a function of κ (Stam and Reijneveld, 2007). The degree correlation is an index of how much the 
degree of a node is correlated to the degree of nodes it is connected to. The leaf number is the 
number of nodes that have a degree of 1 representing the “leafs” or “extremities” of the 

PLI = sign sin ΔΦt( )⎡⎣ ⎤⎦
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network. Tree hierarchy quantifies the trade- off between large scale integration in the MST and 
the overload of central nodes. The diameter represents the longest path in the MST. For more 
information about these measures, we refer to Boersma et al. (2013), Stam et al. (2014), Tewarie 
et al. (2015).

Statistical Analysis
Subject’s characteristics were tested using independent samples t-tests or chi-square tests where 
appropriate using SPSS (20.0 for windows). For the PLI, permutation testing, based upon 
t-statistics, was used for each pair of regions [among the 78 studied, (78 × 77)/2 in total], and in 
each frequency band, with the aim of comparing both groups (Maris and oostenveld, 2007). To 
this end, participants were randomly divided into two sets with the same size as the original 
groups (29 vs. 29 subjects). This procedure was repeated 2000 times (2000 permutations). A 
new t-test between each pair of regions [(78 × 77)/2 couples] in each frequency band, was then 
carried out using these two newly created groups, getting a t-value for each pair of regions and 
each frequency band. After sorting these 2001 t-test results [2000 corresponding to “randomly 
divided” groups and another one for the original (MCI vs. Control) subject’s distribution], only 
p-values within the 5% of lower values were considered statistically significant [note that this is 
for each pair of regions and each frequency band studied: hence it was repeated ((78 × 77)/2) × 
(number of frequency bands) times]. These analyses were uncorrected for the number of 
permutations performed and therefore serve as exploratory analyses (see Figures 1, 2 and Tables 
2, 3). Afterward, we performed an FdR correction on the data with the goal to examine the 
statistical significant results that survive a multiple comparison correction. For the network 
analysis, we focused on those frequency bands in which the connectivity analyses showed 
(uncorrected) significant differences between the groups.Again, corrected and uncorrected 
(exploratory) permutation testing was used to compare the groups. All statistical analyses were 
performed using MATLAB (R2015b, Mathworks).

Results
Demographics
Subject characteristics are shown in Table 1. Controls and MCI patients did not differ in age, 
gender, or educational level. As expected, the scores of MMSE and two measures of episodic 
memory (immediate and delayed recall) were both lower in MCI patients compared to controls. 
Additionally, hippocampal volumes were both lower in the MCI group.

Functional Connectivity
Significant differences between MCI patients and controls in PLI using the uncorrected permutation 
tests were obtained in the lower (8–10hz) and upper (10–13hz) alpha band (Figure 1). In the 
lower alpha band, compared to the control group, PLI in the MCI group was lower between left 
superior frontal gyrus -orbital part- and left gyrus rectus, and between left superior temporal gyrus 
and left insula (p < 0.01). Additionally, in the same frequency band, MCI subjects showed higher 
PLI values than controls between four regions, namely between right superior frontal gyrus 
(medial orbital) and right precentral gyrus, right superior frontal gyrus (dorsolateral) and left 
superior frontal gyrus (dorsolateral), left anterior cingulate and paracingulate gyri and left 
postcentral gyrus, and between right cuneus and right superior occipital gyrus.
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Furthermore, in the upper alpha band, MCI subjects presented lower PLI values than controls 
between four regions, namely between right gyrus rectus and right olfactory cortex, left insula 
and left middle temporal gyrus, right parahippocampal gyrus and right fusiform gyrus, and right 
inferior temporal gyrus and left precuneus. 

After FdR-correction for multiple comparisons, none of these significant differences survived.

Small-worldness
We focused the network analysis on those frequency bands in which there were differences in 
connectivity, namely in lower and upper alpha bands. 

Using the uncorrected permutation tests, no differences between controls and MCI subjects 
were found for normalized Cw and normalized Lw.

Minimum Spanning Tree
We found group differences in BC and degree in lower and upper alpha bands using the 
uncorrected permutation tests (see below). 

Betweenness centrality results are shown in Figure 2 and Table 2. In the lower alpha band, there 
were no differences between controls and MCI patients in the maximum value of BC globally. 
however, compared to the healthy controls, the MCI group showed higher BC values in eight 
brain areas: the left pre- and post-central gyri, the left and right superior parietal gyri, the right 
middle frontal gyrus, the right superior and middle temporal gyrus (temporal pole) and the right 
insula; and lower values in one brain area: the left anterior cingulated/paracingulate gyri (see 
Supplementary Material).

In the upper alpha band, we did not find global differences between the groups, but there were 
differences in BC for specific brain areas. Compared to controls, MCIs exhibited higher values in 
three brain areas: the left superior frontal gyrus dorsolateral (lSFGdor), the right supramarginal 
gyrus (rSMG), and the right anterior cingulate/paracingulate gyri (rACG); and lower BC values in 
three brain areas: the left middle temporal gyrus (lMTG), the right fusiform gyrus (rFFG) and the 
right parahippocampal gyrus (rPhG).

Finally, the MCI group showed higher MST degree values than controls in the lower alpha band 
in five brain areas: the left superior frontal gyrus, dorsolateral, the left postcentral gyrus, the left 
heschl gyrus, the right middle frontal gyrus and the right calcarine fissure and surrounding 
cortex; while they exhibited a lower degree value in one brain area: the right olfactory cortex. In 
the upper alpha band, MCI subjects exhibited higher degree values in four brain areas: the left 
superior frontal gyrus, dorsolateral, the left superior parietal gyrus, the rSMG and the right 
anterior cingulate and paracingulate gyri; and lower degree values in three brain areas: the 
lMTG, the right inferior frontal gyrus, orbital part and the rPhG. MST degree results are shown 
in Figure 2 and Table 3. 

After FdR-correction for multiple comparisons, none of these significant differences survived. 
Also, we did not find any differences between the controls and the MCI group for any of the 
other MST measures in these two frequency bands.
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Discussion
With the aim to corroborate our hypothesis about the differences in both functional connectivity 
and network organization between healthy aging and MCI, we performed a functional 
connectivity (PLI) and MST analyses in resting state MEG data. The main finding of this study was 
the detection of differences in both functional connectivity and brain network topology in in a 
group of patients with MCI compared to controls. Note however, that these results are exploratory 
and the significance between the groups did not survive FdR correction for multiple comparisons. 
The uncorrected connectivity results showed that the MCI patients exhibited more increases than 
decreases in PLI values in the lower alpha band, and decreases in the upper alpha band. As 
differences in connectivity between both groups were found in the alpha band, we examined 
differences of network’s topography in this frequency band by using concepts from graph theory. 
We did not find any group difference in weighted clustering and path length, but regionally we 
obtained higher BC and degree values when examining the MST in the MCI group in lower alpha 
band, and both increases and decreases in the upper alpha band.

Mild cognitive impairment patients demonstrated lower PLI values in the lower alpha band  
that affected frontal and temporal brain areas within the left hemisphere. Using EEG, an overall 
decrease in the lower alpha band has been observed in Ad patients (Stam et al., 2006, 2009), 
and also in MCI patients (Babiloni et al., 2006). In a recent study performed with EEG data in Ad 
(Engels et al., 2015), the decrease of connectivity in the lower alpha band was related to the 
severity of the disease, mainly over posterior areas. however, in the present study, MCI patients 
also showed an increase in connectivity between intra- and inter-hemispheric frontal areas, and 
in right posterior regions. This intra- and inter-hemispheric increase in connectivity has been 
usually described in the MCI population while performing a cognitive task. Pijnenburg et al. 
(2004) found an increase in lower alpha band in MCIs compared to subjects with subjective 
memory complaints (SMC) during a visual working memory (WM) task. jiang (2005) and Zheng 
et al. (2007) obtained higher coherence values in both lower and upper alpha bands during an 
arithmetic WM paradigm in MCIs compared to healthy controls. In addition,  
an MEG study performed in progressive MCI patients (pMCI) found a higher synchronization  
in those patients who finally developed Ad, compared with those who remained stable over time 
(stable MCI, sMCI), in lower alpha and upper alpha bands while performing a memory task (Bajo 
et al., 2012). In the same vein, a recent resting-state MEG study which did not  
divide the alpha band into two sub-bands, found that patients with MCI that eventually converted 
to Ad, exhibited a higher connectivity in this frequency range than those MCI patients that 
remained stable over time, between the right anterior cingulate and temporo-occipital brain 
regions (López et al., 2014a). our findings add to the current knowledge that results of functional 
connectivity in MCI patients are dependent on the region and on the frequency band. however, 
there is no consistent increase or decrease in connectivity in patients with MCI compared to 
controls during resting state. Therefore, we conclude that, the increases and decreases of 
functional connections observed in the MCI population in the lower alpha band may reflect the 
aberrant functioning until the breakdown of the system, which characterizes Ad.

The increase in PLI values found in the lower alpha band in patients with MCI has been commonly 
considered as a compensatory mechanism. This interpretation was related to the attempt of the 
brain to overcome the damage caused by the disease in the networks involved in cognitive 
functioning (see Grady, 2012; Scheller et al., 2014 for reviews). In the case of healthy controls, 
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this mechanism would not be needed while Ad patients would not compensate any more due 
to the severity of the disease. Nonetheless, recent studies postulated that instead of being a 
compensatory mechanism, it would be a pathological characteristic of MCI patients (de haan et 
al., 2012; López et al., 2014a,b). during the course of the disease, there is a loss of GABAergic 
synapsis caused by the accumulation of β-amyloid (Aβ) plaques (Garcia-Marin et al., 2009), 
producing an inhibitory deficit. The loss of inhibitory interneurons in the cortex would induce 
increasing brain activity/connectivity in MCI patients, leading to an aberrant functioning 
(disinhibition) until the breakdown of the system, which is what occurs in Ad.

In agreement with what has previously been described in some Ad studies (Stam et al., 2002; 
Pijnenburg et al., 2004), we obtained lower connectivity values in the MCI group in the upper 
alpha band mainly concerning temporal and parietal brain areas. As far as we know, no studies 
have been performed describing this finding in MCI. however, considering the alpha band as one 
(normally from 8 to 13 hz), some authors have revealed this decrease in connectivity in MCI 
patients compared to controls (Koenig et al., 2005; Garcés et al., 2014; Cuesta et al., 2015). our 
results point out that networks that are usually implicated in episodic memory, olfactory function, 
visuospatial processing or executive functioning (previously described in the Results section) are 
already impaired in MCI patients. These results may indicate that in MCI the disconnection that 
characterizes Ad would have already started, probably contributing to the cognitive deficits 
observed in this population. According to the increases and decreases obtained in PLI values, 
which have been also described in previous studies, it might be considered that during the 
symptomatic pre-dementia phase of Ad, two mechanisms could be coexisting in MCI: 
disconnection and aberrant functioning.

To elucidate about the meaning of this duality of hyper and hypo connectivity we decided to 
evaluate the functional network organization using the network theory approach. We started 
with two of the most basic network parameters: the characteristic path length and the clustering 
coefficient. As firstly described by Watts and Strogatz (1998), these two measures together form 
the concept of the small-world network topology whereas the network architecture combines an 
efficient balance between local (short range) and global (long range) connectivity. This small-
world configuration is thought to be better suited for information transfer and thus presumably 
for cognitive processing rather than the topology of random or regular networks (Bassett and 
Bullmore, 2006; Stam et al., 2007a). We did not find differences in terms of clustering and path 
length in our MCI cohort. In other studies, however, an increased path length and decreased 
clustering coefficient in MCI was found (Xiang et al., 2013; Zhang et al., 2015) and therefore 
MCI mimics results of Ad studies (Stam et al., 2007a). MCI has been referred to as an intermediate 
state between healthy aging and Ad in terms of their network topology (Seo et al., 2013). our 
cohort did not differ in terms of the small-world parameters clustering coefficient and 
characteristic path length and therefore the exploration of different network measures is 
interesting since they may be more sensitive for the subtle changes in MCI.

Studying brain networks using measures like the clustering coefficient and the characteristic path 
length give useful insights within datasets of similar network sizes and link densities, but cause a 
comparison problem when these requirements are not met. This problem is thoroughly explained 
in a paper by van Wijk et al. (2010). It stresses the comparison problem between networks, not 
only because of the differences in network sizes (number of nodes) and degree but also due to 
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arbitrary choices that have to be made (i.e., the threshold for the link density within a weighted 
network). This was the main reason for the use of the MST (Stam, 2014). Using MST, no arbitrary 
choices have to be made in case of unique functional connectivity values: it does not require 
setting a threshold and the number of nodes and links is fixed. It can be regarded as the backbone 
of a network (Çiftçi, 2011; Yu et al., 2015). In the present study, we found differences in two 
measures of centrality when comparing the MST of MCI patients and healthy controls. The MST 
is regarded as the backbone of a functional network since it merely involves the strongest links 
of the network (Stam, 2014). The MST-BC as a measure for centrality has previously shown a 
shifted hub location in patients with Ad in high frequency bands (Engels et al., 2015). In our 
study, we found increased BC values in MCI patients as well as some decreases in lower and 
upper alpha bands. The degree, also a measure of centrality, was also found to be reduced 
mainly in the temporal regions. As with the functional connectivity measures, we thus found a 
dual pattern in the MCI population. These findings may suggest that the loss of BC/degree, 
mainly in temporal areas, may reflect that these areas are weakened in the brain network while 
frontal and parietal compensate for this malfunction. It also may reflect that some brain areas 
lose control within the network while others are functioning in a more aberrant way. In 
conclusion, although after correcting for multiple comparisons the significant differences in MST 
disappeared, this study showed that the classical network measures (normalized Lw and Cw) did 
not distinguish between MCIs and controls during resting state, but MST analysis may be a new 
and useful procedure to characterize and differentiate both populations. Although the reduction 
in centrality in temporal regions was not reported in the one study evaluating the MST BC in Ad 
(Engels et al., 2015), this finding can be understood in the light of the disease pathology, which 
involves the temporal lobe. The differences between these two studies may be explained by 
differences in age difference (patients in our cohort were older) and therefore parietal pathology 
may be relatively less present (Adriaanse et al., 2012).

This study has a number of strengths and limitations. A strong point is that we used the PLI as a 
measure of functional connectivity since it reduces the bias due to volume conduction and/or 
field spread (Stam et al., 2007b). Another strong point is the use of conventional network 
measures (i.e., the normalized clustering coefficient and the characteristic path length), which 
are well described in literature, and MST parameters, that offer an arbitrary-free method for 
comparing networks with different properties. our source-space analyses included 78 regions of 
interest according to the AAL atlas. This is a commonly used atlas, but our approach could be 
applied to other atlases as well. Besides these advantages, this study has several limitations as 
well which should be taken into account. our results may have been influenced by methodological 
choices such as the selection of artifact-free epochs by one of the authors (M. M. Engels). Epochs 
with signs of artifacts, drowsiness were discarded. one of the other authors (M. E. López) 
checked the selected epochs and therefore, we expect that the epochs we have selected for our 
final analyses are artifact-free. An important consideration for this approach was that we did not 
want to apply data cleaning approaches (e.g., delorme et al., 2006) that could modify the 
connectivity structure of the data, and thereby bias subsequent functional connectivity and 
network analyses. Consistent with our previous work, we therefore opted to rely on thorough 
visual inspection for the selection of artifact free data segments.

Finally, it should be pointed that our MCIs were recruited from a clinical context. Several studies 
have reported that it is easier to find more cases of MCIs within a clinical population and also that 
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the rate of conversion to Ad per year is higher in a clinical setting compared to the general 
population (Farias et al., 2005; jelic et al., 2006). Although NIA-AA clinical criteria is standard for 
all subjects (Albert et al., 2011), our findings may be more representative of the clinical than the 
community population.

Please note that the significant differences described in this study were not corrected for multiple 
testing. The FdR-corrected results did not show any significant group differences. Therefore, 
these results are presented as an exploratory study that can be used as a guide for regions and 
measures that show a trend toward significance between MCI and controls. 

our results revealed differences between MCI patients and controls. These patients did not have 
dementia yet, although they have an increased risk of developing it. Although these patients only 
have minor cognitive deficits, the functional connectivity and network differences are striking, 
suggesting a possible causative role. Therefore, measures of functional connectivity, and the 
network parameters derived from these inter-areal functional connections, may help to 
characterize the very early stages of dementia.
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Tables
Group Mean ± SD p-values

Age (years)
Control
MCI

70.62 ± 3.913
72.55 ± 4.163

.766*

Gender (M/F)
Control
MCI

10/19 ± 0.484
15/14± 0.509

.096**

Educational level
Control
MCI

3.72 ± 1.162
2.68 ± 1.362

.202*

MMSE
Control
MCI

29.38 ± 0.68
27.21± 1.75

<.001*

RH_ICV
Control
MCI

0.0026 ± 0.0003
0.0021 ± 0.0006

.004*

LH_ICV
Control
MCI

0.0025 ± 0.0003
0.0022 ± 0.0005

.006*

Table 1. Subject’s characteristics (Control group, n= 29; MCI group, n= 29). Mean, standard deviation (SD) 
and p-values. The p-values were obtained by two-independent samples t-test (*) or chi-square test (**) where 
relevant. M= Male, F= Female; MMSE= Mini Mental State Examination score; RH_ICV and LH_ICV: right and 
left hippocampal volume normalized with intracranial volume, respectively. Highest education completed, 
using five levels: 1. Illiterate, 2. Primary studies, 3. Elemental studies, 4. High school studies, and 5. University 
studies.
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MST BC

Lower alpha band

Name of the area Group Mean ± SD p-values Change

Left Precentral gyrus (lPreCG)
Control
MCI

0.0454 ± 0.0039
0.0703 ± 0.005

.34  MCI

Left Postcentral gyrus (lPoCG)
Control
MCI

0.0363 ± 0.0016
0.0636 ± 0.0035

.035  MCI

Left Superior parietal gyrus (lSPG)
Control
MCI

0.0629 ± 0.0043
0.0984 ± 0.005

.037  MCI 

Right Middle frontal gyrus 
(rMFG)

Control
MCI

0.0266 ± 0.0013
0.0595 ± 0.0043

.041  MCI 

Right Superior parietal gyrus 
(rSPG)

Control
MCI

0.2978 ± 0.0097
0.3627 ± 0.0068

.012  MCI 

Right Temporal pole: superior 
temporal gyrus (rTPosup)

Control
MCI

0.2673 ± 0.0032
0.3118 ± 0.0041

.012  MCI 

Right Temporal pole: middle 
temporal gyrus (rTPomid)

Control
MCI

0.2561 ± 0.0027
0.3019 ± 0.0036

.003  MCI 

Right Insula (rINS)
Control
MCI

0.2644 ± 0.002
0.3079 ± 0.0067

.032  MCI 

Left Anterior cingulate and 
paracingulate gyri (lACG)

Control
MCI

0.1077 ± 0.0037
0.0629 ± 0.0034

.002  MCI

Upper alpha band

Name of the area Group Mean ± SD p-values Change

Left Superior frontal gyrus, 
dorsolateral (lSFGdor)

Control
MCI

0.0443 ± 0,0034
0.0897 ± 0,0079

.018  MCI 

Right Supramarginal gyrus 
(rSMG)

Control
MCI

0.0593 ± 0,0055
0.0967 ± 0,0059

.012  MCI

Right Anterior cingulate and 
paracingulate gyri (rACG)

Control
MCI

0.0320 ± 0,0012
0.0722 ± 0,004

.014  MCI

Left Middle temporal gyrus 
(lMTG)

Control
MCI

0.0998 ± 0,0096
0.0414 ± 0,0017

.014  MCI

Right Fusiform gyrus (rFFG)
Control
MCI

0.0824 ± 0,0032
0.0586 ± 0,0035

.048  MCI

Right Parahippocampal gyrus 
(rPhG)

Control
MCI

0.0904 ± 0,0044
0.0539 ± 0,0057

.004  MCI

Table 2. Mean ± standard deviation (SD) of the betweenness centrality (BC) in the lower and upper alpha 
band, p-values were obtained using permutation testing with correction for multiple comparisons across 
regions. Arrows indicate lower or higher values in the MCI group.
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MST DEGREE

Lower alpha band

Name of the area Group Mean ± SD p-values Change

Left Superior frontal gyrus, 
dorsolateral (lSFGdor)

Control
MCI

0.0221 ± 8.3x10-5 
0.0272 ± 8.5x10-5

.007  MCI

Left Postcentral gyrus (lPoCG)
Control
MCI

0.0204 ± 3.7x10-5 
0.0247 ± 4.8x10-5 

.010  MCI

Left heschl gyrus (lhES)
Control
MCI

0.0244 ± 8.2x10-5 
0.0302 ± 1.2x10-4 

.038  MCI 

Right Middle frontal gyrus 
(rMFG)

Control
MCI

0.0186 ± 3.3x10-5 
0.0238 ± 7.1x10-5

.008  MCI 

Right Calcarine fissure and 
surrounding cortex (rCAL)

Control
MCI

0.2559 ± 0.0041
0.2966 ± 0.0052

.022  MCI 

Right olfactory Cortex (roLF)
Control
MCI

0.0280 ± 8.2x10-5 
0.0230 ± 5.3x10-5

.044  MCI 

Upper alpha band

Name of the area Group Mean ± SD p-values Change

Left Superior frontal gyrus, 
dorsolateral (lSFGdor)

Control
MCI

0.0224 ± 9.9x10-5 
0.0278 ± 1.3x10-4

.035  MCI 

Left Superior parietal gyrus (lSPG)
Control
MCI

0.0242 ± 9.2x10-5 
0.0320 ± 2.2x10-4

.021  MCI

Right Supramarginal gyrus 
(rSMG)

Control
MCI

0.0243 ± 1x10-4 
0.0291 ± 9.7x10-5

.049  MCI

Right Anterior cingulate and 
paracingulate gyri (rACG)

Control
MCI

0.0196 ± 1.2x10-5 
0.0241 ± 7.5x10-5

.043  MCI

Left Middle temporal gyrus 
(lMTG)

Control
MCI

0.0297 ± 2x10-4 
0.0220 ± 5.6x10-5

.030  MCI

Right Inferior frontal gyrus, 
orbital part (roRBinf)

Control
MCI

0.0266 ± 8.5x10-5 
0.0213 ± 1.7x10-5 

.023  MCI

Right Parahippocampal gyrus 
(rPhG)

Control
MCI

0.0255 ± 6.5x10-5 
0.0211 ± 9x10-5

.008  MCI

Table 3. Mean ± standard deviation (SD) and p-values after a t-test corrected for multiple comparisons for 
degree values in the control group compared with the MCI group in lower and upper alpha bands. Arrows 
indicate lower and higher values in the MCI group.
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Figures

