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CHAPTER 1

General Introduction

General Introduction

Life expectancy is predicted to increase through improved prevention and
medical care [1]. However, this increase is accompanied by a considerable
decrease in quality of life and a decrease in the number of years lived in good
health [1, 2]. Non-communicable diseases (NCDs), mainly cardiovascular disease,
account for high morbidity and disability rates, and are increasingly dominating
health care needs worldwide [3]. NCDs show a strong association with unhealthy
behaviour (e.g. smoking, unhealthy diet and sedentary behaviour) and account
for a high percentage of reduction in healthy years. Adapting and maintaining a
healthy lifestyle has therefore become crucial for global health, and numerous
interventions and lifestyle education programs are available to prevent NCDs. In
the past years, the brain has also been granted a central role in lifestyle education,
since it is thought that a healthy body strongly relates to a healthy brain [4].
Scientific research has shown that improving overall cardiovascular health may
help to prevent or slow down age-related cognitive decline or dementia [5]. Yet,
a full understanding of how a healthy lifestyle relates to characteristics of the
brain has not yet been achieved.
Cognition and a brain-healthy lifestyle
Cognition is defined as ‘the mental action or process of acquiring knowledge
and understanding through thought, experience, and senses’ [6]. It includes
memory functioning, attention, and executive functioning, such as planning
and inhibition. The majority of the aging population experiences cognitive
decline to some extent. This type of cognitive decline is a normal and gradual
process [7]. A pathological form of cognitive decline is present in people with
dementia, characterized by a strong decline in cognitive functioning that cannot
be labelled as age-associated. Dementia often starts with memory complaints
as the most prevalent and noticeable symptoms (see Figure 1). In a later stage,
executive functioning, concentration, and logical reasoning can be affected [8].
The most prevalent form of dementia is Alzheimer’s Disease (AD). The symptoms
of AD become increasingly severe and can be distressing for the person and for
their personal environment and social network [9]. It is suggested that people
with a healthy lifestyle have a lower risk to develop AD [10, 11].
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Figure 1. Model of the clinical course of Alzheimer’s disease (adapted from Sperling et al. 2011)

The brain as a network
Cognition is one of the fundamental functions of the brain. Cognition is considered to be
dependent upon interactions between different brain regions [12]. In this view, impaired
cognition is not a consequence of an abnormality in a single brain region, but reflects
the perturbations of a complex network in which different collaborative networks are
involved [13]. Therefore, viewing the brain as a complex network has become a widely
adopted framework in the field of neuroscience in the past years [14, 15] and rest on the
application of graph theory. Graph theory was introduced by Leonard Euler (1707 – 1783)
and is the cornerstone of how we look at networks nowadays [16].
Euler simplified a complex system, the network of bridges in the center of Königsberg,
by representing this system with interconnected lines and dots [17]. He wondered which
route would allow someone to cross all seven bridges without crossing any of them more
than once. The dots, referred as nodes, represents pieces of land. The lines, or edges, are
the bridges of the city (see Figure 2). A pedestrian who arrives onto a landmass by one
bridge has to leave it via a different bridge, since bridges leading to and from each node
on any route must occur in distinct pairs. When looking at the route of Leonhard Euler
in this specific case, it becomes apparent that all four nodes have an odd degree and
therefore, at some point, a bridge will have to be crossed twice. This specific problem
has opened a new and lively field within mathematics: graph theory [18]. The abstract
representation of a number of points and connections has already been successfully
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applied in different neurological diseases to unravel disease mechanisms [19]. By viewing
the brain as a network, the brain regions represent the nodes and the connections the
edges.

1

Figure 2. The seven bridges of Königsberg depicted as nodes (grey dots representing land masses)
and links (black lines representing bridges)