Fig. 1. Statistical differences between controls and MCIs in lower alpha (left side) and upper alpha (right side) 
bands in PLI values. When MCI group show lower connectivity values than the control group is represented in 
blue: Left Gyrus Rectus (1) - Left Superior frontal gyrus (3); Left superior temporal gyrus (30) - Left Insula (39) 
for the lower alpha band; and Left Insula (39) - Left Middle temporal gyrus (31); Right Gyrus Rectus (40) - 
Right Olfactory Cortex (41); Left Precuneus (21) - Right Inferior temporal gyrus (71); Right Fusiform gyrus (67) 
- Right Parahippocampal gyrus for the upper alpha band. On the contrary, when MCI group exhibit higher PLI 
values than the control group is represented in red: Left Superior frontal gyrus (dorsolateral) (7) - Right 
Superior frontal gyrus (dorsolateral) (46); Right Superior frontal gyrus (medial orbital) (43) - Right Precentral 
gyrus (53) - Left Postcentral gyrus (16) - Left Anterior cingulate and paracingulate gyri (36) - Right Superior 
occipital gyrus (61) - Right Cuneus (65) for the lower alpha band.
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Fig, 2. Statistical differences between the control group and the MCI group in betweenness centrality (BC) 
(left side) and degree (right side) in lower and upper alpha bands. In blue colour is represented when MCIs 
exhibit lower BC values than the control group in: Left Anterior cingulate and paracingulate gyri (36) for lower 
alpha band; Left Middle temporal gyrus (31), Right Fusiform gyrus (67) and Right Parahippocampal gyrus (74) 
for the upper alpha band; and in degree values in: Right Olfactory Cortex (41) for the lower alpha band; Left 
Middle temporal gyrus (31), Right Inferior frontal gyrus, orbital part (45) and Right Parahippocampal gyrus 
(74) for the upper alpha band. In red colour is represented when the MCI present higher BC values in: Left 
Precentral gyrus (14), Left Postcentral gyrus (16); Left Superior parietal gyrus (17), Right Middle frontal gyrus 
(47), Right Superior parietal gyrus (56), Right Temporal pole: superior temporal gyrus (72), Right Temporal 
pole: middle temporal gyrus (73) and Right Insula for the lower alpha band; Left Superior frontal gyrus, 
dorsolateral (7), Right Supramarginal gyrus (58), and Right Anterior cingulate and paracingulate gyri (75) for 
the upper alpha band; and higher degree values in: Left Superior frontal gyrus, dorsolateral (7), Left Postcentral 
gyrus (16), Left Heschl gyrus (29) and Right Middle frontal gyrus (47) for the lower alpha band; Left Superior 
frontal gyrus, dorsolateral (7), Left Superior parietal gyrus (17), Right Supramarginal gyrus (58) and Right 
Anterior cingulate and paracingulate gyri (75) for the upper alpha band.



| 119

Reference list

Adriaanse, S. M., Sanz-Arigita, E. j., Binnewijzend, 
M. A. A., ossenkoppele, R., Tolboom, N., van 
Assema, d. M. E., et al. (2012). Amyloid and its 
association with default network integrity in 
Alzheimer’s disease. hum. Brain Mapp. 35, 779–
791. doi: 10.1002/hbm.22213 

Albert, M. S., deKosky, S. T., dickson, d., dubois, 
B., Feldman, h. h., Fox, N. C., et al. (2011).  
The diagnosis of mild cognitive impairment due 
to Alzheimer’s disease: recommendations from 
the National Institute on Aging- Alzheimer’s 
Association workgroups on diagnostic guidelines 
for Alzheimer’s disease. Alzheimers dement. 7, 
270–279. doi: 10.1016/j.jalz.2011.03.008 

Alonso, j. F., Poza, j.,Mañanas, M. A., Romero, S., 
Fernández, A., and hornero, R. (2011). MEG 
connectivity analysis in patients with Alzheimer’s 
disease using cross mutual information and 
spectral coherence. Ann. Biomed. Eng. 39, 524–
536. doi: 10.1007/s10439-010-0155-7 

Arendt, T. (2009). Synaptic degeneration in 
Alzheimer’s disease. Acta Neuropathol. 118, 
167–179. doi: 10.1007/s00401-009-0536-x 

Auer, S., and Reisberg, B. (1997). The GDS/FAST 
staging system. Int. Psychogeriatr. 9 (Suppl 1), 
167–171. doi: 10.1017/S1041610297004869 

Babiloni, C., Ferri, R., Binetti, G., Cassarino, A., dal 
Forno, G., Ercolani, M., et al. (2006). Fronto-
parietal coupling of brain rhythms in mild 
cognitive impair ment: a multicentric EEG study. 
Brain Res. Bull. 69, 63–73. doi: 10.1016/ j.
brainresbull.2005.10.013

Bai, F., Shu, N., Yuan, Y., Shi, Y., Yu, h., Wu, d., et 
al. (2012). Topologically convergent and 
divergent structural connectivity patterns 
between patients with remitted geriatric 
depression and amnestic mild cognitive 
impairment. j. Neurosci. 32, 4307–4318. doi: 
10.1523/jNEURoSCI.5061- 11.2012 

Bajo, R., Castellanos, N.P., Cuesta, P., Aurtenetxe, S., 
Garcia-Prieto, j., Gil- Gregorio, P., et al. (2012). 
Differential patterns of connectivity in progressive 
mild cognitive impairment. Brain Connect. 2,  
21–24. doi: 10.1089/brain.2011. 0069 

Bassett, d.S., and Bullmore, E. (2006). Small-world 
brain networks. Neuroscientist 12, 512–523. doi: 
10.1177/1073858406293182 

Benton, A., and hamsher, K. (1989). Multilingual 
Aphasia Examination, 2nd Edn. Iowa City, IA: 
University of Iowa. 

Blennow, K., Bogdanovic, N., Alafuzoff, I., Ekman, 
R., and davidsson, P. (1996). Synaptic pathology 
in Alzheimer’s disease: relation to severity of 
dementia, but not to senile plaques, neurofibrillary 
tangles, or the ApoE4 allele. j. Neural Transm. 
103, 603–618. doi: 10.1007/BF01 273157 

Boersma, M., Smit, d.j.A., Boomsma, d.I., de Geus, 
E.j.C., delemarre-van de Waal, h. A., and Stam, 
C.j. (2013). Growing trees in child brains: graph 
theoretical analysis of electroencephalography-
derived minimum spanning tree in 5- and 7-year-
old children reflects brain maturation. Brain 
Connect. 3, 50–60. doi: 10.1089/
brain.2012.0106

Braak, h., and Braak, E. (1991). Neuropathological 
stageing of Alzheimer-related changes. Acta 
Neuropathol. 82, 239–259. 

Buldú, j. M., Bajo, R., Maestú, F., Castellanos, N., 
Leyva, I., Gil, P., et al. (2011). Reorganization of 
functional networks in mild cognitive impairment. 
PLoS oNE 6:e19584. doi: 10.1371/journal.pone. 
0019584

Bullmore, E., and Sporns, o. (2009). Complex brain 
networks: graph theoretical analysis of structural 
and functional systems. Nat. Rev. Neurosci. 10, 
186–198. doi: 10.1038/nrn2575 

Chapter 5



Neurophysiology of Dementia: The resting-state of the art120 |

Canuet, L., Pusil, S., Lopez, M.E., Bajo, R., Pineda-
Pardo, j.A., Cuesta, P., et al. (2015). Network 
disruption and cerebrospinal fluid amyloid-beta 
and phospho-tau levels in mild cognitive 
impairment. j. Neurosci. 35, 10325–10330. doi: 
10.1523/jNEURoSCI.0704-15.2015 

Çiftçi, K. (2011). Minimum spanning tree reflects 
the alterations of the default mode network 
during Alzheimer’s disease. Ann. Biomed. Eng. 39, 
1493–1504. doi: 10.1007/s10439-011-0258-9 

Cuesta, P., Garc, P., Aurtenetxe, S., Bajo, R., Pineda-
pardo, A., Bru, R., et al. (2015). Influence of the 
APOE ε4 allele and mild cognitive impairment 
diagnosis in the disruption of the MEG resting 
state functional connectivity in sources space.  
j. Alzheimers dis. 44, 493–505. doi: 10.3233/
jAd-141872 

de haan, W., Mott, K., van Straaten, E.C.W., 
Scheltens, P., and Stam, C.j. (2012). Activity 
dependent degeneration explains hub 
vulnerability in Alzheimer’s disease. PLoS 
Comput. Biol. 8:e1002582. doi: 10.1371/journal.
pcbi. 1002582 

delbeuck, X., Van der Linden, M., and Collette, F. 
(2003). Alzheimer’s disease as a disconnection 
syndrome? Neuropsychol. Rev. 13, 79–92. 

delorme, A., Sejnowski, T., and Makeig, S. (2006). 
Enhanced detection of artifacts in EEG data using 
higher-order statistics and independent 
component analysis. Neuroimage 34, 1443–1449.

Engels, M.M., Stam, C.j., van der Flier, W.M., 
Scheltens, P., de Waal, h., and van Straaten, E.C. 
(2015). Declining functional connectivity and 
changing hub locations in Alzheimer’s disease: an 
EEG study. BMC Neurol. 15:145. doi: 10.1186/
s12883-015-0400-7 

Farias, S.T., Mungas, d., and jagust, W. (2005). 
Degree of discrepancy between self and other-
reported everyday functioning by cognitive 
status: dementia, mild cognitive impairment, and 
healthy elders. Int. j. Geriatr. Psychiatry 9, 827–
834. doi: 10.1002/gps.1367 

Fischl, B., Salat, d.h., Busa, E., Albert, M., dieterich, 
M., haselgrove, C., et al. (2002). Whole brain 
segmentation: automated labeling of neuro-
anatomical structures in the human brain. 
Neuron 33, 341–355. 

Fraschini, M., demuru, M., Puligheddu, M., Floridia, 
S., Polizzi, L., Maleci, A., et al. (2014). The  
re-organization of functional brain networks in 
pharmaco- resistant epileptic patients who 
respond to VNS. Neurosci. Lett. 580, 153–157. 
doi: 10.1016/j.neulet.2014.08.010 

Friston, K.j. (1994). Functional and effective 
connectivity in neuroimaging: a synthesis. hum. 
BrainMapp. 2, 56–78. 

Garcés, P., Ángel Pineda-Pardo, j., Canuet, L., 
Aurtenetxe, S., López, M.E., Marcos, A., et al. 
(2014). The Default Mode Network is functionally 
and structurally disrupted in amnestic mild cognitive 
impairment – a bimodal MEG-DTI study. Neuroimage 
Clin. 6, 214–221. doi: 10.1016/j.nicl.2014. 09.004

Garcia-Marin, V., Blazquez-Llorca, L., Rodriguez, j.-
R., Boluda, S., Muntane, G., Ferrer, I., et al. 
(2009). Diminished perisomaticGABAergic 
terminals on cortical neurons adjacent to amyloid 
plaques. Front. Neuroanat. 3:28. doi: 10.3389/ 
neuro.05.028.2009 

Gómez, C., Stam, C.j., hornero, R., Fernández, A., 
and Maestú, F. (2009). Disturbed beta band 
functional connectivity in patients with mild 
cognitive impairment: an MEG study. IEEE Trans. 
Biomed. Eng. 56, 1683–1690. doi: 10.1109/
TBME.2009.2018454 

Gong, G., he, Y., Concha, L., Lebel, C., Gross, d. 
W., Evans, A.C., et al. (2009). Mapping 
anatomical connectivity patterns of human 
cerebral cortex using in vivo diffusion tensor 
imaging tractography. Cereb. Cortex 19, 524–
536. doi: 10.1093/cercor/bhn102 

Grady, C. (2012). The cognitive neuroscience of 
ageing. Nat. Rev. Neurosci. 13, 491–505. doi: 
10.1038/nrn3256 



| 121

hillebrand, A., Barnes, G.R., Bosboom, j.L., 
Berendse, h.W., and Stam, C.j. (2012). 
Frequency-dependent functional connectivity 
within resting- state networks: an atlas-based 
MEG beamformer solution. Neuroimage 59, 
3909–3921. doi: 10.1016/j.neuroimage.2011.11.005

jelic, V., Kivipelto, M., and Winblad, B. (2006). 
Clinical trials in mild cognitive impairment: 
lessons for the future. j. Neurol. Neurosurg. 
Psychiatry 77, 429–438. doi: 10.1136/
jnnp.2005.072926 

jeong, j. (2004). EEG dynamics in patients with 
Alzheimer’s disease. Clin. Neurophysiol. 115, 
1490–1505. doi: 10.1016/j.clinph.2004.01.001

jiang, Z. (2005). Study onEEGpower and coherence 
in patients with mild cognitive impairment during 
working memory task. j. Zhejiang Univ. Sci. B 6, 
1213–1219. doi: 10.1631/jzus.2005.B1213 

Kaplan, E., Goodglass, h., and Weintraub, S. 
(1983). The Boston Naming Test. Philadelphia, 
PA: Lea and Febiger. 

Koenig, T., Prichep, L., dierks, T., hubl, d., Wahlund, 
L.o., john, E.R., et al. (2005). Decreased EEG 
synchronization in Alzheimer’s disease and mild 
cognitive impairment. Neurobiol. Aging 26, 165–
171. doi: 10.1016/j. neurobiolaging.2004.03.008 

Kruskal, j.B. (1956). On the shortest spanning 
subtree of a graph and the traveling salesman 
problem. Proc. Am.Math. Soc. 7, 48–50. doi: 
10.2307/2033241 

Lawton, M.P., and Brody, E.M. (1969). Assessment 
of older people: self- maintaining and 
instrumental activities of daily living. 
Gerontologist 9, 179–186. doi: 10.1093/
geront/9.3_Part_1.179 

Lee, U., Kim, S., and jung, K.-Y. (2006). 
Classification of epilepsy types through global 
network analysis of scalp electroencephalograms. 
Phys. Rev. E. Stat. Nonlin. SoftMatter Phys. 73, 
041920. 

Lobo, A., Ezquerra, j., Gómez Burgada, F., Sala, 
j.M., and Seva díaz, A. (1979). [Cognocitive mini-
test (a simple practical test to detect intellectual 
changes in medical patients)]. Actas Luso Esp. 
Neurol. Psiquiatr. Cienc. Afines 7, 189–202. 

López, M.E., Bruna, R., Aurtenetxe, S., Pineda-
Pardo, j.A., Marcos, A., Arrazola, j., et al. 
(2014a). Alpha-band hypersynchronization in 
progressive mild cognitive impairment: a 
magneto encephalography study. j. Neurosci. 34, 
14551–14559. doi: 10.1523/
jNEURoSCI.0964-14.2014 

López, M.E., Garcés, P., Cuesta, P., Castellanos, N.P., 
Aurtenetxe, S., Bajo, R., et al. (2014b). 
Synchronization during an internally directed 
cognitive state in healthy aging and mild 
cognitive impairment: a MEG study. Age 
36:9643. doi: 10.1007/s11357-014-9643-2 

Maestú, F., Peña, j.-M., Garcés, P., González, S., 
Bajo, R., Bagic, A., et al. (2015). A multicenter 
study of the early detection of synaptic 
dysfunction in mild cognitive impairment using 
Magnetoencephalography-derived functional 
connectivity. Neuroimage Clin. 9, 103–109. doi: 
10.1016/j.nicl.2015.07.011 

Maris, E., and oostenveld, R. (2007). Nonparametric 
statistical testing of EEG- and MEG-data. j. 
Neurosci. Methods 164, 177–190. doi: 10.1016/j.
jneumeth.2007. 03.024 

McKhann, G.M., Knopman, d.S., Chertkow, h., 
hyman, B.T., jack, C.R., Kawas, C.h., et al. 
(2011). The diagnosis of dementia due to 
Alzheimer’s disease: recommendations from the 
National Institute on Aging-Alzheimer’s 
Association workgroups on diagnostic guidelines 
for Alzheimer’s disease. Alzheimers dement. 7, 
263–269. doi: 10.1016/j.jalz.2011.03.005 

Medvedovsky, M., Taulu, S., Bikmullina, R., Ahonen, 
A., and Paetau, R. (2009). Fine tuning the 
correlation limit of spatio-temporal signal space 
separation for magnetoencephalography.  
j. Neurosci. Methods 177, 203–211. doi: 
10.1016/j. jneumeth.2008.09.035

Chapter 5



Neurophysiology of Dementia: The resting-state of the art122 |

oretti, d.V., Frisoni, G.B., Pievani, M., Rosini, S., 
Geroldi, C., Binetti, G., et al. (2008). 
Cerebrovascular disease and hippocampal 
atrophy are differently linked to functional 
coupling of brain areas: an EEG coherence study 
in MCI subjects. j. Alzheimers dis. 14, 285–299. 

olde dubbelink, K.T.E., hillebrand, A., Stoffers, d., 
deijen, j.B., Twisk, j.W.R., Stam, C.j., et al. (2014). 
Disrupted brain network topology in Parkinson’s 
disease: a longitudinal magnetoencephalography 
study. Brain 137, 197–207. doi: 10.1093/brain/
awt316

oldfield, R. C. (1971). The assessment and analysis 
of handedness: the Edinburgh inventory. 
Neuropsychologia 9, 97–113. 

ortega, G. j., Sola, R. G., and Pastor, j. (2008). 
Complex network analysis of human ECoG data. 
Neurosci. Lett. 447, 129–133. doi: 10.1016/j.
neulet.2008.09.080 

otte, W.M., van diessen, E., Paul, S., Ramaswamy, 
R., Subramanyam Rallabandi, V.P., Stam, C.j., et 
al. (2015). Aging alterations in whole-brain 
networks during adulthood mapped with the 
minimum spanning tree indices: the interplay of 
density, connectivity cost and life-time trajectory. 
Neuroimage 109, 171–189. doi: 10.1016/j.
neuroimage.2015.01.011 

Peña-Casanova, j. (1990). Programa Integrado de 
Exploración Neuropsicológica- Test Barcelona. 
Proto colo. Barcelona: Masson SA. 

Pfeffer, R.I., Kurosaki, T.T., harrah, C.h. jr., Chance, j.M., 
and Filos, S. (1982). Measurement of functional 
activities in older adults in the community. j. 
Gerontol. 37, 323–329. doi: 10.1093/geronj/37.3.323 

Pijnenburg, Y.A., v d Made, Y., Van Cappellen Van 
Walsum, A.M., Knol, d.L., Scheltens, P., and 
Stam, C.j. (2004). EEG synchronization likelihood 
in mild cognitive impairment and Alzheimer’s 
disease during a working memory task. Clin. 
Neurophysiol. 115, 1332–1339. 

Pineda-Pardo, j.A.,Garcés, P., López, M.E., 
Aurtenetxe, S., Cuesta, P.,Marcos, A., et al. 
(2014). White matter damage disorganizes brain 
functional networks in amnestic mild cognitive 
impairment. Brain Connect. 4, 312–322. doi: 
10.1089/ brain.2013.0208 

Reisberg, B., Ferris, S.h., de Leon, M.j., and Crook, 
T. (1982). The Global Deterioration Scale for 
assessment of primary degenerative dementia. 
Am. j. Psychiatry 139, 1136–1139. doi: 10.1176/
ajp.139.9.1136 

Reitan, R. (1958). Validity of the TrailMaking test as 
an indicator of organic brain damage. Percept. 
Motor Skill 8, 271–276. 

Rosen, W.G., Terry, R.d., Fuld, P.A., Katzman, R., 
and Peck, A. (1980). Pathological verification of 
ischemic score in differentiation of dementias. 
Ann. Neurol. 7, 486–488. doi:10.1002/
ana.410070516 

Rubinov, M., and Sporns, o. (2010). Complex 
network measures of brain connectivity: uses and 
interpretations. Neuroimage 52, 1059–1069. doi: 
10.1016/ j.neuroimage.2009.10.003 

Scheller, E., Minkova, L., Leitner, M., and Klöppel, S. 
(2014). Attempted and successful compensation 
in preclinical and early manifest neurode-
generation – a review of task fMRI Studies. Front. 
Psychiatry 5:132. doi: 10.3389/fpsyt.2014. 00132 

Selkoe, d.j. (2002). Alzheimer’s disease is a synaptic 
failure. Science 298, 789–791. doi: 10.1126/
science.1074069 

Seo, E.h., Lee, d.Y., Lee, j.-M., Park, j.-S., Sohn, B. 
K., Choe, Y.M., et al. (2013). Influence of APOE 
genotype on whole-brain functional networks in 
cognitively normal elderly. PLoS oNE 8:e83205. 
doi: 10.1371/journal.pone.0083205 

Shah, Y., Tangalos, E.G., and Petersen, R.C. (2000). 
Mild cognitive impairment. When is it a precursor 
to Alzheimer’s disease? Geriatrics 55, 62, 65–68. 



| 123

Stam, C.j. (2014). Modern network science of 
neurological disorders. Nat. Rev. Neurosci. 15, 
683–695. doi: 10.1038/nrn3801 

Stam, C.j., de haan, W., daffertshofer, A., jones, B. 
F., Manshanden, I., van Cappellen van Walsum, 
A. M., et al. (2009). Graph theoretical analysis of 
magnetoencephalographic functional 
connectivity in Alzheimer’s disease. Brain 132, 
213–224. doi: 10.1093/brain/awn262 

Stam, C.j., jones, B.F., Manshanden, I., van 
Cappellen van Walsum, A.M., Montez, T., 
Verbunt, j.P.A., et al. (2006).Magneto-
encephalographic evaluation of resting-state 
functional connectivity in Alzheimer’s disease. 
Neuroimage 32, 1335–1344. doi: 10.1016/j.
neuroimage.2006.05.033 

Stam, C.j., jones, B.F., Nolte, G., Breakspear, M., 
and Scheltens, P. (2007a). Small- world networks 
and functional connectivity in Alzheimer’s 
disease. Cereb. Cortex 17, 92–99. doi: 10.1093/
cercor/bhj127 

Stam, C.j., Nolte, G., and daffertshofer, A. (2007b). 
Phase lag index: assessment of functional connecti-
vity from multi channel EEG and MEG with 
diminished bias from common sources. hum. Brain 
Mapp. 28, 1178–1193. doi: 10.1002/ hbm.20346

Stam, C.j., and Reijneveld, j.C. (2007). Graph 
theoretical analysis of complex networks in the 
brain. Nonlin. Biomed. Phys. 1:3. doi: 
10.1186/1753-4631-1-3 

Stam, C.j., Tewarie, P., Van dellen, E., van Straaten, 
E.C.W., hillebrand, A., and Van Mieghem, P. 
(2014). The trees and the forest: characterization 
of complex brain networks with minimum 
spanning trees. Int. j. Psychophysiol. 92, 129–
138. doi: 10.1016/j.ijpsycho.2014.04.001 

Stam, C j., van Cappellen van Walsum, A.M., 
Pijnenburg, Y.A.L., Berendse, h.W., de Munck, 
j.C., Scheltens, P., et al. (2002). Generalized 
synchronization of MEG recordings in Alzheimer’s 
disease: evidence for involvement of the gamma 
band. j. Clin. Neurophysiol. 19, 562–574. 

Stam, C.j., and van dijk, B.W. (2002). Synchro-
nization likelihood: an unbiased measure of 
generalized synchronization in multivariate data 
sets. Physicad163, 236–251. doi: 10.1016/
S0167-2789(01)00386-4 

Takahashi, R.h., Capetillo-Zarate, E., Lin, M.T., 
Milner, T.A., and Gouras, G.K. (2010). Co-
occurrence of Alzheimer’s disease ß-amyloid and 
τ pathologies at synapses. Neurobiol. Aging 31, 
1145–1152. doi: 10.1016/j.neurobiolaging.2008. 
07.021 

Taulu, S., and Simola, j. (2006). Spatiotemporal 
signal space separation method for rejecting 
nearby interference in MEG measurements. Phys. 
Med. Biol. 51, 1759–1768. doi: 10.1088/0031-
9155/51/7/008 

Tewarie, P., van dellen, E., hillebrand, A., and Stam, 
C.j. (2015). The minimum spanning tree: an 
unbiased method for brain network analysis. 
Neuroimage 104, 177–188. doi: 10.1016/j.
neuroimage.2014.10.015 

Tijms, B.M., Wink, A.M., de haan, W., van der Flier, 
W.M., Stam, C.j., Scheltens, P., et al. (2013). 
Alzheimer’s disease: connecting findings from 
graph theoretical studies of brain networks. 
Neurobiol. Aging 34, 2023–2036. doi: 10.1016/j.
neurobiolaging.2013.02.020 

Tzourio-Mazoyer, N., Landeau, B., Papathanassiou, 
d., Crivello, F., Etard, o., delcroix, N., et al. 
(2002). Automated anatomical labeling of 
activations in SPM using a macroscopic 
anatomical parcellation of the MNI MRI single-
subject brain. Neuroimage 15, 273–289. doi: 
10.1006/nimg.2001.0978 

van Wijk, B.C.M., Stam, C.j., and daffertshofer, A. 
(2010). Comparing brain networks of different 
size and connectivity density using graph theory. 
PLoS oNE 5:e13701. doi: 10.1371/journal.
pone.0013701 

Chapter 5



Neurophysiology of Dementia: The resting-state of the art124 |

Supplementary material

AAL number Hemisphere Cortical regions Abbreviations

1 Left Gyrus Rectus REC
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AAL number Hemisphere Cortical regions Abbreviations

13 Left Paracentral lobule PCL

14 Left Precentral gyrus PreCG

15 Left Rolandic operculum RoL

16 Left Postcentral gyrus PoCG

17 Left Superior parietal gyrus SPG

18 Left Inferior parietal, but supramarginal and angular gyri IPL

19 Left Supramarginal gyrus SMG

20 Left Angular gyrus ANG

21 Left Precuneus PCUN

22 Left Superior occipital gyrus SoG

23 Left Middle occipital gyrus MoG

24 Left Inferior occipital gyrus IoG

25 Left Calcarine fissure and surrounding cortex CAL

26 Left Cuneus CUN

27 Left Lingual gyrus LING

28 Left Fusiform gyrus FFG

29 Left heschl gyrus hES

30 Left Superior temporal gyrus STG

31 Left Middle temporal gyrus MTG

32 Left Inferior temporal gyrus ITG

33 Left Temporal pole: superior temporal gyrus TPosup

34 Left Temporal pole: middle temporal gyrus TPomid

35 Left Parahippocampal gyrus PhG

36 Left Anterior cingulate and paracingulate gyri ACG

37 Left Median cingulate and paracingulate gyri dCG

38 Left Posterior cingulate gyrus PCG

39 Left Insula INS

40 Right Gyrus Rectus REC

41 Right olfactory Cortex oLF

42 Right Superior frontal gyrus, orbital part oRBsup

43 Right Superior frontal gyrus, medial orbital oRBsupmed

44 Right Middle frontal gyrus orbital part oRBmid

45 Right Inferior frontal gyrus, orbital part oRBinf

46 Right Superior frontal gyrus, dorsolateral SFGdor
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AAL number Hemisphere Cortical regions Abbreviations

47 Right Middle frontal gyrus MFG

48 Right Inferior frontal gyrus, opercular part IFGoperc

49 Right Inferior frontal gyrus, triangular part IFGtriang

50 Right Superior frontal gyrus, medial SFGmed

51 Right Supplementary motor area SMA

52 Right Paracentral lobule PCL

53 Right Precentral gyrus PreCG

54 Right Rolandic operculum RoL

55 Right Postcentral gyrus PoCG

56 Right Superior parietal gyrus SPG

57 Right Inferior parietal, but supramarginal and angular gyri IPL

58 Right Supramarginal gyrus SMG

59 Right Angular gyrus ANG

60 Right Precuneus PCUN

61 Right Superior occipital gyrus SoG

62 Right Middle occipital gyrus MoG

63 Right Inferior occipital gyrus IoG

64 Right Calcarine fissure and surrounding cortex CAL

65 Right Cuneus CUN

66 Right Lingual gyrus LING

67 Right Fusiform gyrus FFG

68 Right heschl gyrus hES

69 Right Superior temporal gyrus STG

70 Right Middle temporal gyrus MTG

71 Right Inferior temporal gyrus ITG

72 Right Temporal pole: superior temporal gyrus TPosup

73 Right Temporal pole: middle temporal gyrus TPomid

74 Right Parahippocampal gyrus PhG

75 Right Anterior cingulate and paracingulate gyri ACG

76 Right Median cingulate and paracingulate gyri dCG

77 Right Posterior cingulate gyrus PCG

78 Right Insula INS

Supplementary Table 1. Brain areas from the Automatic Anatomical Labeling (AAL) atlas.
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EEG studies have shown that patients with Alzheimer’s disease (AD) have weaker 

functional connectivity than controls, especially in higher frequency bands. 

Furthermore, active regions seem more prone to AD pathology. How functional 

connectivity is affected in AD subgroups of disease severity and how network 

hubs (highly connected brain areas) change is not known. We compared AD 

patients with different disease severity and controls in terms of functional 

connections, hub strength and hub location. We studied routine 21-channel 

resting-state electroencephalography (EEG) of 318 AD patients (divided into 

tertiles based on disease severity: mild, moderate and severe AD) and 133 age-

matched controls. Functional connectivity between EEG channels was estimated 

with the Phase Lag Index (PLI). From the PLI-based connectivity matrix, the 

minimum spanning tree (MST) was derived. For each node (EEG channel) in the 

MST, the betweenness centrality (BC) was computed, a measure to quantify the 

relative importance of a node within the network. Then we derived color-coded 

head plots based on BC values and calculated the center of mass (the exact 

middle had x and y values of 0). A shifting of the hub locations was defined as a 

shift of the center of mass on the y-axis across groups. Multivariate general 

linear models with PLI or BC values as dependent variables and the groups as 

continuous variables were used in the five conventional frequency bands. We 

found that functional connectivity decreases with increasing disease severity in 

the alpha band. All, except for posterior, regions showed increasing BC values 

with increasing disease severity. The center of mass shifted from posterior to 

more anterior regions with increasing disease severity in the higher frequency 

bands, indicating a loss of relative functional importance of the posterior brain 

regions. In conclusion, we observed decreasing functional connectivity in the 

posterior regions, together with a shifted hub location from posterior to central 

regions with increasing AD severity. Relative hub strength decreases in posterior 

regions while other regions show a relative rise with increasing AD severity, 

which is in accordance with the activity-dependent degeneration theory. Our 

results indicate that hubs are disproportionally affected in AD. 
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Introduction
Alzheimer’s disease (Ad) is a progressive neurodegenerative disease and a growing public health 
concern. At the cognitive level, Ad is mainly characterized by memory impairment but it also 
affects other cognitive domains [1]. Meanwhile, Ad patients show microscopic alterations in 
their brain, such as amyloid depositions and cell loss, which eventually may lead to macroscopic 
EEG changes. Cognition results from an optimal combination of local information processing and 
interregional integration of this information [2]. This communication can be macroscopically 
approximated by the measurement of functional connectivity using time series that reflect brain 
activity. A functional brain network can be constructed by taking all functional connections (i.e., 
edges of the network) between all regions (i.e., nodes of the network). In these networks, nodes 
that have a central position within the network and therefore are important to the network 
structure and integrity, are called hubs. Previous research has shown that the parietal brain 
region, including the precuneus and posterior cingulate gyrus, is an important hub region in the 
healthy brain [3]. In Ad, this parietal hub region seems to be particularly affected [4]. 
Electroencephalography (EEG) measures electrical brain activity and is used to study functional 
connectivity and networks in Ad. In a group of early-onset Ad patients, we observed reduced hub 
status in the posterior- and occipital brain regions with EEG [5].

Studies of functional connections have revealed Ad-related changes, in which functional 
connectivity is generally lower in Ad [6, 7], specifically in the higher frequency bands [8, 9]. on the 
other hand, network characteristics seem to be altered in Ad (e.g., [9–11]). It is however not known 
how the severity of the disease influences both functional connections and brain networks in Ad.

In this EEG study, we studied the hub strength and location and evaluated functional connectivity as a 
function of disease severity. Furthermore, we subdivided the EEG electrodes into frontal, central and 
posterior regions. our hypotheses are three-fold. Firstly, we hypothesize that functional connectivity is 
reduced in mild stages of the disease and decreases further with increasing disease severity. Secondly, 
we expect hub strength to decrease in the same areas as the functional connectivity disruptions. Lastly, 
we expect hub strength to decrease (most likely in regions with decreasing functional connectivity) and 
therefore, we expect that other regions will become relatively more hub-like (a shifted hub location).

Methods
Subjects
We included 318 patients with probable Ad and 133 non-demented controls with available EEG 
[12,13]. The Ad group was classified into tertiles based on Mini Mental State Examination (MMSE) 
(mild, moderate and severe, Table 1). The participants are a subset of the Amsterdam dementia 
Cohort [14]. Standardized dementia screening included patient history (including an informant 
based history of the patient, if available), neurological and cognitive examination, EEG, magnetic 
resonance imaging (MRI) of the brain, and laboratory tests. Patients were diagnosed with probable 
Ad according to the National Institute of Neurological and Communicative disorders and Stroke 
and the Alzheimer’s disease and Related disorders Association (NINCdS-AdRdA) criteria during a 
multidisciplinary consensus meeting [1, 15]. The non-demented control group consisted of age-
matched patients with subjective cognitive complains but without abnormalities on formal testing 
(i.e. criteria for mild cognitive impairment or any psychiatric disorder were not fulfilled). All 
participants gave written informed consent for the use of their clinical data for research purposes 
[14]. The ethical review board of the VU University Medical Center approved this procedure.
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EEG recording
details about EEG recordings and technical aspects have been previously described [5, 12, 13]. In 
short, we recorded EEG with 21 electrodes at the positions of the 10–20 system with a sample 
frequency of 500 hz and the electrode impedance of below 5kΩ (BrainLab, oSG b.v., Rumst, 
Belgium). Initial filter settings were: time constant 1 s; low pass filter at 70 hz. Patients sat with 
eyes closed in a slightly reclined chair in a sound attenuated room. EEG technicians were alert on 
keeping the participants awake. Four epochs of 4096 samples were found to represent a stable 
EEG measure in a subset of our dataset (see Supplementary materials). Therefore, we selected 
four artifact free epochs (containing as little as possible eye blinks, slow eye-movements, excess 
muscle activity, ECG artifacts, etc.) of 4096 samples and a common average reference were 
selected from each EEG (by hdW). EEG channels were clustered into three different regions to 
perform regional analysis: anterior (Fp1, Fp2, F7, F3, Fz, F4, F8), central (T3, C3, Cz, C4, T4), and 
posterior (T5, P3, Pz, P4, T6, o1, o2).

Functional connectivity
Functional connectivity was assessed using the Phase Lag Index (PLI), which is a measure of 
statistical interdependencies between time series based upon the asymmetry in the distribution 
of instantaneous phase differences [16]. The PLI ranges between zero and one in which zero 
indicates no coupling strength and one refers to maximal coupling strength. The PLI is less 
sensitive to volume conduction than most other frequently used measures for functional 
connectivity [17]. BrainWave software version 0.9.125 (available at http://home.kpn.nl/stam7883/
brainwave.html) was used to calculate PLI in five frequency bands (delta band 0.5–4 hz, theta 
band 4–8 hz, lower alpha band 8–10 hz, upper alpha band 10–13 hz, beta band 13–30 hz). We 
did not take into account the gamma band (>30 hz) because this fast activity cannot reliably be 
distinguished from muscle artefacts [18]. In every subject, the mean PLI was calculated by taking 
the mean of four epochs. In addition to the mean whole-brain PLI, we computed regional PLI by 
averaging the PLI values of the electrodes in the anterior, central and posterior clusters.

Hub status
From the adjacency matrix containing the PLI values, we constructed the minimum spanning tree 
(MST), which is a unique subgraph that connects all nodes (EEG electrodes in our study) of a 
network by the strongest connections (defined as the links with the highest PLI values) without 
forming cycles (i.e., loopless) [2] using Kruskal’s algorithm [19]. From the MST and for each node, 
its importance in the functional network was established with the betweenness centrality (BC). 
This is a measure of the hub-status and is defined as the number of paths between node-pairs 
that run through a specific node, divided by the total number of paths from any node to all other 
nodes in the MST. A network node with a relatively high BC-value compared to other network 
nodes is suggestive for a hub-region in that network.

Hub visualization plots
Color-coded BC values of the MST per electrode were plotted on a 2-d head model using 
biharmonical spline interpolation in MatLab® 2012b (The mathworks, Massachussets, USA) [20]. In 
addition, using the MatLab dot product function, we calculated a vector based upon BC values of 
the MST over both the x- and y-axis (taken the 10–20 system channel locations into account). The 
acquired x- and y-vectors were then plotted onto the head model to visualize the “center of mass” 
of the BC. This vector is based upon the BC values of all nodes and is located on the spot where 
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the surrounding BC values are balanced (for example: if the BC values of all network nodes are 
equal, the center of mass vector will be located exactly in the middle of the brain while if one node 
in the network has a higher BC value, the center of mass vector will shift towards that specific 
node). hereby, the hub status of the three patient groups (mild, moderate and severe Ad) and the 
control group can be displayed both visually (i.e., both the color-coding of the BC values and the 
displayed center of mass vector on a head model) and quantitatively (i.e., y-value of the mass 
center). The y-values, representing the front-to-back direction, were used for statistical analyses. 
Note that an x- and y-value of 0 represent the exact middle of the graph (c.q. EEG electrode Cz).

Statistical analysis
IBM SPSS Statistics version 20 for Mac was used for statistical analyses. differences between 
baseline group characteristics were tested with χ2-tests and one-way ANoVA with post-hoc 
Bonferroni tests. Natural log transformation [y = ln(x)] was applied on PLI and BC values to obtain 
normal distributions of these measures with an addition of 1•10−24 to avoid zeros in the data. 
To test PLI and BC group differences, we used multivariate general linear models in four regions 
(anterior, central, posterior and global) and five frequency bands (delta, theta, lower alpha, upper 
alpha and beta). We tested the influence of the severity of the disease (entered as continuous 
independent variable: controls – mild – moderate – severe Ad) in the multivariate general linear 
model with gender as covariate in order to obtain the p for trend (note that this p for trend 
represents a significant gradual change over the groups). The multivariate general linear models 
were conducted in 3 sessions: (1) log-transformed PLI values as dependent variables with the 
group as continuous independent variable; (2) log-transformed BC values as dependent variables 
with the group as continuous independent variable; (3) x- and y-values of the center of mass (as 
described in the previous paragraph) as dependent variables with the groups as continuous 
independent variables. We used a Bonferroni correction in order to correct for the number of 
groups. Statistical significance was set at p < 0.05 for PLI and BC values and p < 0.01 for subject 
characteristics. A two-tailed Spearman correlation analysis was performed across and within the 
Ad groups with MMSE-scores. Statistical significance was corrected for the number of tests by 
dividing the preferred p-value (P < 0.05) by the number of tests.

Results
Subject characteristics
Subject characteristics of the four groups (controls, mild Ad, moderate Ad and severe Ad) are 
presented in Table 1. Mean age did not differ between groups. The mild Ad group contained 
more females than the severe Ad and moderate Ad groups. There was no difference in education 
and the use of cholinesterase inhibitors between groups. The estimated disease duration was not 
different within the three Ad groups. We did not find differences between the amplitudes of the 
EEG signals in any of the regions between groups.

Functional connectivity
We found an association between increasing disease severity and decreasing PLI in the lower 
alpha band in the posterior region (PLI-values: controls 0.274 ± 0.107, mild Ad 0.249 ± 0.091, 
moderate Ad 0.236 ± 0.083, severe Ad 0.238 ± 0.095; p for trend = 0.03). This indicates that 
functional connectivity reduction is associated with increasing disease severity. other regions and 
bands did not show any associations with disease severity.
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Hub location and strength
The BC values of the nodes in the MST, as an indication of the node importance, are shown in 
Table 2 (raw values, p for trend). We found increasing BC values in the lower alpha band global 
and in the anterior region; in the upper alpha band global, in anterior and central regions; and 
in the beta band in the anterior region. We observed decreasing BC values in the beta band in 
the posterior region. Figure 1 presents head plots of BC values with the center of mass marked 
in all frequency bands and groups to visualize the changing location of the center of mass of the 
BC values. In the delta and theta bands, the center of mass of the controls is located in the 
anterior and central regions respectively while in the alpha bands and beta bands it is located in 
the posterior regions. The y-values of the center of mass of the Ad patients are located centrally 
in all frequency bands. The back-to-front shifting of the center of mass from the posterior to the 
central regions, as indicated by the y-values, increased with increasing disease severity in the 
alpha and beta bands (p for trend = 0.011 in alpha1; p for trend = 0.025 in alpha2; and p for 
trend < 0.000 in beta). Generally, in the higher frequency bands the most important nodes (as 
indicated by a high BC value) were located in the posterior brain regions in controls and, with 
increasing disease severity, were becoming relatively less important. The left-to-right shifting of 
the center of mass was significant only in the beta band (p for trend = 0.012) indicating a shift 
to the right side of the brain in the most severely affected Ad patients.

Correlations with MMSE scores
Since we measure 5 frequency bands, 4 regions and 3 Ad groups, we set the p-value threshold 
for significance to 0.00042. We found no significant correlations with MMSE. Next, we merged 
the 3 Ad groups into 1 group containing all Ad patients. For this analysis, we set the p-value 
threshold for significance to 0.00125. We found a positive significant correlation with MMSE in 
the BC-values in frontal region in the delta band (Spearman’s r = 0.199; p < 0.001) and a 
negative correlation with MMSE in the BC-values in the posterior region in the delta band 
(Spearman’s r = −0.210; p < 0.001), as represented in Fig. 2.

Discussion
In this study on topological patterns of physiological brain activity, we found that a decrease in 
the functional connectivity in the posterior brain regions was associated with increasing disease 
severity in the lower alpha band. In addition, the locations of the hubs in the functional networks 
of Ad patients were located towards anterior brain regions compared to the hubs of the control 
networks, with a significant shift to a more anterior location in the more severely affected 
patients. The relative node importance of the frontally and centrally located brain areas, as 
quantified with the BC of the MST, increased with disease severity in Ad. 

Lower functional connectivity in Ad has previously been reported in studies using different 
modalities, but the pattern of this functional connectivity and the methodology varied 
considerably between studies. In studies with high temporal resolution time series (EEG and 
magnetoencephalography (MEG)), functional connectivity in Ad was found to be decreased in 
the higher frequency bands (alpha and beta) [9, 21–26] as well as the lower frequency bands 
(theta) [22, 23] and involving mainly brain regions that are connected by long (corticocortical) 
fibers [24, 27]. In addition, the location of the largest decrease in patients compared to controls 
varied over the studies: main differences between groups were found in the anterior and central 
regions [18, 28, 29] as well as the posterior regions [21] and in one study, both regional increases 
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and decreases were found [30]. Functional connectivity increases of slower oscillations (theta 
band) were also reported [8, 31]. In studies with lower temporal but high spatial resolution 
(functional magnetic resonance imaging (fMRI) and positron emission tomography (PET)), a 
similar pattern has been found with regionally dependent increases as well as decreases in 
functional connectivity but with a tendency for a general decrease in Ad (for a review see: [32]). 
These results indicate that the interpretation of functional connectivity changes in Ad is, at least 
to some extent, dependent on the method used for the analysis. In addition, it can be conceived 
that during the course of the disease the functional connectivity is fluctuating, with a possible 
initial increase [33] and a later decrease. Therefore, differences in inclusion criteria of Ad patients 
across studies could partly account for the differences in the results [4]. We included patient 
groups of different disease severity and studied the gradual effect of the Ad severity on functional 
connectivity. our results indicate that Ad severity correlates with a functional connectivity 
decrease in the posterior brain areas in the lower alpha band. These results give rise to the 
hypothesis that loss of functional networks might be more valuable than increasing amyloid 
burden, which is supposed to have plateau’d at the stage of dementia [34].

The posterior brain areas are main hub regions, and are known to be involved in Ad [35]. In healthy 
subjects, the posterior brain areas, including the precuneus and the posterior cingulate gyrus, 
contain hubs with many functional connections to other brain areas [36–38] and are important for 
intellectual performance [39]. Also, hubs seem electrically more active, as shown in an EEG 
simulation study [4, 40]. Meanwhile, these hubs are more likely to be abnormal in a brain disorder 
like Ad [41]. Previously, the amyloid depositions were found to have a predilection for high activity 
brain areas [42]. In addition, glucose metabolism in Ad showed reduced activity in the cortex of the 
posterior cingulate gyrus [43, 44] and precuneus [45, 46]. We reported a shifted hub region, from 
posterior in controls, to more central regions in Ad patients. however, since EEG has a low spatial 
resolution, any assumptions about regional effects should be made with caution. The functional 
meaning of the relocation of hubs to more anterior regions (i.e., EEG sensors) might have it’s origin 
in the heterochronicity of the pathophysiological processes in Ad. This means that the pathological 
pattern is different in patients early in the disease as compared to later stages of the disease. This 
causes that the gradually degrading posterior region with rising disease pathology in this region to 
eventually be incapable of effectively conducting electrical activity.

Patients were diagnosed with Ad based on clinical criteria using a standardized diagnostic 
protocol and international criteria [1, 15]. The control subjects presented at the clinic with 
subjective memory complaints and can therefore not strictly be considered healthy. however, this 
group is clinically relevant since they represent daily practice in the memory clinic. The choice for 
the functional connectivity measure influences the results. In this study, we used the PLI. This 
measure might be biased towards long distance connectivity, because all zero-lag (mostly short 
distance) connections are discarded. however, the main advantage of this approach is the 
reduction of bias due to volume conduction and activity from common sources [16]. Thus, the 
PLI may be an underestimation of functional connectivity and therefore, in our study of a large 
cohort, would show an underestimation of the real disease-effect.

The number of epochs used for analyses may influence the PLI results. In our analyses, we used 
4 epochs of 8.192 s (4096 samples). We found that 4 epochs give as reliable PLI values as 5, 6, 
7 or 8 epochs (see Supplementary materials).
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When comparing networks, several choices have to be made to handle networks of different 
sizes (number of nodes) and connection strengths. These choices influence the results of the 
network analysis and are arbitrary [47]. The MST has the advantage of giving a unique 
representation of a connectivity matrix since no arbitrary choices have to be made. It is the 
minimal connected sub-network consisting of the strongest connections without forming cycles. 
Therefore, the MST can be considered as a backbone of the network that likely includes most of 
the important connections in the network [28, 48].

different centrality indices result in different values for the same graph. We choose the betweenness 
centrality as a measure for centrality in brain networks. It has previously been proposed to be robust 
to measure centrality of nodes in networks [49]. Another often-applied centrality measure is the 
node degree that indicates the number of connection of a node in the network. Although the 
number of shortest paths through a node and the number of connections of that node are likely to 
be related, node degree is not sensitive to so-called connector hubs [50]. Connector hubs are 
thought to connect high degree hubs to each other and therefore have a relatively low degree but 
at the same time include many shortest paths (e.g., a high betweenness centrality).

Conclusions
In conclusion, we observed that functional connectivity in Ad decreases in the posterior brain regions 
in the lower alpha band in a disease severity dependent fashion. Second, we described a more 
widespread disease severity related relative increase in anterior hub strength compared to the 
posterior brain areas. Third, we found that the hub location shifts gradually from posterior regions in 
controls, towards more central regions in Ad. All findings were specific for the higher frequency 
ranges (lower alpha, upper alpha and beta bands). Changes in hub status were more outspoken than 
the functional connectivity changes, which suggest that hubs are disproportionally affected in Ad.