Mapping brain activity with magnetoencephalography (MEG)
The average human brain is made up of 86 billion neurons forming over 1 trillion
connections [20]. A single neuron has to team up to form a group of neurons which
generates magnetic fields around the head that result from current flow within neurons.
In 1968 David Cohen introduced a non-invasive technique which is able to record this
magnetic activity of the brain: magnetoencephalography (MEG) [21, 22]. The magnetic
fields recorded with MEG are related to fluctuating intraneuronal currents, mainly in
pyramidal cells in the cortex [23]. The magnetic field caused by brain activity is very weak
and therefore needs to be measured with highly sensitive magnetism detectors called
Superconducting Quantum Interference Device (SQUIDs) [24]. To measure the magnetic
fields, it is of the utmost importance to block out the magnetic fields that come from
other sources than the brain (e.g. phones, computers). Therefore, MEG is performed in
a shielded room built with several thick layers of metal that block magnetic fields from
outside. SQUIDs only work when they are cooled down to minus 269 degrees Celsius, and
therefore they are bathed in liquid helium. The SQUIDs are arranged in a helmet, with a
numerous detectors held right up close to the head in order to detect brain activity [24].
MEG has proven to be a powerful technique to measure brain activity because it allows
us to capture a lot of detailed information in the brain every millisecond (temporal
resolution) [25]. During a condition where subjects are asked to close their eyes and
do nothing in particular, called the resting-state, several highly robust networks can be
characterized. In this resting-state, particular groups of brain regions actually increase in
activity whenever we are not focused on a task. Co-activation of brain regions suggests
that they are communicating, which allows us to represent the brain as a network. One of
the most studied resting-state networks is the default mode network (DMN) and it seems
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that this specific network represents the brain’s functional backbone. Robust findings of
abnormal functioning in different neurological and psychological disorders increase the
interest in the DMN [26, 27].
Functional connectivity – interactions and information exchange between regions
MEG reflects the brain’s activity by measuring fluctuations in magnetic fields at the scalp
and therefore allows us to estimate the brain’s functional connectivity, which refers to
the statistical interdependencies between time series of neural activity recorded from
different brain regions that reflect functional interactions and information exchange
between regions [28]. Estimation of inter-areal connectivity is hindered by instantaneous
field spread and volume condition [29, 30]. Volume conduction refers to the transmission of
magnetic fields from an electric primary current source through biological tissue towards
measurement sensors. Since the brain is not a perfect sphere, the volume conduction
cannot be cancelled out and causes a problem in MEG recordings [29]. Another problem
is field spread, which refers to the problem that a signal from one source will spread over
other MEG sensors, which may bias estimations of correlated activity of different brain
regions [30]. A method that is largely insensitive to both volume conduction and field
spread is the Phase Lag Index (PLI) [31]. PLI calculates the asymmetry of the distribution of
instantaneous phase differences between two time-series as:
PLI = |<sign[sin(Δφt))]>|
Where the phase difference (Δφt) is defined in the interval [-π, π], “< >” denotes the
mean value, “sign“ stands for the signum function, ”I I” denotes the absolute value, and
t corresponds to one time sample. The PLI is insensitive to field spread and volume
conduction, at the cost of discarding true zero-lag interactions, and ranges from 0 to 1. 1
indicates perfectly asymmetric distribution of the phase differences whereas 0 indicates
completely symmetric distribution of the phase differences. A more comprehensive
explanation of the PLI can be found in Stam et al. [31] and in the following chapters.
Minimum Spanning Tree
A matrix can be used to reconstruct a network, where the regions of interest (ROIs) represent
nodes, and the PLI values represent the edge weights (strength of the connections).
Usually a threshold is applied to select only the strongest or most important links. This
arbitrary “thresholding” might result in unconnected nodes and may lead to different
connection density when applied to a different network which hampers the comparability
across subjects and studies [32]. The Minimum Spanning Tree (MST) overcomes this
problem [33]. The algorithm of the MST ranks the links in ascending order and constructs
the network by adding one link at a time, discarding links that would form a loop [34].
The MST has the same number of links for all networks with the same number of nodes
which allows us to compare network topologies across subjects, between conditions and
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studies [35]. Several measures can be calculated from these trees and these are used to
characterize the network organization of the brain [36], which form the backbone of the
brain (see Figure 3).

A

B

C

1

D

Figure 3. (A) Signals recorded by the MEG sensors. (B) Adjacency matrix containing the functional
connections between regions of interest (ROIs) as estimated by the Phase Lag Index, where the
darker orange areas indicate a stronger synchronization. (C) Construction of the MST-based brain
network where each ROI is a node and each functional connection an edge. (D) Illustrates part of
the MST as a tree structure.

A multidisciplinary approach: neuroepidemiology
Epidemiologists study the distribution (who, when, and where), determinants and causes
of health and disease conditions in defined populations [37]. Neurologists are trained to
investigate or diagnose and treat neurological disorders [38]. There is a significant overlap
between epidemiology and neurology and therefore the two fields where combined
around 1967 [39]. The combination of the two disciplines is called ‘neuroepidemiology’
and opens a field in which biological and lifestyle factors can be related to the brain and
its functioning, not only in those with a neurological disorder, but also in the healthy
population that varies in modifiable health behaviours and biological factors [40]. This
field provides new insights regarding the management and prevention of neurological
disease in the whole population. The rapidly aging population and the prolongation of
life expectancy poses a great burden on the public health system and therefore more
knowledge is needed in the preclinical stage [9]. Hence, a multidisciplinary approach
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is required to document several benefits of healthy lifestyle on cognition and brain
performance in young and healthy adults that may unravel possible mechanisms in
the diseases which are associated with several lifestyle factors before clinical pathology
occurs (see Figure 4).
Disease progression

Functional brain
network topology

Lifestyle factors

Cognitive
functioning

Figure 4. It is hypothesized that functional brain network topology, which can be considered as an
intermediate link, (partly) mediates the association between different lifestyle and biological factors
and cognitive functioning.