Tables

Controls AD patients

 Severe Moderate Mild

N 133 117 96 105

Age, Years* 67.8 (6.3) 68.1 (8.5) 70.7 (8.8) 69.9 (9.6)

Sex, Female 59 (63%)a 62 (53%) 52 (54%) 40 (38%)

MMSE-score* 28.5 (1.3)b 15.4 (3.5) 21.5 (1.1) 25.8 (1.6)

disease duration, 
years*

n.a. 4.1 (2.5) 3.5 (2.1) 3.2 (1.9)

Using AChEI* 1 (0.8%) 8 (6.8%) 5 (5.2%) 5 (4.8%)

Education*c  5.4 (1.2) 4.2 (1.5) 4.8 (1.3) 5.3 (1.2)

Table 1. Subject characteristics. The data is represented as mean (SD) or number (percentage). AChEI = 
Acetyl-cholinesterase inhibitor; MMSE = mini mental-state examination. a gender differences of p < 0.01 were 
found between mild AD and severe/moderate AD. b all group combinations: p <0.01. c Level of education was 
rated according to Verhage (1964)[51]. 
a  These variables where tested using ANOVA. We corrected the results for multiple comparison using a post-

hoc Bonferroni test.
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Frequency 
band

Region Control
Mean BC (SD)

Severe AD
Mean BC (SD)

Moderate AD
Mean BC (SD)

Mild AD
Mean BC (SD)

P for 
trend

delta global 0.154 (0.014) 0.154 (0.013) 0.155 (0.012) 0.154 (0.014) N.S.

anterior 0.206 (0.043) 0.188 (0.050) 0.199 (0.045) 0.209 (0.047) N.S.

central 0.120 (0.045) 0.122 (0.054) 0.129 (0.047) 0.121 (0.046) N.S.

posterior 0.126 (0.039) 0.144 (0.043) 0.130 (0.039) 0.123 (0.043) N.S.

Theta global 0.158 (0.028) 0.157 (0.013) 0.157 (0.016) 0.157 (0.014) N.S.

anterior 0.153 (0.057) 0.157 (0.053) 0.154 (0.049) 0.155 (0.054) N.S.

central 0.142 (0.049) 0.149 (0.046) 0.142 (0.047) 0.142 (0.043) N.S.

posterior 0.174 (0.044) 0.162 (0.049) 0.171 (0.040) 0.170 (0.044) N.S.

Lower alpha global 0.154 (0.015) 0.159 (0.014) 0.156 (0.012) 0.158 (0.013) 0.02

anterior 0.120 (0.039) 0.144 (0.045) 0.134 (0.044) 0.136 (0.045) 0.04

central 0.133 (0.048) 0.145 (0.049) 0.142 (0.047) 0.142 (0.044) N.S.

posterior 0.202 (0.039) 0.184 (0.046) 0.189 (0.043) 0.193 (0.038) N.S.

Upper alpha global 0.156 (0.013) 0.161 (0.012) 0.160 (0.014) 0.161 (0.014) 0.01

anterior 0.118 (0.052) 0.140 (0.046) 0.133 (0.044) 0.129 (0.041) 0.01

central 0.150 (0.056) 0.157 (0.054) 0.160 (0.049) 0.163 (0.053) 0.02

posterior 0.200 (0.045) 0.186 (0.042) 0.188 (0.042) 0.192 (0.040) N.S.

Beta global 0.142 (0.015) 0.142 (0.017) 0.146 (0.018) 0.145 (0.016) N.S.

anterior 0.082 (0.053) 0.127 (0.055) 0.120 (0.060) 0.117 (0.058) 0.00

central 0.185 (0.059) 0.170 (0.066) 0.178 (0.069) 0.185 (0.061) N.S.

posterior 0.172 (0.054) 0.138 (0.058) 0.148 (0.054) 0.143 (0.057) 0.03

Table 2. Minimum spanning tree-based betweenness centrality differences between groups. The data are 
presented as raw minimum spanning tree-based betweenness centrality (BC). Note that raw data are 
presented, while analyses were performed on log-transformed data. Significance was obtained by a 
multivariate general linear model and Bonferroni post-hoc analysis. Significant differences between the 
patient groups and the control group are printed in bold. AD = Alzheimer’s disease, BC = betweenness 
centrality, SD = standard deviation.
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Figures

Fig. 1. Betweenness centrality values of the minimum spanning tree. Betweenness centrality values plotted 
on a 2-D head model for different groups and frequency bands. y-values represented the location of the mass 
center on the y-axis in which zero represent the exact center of the head plot ± standard deviation. The p for 
trend value represents the p-value of the multivariate general linear model with Bonferroni post-hoc analysis. 
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Fig. 2. Correlation plots with cognition. This figure represents Spearman’s correlations between MMSE-scores 
and the delta band in the frontal region (left panel) and posterior region (right panel)
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Supplementary material

Number of epochs
We selected artifact free epochs (i.e. we carefully discarded epochs that showed signs of 
drowsiness, muscle artifacts, eye blinks or eye movements) of 4096 samples (8.192 seconds) for 
a random subset of our data. The number of subjects used for this subset was √N = √451 = 21 
subjects. The maximum number of artifact free epochs for every subject ranged from 5 to 19 
(mean 12; standard deviation 3.5). We calculated the PLI values over all artifact free epochs and 
repeated the measurement after deleting 1 epoch until only 1 epoch was left. In this way, 
information was obtained about the variability of PLI assessment as a function of number of 
epochs used in the averaging procedure. 

First, we set the PLI values of 1 epoch for every subject at a fixed value (100). Next, we calculate 
the PLI values of (averages over ) 2, 3, 4, …, n epochs relative to the fixed value by multiplying 
by 100 and dividing by the PLI value of the reference epoch. We repeated this procedure for all 
epochs.

Thereafter, we successively calculated the mean and the standard deviation of the epoch numbers 
larger than the epoch number that has been set to 100, where the number of epochs decreases 
with every next step and we assume that the more epochs, the more stable the data will be 
(Figure S1). Figure S1 shows an increase in stability of the PLI values with increasing number of 
epochs. The red line indicates the number of subjects enrolled in the calculation. Since the 
maximum number of epochs we could select differed across subjects, the red line is declining. 
Independent t-statistics showed differences between the PLI values (based upon the fixed values) 
between 4 epochs and 1,2 and 3 epochs, while we did not find differences between 4 epochs 
and 5,6,7 and 8 epochs. Therefore, 4 epochs give as reliable PLI values as 5,6,7 or 8 epochs. From 
9 epochs on, the variance decreases while also the number of subject enrolled decreases (shown 
in Table S1). 

Supplementary Table
4 epochs compared with: p

1 epoch 0.000

2 epochs 0.000

3 epochs 0.000

5 epochs 0.131

6 epochs 0.155

7 epochs 0.066

8 epochs 0.146

9 epochs 0.021

10 epochs 0.000

11 epochs 0.000

12 epochs 0.001
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4 epochs compared with: p

13 epochs 0.001

14 epochs 0.006

15 epochs 0.052

16 epochs 0.088

17 epochs 0.027

Supplementary Table S1. P-Values of independent t-tests. Red line indicates the number of subjects enrolled 
in the calculation. PLI values have been calculated relatively against a fixed value (100) for every number of 
epochs, as described in the supplementary materials.

Supplementary Figure

Supplementary Figure S1. Stability of PLI values with increasing number of epochs. Red line indicates the 
number of subjects enrolled in the calculation. PLI values have been calculated relatively against a fixed value 
(100) for every number of epochs, as described in the supplementary materials.
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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 control subjects. 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 
subcortical 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 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 control subjects. 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.
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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-β 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; Buckner et al., 2008; Greicius, 
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., 
2007a, 2009; he et al., 2008; de haan et al., 2009; 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; Crossley et al., 2014; dai et al., 2015). hubs are highly connected 
nodes, which occupy central positions in the overall organization of a network (van den heuvel 
and Sporns, 2013). Albert and colleagues (2000) 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). 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., 2010) and coma (Achard et al., 2012). of note, hubs in the posterior 
regions of the default mode network (dMN) consistently show high amyloid-β 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 MRI, and higher spatial 
resolution than routine electroencephalography (EEG) (Barkley, 2004; Baumgartner, 2004; 
Larson-Prior et al., 2013; jensen et al., 2014). These properties make MEG a useful technique to 
map functional brain networks (Engel et al., 2013; Lopes da Silva, 2013; van 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 
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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 4–6hz band, in lateral parietal areas in the 
8–23hz 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 control subjects (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 intraconnected 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 subnetworks, 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 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 
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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 control subjects to reconstruct the multiplex networks. We focused 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 control subjects; and (iii) hub vulnerability 
is associated with perturbed cognitive function and changes in protein biomarkers (CSF amyloid 
and tau) in patients with Alzheimer’s disease.

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.

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-β

42
) deposition (in either CSF or by 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 neurological disorder, Mini-Mental State Examination 
(MMSE) score below 18, or age above 70 years. In addition, we included 26 non-demented 
control subjects (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 
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made sure that age and gender were not significantly different between the groups. After a 
telephone interview to exclude neurological or psychiatric disorders, subjects underwent 
neuropsychological testing, MRI of the brain and an MEG recording. All MEG recordings were 
obtained one to several hours before, or more than 1 week after the MRI scan to avoid 
interference due to, for example, magnetized dental elements. To avoid interference 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 as 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) according to consensus protocols (Teunissen et al., 2009). A small 
amount of the CSF was used for routine analysis including leucocyte count, erythrocyte count, 
glucose concentration, and total protein concentration. Within 2 h, the remaining CSF samples 
were centrifuged at 1800g for 10 min at 4°C, transferred to new polypropylene tubes, and 
stored at -20°C until routine biomarker analysis (within 2 months). Amyloid-β

42
, 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] on a routine 
basis as described before (Mulder et al., 2010). Intra-assay coefficients of variation [CVs; mean ± 
standard deviation (Sd)] were 2.0 ± 0.5% for amyloid-β

42
, 3.2 ± 1.3% for tau, and 2.9 ± 0.8% 

for p-tau, as calculated from averaging CVs of duplicates from five runs randomly selected over 
2 years. Inter-assay CVs (mean) were 9.5% for amyloid-β

42
, 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 nine 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) using a 306-channel whole-head system (Elekta Neuromag oy). For 
each subject, the recording protocol consisted of at least 5min (range 300–394 s) of eyes-closed 
resting-state condition followed by 2 min eyes-open, and again at least 5 min 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 2 min after 5 min. 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 
5-min 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 s. Channels containing excessive artefacts were discarded 
after visual inspection of the data by one of the authors (M.E.) before estimation of the SSS 
coeffi- cients. The number of excluded channels varied between one and 12. 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; hillebrand et al., 2013; Tewarie et al., 2014). Typical artefacts were 
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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). 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 patient had an 
MRI of insufficient quality and therefore we used a 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 ~4mm (Whalen et al., 2008). Visual inspection of the coregistration 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).

Source reconstruction using beamforming
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 subcortical regions of interest, identified by 
means of automated anatomical labeling (AAL) (Tzourio-Mazoyer et al., 2002), were obtained. 
Each region of interest contains many voxels and due to different region of interest shapes, the 
number of voxels is different for every region of interest. To obtain a single time series for a 
region of interest, we selected the centroid voxel as representative for a specific region of interest 
(hillebrand et al., 2016). For each centroid, broad band (0.5–48 hz) beamformer weights were 
computed using the data covariance matrix and the forward solution (lead field) of a dipolar 
source at the voxel location (van Veen et al., 1997; Robinson and Vrba, 1999; hillebrand et al., 
2005). A time window of, on average, 277s (range 105–435s) 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). Then the time series for 
each centroid, i.e. a virtual electrode, was reconstructed by projecting the broad band data 
through the normalized 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 20 
artefact-free source-projected epochs of 4096 samples (3.2768 s) by one of the authors (M.E.). 
A second researcher independently evaluated the selected epochs (I.N.). Epochs without 
consensus were replaced by new epochs. Epochs were converted to ASCII-format and imported 
into an in-house (C.S.) 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 0.5–30hz 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.
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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., 2011a; 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 regions of interest, 
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 
have shown that the PLI is relatively insensitive to the effects of field spread in the sensor space 
and signal leakage (including secondary leakage) (Brookes et al., 2011; Palva and Palva, 2012) in 
source space, and is computed as:

(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]={ω

ij
[α]}, where {ω

ij
[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 

PLI=|<sign[sin(Δϕ(tk)]>|
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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 s

i
[α]=∑

j
ω

i j
[α]. The weighted degree of node i in a multiplex 

network can also be represented as a vector,
s

i
={s

i
[1],…,s

i
[M]},i=1,…,N   (2)

For node i, the overlapping weighted degree is
o

i
=∑αsi

[α]      (3)

The detailed description of weighted clustering coefficient (c
i
), weighted local efficiency (e

i
), 

weighted betweenness centrality (b
i
) 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 Ad 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 Ad patient 
o

<Alzheimer’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 Ad patient is the linear regression coefficient (least-
squares first-order polynomial fit) of the regression line fitted to the resulting scatter plot (see Fig. 
S3). 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 Ad 
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 Ad patients would have a negative slope 
(see Fig. S3).

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 Ad patients.
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Heterogeneity of multiplex networks
For a multiplex network, two nodes i and j may have, for example, exactly the same overlapping 
weighted degree (o

i
=o

j
), yet have different weighted degree distributions across different 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 conven-
tional 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

      (4)

The P
i
 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 P

i
, 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 P
i
 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 P

i
 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 P

i
 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 Ad patients 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; 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/).
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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 Ad patients 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 o

i
, overlapping weighted clustering 

coefficient c
i
, overlapping weighted local efficiency e

i
 and overlapping weighted betweenness 

centrality b
i
) and MMSE scores for regions which showed significantly different nodal centrality 

values between the two groups: SoG.L (o
i
, c

i
, e

i
), MoG.L (o

i
, c

i
, e

i
), IoG.L (o

i
, c

i
, e

i
), SPG.R (o

i
, c

i
, 

e
i
), SPG.L (e

i
), IPL.R (o

i
, c

i
, e

i
), PCUN.R (o

i
, c

i
, e

i
), CUN.R (c

i
, e

i
), hIP.L (o

i
, c

i
, e

i
), SFGdor.R (b

i
); 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-β

42
, 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 < .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 are 
presented as the median and interquartile range.

Multiplex centrality metrics
The mean overlapping weighted degree values are presented in Fig. 2A and B for Alzheimer’s 
disease and control subjects, respectively. The controls showed an anterior-to-posterior increase 
for all the given nodal centrality metrics (Fig. 2B and 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, and Supplementary Fig. 1). Most of these regions had relatively high overlapping 
weighted degree in the control subjects, in particular the right precuneus (highest) and right 
inferior parietal cortex (third highest), which consists of posterior components of default mode 
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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 the multiplex brain networks could not be revealed by individually considering each of the 
five frequency-specific networks. For the delta and alpha 2-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.

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) (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.

Heterogeneity of multiplex networks
As can be seen in Fig. 5A, the weighted degrees were highest in the alpha 1-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 control subjects (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 
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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 patients and control subjects further, we considered the overlapping weighted degree 
and multiplex participation coefficient at the same time by mapping the 2d P

i
-o

i
 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 control subjects 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 healthy control groups (cf. Fig. 2C and labelled regions 
of interest 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 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) (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 control subjects.

Correlation between multiplex centrality metrics and MMSE/CSF biomarkers
The multiplex centrality metrics in the right precuneus (o

i
, c

i
, e

i
) and left hippocampus (c

i
), and the 

hub disruption index (o
i
) in patients with Alzheimer’s disease were significantly positively 

correlated with the MMSE scores (Fig. 7A–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-β

42
 (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 
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levels of CSF amyloid-β
42

. 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-β

42
 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 functional MRI) 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., 2011b; 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 
(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, functional MRI 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, a 
functional MRI 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 



| 157

posterior components of dMN in Alzheimer’s disease (Stam, 2014). Performing a meta-analysis 
on MRI studies, Crossley and colleagues (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 the 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 frame- work of single-layer networks. As mentioned in the ‘Introduction’ 
section, 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 
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 healthy control 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 co-efficients 
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 multi-
plex network study provides an effective framework to integrate the frequency-specific networks.

Chapter 7



Neurophysiology of Dementia: The resting-state of the art158 |

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, 2015). 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 an 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 cognitive processes such as 
episodic memory and self-referential processing (Cavanna and Trimble, 2006; Fransson and 
Marrelec, 2008; hagmann et al., 2008; Gong et al., 2009). 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-ß42
CSF biomarkers (CSF amyloid-β

42
, p-tau and tau) have been established as biomarkers for 

Alzheimer’s disease (Blennow et al., 2001). In particular, the level of CSF amyloid-β
42

 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-β

42
 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 
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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-β

42
 (Fig. 7), providing a link with under lying 

pathophysiology. our study is the first MEG network study to report the positive association 
between abnormal levels of CSF amyloid-β

42
 and hub disruption in the multiplex brain networks. 

To date, only few studies have explored the impact of CSF amyloid-β
42

 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-β

42
 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 functional MRI study, decreased CSF amyloid-β

42
 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-β

42
 deposition in patients with Alzheimer’s disease is preferentially 

located in cortical hub areas (Buckner et al., 2009). The low level of CSF amyloid-β
42

 indicates the 
increased amyloid-β

42
 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.

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 have 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 control subjects have 
shown that the functional connectivity pattern, network topologies and the direction of 
information flow in large-scale functional networks are frequency-specific (Bassett et al., 2006, 
2009; Stam et al., 2009; Brookes et al., 2011b; hipp et al., 2012; Lopes da Silva, 2013; hillebrand 
et al., 2016; Yu et al., 2016). 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 
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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: (i) multiplex network analysis could largely 
reduce the potential bias by multiple comparisons in frequency-specific network analysis; (ii) 
using PLI as a measure of functional connectivity reduces the bias due to field spread and/or 
signal leakage (Stam et al., 2007b; 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 (Supplementary material); (iii) 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. functional MRI); (iv) we explored the 
overall nodal efficiency of the multiplex networks using different centrality metrics: the key 
findings were consistent for all the centrality metrics; (v) to avoid the potential biases from the 
differences of the magnitudes of link weights between layers, we reanalysed our data by first 
ranking the link weights within each layer. We found that the key findings were consistent 
(Supplementary Figs 1 and 2) across approaches; and (vi) 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 PET 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 four 
control subjects 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; Mišić et al., 2015; Stam et 
al., 2016). 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 functional MRI) and structural networks 
(dTI and MRI) (Sporns, 2014). In that case, the interaction between the functional and structural 
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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 functional MRI 
network study (de domenico et al., 2016) applied a multilayer centrality measure (de domenico 
et al., 2015) by extending the PageRank centrality to multilayer functional MRI networks, and 
found the multilayer hubs characterized by the centrality measure improved the differentiation 
between healthy controls and patients with schizophrenia. To date, 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 networks) between same or 
different nodes (Boccaletti et al., 2014). In future studies, 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 P

i
 - o

i
 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 control subjects. 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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Tables
 AD patients Healthy controls

N 27 26

Gender (F/M) 12/15  14/12

Mean Age (y) 60.6 (5.4) 61.8 (5.5)

Mean MMSE score 23.4 (2.6)* 28.9 (1.0)

CSF Aβ
42

 (pg/mL) 533 (435 – 599) n.a. 

CSF tau (pg/mL) 663 (399 - 984) n.a. 

CSF ptau (pg/mL) 79 (53 - 104) n.a. 

Table 1. Subject characteristics, cognitive scores, and CSF biomarkers. Abbreviations: AD, Alzheimer’s disease; 
CSF, cerebrospinal fluid; F, females; M, males; MMSE, mini-mental state examination; n.a., not available; N, 
number of subjects; Aβ

42
, amyloid-β

42
; p-tau, tau phosphorylated at threonine 181; y, years. 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 subjects. *p < .01.
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Figures

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 
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estimated using the PLI, 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 F. In our study, for all the multiplex network metrics we constructed multiplex networks consisting 
of five frequency-specific layers (as shown in E). A–C is modified, with permission, from Olde Dubbelink et al. 
(2014).

Fig. 2. Vulnerability of hub regions in patients with Alzheimer’s disease. The mean overlapping weighted 
degree for each region of interest displayed as a colour-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). PCUN.R = right precuneus; HIP.L = left hippocampus; IPL.R = right inferior 
parietal, but supramarginal and angular gyri; SPG.R = right superior parietal gyrus; MOG.L = left middle 
occipital gyrus; SOG.L = left superior occipital gyrus; IOG.L = left inferior occipital gyrus. A full list of labels 
(abbreviations) used for the different brain areas can be found in Supplementary Table 2.
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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 (PCUN.R) 
and superior parietal gyrus (SPG.R)] (A) and alpha 2-band layer (inferior temporal gyrus, ITG.L) (B); permutation 
tests with FDR correction.
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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 healthycontrol 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. right precuneus (PCUN.R), 
left hippocampus (HIP.L), right inferior parietal, but supramarginal and angular gyri (IPL.R) and right superior 
parietal gyrus (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: right 
superior frontal gyrus, medial (SFGmed.R), right superior frontal gyrus, dorsolateral (SFGdor.R), left anterior 
cingulate and paracingulate gyri (ACG.L) and right anterior cingulate and paracingulate gyri (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’ section and Supplementary Fig. 3).
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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 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 A–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 A 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. PCUN.R = right precuneus; HIP.L = left hippocampus; IPL.R = right 
inferior parietal, but supramarginal and angular gyri; SPG.R = right superior parietal gyrus; MOG.L = left 
middle occipital gyrus; SOG.L = left superior occipital gyrus; IOG.L = left inferior occipital gyrus.
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Fig. 7. Perturbed cognitive function and abnormal CSF amyloid-β
42

 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-β

42
 and the hub disruption index for multiplex overlapping weighted local 

efficiency (F).
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Supplementary materials

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 Ad and hC groups, respectively; 

 2.  Compute the observed absolute difference between the mean values of the overlapping 
weighted degree per channel in Ad and hC groups; 

 3.  Permute the group assignments of the individuals’ values of overlapping weighted degree 
for Ad and hC groups (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 Ad 

and hC groups.
  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.  parameter space by respectively averaging the overlapping weighted degrees and 

multiplex participation coefficients of all the epochs for each diagnostic group. 
 2. 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 Ad 

and hC groups.
  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 
considered to be significant at p < .05. Statistical analyses for multiplex metrics were performed 
by in MATLAB R2015a. 
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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):

(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):

(5)

Where,  is the weighted shortest path length between node i and h.

The weighted betweenness centrality (Freeman, 1978; Rubinov M and Sporns o, 2010) of node 
i is defined as:

(6)

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:

(7)

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 Ad patients and controls, with FdR correction for multiple 
testing (Benjamini and hochberg, 1995). The summation of absolute correlation values did not 
differ between Ad patients and controls. Therefore, we conclude that the observed group 
differences of multiplex network measures between Ad patients and controls were not driven by 
secondary leakage.
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2. Supplementary tables
Multiplex nodal measures AD (mean) HC (mean) p-value

overlapping weighted degree -0.8079 0.0605 .00014

overlapping weighted BC -1.0345 -0.0061 .011

overlapping weighted clustering coefficient -0.4627 -0.0742 .031

overlapping weighted local efficiency -0.6906 0.1119 .00016

Participation coefficient -0.9098 0.0565 .0003

Table S1 Hub disruption indexes for multiplex nodal measures. Note: The p-values were obtained from the 
subject-level permutation tests followed by FDR correction.

Region 
no.

Abbreviations Cortical and sub-
cortical Regions

Region 
no.

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 
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Region 
no.

Abbreviations Cortical and sub-
cortical Regions

Region 
no.

Abbreviations Cortical and sub-
cortical Regions

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 
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Region 
no.

Abbreviations Cortical and sub-
cortical Regions

Region 
no.

Abbreviations Cortical and sub-
cortical Regions

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

Table S2. Abbreviations for the 78 cortical and 12 sub-cortical regions used in this study.
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3. Supplementary figures

Supplementary Figure S1. Vulnerability of hub regions in AD patients characterized by overlapping 
weighted local efficiency, overlapping weighted clustering coefficient and overlapping weighted betweenness 
centrality.
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Supplementary Figure S2. Vulnerability of hub regions in AD patients characterized by overlapping 
weighted degree, overlapping weighted local efficiency and overlapping weighted clustering coefficient using 
rank numbers.

Supplementary Figure S3. Estimation of hub disruption index for an epoch for AD (A) and HCs (B).
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Supplementary Figure S4. Mean absolute correlation matrices (with the diagonals set to zero) for 
beamformer weights for 90 ROIs in AD patients (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 Table S2.
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In the past decade, resting-state magnetoencephalography (MEG) has shown 

group level physiological differences between several types of dementia and 

controls using a wide variety of signal analyses techniques. However, the 

diagnostic value of MEG at the subject level has yet to be investigated. We used 

resting-state MEG recordings from 88 patients with different forms of dementia 

(36 Alzheimer’s disease [AD], 26 frontotemporal dementia [FTD], 16 Lewy body 

dementia [DLB], 10 progressive supranuclear palsy [PSP]) and 26 healthy control 

(HC) subjects. Using beamformer-based virtual electrodes, we estimated neuronal 

oscillatory activity for 78 cortical regions of interest (ROIs) and 12 subcortical ROIs 

of the automated anatomical labeling (AAL) atlas, and calculated relative band 

power, directed connectivity using phase transfer entropy (dPTE) and 

betweenness centrality of the minimum spanning tree per frequency band. We 

built classifiers between each diagnostic group using random forest algorithms. 

First, relative power features were entered into the model. Then, we explored 

the added value of connectivity and network features to the diagnostic 

accuracies. The main outcome was that DLB patients were best discriminated 

from all other groups, especially in the theta band (98% between DLB and HC 

and 93% between DLB and FTD) using the combination of power, connectivity 

and network features. The differentiation between DLB and AD was high in the 

beta band using only the power features (88%). The accuracy generally did not 

change after adding more features to the classifier, while in some cases there 

was a slight increase. We conclude that MEG yields excellent diagnostic 

discrimination in the case of DLB, while other dementias only showed moderate 

discriminations, illustrating that there is still a need for better MEG measures for 

accurate classification of other types of dementia.
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Introduction
dementia is a syndrome caused by a wide variety of diseases. different dementia types are 
Alzheimer’s disease (Ad), Frontotemporal dementia (FTd), dementia with Lewy bodies (dLB) and 
progressive supranuclear palsy (PSP). Multiple diagnostic criteria are available that help distinguish 
between the different forms (McKhann et al., 2011; Rascovsky et al., 2011; McKeith et al., 2005; 
Litvan et al., 1996). Nevertheless, overlapping clinical characteristics between different forms of 
dementia have been reported (Claassen et al., 2008; Morra and donocivk, 2014; Kertesz and 
Munoz, 2004; Kobylecki et al., 2015) and make the distinction between different dementia types 
a challenging task. Ad is the most common type of dementia (nearly 60-80% of total dementia 
cases suffer from Ad; Alzheimer’s association, 2015). Ad is relatively less common in early onset 
dementia (age below 65 years), while other dementia types, such as FTd, are relative more 
common at an early onset age (Teles Vieira et al., 2013). For early onset dementias, delays in 
diagnosis often occur due to insufficient familiarity among medical doctors, and the social impact 
of dementia in this age group is large (Masellis et al., 2013). 

Accurate diagnosis of the underlying cause of the cognitive deficits caused by a dementia 
syndrome is essential for patient guidance, optimization of care, the application of possible 
disease treatment or prevention strategies (Greicius et al., 2002). Therefore, there is a need for 
disease specific biomarkers. Biomarkers from cerebrospinal fluid (CSF) and neuroimaging are 
increasingly used. Although the biomarkers extracted from these techniques might be hindered 
by overlapping disease pathology (Villemagne et al., 2015), these are also techniques that are 
costly, or can be a burden for the patient. Moreover, for some dementia types, such as dLB, no 
disease specific biomarkers are available yet.

Magnetoencephalography (MEG) is a neurophysiological technique that captures brain activity in 
a non-invasive manner. MEG measured during resting-state conditions has shown physiological 
differences between Ad patients and controls using a wide variety of signal analyses techniques 
(Engels et al., 2017a). More specifically, Ad patients have i) a diffuse slowing of oscillatory brain 
activity (Engels et al., 2016; Berendse et al., 2000; van Cappellen van Walsum et al., 2003; 
Montez et al., 2009; osipova et al., 2005; Poza et al., 2007b; Escudero et al., 2008, 2009; 
Fernández et al., 2006a; de haan et al., 2008; Besga et al., 2010; Fernandez et al., 2002; 2003; 
2006b; 2013Poza et al., 2007a); ii) disrupted functional and directed connectivity (Lopez et al., 
2017; Engels et al., 2017b; Berendse et al., 2000; Alonso et al., 2011; Franciotti et al., 2006; 
Escudero et al., 2011; Stam et al., 2002; 2006; 2009) and iii) altered network topology, which 
includes disrupted hub regions (Engels et al., 2015; Yu et al., 2017; Zamrini et al., 2011; Canuet 
et al., 2015). The group level analyses that were used in these studies yielded insights into 
pathophysiological brain changes in Ad. however, the MEG literature about other types of 
dementia is less extensive. The exact contribution of MEG-based measures to differentiate 
between different forms of dementia therefore remains unclear. Most importantly, in order to be 
able to apply these neurophysiological insights into clinical practice as diagnostic markers, 
individual classification of multiple forms of dementia syndromes would be required.

The aim of this study was to discriminate different forms of dementia with an automated 
classification algorithm applied to MEG resting-state recordings in order to provide a diagnostic 
marker for patients with cognitive disturbances. These algorithms, often referred to as machine 
learning approaches, have been applied to magnetic resonance imaging (MRI) data (Long et al., 
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2017) and amyloid imaging (Mathotaarachchi et al., 2017) in order to distinguish Ad patients 
from controls and to predict progression towards dementia, respectively. The algorithm used in 
the present study was based on the principle of decision tree learning, named the random forest 
(Breiman, 1999). This method has recently been applied successfully to distinguish Ad from dLB 
using multiple features that included clinical characteristics, CSF biomarkers, EEG visual ratings, 
and quantitative EEG measures of relative power and network topology (dauwan et al., 2016a). 
In the present MEG study, we applied a classifier to not only Ad and dLB, but also to FTd, PSP 
and a group of healthy controls. To achieve our goal, we first investigated the classification 
accuracy of random forest classifiers in differentiating individual subjects with different forms of 
dementia, using measures of brain oscillatory activity as features. Subsequently, we investigated 
the contribution of more complex features, such as metrics of functional connectivity and 
network topology, to the performance of the classifiers. Successful classification would provide a 
MEG-based clinical tool to help clinicians with the diagnosis of dementia sub-types.

Methods
Participants
We included 88 patients diagnosed with early-onset dementia from the Amsterdam dementia 
Cohort in the Alzheimer Center of the VU University Medical Center (van der Flier et al., 2014). 
Patients were diagnosed with different types of dementia using the standardized diagnostic criteria 
for each dementia type. 36 Patients fulfilled the National Institute of Aging-Alzheimer’s Association 
(NIA-AA) criteria for probable Ad with a high likelihood of Ad pathophysiology, based on the 
combination of a positive biomarker reflecting Aβ deposition (in either cerebrospinal fluid (CSF) or 
by positron emission tomography (PET) scanning) and/or a positive biomarker for neuronal injury 
(tau and/or phosphorylated tau in CSF). 26 Patients with frontotemporal dementia (FTd) were 
included with either the behavioral variant or the semantic variant (Neary et al., 1998). Furthermore, 
we included 16 patients diagnosed with dementia with Lewy Bodies (dLB; McKeith, 2005) and 10 
patients diagnosed with progressive supranuclear palsy (PSP; Litvan et al., 1996). All included 
patients were assessed according to a standard diagnostic workup, which included an informant-
based history of the patient (if available), physical-, neurological- and cognitive examinations, 
laboratory tests, structural brain imaging, and electroencephalography (EEG). Patients gave written 
informed consent for use of their clinical data for research purposes (van der Flier et al., 2014).

In addition, we included 26 healthy (cognitively normal) volunteers as control subjects. These 
control subjects responded to an advertisement in a national newspaper and were interviewed 
to exclude neurological or psychiatric disorders. Next, the control subjects underwent 
neuropsychological testing, magnetic resonance imaging (MRI) of the brain and an MEG 
recording. of the 31 volunteers invited to the VU Medical Center in Amsterdam, one volunteer 
was excluded as a meningioma was found on the MRI and four volunteers were excluded due to 
poor performance during neuropsychological testing.

Exclusion criteria for participation were: an active psychiatric or neurological disorder (for 
patients, other than dementia), MMSE-score below 18, or age above 70 years. The local Ethics 
Committee approved the study and all participants gave written informed consent before 
participation. data from several subjects (Ad patients and healthy controls) used in this study 
have been described previously (Engels et al., 2016; 2017b; Yu et al., 2017). The subjects’ 
characteristics are summarized in Table 1.
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Data acquisition
data from MEG, MRI and neuropsychological tests were obtained for this study. All MEG 
recordings were obtained one to several hours before, or more than 1 week after, the MRI-scan 
in order to avoid interference due to, for example, magnetized dental elements. Since the data 
were recorded during a resting-state condition, neuropsychological testing of the healthy control 
subjects was conducted after the MEG-recording to minimize interference. Patients obtained the 
neuropsychological test battery a few weeks earlier during their visit to the VU Medical Center 
Alzheimer Center (as described above). 

All MEG recordings were obtained in a magnetically shielded room (VacuumSchmelze Gmbh, 
hanua, Germany) using a 306-channel whole-head system (Elekta Neuromag oy, helsinki, 
Finland). The resting-state MEG recordings consisted of a five minutes eyes-closed condition, 
followed by two minutes eyes open, and again a five minutes eyes-closed condition. only data 
from the second eyes-closed session were analyzed. Subjects were instructed to stay awake and 
to avoid eye movements during the MEG recording, in order to avoid drowsiness and artifacts. 
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. The 
head position relative to the MEG sensors was recorded continuously using the signals from four 
or five 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 (see below). 
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. 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 
(Medvedovsky et al., 2009; hillebrand et al., 2013). Typical artifacts that were removed using 
tSSS were due to (eye) movements, swallowing or dental prosthetics. other artifacts, like 
drowsiness were discarded from the data by offline visual inspection and the instruction of the 
subjects to stay awake and to reduce eye movements during the MEG recording. 

Structural MRI scans were obtained for all participants. For one participant, a computer 
tomography (CT) scan was obtained instead of an MRI because of insufficient quality of the MRI. 
For nine participants, the MRI was of insufficient quality and therefore, a template MRI was used. 
The outline of the scalp on the structural scans was extracted for all participants.  
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 evaluated.
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Data preprocessing
In order to obtain source-localized activity in cortical regions, we applied an atlas-based 
beamformer approach (hillebrand et al., 2012). The sphere that best fitted the scalp surface 
(using the Nelder–Mead method [fminsearch in Matlab, version R2008b]) was used as a volume 
conductor model. Sensor signals were projected to an anatomical framework such that source-
reconstructed neuronal activity for 90 regions-of-interest (RoIs), identified by means of automated 
anatomical labeling (AAL; Tzourio-Mazoyer et al., 2002; Supplementary Table S1), was obtained. 
These included 78 cortical regions and 12 sub-cortical regions. For each AAL region, we used the 
centroid voxel as representative for that specific RoI (Zobay et al., 2015). once the broadband 
(0.5–48 hz) beamformer weights for the selected voxel were computed, then the time series for 
this voxel, i.e., a virtual electrode, was reconstructed (see hillebrand et al., 2016 for details). 

For each participant, twenty artifact-free epochs of 4096 samples (3.2768 seconds), without 
signs of drowsiness, 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 (with consensus). Selected epochs were 
converted to ASCII-format 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 canonical frequency bands using a 
Fast Fourier Transform that does not distort the phases: delta (0.5–4 hz), theta (4–8 hz), alpha1 
(8–10 hz), alpha2 (10–13 hz) and beta (13–30 hz).

Random forest
We used a random forest approach to build a classifier to predict the diagnostic group of 
individual patients using BrainWave software (see above). Random forest models use an ensemble 
of decision trees for classification (here we used 500 trees in each model). The prediction for an 
individual is determined by a simple majority vote among the trees. We generated votes for each 
participant in a cross-validation procedure. Each decision tree in the random forest is built using 
a bootstrap sample (i.e., new training set), with replacement, from the original data (i.e., training 
set). Each new training set of features is randomly drawn from the original data set of features. 
This approach is similar as described in dauwan et al., 2016a. For each analysis, we manually add 
features to the algorithm. By doing so, it was possible to determine the performance of the 
classifier for various combinations of MEG features. 

due to the imbalanced group sizes in this study, the accuracy of the random forest classifier can 
be biased toward the majority class. This means that a trivial classifier that predicts every case as 
the majority class can still achieve very high accuracy and therefore, the overall classification 
accuracy is not an appropriate measure of performance. In order to overcome this bias, we 
calculated the weighted accuracy (wAcc) as described by Chen et al., 2004 as follows:

wAcc−βAcc+ + (1−β)Acc−  (1)

 in which β represents the ratio of number of participants in the group of interest and the total 
number of participants in a specific analyses. For instance, if both groups (i.e. the group of 
interest and the other group) are of equal size, β equals 0.5. Acc+ and Acc- represent respectively 
the true positive and true negative rate, as shown in the confusion matrix in Table 2. 
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Acc+ =
TP

TP + FN
(2)

Acc− =
TN

TN + FP
(3)

Features
In total, we included 272 features for each frequency band in the analyses. only the two subject 
characteristics features, age and gender, were not frequency-band dependent. Next, we 
calculated for each frequency band the relative power; the directed phase transfer entropy (dPTE) 
and the betweenness centrality of the minimum spanning tree (BCMST) for all 90 RoIs. This 
means that, if all features are included for analyses, it counts 

2(age & gender) + 90(relativepower / region) + 90(dPTE / region) + 90(BCMST / region) = 272

Relative power values were calculated using a fast Fourier transform. 

The directed phase transfer entropy (dPTE) was calculated for all RoIs as a measure of the direction 
of information flow throughout the brain. This measure was first introduced by Palus and 
Stefanovska et al., 2003 and thoroughly evaluated by Lobier et al., 2014. Later, this measure has been 
successfully applied to EEG data (dauwan et al., 2016b) and MEG data (hillebrand et al., 2016; 
Boon et al., 2017). Therefore, for the mathematical details of this feature, we refer to these papers. 

From the adjacency matrix containing the dPTE values, we constructed the minimum spanning 
tree (MST), which is a unique subgraph that connects all RoIs of a network by the strongest 
connections (defined as the links with the strongest dPTE values [i.e. the dPTE values deviating 
most from 0.5]) without forming cycles (Stam et al., 2014) by using Kruskal’s algorithm (Kruskal, 
1956). From the MST and for each RoI, its importance in the network was established with the 
betweenness centrality (BC; Freeman, 1979). This is a measure of the hub-status and is defined 
as the number of shortest paths between node-pairs that run through a specific node, divided 
by the total number of shortest paths in the MST. A network node with a relatively high BC-value 
compared to other network nodes is suggestive for a hub-region in that network.

First, the model was built using all 272 features for each pair of diagnosis groups and each 
frequency band. Then, for the most successful classifier (i.e. pair of diagnosis groups), measures 
with increasing complexity (level 1: relative bandpower for each RoI plus age and gender of all 
subjects in the included groups; level 2: as level 1 with addition of dPTE values for each RoI; level 
3: as level 2 with addition of BC values for each RoI) for each frequency band were entered as 
features in order to analyse the added value of connectivity and network measures. 

Weighted accuracy values
We used the following descriptions for the weighted accuracy:
“low” (wAcc < 0.6, i.e. close to chance-level) “moderate” (0.6 ≤ wAcc < 0.7); “moderately 
high” (0.7 ≤ wAcc < 0.8); “high” (0.8 ≤ wAcc < 0.9), and “very high” (0.9 ≤ wAcc < 1).
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Results
Subjects’ characteristics
Table 1 shows the subjects included in each diagnosis group and their characteristics. Age 
differed only between the hC and dLB group, with the patients with dLB being significantly 
older. MMSE score was significantly different between hC and all dementia groups, whereas 
MMSE did not differ between patient groups.

Random forest with 272 features per frequency band
Table 3 shows the wAcc for each frequency band when using all 272 features for the different 
group combinations. Note that all combinations appear in the table twice (e.g. hC-Ad has the 
same value as Ad-hC). We only show the weighted accuracy values above 0.6 and discard the 
values that are close to chance-level. This table shows that the division of the MEG broadband 
signal into frequency bands is important since different results were obtained for different 
frequency bands.

Classification of healthy controls versus dementia
hC were distinguished best from Ad in the theta and beta bands, although the wAcc values 
were moderate (0.695 and 0.658 for the theta and beta band, respectively). For the classification 
of hC versus FTd, the alpha2 band showed a moderate wAcc value (0.675), whereas the 
distinction between hC and dLB was high to very high in all but the alpha1 band (0.865, 0.948, 
0.889 and 0.937 for the delta, theta, alpha 2 and beta band, respectively). The classification 
between hC and PSP was with moderate to moderately high (0.695, 0.623 and 0.724 for theta, 
alpha1 and beta band, respectively).

Classification of Ad versus other dementia types
For all frequency bands Ad could be classified with moderate accuracy when comparing with 
FTd (0.656, 0.684, 0.641, 0.623 and 0.605 for the delta, theta, alpha1, alpha2 and beta band, 
respectively). Ad showed moderate to moderately high wAcc values to distinguish from dLB in 
the delta, theta and alpha 2 bands while the beta band showed a high wAcc value (0.728, 0.772 
and 0.670 for delta, theta and alpha2 band, respectively and 0.819 for the beta band). The 
classification between Ad and PSP was moderate (0.652, 0.631and 0.640 for the alpha1, alpha2 
and beta band, respectively).

distinction between other dementia types
The classification of FTd and dLB was a high to very high (0.833, 0.926, 0.865 and 0.906 for the 
delta, theta, alpha2 and beta band, respectively), while FTd and PSP were not distinguishable in 
any of the frequency bands. 

Lastly, the classification of dLB and PSP was moderately high (0.766 and 0.785 for the theta and 
alpha1 band, respectively) and high to very high in the delta, alpha2 and beta bands (0.934, 
0.822 and 0.967 for the delta band, alpha2 and beta band, respectively).

Post-hoc analyses – increasing feature complexity
dLB versus other groups
Next, we included the group combinations in which the wAcc had a high value (i.e. > 0.8) and tested 
whether this high wAcc value was due to only the power features, only the dPTE features, only the 
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BC features, or a combination of these features (Table 4). The group combinations and frequency 
bands included in this post-hoc analysis are presented in Table 4}, showing that only the dLB group 
compared to all other groups met these criteria. overall, we found that the addition of complex 
features (i.e. dPTE and BC) had a minimal influence on the outcome of the random forest classifier. 

In the classification between dLB and hC, we found a slight reduction in the wAcc values in the 
delta and beta band when adding dPTE features to the power features, and this reduction was 
slightly larger compared to also adding the BC features. however, the wAcc values remained high 
(i.e. > 0.8). In the alpha2 band we found only a slight increase in the wAcc values when adding 
more complex features (0.856 for power only; 0.895 for power and dPTE; 0.899 for power, dPTE 
and BC). In the theta band, wAcc showed a slight increase when adding dPTE and BC. 

The accuracy of the classification of dLB versus Ad slightly decreased when adding dPTE and BC 
to the power features (from 0.876 for only power features to 0.819 for both power and dPTE as 
well as for power, dPTE and BC).

The wAcc values for distinguishing dLB and FTd increased in the delta band when adding dPTE 
to the power features and increased even further when adding both dPTE and BC values to the 
power values. however, in the other frequency bands, the wAcc remained stable when adding 
more complex features.

Lastly, the discrimination between dLB and PSP slightly decreased in the alpha2 band, slighty 
increased in the beta band, and remained stable in the delta band when adding more complex 
features.

These results suggest that the additional value of dPTE and BC is limited in distinguishing 
between dLB and other groups (hC, Ad, FTd and PSP) while the discriminative ability is already 
high to very high.

The effect of adding features for all group combinations
Tables S1-S5 show the results of adding dPTE and BC features to the random forest classifier in 
all group combinations for all frequency bands. here, we will systematically describe the results 
for each group combination with regard to the added value of increasing feature complexity.

To distinguish hC from Ad, adding the complex features did not increase the wAcc values in any 
of the frequency bands. Similar results were found for hC versus FTd and hC versus PSP in all 
frequency bands. however, hC versus dLB showed an increase in wAcc values in the alpha2 
band (from 0.856 for only age, gender and power [level 1]; to 0.895 for adding dPTE [level 2]; to 
0.899 for adding BC [level 3]) while the other bands did not show increases in wAcc values.

To distinguish Ad from FTd, adding the complex features increased the wAcc in the delta and 
alpha2 band (delta: level 1 showed an wAcc of 0.618; for level 2, the wAcc increased to 0.679 
and 0.656 for level 3; alpha2: level 1 showed an wAcc of 0.598; for level 2 wAcc climbed to 
0.605 and wAcc climbed even further for level 3, to 0.623). other frequency bands did not 
increase in wAcc values in the distinction between Ad and FTd. To distinguish Ad from dLB, only 
the delta band showed a slight increase in wAcc values for level 2 and 3 compared to level 1 
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(from 0.697 for level 1; to 0.710 for level 2; to 0.728 for level 3) and to distinguish Ad from PSP, 
only the beta band showed a slight increase in wAcc values when adding more complex features 
(from 0.357 for level 1; to 0.627 for level 2; to 0.640 for level 3).

To distinguish FTd from dLB, adding the complex features increased the wAcc in the delta and beta 
band (delta: level 1 showed an wAcc of 0.787; for level 2 the wAcc increased to 0.829 and wAcc 
climbed even further for level 3, to 0.833; beta: level 1 showed an wAcc of 0.903; for level 2 the wAcc 
climbed to 0.910 and 0.906 for level 3). on the other hand, the distinction between FTd and PSP did 
not show increased wAcc values in any of the frequency bands when complex features are added.

Finally, the distinction between dLB and PSP showed increases in wAcc values for theta, alpha1 and 
beta bands when complex features were added, although the increases were small (theta: level 1 
showed an wAcc of 0.755; for level 2 the wAcc climbed to 0.729 and 0.766 for level 3; alpha1: level 
1 showed an wAcc of 0.779; for level 2 the wAcc climbed to 0.785 and also 0.785 was found for level 
3; beta: level 1 showed an wAcc of 0.955; for level 2 the wAcc increased to 0.969 and 0.967 for level 
3). other frequency bands did not show increases in wAcc when complex features were added. 

Discussion
This study investigated the pairwise classification accuracies of individual subjects with different 
forms of dementia using random forest classifiers with MEG-based features. Furthermore, we 
explored the added value of more complex features to the classification accuracies. The main 
outcome was that dLB patients were best discriminated from all other groups, especially in the 
theta band (98% between dLB and hC and 93% between dLB and FTd) using the combination 
of power, connectivity and network features. The differentiation between dLB and Ad was high 
in the beta band using only the power features (88%). The main finding in this study was that 
MEG-based measures of brain oscillatory activity had excellent discriminatory value in 
distinguishing individual dLB patients from healthy controls and patients with other dementia 
types. other diagnostic accuracies were moderate to good. Most accuracy values did not change 
much after adding more complex features to the classifier. Therefore, we conclude that the use 
of spectral information contributes most to the obtained accuracy while there is still more to gain 
from connectivity and network features.

Feature selection
In the present study, we selected three types of features that capture MEG signals on different 
levels. These levels of signal analyses have all been studied in Ad research using MEG and are 
presented in a recent review paper (Engels et al., 2017). The first level of signal analyses represents 
the analysis of oscillatory activity at each brain region. The second level represents pairwise 
analyses between time series of distinct brain regions (undirected and directed connectivity 
measures) and the third level represent global network analysis that integrates all pairwise or 
multivariate functional connections and reconstructs the topology of the overall functional 
network. The selection of specific measures at each level of analysis as features for our 
classification models was based on previous research in which group differences had been 
observed, as discussed below.

Spectral analyses in dementia
Changes in frequency spectra in neurodegenerative diseases are well described and we showed 
this feature to be most accurate in classifying different forms of dementia. The changes in 
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frequency spectra, specifically slowing of the oscillatory background pattern of brain activity, 
have been widely reported in neurodegenerative diseases (for reviews, see Nimmrich et al 2015; 
Petit et al., 2004). however, there are some differences in this slowing pattern between different 
dementia types. For instance, Ad patients show a more generalized slowing than FTd patients 
(Pijnenburg et al. 2008) while dLB patients show an even greater tendency than Ad patients 
towards diffuse slowing (Barber et al., 2000; Briel et al., 1999; Roks et al., 2008; Lee et al., 2015). 
This supports our result that the highest classification accuracies were found between dLB and 
each of the other diagnosis groups. Besides slowing of the background pattern, dLB patients 
often show frontal intermittent rhythmic delta activity (FIRdA), which can therefore be considered 
as a supportive feature for the diagnosis of dLB (Micanovic and Pal, 2014; Calzetti et al., 2002; 
Roks et al., 2008). Although this feature occurs most often in patients with dLB, FIRdA has also 
been observed in PSP(Su and Goldensohn, 1973; Fowler and harrison, 1986; Torbjoern et al., 
1989). In contrast, FIRdA in Ad is rare (Roks et al., 2008). This suggests that different dementia 
types show slowing of the background patterns, but in a different manner. our findings support 
this conclusion, as our classifier was able to reliably distinguish groups when only regarding the 
spectral information of their oscillatory brain activity.

Directionality of information flow
The direction of functional interactions in the brain yields crucial information about the 
mechanisms underlying cognitive (dys)function. With functional connectivity analysis the strength 
of a functional interaction is estimated, whereas with directional connectivity the direction of the 
connections is taken into account as well (Friston, 2011). directional connectivity has previously 
been estimated using the directed phase lag index, which provides an estimate of the direction 
of the nonzero phase synchronization (Stam and van Straaten, 2012). This measure has been 
applied to healthy controls (van Straaten et al., 2015). The pattern was disturbed in multiple 
cognitive states, such as in vascular dementia (van Straaten et al., 2015), delirium (van dellen et 
al., 2014) and unconsciousness (Lee et al., 2013). however, phase patterns might not accurately 
reflect directionality (hillebrand et al. 2016), therefore we used the dPTE in the present study. The 
dPTE is based on the phase transfer entropy rather than the phase leading and lagging between 
time series, and has been tested by Lobier et al., (2014). Also, the dPTE has been reported to 
show disrupted directional patterns in multiple neurodegenerative diseases, such as Parkinson’s 
disease (Boon et al., 2017), dLB (dauwan et al., 2016b) and Ad (Engels et al., 2017b). Although 
directionality of information flow gives new insights in pathophysiology, our results show limited 
additional value when adding the directionality of information flow to spectral features with the 
random forest classifier. 

Interestingly, in order to distinguish Ad from dLB, the addition of more complex features 
increased the accuracy of the classifier. This however, was only the case in the delta band and the 
highest accuracy in this band between these two groups were moderately high. This means that 
if we add delta band directional connectivity and network topology to the spectral features in the 
classifier, the accuracy increases. directional connectivity has previously been reported in EEG 
data of dLB, Ad and healthy controls (dauwan et al., 2016b). They showed a disrupted directional 
pattern in the alpha band for dLB whereas the pattern for Ad was disrupted in the beta band. 
The delta band, however, did not show any group differences. This discrepancy with our study 
may be caused by differences in the measuring method (EEG versus MEG) or because of age and 
gender differences between the subjects included in both studies. Previous studies have shown 
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altered patterns of information flow in both dLB (dauwan et al., 2016b) and Ad (Engels et al., 
2017b) but the present study is the first to investigate this as a diagnostic marker at subject level 
and compare its discriminatory value with spectral analyses. 

Network disruptions in dementia
The random forest classifier showed that in order to distinguish dLB from Ad, network features 
increased the accuracy. In dLB, EEG network changes using EEG have been reported when 
comparing dLB to controls, with dLB patients showing a loss of network efficiency and hubs (van 
dellen et al., 2015). however, a direct comparison between dLB and Ad did not show significant 
differences (van dellen et al., 2015). Network differences between FTd and controls, have been 
more widely described showing that FTd patients are more challenging to distinguish from other 
types of dementia and from healthy controls. Nevertheless, we were able to distinguish FTd from 
hC moderately high while the addition of network features were not able to increase the 
accuracy of the classifier.

Random forest classifier with weighted accuracies
The random forest algorithm is a highly accurate classifier with a build-in cross-validation method 
(Breiman et al., 1999; Geurts et al., 2009). however, machine learning classifiers can suffer from 
the curse of learning from imbalanced training data sets. As it is constructed to minimize the 
overall error rate, it will tend to focus more on the prediction accuracy of the majority class, which 
causes overestimations of the accuracies to predict the majority class. To alleviate this problem, 
several methods are available, as described by Chen et al., (2004). We choose to calculate the 
wAcc, which corrects the accuracy values that are presented by the classifier. This means that the 
original code for the random forest has not been changed; only the accuracy values are adapted 
to the unbalanced groups. A limitation is that the sensitivity and specificity values are not adjusted 
and therefore, these are not presented in this study. Another limitation is that only the performance 
of the classifier is more accurately assessed, yet the classifier itself is still biased by the unbalanced data.

Limitations and methodological considerations
Several limitations and methodological considerations should be taken into account. No autopsy 
confirmed diagnoses were available for the patients in this study. Furthermore, there is a concern 
for a circular reasoning for some patient groups, since we included features in the classifier that 
may have contributed to the diagnosis. This could be the case for all patients since EEG is part of 
the standardized diagnostic work up for patients referred to the Alzheimer center of the VU 
University Medical Center (van der Flier et al., 2014). Specifically, for the dLB group in the 
distinction with Ad, EEG may help (Lee et al., 2015).

The healthy controls included for this study were not tested in a clinical setting, and therefore, 
clinical information about disease history (besides dementia or other neurological diseases) was 
not available. Therefore, confounding effects of concomitant illnesses could not be assessed.

For functional connectivity, gender effects have been reported (for instance in multiple sclerosis 
(Schoonheim et al., 2012), but also in people at risk for Ad (damoiseaux et al., 2012). The effect 
of gender on directionality of information flow is yet uninvestigated, but due to the close 
relationship with functional connectivity, a gender effect can also be expected. however, we 
believe that this does not explain the main direction of our results.
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Conclusion and future directions
In order to increase diagnostic accuracies of the classifiers, we recommend including more 
detailed regional information of the features. Further research should elucidate the use of the 
variable importance score as described in (dauwan et al., 2016a), showing the relative importance 
of different features for the discrimination between the groups. 

In summary, this study is the first to apply a machine learning–based diagnostic classifier to 
distinguish different forms of dementia using MEG features. We found that this approach was 
valuable in the differentiation between dLB and other forms of dementia. By subdividing the 
MEG features in three different levels, we found that the relative band power contributed most 
to the accuracy values, with a limited increase in diagnostic accuracy after the inclusion of 
features based on directional connectivity and network topology. The current findings suggest 
that MEG features may aid the diagnostic procedure, but more research into the influence of 
adding more detailed regional features and different connectivity- and network features is 
needed.
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Tables
HC AD FTD DLB PSP

N 26 36 26 16 10

Age 61.8 (5.5) 61.3 (5.3) 60.2 (8.3) 65.5 (3.6) 63.5 (4.4)

Gender (F/M) 14/12 16/20 12/14 1/15 6/4

MMSE 28.9 (1.1) 23.2 (2.8) 24.1 (3.6) 24.3 (3.8) 25.1 (3.2)

Table 1. Subjects’ characteristics. AD = Alzheimer’s disease; DLB = Dementia with Lewy Body’s; F = Female; 
FTD = Frontotemporal dementia; HC = healthy controls; M = Male; MMSE = minimal mental state examination; 
N = number of subjects per group; PSP = Progressive Supranuclear Palsy.

Predicted Positive Class Predicted Negative Class

Actual Positive Class TP (True Positive) FN (False Negative)

Actual Negative Class FP (False Positive) TN (True Negative)

Table 2. Confusion matrix.
 



Neurophysiology of Dementia: The resting-state of the art198 |

 Delta Theta Alpha1 Alpha2 Beta

HC-AD  - 0.695  -  - 0.658

HC-FTD  -  -  - 0.675  -

HC-DLB 0.865 0.948  - 0.899 0.937

HC-PSP  - 0.695 0.623  - 0.724

AD-HC  - 0.685  -  - 0.658

AD-FTD 0.656 0.684 0.641 0.623 0.605

AD-DLB 0.728 0.772  - 0.670 0.819

AD-PSP  -  - 0.652 0.631 0.640

FTD-HC  -  -  - 0.675  -

FTD-AD 0.656 0.684 0.641 0.623 0.605

FTD-DLB 0.833 0.926  - 0.865 0.906

FTD-PSP  -  -  -  -  -

DLB-HC 0.865 0.984  - 0.899 0.937

DLB-AD 0.728 0.772  - 0.670 0.819

DLB-FTD 0.833 0.926  - 0.865 0.906

DLB-PSP 0.934 0.766 0.785 0.822 0.967

PSP-HC  - 0.695 0.623  - 0.724

PSP-AD  -  - 0.652 0.631 0.640

PSP-FTD  -  -  -  -  -

PSP-DLB 0.934 0.766 0.785 0.822 0.967

Table 3. Weighted accuracy for 272 features using random forest classifier. Weighted accuracies lower than 
0.6 are left blank. Abbriviations: AD = Alzheimer’s disease; DLB = dementia with Lewy Bodies; FTD = 
frontotemporal dementia; HC = healthy controls; PSP = progressive supranuclear palsy.

  Delta Theta Alpha2 Beta

DLB-HC
 
 

power 0.895 0.963 0.856 0.948

 + dPTE 0.872 0.966 0.895 0.947

 + BC 0.865 0.984 0.899 0.937

DLB-AD
 
 

power 0.876

 + dPTE 0.819

 + BC 0.819

DLB-FTD
 
 

power 0.787 0.929 0.884 0.903

 + dPTE 0.829 0.917 0.880 0.910

 + BC 0.833 0.926 0.865 0.906

DLB-PSP 
 
 

power 0.944 0.861 0.955

 + dPTE 0.939 0.816 0.969

 + BC 0.934 0.822 0.967

Table 4. Weighted accuracy values using random forest classifier. Abbriviations: AD = Alzheimer’s disease; BC = 
betweenness centrality of the minimum spanning tree; DLB = dementia with Lewy Bodies; dPTE = directed phase 
transfer entropy; FTD = frontotemporal dementia; HC = healthy controls; PSP = progressive supranuclear palsy.
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Supplementary material

  HC AD FTD DLB PSP all 

HC 
 
 

power  0.615 0.492 0.895 0.420

 + dPTE  0.613 0.465 0.872 0.344

 + netw  0.583 0.486 0.865 0.333

AD
 
 

power  0.618 0.697 0.610

 + dPTE  0.679 0.710 0.573

 + netw  0.656 0.728 0.546

FTD 
 
 

power  0.787 0.475

 + dPTE  0.829 0.330

 + netw  0.833 0.362

DLB 
 
 

power  0.944

 + dPTE  0.939

 + netw  0.934

PSP
 
 

power  

 + dPTE  

 + netw  

Supplementary Table S1. Weighted accuracy values of features filtered in the delta band.

  HC AD FTD DLB PSP all 

HC 
 
 

power 0.723 0.647 0.963 0.701

 + dPTE 0.704 0.513 0.966 0.679

 + netw 0.695 0.545 0.948 0.695

AD
 
 

power 0.702 0.772 0.537

 + dPTE 0.704 0.770 0.565

 + netw 0.684 0.772 0.473

FTD 
 
 

power 0.929 0.606

 + dPTE 0.917 0.612

 + netw 0.926 0.584

DLB 
 
 

power 0.755

0.729

 + dPTE 0.766

 + netw
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PSP
 
 

power

 + dPTE

 + netw  

Supplementary Table S2. Weighted accuracy values of features filtered in the theta band.

  HC AD FTD DLB PSP all 

HC 
 
 

power 0.588 0.509 0.647 0.652

 + dPTE 0.564 0.390 0.491 0.609

 + netw 0.570 0.378 0.439 0.623

AD
 
 

power 0.688 0.668 0.690

 + dPTE 0.700 0.585 0.674

 + netw 0.641 0.582 0.652

FTD 
 
 

power 0.499 0.611

 + dPTE 0.424 0.524

 + netw 0.478 0.501

DLB 
 
 

power 0.779

0.785

 + dPTE 0.785

 + netw

PSP
 
 

power

 + dPTE

 + netw  

Supplementary Table S3. Weighted accuracy values of features filtered in the alpha1 band.
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  HC AD FTD DLB PSP all 

HC 
 
 

power 0.574 0.719 0.856 0.646

 + dPTE 0.472 0.694 0.895 0.593

 + netw 0.535 0.657 0.899 0.584

AD
 
 

power 0.598 0.697 0.688

 + dPTE 0.605 0.680 0.636

 + netw 0.632 0.670 0.631

FTD 
 
 

power 0.884 0.440

 + dPTE 0.880 0.414

 + netw 0.865 0.375

DLB 
 
 

power 0.861

0.816

 + dPTE 0.822

 + netw

PSP
 
 

power

 + dPTE

 + netw  

Supplementary Table S4. Weighted accuracy values of features filtered in the alpha2 band.

  HC AD FTD DLB PSP all 

HC 
 
 

power 0.773 0.593 0.948 0.750

 + dPTE 0.675 0.579 0.947 0.752

 + netw 0.658 0.593 0.937 0.724

AD
 
 

power 0.639 0.876 0.357

 + dPTE 0.643 0.819 0.627

 + netw 0.605 0.819 0.640

FTD 
 
 

power 0.903 0.602

 + dPTE 0.910 0.493

 + netw 0.906 0.406

DLB 
 
 

power 0.955

0.969

 + dPTE 0.967

 + netw

PSP
 
 

power

 + dPTE

 + netw  

Supplementary Table S5. Weighted accuracy values of features filtered in the beta band.
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Summary of the main findings
The main conclusions of this thesis are: first, slowing of the oscillatory brain rhythms in both 
cortical and subcortical brain areas, measured with magnetoencephalography (MEG), of patients 
with Alzheimer’s disease (Ad) as well as a changed directional connectivity pattern. Second, hub 
locations were shifted in both conventional as multiplex networks. Third, several of these 
techniques were evaluated in multiple dementia types as diagnostic markers to aid diagnosis in 
memory clinics.

Since a wide variety of analyses techniques have been studied in this thesis, a summary of the 
main findings, ordered by increasing complexity of the techniques, is as follows:
 •  Review of the literature. First, we reviewed all studies concerning MEG and AD to give an 

overview about the state of the art knowledge and identify topics that still need to be 
elucidated. We identified three future directions, which were investigated in the following 
chapters and summarized below: 1) Information with higher spatial resolution than at the 
level of brain lobes (chapters 3, 4, 5 and 7); 2) directionality of functional connectivity 
(chapter 4); 3) new network approaches like the minimum spanning tree ([MST], chapter5 
and 6) and multilayer network (chapter 7). 

 •  Power spectrum analyses. We studied MEG signals of AD patients in both cortical structures 
and the hippocampus using ‘virtual electrodes’ and found a global slowing of brain 
oscillatory activity. Furthermore, the average cortical relative power in the theta band was 
shown to be the best diagnostic discriminator between Ad patients and healthy control 
subjects. Interestingly, spectral measures in the hippocampus specifically had the strongest 
association with cognitive dysfunction compared to neocortical brain regions. With this 
novel approach using virtual electrodes, we have shown that measuring hippocampal 
activity is possible and can be useful in distinguishing Ad from healthy controls. 

 •  Functional and directional connectivity analyses. We analyzed MEG and EEG functional 
and directional connectivity changes in two patient groups (Ad patients in a mild cognitive 
impairment stage [MCI], and Ad in the dementia stage) compared to controls:

      -  MCI patients showed both increases and decreases in functional connectivity of the 
alpha band compared to healthy controls in an MEG study. This dual pattern of 
disconnection will be discussed in more detail later in this chapter.

      -  In Ad patients, we found decreased functional connectivity compared to subjective 
memory complainers in an EEG study. Furthermore, we studied the directional 
connectivity in an MEG study of Ad patients and found a disruption of the dominant 
posterior-to-anterior pattern in the beta band.

 •  Network analyses. Networks have again been studied in two different patients groups 
versus controls:

      -  In MCI patients, we studied brain networks by calculating the “small-worldness” of the 
networks and by using a centrality measure of the minimum spanning tree. Although the 
global small-worldness was not different between MCI and healthy controls, we again found 
a dual pattern of increases and decreases of hubs in the MST networks between the groups.

      -  In Ad patients, we found decreases of hubness of the MST networks in the posterior 
region in an EEG study compared to subjective memory complainers

      -  In Ad patients, we found that several hub regions, particularly left hippocampus, 
posterior parts of the default mode network and occipital regions, were vulnerable in 
patients compared to control subjects in a multiplex network framework. of note, 
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these detected vulnerable hubs in Alzheimer’s disease were absent in each individual 
frequency-specific network, thus showing the value of integrating the networks. 

 •  Classification of individual patients using machine learning. We studied whether the 
above described analyses could classify individual patients with five different forms of 
dementia by entering them as features in machine learning algorithms. We found that 
dLB patients were best discriminated from all other groups. Especially the differentiation 
from healthy controls and dLB patients was extraordinary high in the theta band (98% 
between dLB and controls and 93% between dLB and FTd). Adding directional 
connectivity and network features to the classifiers, in addition to spectral features, did 
not significantly increase classification accuracy.

The three main research questions of this thesis will be systematically discussed in this section. 
Additionally, we will discuss additional questions that were formulated as future directions in the 
review paper of Chapter 2 as well as methodological considerations and future directions.

How does AD affect the patterns of oscillatory brain activity and connectivity?
In the previous chapters, we described slowing of oscillatory brain activity in a spatially detailed 
manner, as well as changes in brain connectivity. here, we will first discuss the oscillatory slowing, 
followed by functional connectivity and lastly, directional connectivity findings of this thesis.

Patterns of global cortical slowing of oscillatory brain activity have been widely described in multiple 
neurodegenerative diseases including Ad (e.g. Klimesch, 1997; jeong, 2004). While the results are 
regionally specified in lobes (de Waal et al., 2012; de haan et al., 2008), a spatially detailed 
description of MEG data was lacking. We showed that the regions with the most severe slowing, 
as reflected by the lowest peak frequency, were mostly located in cortical association areas of the 
brain, whereas primary cortical areas (sensorimotor cortex and primary visual cortex) were spared. 
This pattern mimics the pattern of atrophy- and amyloid distribution across the brain (Buckner et 
al., 2005), as well as the pattern of disturbed glucose metabolism (jack and holtzman, 2013). This 
is not coincidental, since a relationship between neuronal activity and brain deterioration has been 
shown in a model by de haan et al., 2012a. This model will be discussed in more detail in the next 
section. Since the brain oscillatory changes are region dependent, the relationship between 
neuronal activity and brain atrophy might be causal while the direction has yet to be discovered. 

In the hypothetical biomarker model by jack et al., (2010) a time-line in which different biomarkers for 
Ad become abnormal during the disease is presented. The authors hypothesize that amyloid-beta 
deposition is the first neuropathological feature to occur, followed by Tau-mediated neuronal injury 
and dysfunction, and subsequent changes in brain structure that eventually lead to the cognitive 
deterioration seen in Ad patients. Markers of brain oscillatory activity (slowing on EEG or MEG) are 
lacking in the above described model by jack et al. (2010), although research showed evidence of a 
relationship with the described biomarkers. It is to be elucidated what the position of oscillatory brain 
activity is in this hypothetical time-line. Since cellular damage occurs within neurons and synapses, 
their function is inevitably altered. As both MEG and EEG measure synaptic activity of groups of 
neurons directly, one could argue that the brain functional changes (as captured by MEG measurements) 
are altered due to the cellular damage. however, there is some evidence that this causal relationship is 
opposite: the function is already disturbed before notable amyloid deposition can be detected (Sheline 
et al., 2010; drzezga et al., 2011). In either case, measures of functional brain changes, like MEG, are 
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therefore an important topic for the early detection of Ad. Furthermore, by placing virtual MEG 
electrodes in the hippocampus, we reported slowing of oscillatory brain activity that showed a better 
correlation with cognition in Ad than the electrodes placed in more superficial cortical areas. 

Patients with MCI that have positive biomarker for Ad are presumed to have an early stage of 
Ad, already show functional connectivity alterations. Although causal assumptions cannot be 
made in this group (since the clinical symptoms are already becoming apparent), it gives more 
insight into the disease mechanism. These patients show a mild cognitive deterioration while the 
symptoms are not severe enough (yet) to be called dementia. And, since all included MCI patients 
show signs of neuronal injury, the chances of developing Ad are high (Shah et al., 2000; Farias 
et al., 2005). The functional alterations found in this group of patients were not uniformly 
pointing towards the same direction: we found both increases in functional connectivity as well 
as decreases (chapter 5). Although decreases of functional connectivity in the case of brain 
atrophy is easily explained, the increases of functional connectivity are more challenging to 
understand. In an attempt to explain this dual pattern in this early stage of Ad, two hypotheses 
have been formulated: compensatory mechanism and activity dependent degeneration.

The idea of a compensatory mechanism that explains the increased functional connectivity in 
early stages of Ad, is based on the idea that the brain overcomes the damage caused by the 
disease in the networks involved in cognitive functioning (see Grady, 2012; Scheller et al., 2014 
for reviews). This means that the brain “overconnects” when the disease is in its early phase, 
before the disconnection initiates. In the case of healthy controls, this mechanism would not be 
needed while Ad patients cannot not compensate any more due to the severity of the disease. 

A more plausible explanation, in contrast to the above described compensatory mechanism, is that 
the increased connectivity is a pathological characteristic of MCI patients caused by the (selective) 
deterioration of inhibitory neurons in early stages while excitatory neurons only become affected in a 
later stage of the disease (de haan et al., 2012a; López et al., 2014a,b). More specifically, the initial 
loss of inhibitory interneurons in the cortex would induce increasing brain activity/connectivity in MCI 
patients, leading to an aberrant functioning (disinhibition). during the course of the disease, there is 
a loss of GABAergic synapses caused by the accumulation amyloid (Garcia-Marin et al., 2009), 
producing an inhibitory deficit until the breakdown of the system, which is what occurs in Ad.

Besides changes in functional connectivity, we also reported altered directional connectivity in 
patients with Ad. directional connectivity, also sometimes also referred to as effective connectivity, 
differs from functional connectivity by referring to the influence that one neural system exerts 
over another (Friston 2011). In terms of MEG connectivity: whether the information flow 
throughout the brain goes from region A to region B or the other way around. In healthy controls, 
a posterior-to-anterior information flow has been reported in the higher frequency bands both 
in this thesis (chapter 4) and in other independent MEG studies (hillebrand et al., 2016; Boon et 
al., 2017) and EEG studies (dauwan et al., 2016a). Using other measures of directional 
connectivity, the results have been reported to be in an opposite direction (for instance, Stam and 
van Straaten, 2012; Moon et al., 2017). We reported a disruption of posterior-to-anterior 
information flow in the higher frequency bands in Ad. 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 
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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., 2016a). direction of 
information flow can give rise to new insights into disease pathologies and disease mechanisms, 
but the methodological issues are important to take into account and research into this topic has 
to be explored further. For instance, especially using EEG, the reference electrode can be of major 
influence by determining causal relationship between phases. on the other hand, the changes 
we reported in the information flow of Ad patients, especially those that were found in regions 
known to be influence by the disease (like the precuneus) is in need of thorough research.

How does AD, in both the dementia and the pre-dementia state,  
alter hubs in brain networks?
hub regions are regions in the brain that serve an important role in either the structure or the 
function of brain networks. Although “hubs” do not have a clear definition in terms of brain 
networks (dependent on the research questions and aims of the study), the general consensus is 
that a hub region has many connections with other regions and is therefore highly connected 
and central in the network. If a hub-region gets disrupted, the topology of the brain network 
changes significantly, as compared to a peripheral region (de haan et al., 2012; Tijms et al., 
2013; Barabasi and Albert, 1999). As explained in the introduction of this thesis, a functional 
brain network can be formed by regarding the brain regions as network nodes and the functional 
interactions between brain regions as the connections between nodes. Quantification of 
functional networks is an important step in the understanding of brain networks as underlying 
feature of cognitive functioning. 

In chapter 5 of this thesis, we found that “conventional” global network measures were not able 
to detect differences in network topology in MCI patients compared to controls, while hub-
measures based on the minimum spanning tree (MST) were able to capture differences between 
the groups. The conventional network measures, i.e. clustering coefficient and path length, 
together give information about the “small-worldness” of the network. however, the network 
quantification and comparison of network topology has methodological issues that are 
thoroughly described in a paper by van Wijk et al. (van Wijk et al., 2011). The authors describe 
that network comparisons are hindered by differences in network size, network density and 
average connectivity. The MST was demonstrated to be able to overcome many of these 
methodological issues, expect for network size (Tewarie et al., 2015). These contradictory 
findings could be caused by the fact that conventional measures mix information about network 
topology and connectivity (edge density). The MST, in contrast, is insensitive to these confounders 
which might explain the results of chapter 4 in which the MST measures were more sensitive to 
the brain network changes in MCI. 

In chapter 6 of this thesis, the reported shift of the hub region (from posterior brain areas in 
healthy controls, towards central brain areas in Ad patients) may have an indirect link towards 
the slowing of oscillatory activity (reported in chapter 3) and the disruption of the posterior-to-
anterior information flow (reported in chapter 4). It appears that, in all these studies (in which 
the same dataset of Ad patients and healthy controls were analyzed), the posterior region is one 
of the most affected areas. This suggests a connection between these findings. Although the 
slowing was a more wide-spread phenomenon than the information flow and hub-status, the 
question rises whether there is a causal relationship between these three findings. here, the 
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model by de haan et al., 2012a presents a possible explanation of how the brain as a network 
deteriorates in patients with Ad. As briefly introduced before, the paper explored the possibility 
of an “activity dependent degeneration”. Two models that both induced damage to functional 
brain network: the first model damaged brain regions in a random order, the second model 
damaged specifically the brain regions with many connections towards- and from that region, 
the so called ‘hubs’ (Stam et al., 2009). The latter model, “targeted attack”, mimicked the 
functional alterations found in Ad patients. This means that if the model was modified such that 
the chance of nodes getting disrupted is increased when it’s number of connections to other 
nodes is large, the Ad disease stages as mimicked. This was a particularly relevant finding 
because it gives rise to the idea that more active nodes are more prone to disease pathology. 

Can MEG-based oscillatory- connectivity and network measures function as 
diagnostic biomarkers to aid the clinician in memory clinics?
In previous chapters, Ad has been studied using EEG and MEG analyses of increasing complexity. 
These chapters yielded new knowledge on pathophysiological mechanisms of the disease. 
however, an important goal of the MEG-research in Ad is to find a clinical tool that can aid in 
the diagnosis of memory clinic patients. Importantly, in memory clinics patients are diagnosed 
with a variety of dementia types rather than only Ad, so ideally a diagnostic tool should be able 
to distinguish several diseases. This has been the topic of chapter 8. We entered the MEG-based 
measures that showed group differences in the previous chapters into machine learning 
algorithms and assessed the accuracy of classification between each pair of diagnoses. 

The main outcome was that dementia with Lewy bodies (dLB) patients were best discriminated from 
all other groups. Therefore, the possibility for a clinical tool that aid the clinician in identifying dLB (and 
differentiate dLB from, for instance, Ad) is within reach. Clinically, dLB is characterized by fluctuation 
of cognitive abilities alongside distinctive psychopathological symptoms, including recurrent, regular 
visual hallucinations and delusions (Barber et al., 2001). In the clinical setting dLB is commonly 
misdiagnosed as Ad or Parkinson’s disease (Pd) due to their overlapping clinical symptoms (Noe et al., 
2004). Also, the clinical distinction between frontotemporal dementia (FTd) and dLB can sometimes 
be challenging (Claassen et al., 2008). Previously, a similar classifier has been used to distinguish dLB 
and Ad with features including clinical characteristics, CSF biomarkers, EEG visual ratings, and EEG 
quantitative measures like power and network measures (dauwan et al., 2016b), which also showed 
high diagnostic accuracies. Therefore, the findings of the classifier show that, even by only including 
MEG features, the aid to clinicians can be of relevance, in particular in differentiating Ad from dLB.

Methodological considerations
There are several methodological considerations that have to be addressed to make progress in 
dementia research using EEG and MEG. Some have already been pointed out in this discussion 
and the remaining considerations are discussed below.

First of all, we need to stress that definitive dementia diagnosis can only be established by 
performing postmortem examination of brain tissue (dubois et al., 2014). however, in chapter 3, 
4, 7 and 8, we studied a group of Ad patients in which amyloid pathology was present. This was 
achieved by using the National Institute of Aging-Alzheimer’s Association (NIA-AA) criteria for 
probable Ad with a high likelihood of Ad pathophysiology, based on the combination of a 
positive biomarker reflecting Aβ deposition (in either cerebrospinal fluid (CSF) or by positron 
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emission tomography (PET) scanning) and/or a positive biomarker for neuronal injury (tau or 
phosphorylated tau in CSF). In chapter 6 however, all Ad patients were diagnosed using the 
clinical criteria for Ad (McKhan et al., 1984; 2011) while biomarkers were not available for all 
these patients. In chapter 5, the MCI patients all showed signs of neuronal injury, which increased 
the likelihood for developing Ad in this group. 

Secondly, the control groups used in this thesis were selected carefully to match the patients 
groups. The controls and dLB patients in chapter 8 significantly differed in age, which may cause 
challenges in the interpretation of the results. The matching with Ad, FTd and PSP was good for 
age, and gender (similar as in chapter 3, 4, 6, and 7). In these chapters, the healthy controls were 
not tested in a clinical setting, and therefore, clinical information about disease history (besides 
dementia or other neurological diseases) was not available. Therefore, confounding effects of 
concomitant illnesses could not be assessed. Also, the healthy controls did not have known 
amyloid status so it is possible that amyloid pathology was present in some of the participants in 
this group. The control group in chapter 6 presented at the clinic with subjective memory 
complaints and can therefore not strictly be considered healthy (Gouw et al., 2017). however, 
this group is clinically relevant since they represent daily practice in the memory clinic. 

Future directions
Brain physiological measurements reveal the aberrant brain activity that accompanies dementia. 
This thesis, together with other work presented above as well as in the discussion sections of the 
different chapters, form a basis in the understanding of brain physiology in dementia. however, 
there are future perspectives that may increase the current knowledge and aid both the 
diagnostics and the pathophysiological understanding of diseases. 

In this thesis we placed virtual MEG electrodes that increased the spatial resolution of the data 
as well as the accuracy of the spatial localization of oscillatory brain activity. Expansion of the 
number of virtual electrodes increases the spatial resolution and enables the possibility to focus 
on specific, disease related areas. For Ad patients, we studied the frequency spectra in both 
cortical areas as in the hippocampus, while the functional interactions between hippocampus 
and cortical areas are likely to be affected as well. Moreover, by placing virtual MEG electrodes in 
deeper cortical structures, brain activity can be measured in brain structures that are highly 
relevant in Ad, like the hippocampus.

Furthermore, in this thesis we only considered the static brain oscillatory activity and functional 
connectivity networks using a fixed epoch length. however, the brain is considered as a dynamically 
functional system and rather than static system (hutchison et al., 2013). Studying the dynamics of 
functional interactions between brain areas may give more insight into disease mechanisms.

The clinical implementation of machine learning methods can be evaluated with more spatial 
detail and more features aiding for more diagnostic accuracies. Also the inclusion of biomarker 
or clinical features may increase the diagnostic accuracy. The ultimate goal of the machine 
learning frameworks is to build a diagnostic tool that clinicians can use in their clinical practice.
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nederlandse samenvaTTInG
“Neurofysiologie in Dementie” – the resting-state of the art.

de titel van dit proefschrift heeft een woordspeling die niet naar het Nederlands te vertalen is. 
de term “state of the art” zou kunnen worden vertaald als “het nieuwste van het nieuwste”. de 
term “resting-state” staat voor het feit dat dit proefschrift in zijn geheel is gebaseerd op 
hersenfysiologische data van mensen die “in rust” zijn. deze twee termen samengevoegd vatten 
een belangrijke essentie van dit proefschrift samen. Ik heb namelijk geprobeerd om de nieuwste 
technieken op neurofysiologisch gebied toe te passen op de hersenen van mensen die in rust 
zijn. En het resultaat ligt hier voor u. Nu vraagt u zich misschien af of het kijken naar “rustende 
hersenen” wel interessante informatie met zich meebrengt. Zou het niet veel interessanter zijn 
om te kijken naar hersenen die een bepaalde taak aan het volbrengen zijn? het zal u misschien 
verbazen, maar een brein in rust geeft ontzettend veel informatie over het functioneren van een 
brein tijdens een taak of tijdens algemene dagelijkse bezigheden. Zeker als we hersenen van 
mensen met een bepaalde hersenziekte, zoals bijvoorbeeld de ziekte van Alzheimer, vergelijken 
met mensen zonder deze ziekte. de bevindingen die in dit proefschrift zijn gedaan, zullen 
hieronder worden samengevat.

In Hoofdstuk 1 wordt de term dementie geïntroduceerd als een syndroom waarbij de hersenen 
informatie niet meer goed kunnen verwerken wat gevolgen heeft voor de cognitie van patiënten 
die hieraan lijden. de meest voorkomende vorm van dementie is de ziekte van Alzheimer. dit is 
dan ook de vorm die het meeste zal terugkomen in de hoofdstukken van dit proefschrift. Echter, er 
zullen ook andere vormen van dementie worden besproken, namelijk Frontotemperale dementie 
(FTd), dementie met Lewy lichaampjes (dLB) en progressieve supranucleaire parese (PSP). Verder 
wordt de term MCI geïntroduceerd: geringe cognitieve stoornis. Mensen met MCI hebben, zoals 
de naam al doet vermoeden, een lichte cognitieve stoornis welke het dagelijkse functioneren niet 
of nauwelijks verstoord. Mensen met deze stoornis hebben een verhoogde kans op het krijgen 
van de ziekte van Alzheimer en worden daarom vaak gezien als preklinisch dement. 

Zoals hierboven al beschreven, wordt in dit proefschrift gekeken naar de hersenen tijdens rust 
(resting-state).  deze rust metingen worden in dit proefschrift gemaakt met behulp van elektro-
encefalografie (EEG) en magnetoencefalografie (MEG). het voordeel van MEG ten opzichte van 
EEG is dat diepere signalen beter kunnen worden gemeten. hierdoor kan er met behulp van 
wiskundige technieken een oorsprong van een signaal nauwkeuriger worden gemeten dan met 
EEG kan. Aan de andere kant is EEG veel makkelijker toepasbaar in allerlei omgevingen en is het 
een minder duur systeem.

Nadat de hersensignalen eenmaal zijn gemeten met behulp van 1 van bovenstaande meet-
methoden, kunnen er analyses worden gedaan. deze kunnen worden onderverdeeld in ver-
schillende levels van complexiteit.

Level 1: analyse op kanaal-niveau. dit houdt in dat de signalen per kanaal (waarmee ofwel een 
EEG elektrode wordt bedoeld, ofwel een specifiek hersengebied) worden bekeken en dat er per 
kanaal een frequentie-spectrum kan worden gemaakt. de inhoud van het frequentie-spectrum 
zegt iets over de kwaliteit van het signaal en dus ook over de activiteit van het onderliggende 
hersengebied. 



Neurophysiology of Dementia: The resting-state of the art218 |

Level 2: paarsgewijze connecties. hiermee wordt de mate bedoeld waarin twee kanalen met 
elkaar communiceren. Kort gezegd zou je kunnen verwachten dat een hoge mate van 
synchroniteit tussen de hersenactiviteit van twee verschillende hersengebieden en sterke 
connectie weerspiegeld, en andersom. dit noemen we functionele connectiviteit. 

Level 3: een netwerk van interacties. In dit level wordt een netwerk gemaakt van alle paarsgewijze 
connecties uit het vorige level. dit wordt ook wel graaf-theorie, of netwerk-theorie genoemd.
 
Met het oog op het beschrijven van verschillen tussen mensen met een vorm van dementie en 
gezonde mensen, komen al deze levels aan bod in dit proefschrift. 

Na deze introductie van de belangrijkste termen en maten wordt er in Hoofdstuk 2 een review 
gepresenteerd over wat er op het moment van het starten van dit Phd-traject bekend was over 
MEG-metingen in rust bij de ziekte van Alzheimer. Per level (zie hierboven) wordt beschreven wat 
er gevonden is in de wetenschappelijke literatuur. Zo blijkt dat er veel onderzoeken zijn geweest 
die hebben gevonden dat de hersenactiviteit van mensen met de ziekte van Alzheimer trager zijn 
(de lagere frequenties zijn in grotere mate aanwezig) en zich minder complex gedragen (een 
hogere voorspelbaarheid van de dynamiek van de hersenactiviteit). Als er wordt gekeken naar de 
functionele connectiviteit, wordt er over het algemeen een verlaagde mate van connectiviteit 
tussen verschillende hersengebieden beschreven bij mensen met de ziekte van Alzheimer in 
vergelijking met mensen zonder de ziekte, maar deze bevindingen zijn minder consistent dan bij 
de hierboven beschreven frequentiematen. ook het aantal studies dat deze connectiviteitsmaten 
heeft onderzocht liggen stukken lager dan bij de hierboven beschreven frequentiematen. Er 
worden veel verschillende soorten connectiviteitsmaten beschreven waardoor vergelijkingen 
maken tussen verschillende studies bemoeilijkt wordt. de studies die hersennetwerken vergelijken 
tussen mensen met de ziekte van Alzheimer en mensen zonder de ziekte zijn nog zeldzamer. de 
studies die zijn gevonden laten over het algemeen een netwerk zien waarbij de connecties 
minder optimaal verlopen. Echter, omdat de studies in zulke lage aantallen beschikbaar zijn, zijn 
conclusies op dit vlak moeilijk te trekken. 

de belangrijkste conclusie uit dit hoofdstuk is dat er nog veel te halen valt in het neurofysiologisch 
onderzoek naar de ziekte van Alzheimer. Met name is er geconstateerd dat de complexere maten 
(de maten die de hersennetwerken kunnen beschrijven) kunnen worden uitgebreid. ook kan er 
winst worden behaald in de nauwkeurigheid van de spatiële resulotie van MEG: een van de grote 
voordelen van MEG ten opzichte van EEG is de grotere hoeveelheid aan meetpunten, waardoor 
een nauwkeurigere schatting van de oorsprong van de signalen kan worden gemaakt. deze 
techniek is in de geselecteerde studies nog niet gebruikt. deze toekomstaanbevelingen uit dit 
hoofdstuk zijn gebruikt als handvaten voor de volgende hoofdstukken uit dit proefschrift.

Zo wordt de aanbeveling uit hoofdstuk 2 om beter gebruikt te maken van de uitstekende spatiële 
resolutie van MEG toegepast in Hoofdstuk 3. hierin wordt een studie beschreven waarin 27 
patiënten met de ziekte van Alzheimer en 26 gezonde mensen een MEG meting in rust hebben 
ondergaan. Met behulp van de beamformer techniek hebben we nauwkeurig kunnen bepalen 
welke hersengebieden welke signalen uitzenden, niet alleen in de cortex (de buitenste laag van 
de hersenen), maar ook in een dieper gelegen structuur, de hippocampus. hiermee vonden we 
dat de hersenactiviteit was vertraagd bij de ziekte van Alzheimer, niet alleen in de cortex maar 
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ook in de hippocampus. de hippocampale vertraging van de hersenactiviteit liet tevens een 
sterkte positieve correlatie zien met cognitie in de patiëntengroep. ook zagen we dat op corticaal 
niveau, de vertraging hoofdzakelijk plaatsvond in de hersengebieden die een associatieve functie 
hebben en dit komt sterk overeen met de distributie van de pathologie die we op structureel 
niveau zien bij de ziekte van Alzheimer. Methodologisch heeft deze studie ook een belangrijke 
meerwaarde gehad omdat we hebben ontdekt dat er waardevolle informatie zit verscholen in de 
diepere hersengebieden, zoals de hippocampus, en dat met de huidige techniek (MEG in 
combinatie met de beamformer) in staat zijn deze diepere structuren de meten. Een interessante 
volgende stap zou zijn om niet alleen naar de activiteit te kijken (level 1) maar ook naar de 
connectiviteit (level 2). 

Vandaar dat we in Hoofdstuk 4 zijn gaan kijken naar de connectiviteit tussen verschillende 
hersengebieden en de richting van deze connectiviteit in dezelfde groepen patiënten en gezonde 
controles. ook hebben we nu meer subcortical gebieden aan de analyse toegevoegd. de 
belangrijkste bevinding uit dit hoofdstuk is dat het communicatie patroon die we zien bij gezonde 
mensen (namelijk vanuit het posterieure deel van het brein richting het frontale deel van het 
brein) bij de ziekte van Alzheimer is verstoord. Voornamelijk vanuit de precuneus, een gebied die 
vaak wordt beschreven als een gebied dat ersntig is aangedaan bij de ziekte van Alzheimer, 
richting frontale- en subcorticale gebieden. hieruit hebben we geconcludeerd dat de pathologie 
bij de ziekte van Alzheimer niet alleen de hersensignalen zelf verstoord, maar ook de connectie 
tussen verschillende hersengebieden is verstoord en dat hierbij ook subcortical gebieden zijn 
betrokken. 

Bij patiënten met een preklinische vorm van de ziekte van Alzheimer (MCI) zijn we in Hoofdstuk 5 
ook gaan kijken naar de connectiviteit tussen corticale hersengebieden. hoewel er bij MCI vaak 
wel al sprake is van neuronale schade, blijft de verlaging in connectiviteit (zoals wordt gezien bij 
de ziekte van Alzheimer) vaak nog uit. Wij vonden zowel verhoogde als verlaagde connectiviteit 
bij MCI in vergelijking met gezonde mensen, afhankelijk van het hersengebied. Een verlaging van 
connectiviteit is wat vaak wordt beschreven bij de ziekte van Alzheimer en wordt gerelateerd aan 
atrofie en het verstoord raken van synaptische functies (zoals hierbeneden zal worden besproken 
bij hoofdstuk 6). de verhoging van connectivteit die wij vonden bij MCI kan mogelijk worden 
verklaard doordat de inhiberende neuronen eerder in het ziekte proces worden verstoord dan de 
exiterende neuronen. 

In datzelfde hoofdstuk hebben we volgens gekeken naar een aantal netwerkmaten: zowel 
conventionele maten die een ruwe schatting geven van de integratie en segregatie van het 
netwerk, als maten die gebaseerd zijn op de minimum spanning tree (MST). deze laatste heeft 
als doel een “boom structuur” the creëren van de meest belangrijkste connecties (over het 
algemeen zijn dat de sterkste connecties). het idee hierachter is dat de conventionele manier 
sterk afhankelijk is van keuzes die moeten worden gemaakt door de onderzoeker, terwijl de MST 
juist is ontworpen om de netwerken op een gestandaardiseerde manier vergelijkbaar te maken. 
Wij vonden dat de gebruikte MST netwerkmaten wel instaat waren om verschillen te detecteren 
tussen MCI and gezonde controles, terwijl de conventionele netwerk maten geen verschillen 
aantoonden. hieruit concludeerden wij dat de MST niet alleen gevoeliger is voor subtiele 
verschillen, maar ook kan worden toegepast als methode om netwerken op een betrouwbare 
manier met elkaar te vergelijken. de MST netwerk maten gaven aan dat de onderliggende 
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hersennetwerken bij MCI minder efficiënt verlopen wat mogelijk weergeeft dat er of functioneel 
niveau al een verstoring plaatsvindt bij de groep mensen terwijl de structuur nog relatief 
onaangedaan is. dit is bijzonder omdat mensen met MCI in het dagelijks functioneren nog 
nauwelijks aangedaan zijn.

In Hoofdstuk 6 hebben we ook functionele connectiviteit en hersennetwerk maten bekeken, 
maar dan in Alzheimer patiënten die we hebben onderverdeeld in “mild”, “matig” en “ernstig” 
(op basis van cognitie) en bij gezonde vrijwilligers. hiervoor hebben we EEG data gebruikt omdat 
deze beschikbaar was binnen het Alzheimer Centrum voor een grote groep, namelijk 318 
mensen met de ziekte van Alzheimer en 133 mensen die wel geheugenklachten hadden maar 
waarbij geen cognitieve stoornis was gevonden tijdens testen. Bij de functionele connectiviteit 
vonden we een graduele afname van de sterkte van de globale communicatie tussen 
hersengebieden: hij ernstige de dementie, hoe groter de verstoring. ook hebben we gekeken 
naar een maat van “hubness” in de hersennetwerken. Een hub in een netwerk is een regio die 
de meeste informatie krijgt te verwerken. Vergelijk dit bijvoorbeeld met Utrecht Centraal, die een 
hub is in het Nederlandse spoorwegennetwerk. Als er een verstoring is op Utrecht Centraal, 
heeft het hele land last van een verstoord treinennetwerk. deze maat, genaamd de betweenness 
centrality, geeft aan welke regio in het brein de meeste netwerk-informatie krijgt te verwerken. 
Bij de gezonde mensen bevindt deze hub zich in het posterieure deel van de hersenen. Wij 
vonden dat deze hub zich bij mensen die in een “mild” stadium van de ziekte van Alzheimer 
zaten, ook in het posterieure deel van de hersenen bevond, maar dat deze gradueel verschoof 
naar een meer centraal gelegen hersendeel bij “matig” en “ernstig” aangedane patiënten. 
hieruit kunnen we concluderen dat een hub-regio (in dit geval de posterieure hub) meer is 
aangedaan bij de ziekte van Alzheimer dan andere delen van het brein. Aangezien de posterieure 
hub hogere activiteit vertoond bij gezonde mensen, versterkt dit de theorie dat een hoge 
hersenactiviteit een sterkere pathologie met zich meebrengt.

Vervolgens hebben we in Hoofdstuk 7 gekeken naar multiplex hersennetwerken. Traditioneel 
worden hersensignalen bekeken in verschillende frequentie banden. En deze frequentiebanden 
worden normaliter (ook in de hierboven beschreven hoofdstukken) allemaal afzonderlijk van 
elkaar geanalyseerd. In dit hoofdstuk hebben we de frequentiebanden geïntegreerd tot 1 
multiplex netwerk in een groep van 27 patiënten met de ziekte van Alzheimer en een groep van 
26 gezonde controles die allemaal een MEG meting in rust hebben ondergaan (dezelfde mensen 
als beschreven in hoofdstuk 3 en 4). de belangrijkste bevinding in deze studie was dat er in de 
multiplex netwerkanalyses meer informatie zit verscholen dan we kunnen vinden als we alle 
frequentiebanden los van elkaar analyseerden. We vonden onder andere dat de hippocampus 
een hub regio was (in gezonde controles) die een minder belangrijke netwerkpositie heeft bij 
mensen met de ziekte van Alzheimer en dit correleerde ook aan zowel cognitie als de hoeveelheid 
Alzheimer-pathologie in het hersenvocht. ook zagen we dat de functionele netwerken in de 
ziekte van Alzheimer veel meer heterogeen verdeeld waren. dit betekent dat de hub regio’s veel 
minder uitgesproken aanwezig zijn dan bij gezonde controles. 

In de bovenbeschreven hoofstukken hebben we alle levels die beschreven staan in hoofdstuk 1 
doorlopen. Level 1 (analyse op kanaal-niveau) hebben we onderzocht in hoofdstuk 3; Level 2 
(paarsgewijze connecties) in de hoofdstukken 4, 5 en 6; Level 3 (een netwerk van interacties)  in 
de hoofdstukken 5, 6 en 7. In Hoofdstuk 8 hebben we al deze levels samengevoegd in een 



| 221

Machine Learning module en hebben we tevens meer vormen van dementie toegevoegd (naast 
de ziekte van Alzheimer en gezonde controles, zijn patienten met FTd, dLB en PSP toegevoegd; 
allen gemeten met MEG in rust). We hebben gekeken of het toevoegen van complexere analyse 
methoden (dus van level 1, via level 2 naar level 3) iets toevoegt aan het correct classificeren van 
de verschillende vormen van dementie. Als we keken naar alle levels samen, vonden we dat 
vooral de dLB groep uitermate goed te onderscheiden was van de andere groepen (98% correcte 
classificatie). de differentiatie tussen dLB en de ziekte van Alzheimer lag ook vrij hoog (88% 
correcte classificatie). Echter ontdekten we dat het toevoegen van complexere analyses (levels 2 
en 3) nauwelijks verandering in classificatie met zich meebracht. Voor toekomstig onderzoekt 
valt hier dus nog een hoop te behalen. 

In Hoofdstuk 9 bespreken we de belangrijkste toevoegingen die dit proefschrift heeft gebracht 
aan de wetenschap. Zo hebben we aantal nieuwe methoden beschreven en uitgetest op 
patiënten data. Zoals de virtuele elektrodes in de dieper gelegen hersenstructuren; het 
combineren van de verschillende frequentiebanden tot 1 multiplex framewerk; en het integreren 
van data in een machine learning module met als doel de verschillende vormen van dementie 
van elkaar te kunnen onderscheiden op basis van de technieken die we in de voorgaande 
hoofdstukken hebben onderzoekt. deze nieuwe technieken hebben samen geleidt tot een meer 
fundamentele kennis over de hersenfysiologie bij dementie. 
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dankwoord

het dankwoord. het meest gelezen hoofdstuk van dit proefschrift. Tenminste, daar ga ik vanuit, 
tenzij jullie allemaal net zulke “Brain Nerds” zijn als ik. Nu weet ik toevallig dat een aantal van 
jullie dat wel zijn, maar desalniettemin heb ik het gevoel dat ik in dit hoofdstuk niet mag 
teleurstellen. het jarenlange werk wat uiteindelijk heeft geleidt tot dit proefschrift heb ik 
uiteraard te danken aan een heel leger aan fantastische mensen die mij hierbij hebben geholpen 
en gesteund. hierbij mijn lofzang voor al deze mensen.

Allereerst alle patiënten, hun families en de gezonde vrijwilligers die hebben meegedaan aan 
de studies in dit proefschrift. het meedoen aan het door ons opgezette MEG-onderzoek, waarop 
een groot deel van dit proefschrift berust, bracht voor jullie geen enkel persoonlijk voordeel met 
zich mee. Sterker nog, jullie moesten 1, soms zelfs 2 extra reizen naar Amsterdam maken en dat 
deden jullie zonder enige twijfel. “Voor de wetenschap”. “Voor de volgende generatie”. “Leer van 
mijn brein, en begrijp wat er aan de hand is, zodat jullie een oplossing kunnen zoeken”. dit vind ik 
ontzettend bijzonder en daar ben ik jullie zeer dankbaar voor. Wat mij betreft het ultieme Altruïsme. 

de verzamelde data zorgden voor een hoop technische en wetenschappelijke uitdagingen die ik 
ten alle tijden kon voorleggen aan mijn promotiecommissie: prof. dr. Philip Scheltens, prof. dr. 
Wiesje van der Flier, prof. dr. Kees Stam, dr. Ilse van Straaten en dr. Alida Gouw.

Prof.dr. Scheltens, beste Philip. jouw inzet voor (of misschien moet ik zeggen tegen) dementie 
in Nederland en in de rest van de wereld is van eenzame klasse. jij geeft op een natuurlijke 
manier leiding aan het snel groeiende VUMC Alzheimer Centrum en bent ook nog eens een 
grote inspiratie bron voor alle jonge artsen en onderzoekers die daar worden groot gebracht. 
Graag wil ik je bedanken voor alle kansen die je voor mij, maar ook voor alle andere onderzoekers, 
creëert. Want hoe bijzonder is het om als Phd student de kans te krijgen om te spreken over je 
eigen onderzoek op de grootste congressen, voor de grootste namen uit het veld, en op de 
meest fantastische plekken. ook zorg je altijd voor een fijne, veilige en vriendschappelijk sfeer in 
het centrum waar alle talenten kans krijgen zich te ontwikkelen. daar mag je trots op zijn!

Prof.dr. van der Flier, beste Wiesje. Toen ik startte bij het VUMC Alzheimer Centrum was jij nog 
dr. van der Flier. Nu staat er een extra toevoeging voor jouw naam! Ik vond het bijzonder om ook 
jouw groei van dichtbij mee te maken. helaas voor mij betekende het ook dat de nauwe 
samenwerking tussen ons iets moest worden versoepeld, maar gelukkig bleef je altijd vanaf de 
zijlijn betrokken. Bedankt voor al jouw hulp en toewijding. Ik heb ontzettende bewondering voor 
hoe jij alle uiteenlopende onderzoeken binnen het Alzheimer Centrum eigen hebt gemaakt. En 
ondanks dat je nu officieel niet in mijn promotiecommissie zit, ben ik trots en blij dat je de 
voorzitter bent van mijn leescommissie. 

Prof.dr. Stam, beste Kees. Ik weet nog dat ik opzoek ging naar een stageplaats en dat ik vol 
verbazing ontdekte dat er een MEG machine in het VUMC aanwezig was. En zo zat ik binnen 
no-time aan jouw bureau om de mogelijkheden te spreken. Ik was onder de indruk van de 
complexiteit van de analyse methoden die jij besprak tijdens die eerste meeting. Ik had nog nooit 
gehoord van connectiviteit en al helemaal niet van hersennetwerken. deze fascinatie is nooit 
meer weggegaan en onder jouw vleugels hebben we het MEG-onderzoek op de kaart kunnen 
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zetten. Bedankt voor je vertrouwen in mij en voor de uitstekende begeleiding. de wekelijkse 
meetings zijn van zo’n hoog niveau dat ik zelfs na jaren als netwerk-onderzoeker nog steeds elke 
week iets nieuws van je kon leren! Ik hoop dat we de samenwerking kunnen blijven voortzetten 
en dat de overdracht van kennis (informatie-flow) ook een keer de andere richting uit kan 
stromen. Maar ik besef ook dat ik daarin nog een lange weg heb te gaan!

dr. van Straaten, beste Ilse. Natuurlijk heeft iedereen zijn steentje bijgedragen aan dat ik hier 
vandaag zit (sta), maar jouw steentje is wel heel bijzonder! Tijdens mijn stage was jij mijn 
dagelijkse begeleider en op een dag werd ik door jou onaangekondigd achter mijn bureau 
vandaan geplukt. Ik dacht dat ik iets verkeerd had gedaan maar gelukkig bleek het tegendeel 
waar. de vraag was of ik wilde blijven voor een Phd-traject dat min of meer voortborduurde op 
wat ik al tijdens mijn stage had gedaan. je nam een risico, en daar ben ik je ontzettend dankbaar 
voor. Ik kon altijd bij je terecht voor hulp bij de kleinste details (hoe zit dat nou, met die excel 
sheet?!) en bij het grote werk (ik zie dit review niet meer zitten, wat moeten we doen?!). Zonder 
jouw hulp had een groot deel van dit proefschrift nieteens bestaan.

dr. Gouw, beste Alida. jij bent niet alleen mijn co-promotor maar ook mijn kamergenootje en 
partner-in-crime. We staan altijd voor elkaar klaar, in goede en in minder goede tijden, en we 
slepen elkaar overal doorheen. je bent voor mij een mentor en een vriendin. Als er iets moest 
worden besproken deden we dat net zo lief  al skatend door het vondelpark. 

Graag zou ik ook de leden van de leescommissie hartelijk willen bedanken voor de moeite die ze 
hebben genomen om dit proefschrift te evalueren en waarvan een groot deel ook zal plaatsnemen 
in de oppositie tijdens de verdediging: prof.dr. Wiesje van der Flier (als voorzitter), dr. Prejaas 
Tewarie, dr. Linda douw, prof.dr. Geert-jan Biessels en prof.dr. Serge Rombouts. Special thanks 
also to dr. Vesna jelic. dear Vesna, I am very honoured to have you as an opponent during my 
Phd defense. 

I also would like to thank my collaborators and co-authors from Madrid: dr. Maria Eugenia Lopez, 
prof.dr. Fernando Maestu, dr. Maria L delgado and dr. Ricardo Bajo. Maria Eugenia, I think we 
did a really good job combining our strengths! Most of our communication was via email, but I 
am happy that we were finally able to meet at de final stage of our paper. Fernando, I always 
get so inspired while talking to you during conference diners or drinks. I hope we will meet again 
somewhere in the future.

Verder wil ik graag mijn voorgangers bedanken die ook keken naar connectiviteit en hersen-
netwerken bij het ontrafelen van dementie: Willem en Hanneke (Wdh en hdW, hoe verzin je 
het). Wat hebben jullie de lat hoog gelegd voor mij! En wat een eer dat ik van jullie heb mogen 
leren en heb mogen voortborduren op jullie werk. Maar ook de andere netwerk onderzoekers: 
Arjan, Betty, Linda, Edwin, Prejaas, Bob, dagmar, Ida, Matteo, Meichen, Lennard, Nicole, 
Meenakshi, Ellen, Kim en jolanda. Arjan, ik noem jij niet voor niets als eerste in dit rijtje want wat 
moesten we zonder jou? jouw technische kennis en het ontwikkelen en programmeren van 
onder andere de beamformer zorgde ervoor dat jij fungeerde als essentiële vraagbaak voor alle 
MEG-onderzoekers. hoe vaak zag ik wel niet een rijtje onderzoekers voor jouw deur staan, 
geduldig wachtend tot je ze te woord kon staan. je weet overal raad mee en staat altijd voor 
iedereen klaar. daarnaast ben je ook nog eens de sociale hub van de KNF. Ida, als onderzoeker 
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mogen we soms interessante buitenlandse reizen maken maar de reis die wij samen naar Seoul 
hebben gemaakt vond ik toch wel extra bijzonder! Niet alleen bezochten we samen een razend 
interessant MEG-congres, maar konden we ook, samen met Nicole, de bijzondere Zuid-
Koreaanse cultuur ontdekken. Vanuit ons minuscuul appartement hebben we de hele stad 
ontdekt en ik ben blij dat we dit hebben kunnen delen. Matteo, together with Alida we formed 
the three musketeers of the KNF. Besides the hard work in our room, we had so much fun, 
especially about each others’ amazing accents! After two years of sharing a room, I still don’t 
speak Italian. And how’s your dutch? “Ik ben geen banaan” doesn’t count. Meichen, I am so 
happy we got to collaborate on two papers. You’re an amazing scientist and an amazing person. 
You’ve grown so much since you came to Amsterdam, all the way from China and I learned so 
much from you. Let’s meet again soon in Belgium, USA or Amsterdam!

Collega’s van de KNF, Kees, Arjan, Ilse, Alida, hanneke, Bob, Rob, dimitri, Sandra, Nandy, 
Anita, Yolanda, helena, Annette en in het bijzonder de MEG-laboranten Marieke, Nico, hennie, 
Karin, Peterjan, Marlous en Ndedi wiens inzet voor dit proefschrift onmisbaar waren. Samen 
sporten, borrelen of genieten van een avondje Raggae, het kan allemaal in dit team. Bedankt 
voor de gezelligheid en dat ik urenlang op jullie vingers mocht kijken tijdens de MEG-metingen. 

Collega’s van het Alzheimer Centrum. dit zijn er echt te veel om allemaal los te benoemen. 
Maar voel je absoluut aangesproken! onder de vleugels van velen, waaronder Philip, Wiesje, 
Niels, Yolande, Femke en Evelien, is het een broedplaats voor jonge talenten en hoogstaand 
weten schappelijk onderzoek en patiëntenzorg. het is zo’n bijzonder team met een breed scala 
aan mensen en ik ben trots dat ik hiervan deel heb mogen uitmaken. In het bijzonder wil ik mijn 
oud- bunkergenootjes bedanken hanneke, Welmoed, Elles, Sofie, daniela, Flora, Charlotte, 
Roos, Mascha, Argonde en Sander voor de inspirerende en gezellige bunker-tijden. En natuurlijk 
wil ik The Tangles bedanken voor  de fantastische jamsessies en muziekavonden (voor de leuk, 
of voor de revue): Willem, Mascha, Nienke, Anita, Tessa, Aafke en Lianne. Samen muziek maken 
is het mooiste wat er is! En verder: Nienke, wat fijn dat je altijd voor me klaarstaat, ook met 
bank & bas. Elisa, wat een stoelendanscommissie al niet te weeg kan brengen! heel veel succes 
met je nieuwe uitdaging. Anita, samen op avontuur in Toronto of gezellig een liedje zingen, 
dansen op straat, een wijntje drinken of over onderzoek praten. Ik ben blij dat je mijn collega-
vriendin bent. 

Mijn paranimfen Mascha en Martijn, met jullie straks aan mij zijde komt het allemaal goed. Lieve 
Mascha, evenbeeld en muziek-mattie. Wat ben ik blij dat jij het Alzheimer Centrum in kwam 
lopen, en dat we ook nog eens konden samenwerken om patiënten te werven voor onze studies. 
Wij raken nooit uitgesproken over alles wat er toedoet (en wat er niet toedoet) in het leven. En 
als we het even niet meer weten, gooien er gewoon een liedje tussendoor. ons oeuvre is 
inmiddels groot genoeg om de lange treinreis naar Amsterdam, via Groningen, mee te vullen. 
Lieve Martijn, bij Biometrie waren we al een gouden team. onze gezonde concurrentie strijd 
heeft mij zeker gemotiveerd altijd een tandje bij te zetten. Maar meedoen is belangrijker dan 
winnen toch? (onzin, natuurlijk is winnen belangrijker). Samen op avontuur gaan is wat ons 
verbind. of dat nou een vrijwilligerskamp is in de Brabantse bossen of een verhuizing naar 
Amsterdam om onze passie voor Neuroscience op papier te zetten, samen maken we er een 
feestje van! 
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En natuurlijk zijn er ook nog een aantal mensen die mijn vrije tijd in Amsterdam uitermate 
aangenaam hebben gemaakt. om te beginnen zijn er velen die mij van onderdak hebben 
voorzien in- en rondom Amsterdam. dankzij jullie heb ik de stad vanuit vele verschillende 
perspectieven mogen beleven. Allereerst, Loes en Toine, wat bijzonder dat onze familiebanden 
zo ver reiken! Maar ook Celine, Lucie, Anne-Catrien en jarmil. Ik heb met veel plezier op jullie 
huizen gepast. Celine, wat bijzonder wat wij elkaar na jaren tegenkwamen in de kantine van het 
VUMC. onze geschiedenis reikt ver terug, helemaal naar het Schoolorkest van College Rolduc. 
Wat een geluk dat wij elkaar weer gevonden hebben! Marjolein, naamgenootje, studiegenootje 
en stadsgenootje (vroeger dan). We zien elkaar te weinig, maar als we elkaar zien dan lijkt het 
gister voor het laatst. Lucie, ook al ben je “ver weg”, Marjolein en ik ontvangen je met open 
armen als je weer in Nederland bent. Roel, zo gezellig om tegelijkertijd naar Amsterdam te 
verhuizen! Lieve An, ik kon me geen liever huisgenootje wensen dan jij! Zo verschillend maar 
ook weer zo hetzelfde. Lieve Meiden van T O N Y, de dinsdagavonden zijn niet meer hetzelfde 
zijn zonder jullie! Ik mis de feel-good-vibes.

Een nieuwe werkplek zorgt natuurlijk ook voor een heleboel nieuwe collega’s. dr. Wilhelmus 
drinkenburg, beste Pim, tijdens het AAIC in Toronto spraken we elkaar voor het eerst en kwamen 
we erachter dat onze interesses op het gebied van EEG en netwerk theorie preklinisch en klinisch 
heel erg overeenkwamen. Thanks to you, Pim, Abdel and Sofia, my learning curve has been 
growing exponentially since I’ve started working with you in the in-vivo team of janssen 
pharmaceutics! ook de mensen uit “de kelder” wil ik graag bedanken voor de gastvrijheid en 
openheid die jullie mij bieden. In het bijzonder Leen, heide, Ria, Patrick, Michel, jan, hilde, 
Annemie, Christ, Sofie en Roland en vele anderen.

Mijn vrienden uit Eindhoven: Ruud, Luuk, Evert, Sjors, Maartje, Frank en Elisa. dankzij jullie 
voelde ik me in no-time thuis in een nieuwe stad. En krijg ik ook nog met enige regelmaat een 
gezonde maaltijd voorgeschoteld. Luuk, dat wij nog lang en vaak mogen genieten van de 
mooiste herrie (rustig aan). Sjors, Frank en Elisa, wat fijn om leed en vreugde rondom onze 
proefschriften te kunnen delen. Maartje, ik ben blij dat je ooit op een warme zomerse avond 
ons balkon op bent komen waaien. Evert, jouw woord- en levenskunsten weten altijd de juiste 
snaar te raken. daar kan ik je niet genoeg voor bedanken. 

Lieve Ruud, door jouw onvoorwaardelijke steun, liefde, rotsvast geloof en vertrouwen zijn wij 
gekomen waar we nu staan en geworden wie we nu zijn. Zonder jou was dit, deze thesis en mijn 
leven tot hier, niet zo mooi geweest. En wat fijn dat wij samen de wereld hebben mogen 
ontdekken! ook veel dank aan jouw liefdevolle families Van Gompel en Baselmans. Ik heb me 
bijzonder thuis gevoeld bij jullie en jullie hebben voor altijd een bijzonder plekje in mijn hart 
verworven. In het bijzonder dank aan Esther, want dankzij jou is dit boekje zo mooi geworden!

Mijn lieve vriendinnetjes uit Kerkrade. Laura, sjun dat vuur aaf en tsau nog es ouwerwetsj 
kennen sjoebe in ’t plat. Martina, al vanaf groep 1 zijn wij 2 handen op 1 buik. Guusje, ook al 
zien wij elkaar meestal in de Randstad, vreemd genoeg komen we elkaar toch telkens weer 
tegen op straat in onze geboortestad.   

jongens van Schot-land (dion, janne en harm), onze setlist begint al aardig te groeien. Laten 
we snel maar weer een bak met herrie gaan maken.
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Mijn lieve Kiwi’s, waar moet ik beginnen?! Met jullie is het leven altijd 1 groot feest. jany (“ik ga 
hier even liggen”), Lauke (“wie heeft het wijnglas eigenlijk?”), Manouk (“het is altijd feest op de 
Akerstraat”), joyce (“laten we het even over de boot in de kamer hebben”) en Meghan (“we 
gaan naar Fiji!”). het maakt niet uit waar op de wereld we zitten, we weten elkaar altijd te 
vinden. Zwitserland, Zuid-Afrika, Ierland, Griekenland, Australië, Nieuw-Zeeland, Ijsland, Italië en 
niet te vergeten Maastricht, oirsbeek en Weustenrade. de wereld is onze speeltuin. Joyce, wij 
weten met ons getokkel en gezang altijd iedereen te vervelen. En misschien is dit proefschrift wel 
mede tot stand gekomen doordat we wat welbespraaktheid hebben overgehouden aan ons 
Ierland avontuur. Wanneer gingen we ook alweer naar Belfast? Manouk, van de bloedhete 
Tafelberg naar de bevroren vulkanen in Ijsland. Niets is te gek. En wat fantastisch dat je het 
avontuur bent aangegaan in Zwitserland (en dat ik er een klein beetje van mocht meegenieten). 
Meghan, we kennen ons al zo lang! Vanaf de brugklas zijn we al vriendinnen. of moet ik 
zeggen: zusters? Jany, ik kan niet wachten tot ons hoofdkwartier klaar is (ja, het is een close-call 
met de andere hoofdkwartieren). Zo bijzonder dat jullie dit project hebben aangepakt en we 
gaan er heerlijk van genieten met z’n allen. Lauke, ouwe wereldreiziger! je weet dat ik je graag 
overal kom bezoeken, en de nieuwjaars-braai op jullie balkon in Kaapstad was onvergetelijk, 
maar ik ben stiekem toch blij dat je weer in Nederland bent. Nu kunnen we weer gezellig aan het 
kampvuur zitten zovaak als we maar willen!

Lieve familie: Theo, Marlene, Gerry, Loek, Bart, Bob, Pim, desiree, Sasha en Misha. jullie onuit-
puttelijke interesse in mijn werk maakt dat ik er altijd met veel plezier over praat. 

Pap en mam, de letste zunt de betste. jullie zijn de belangrijkste personen in mijn leven en ik ben 
zo blij dat ik dit met jullie kan delen. jullie staan altijd achter me en steunen me onvoorwaardelijk, 
maar houden me ook met beide benen op de grond. jullie zijn de fundering waarop ik bouw en 
andersom. Bedankt voor alles wat jullie zijn en waar jullie voor staan. danke en adiejuh wah!
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