Study population
For this thesis, two different study populations are used. The first dataset used in this
thesis consists of 17 healthy volunteers, aged 30 – 59 years (39.8 ± 9.8) (chapter 2). These
participants did not suffer from neurological or psychiatric diseases and did not use any
drugs or medication. They underwent resting-state eyes-closed MEG and anatomical
magnetic resonance imaging (MRI). This dataset has been used as a control group in
different case-control studies [41, 42].
In chapter 3-7 data from the Amsterdam Growth and Health Longitudinal Study (AGHLS)
was used. The AGHLS is an observational longitudinal cohort study of Caucasian men and
women, which started in 1976 in the Netherlands [43]. The subjects have been measured
up to 9 times during a 30-year follow-up period. In 2006, when the subjects’ mean age
was 42 years, magnetoencephalography (MEG) was added to the study for the first time.
Main study objective
It is hypothesized that functional brain network topology, which can be considered as
an intermediate link, (partly) mediates the association between different biological and
lifestyle factors and cognitive functioning. Therefore, the main goal of this thesis is to gain
more insight into the possible interplay between biological and lifestyle factors, brain
networks and cognitive functioning in an early stage of life.
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Outline of the thesis
MEG does not show the physical structure of the brain, since it only shows the activity.
Therefore, MEG scans are often combined with MRI scans to combine the structure
and activity of the brain. In the last decade, new methods to optimize and improve
the interpretation of the generated MEG output have become available and the use of
source localization is rapidly emerging in the neuroscientific literature. These analyses
currently depend on the availability of individual MRI scans for co-registration, which are
burdensome to collect. In this thesis we evaluate the use of a template MRI instead of a
native MRI for co-registration since no co-registered MRIs are available within the AGHLS.
This leads to the following research question:
1. Can we use a template MRI instead of native MRI for co-registration for analysis
of functional connectivity and network topology in a healthy population?
(chapter 2)
To address the above-mentioned main study objective, the following research question
is studied:
2. Are lifestyle and biological factors associated with cognitive functioning and
is this association (partly) mediated by functional brain network topology?
(chapter 3-7)
To answer the research questions above, the outline of the present thesis is as follows:
In Chapter 2, we evaluate the consistency of functional connectivity (Phase Lag Index)
and network reconstruction (i.e. Minimum Spanning Tree) when using a template MRI,
instead of a native MRI for co-registration. Chapter 3 addresses the association between
physical fitness (VO2 max) at a younger age, intelligence (IQ) and topology of the
functional brain network during resting-state 6 years later. In Chapter 4, we investigate the
association between carotid stiffness (Young’s Elastic Modulus), functional connectivity
(Phase Lag Index) and intelligence. In Chapter 5, we study the association between IGF1 and magnetoencephalography-based functional network characteristics. In Chapter
6, we aim to study whether network disturbances are present in the migraine brain and
whether a “dose-effect” is present in the disease duration of migraine patients. In Chapter
7, we examine the association between cardiovascular health, determined with the Life’s
Simple 7, the functional brain network during resting-state and cognitive performance.
Finally, this thesis is concluded with a summary (Chapter 8) and a general discussion of
the main findings (Chapter 9).
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CHAPTER 2

Consistency of
magnetoencephalographic
functional connectivity and network
reconstruction using a template
versus native MRI for co-registration
Linda Douw* | Dagmar Nieboer* | Cornelis J. Stam | Prejaas K. Tewarie |
Arjan Hillebrand
*Authors contributed equally

Human Brain Mapping. 2018 Jan; 39(1): 104-119

Studies using functional connectivity and network analyses based on
magnetoencephalography (MEG) with source localization are rapidly emerging
in neuroscientific literature. However, these analyses currently depend on the
availability of costly and sometimes burdensome individual MR scans for coregistration. We evaluated the consistency of these measures when using a template
MRI, instead of native MRI, for the analysis of functional connectivity and network
topology. Seventeen healthy participants underwent resting-state eyes-closed
MEG and anatomical MRI. These data were projected into source-space using an
atlas-based peak voxel as well as a centroid beamforming approach either using
(1) participants’ native MRIs or (2) the Montreal Neurological Institute’s template.
For both methods, time series were reconstructed from 78 cortical atlas regions.
Relative power was determined in six classical frequency bands per region and
globally averaged. Functional connectivity (phase lag index) between each pair
of regions was calculated. The adjacency matrices were then used to reconstruct

Abstract

functional networks, of which regional and global metrics were determined.
Intraclass correlation coefficients were calculated and Bland-Altman plots were
made to quantify the consistency and potential bias of the use of template versus
native MRI. Co-registration with the template yielded largely consistent relative
power, connectivity, and network estimates compared to native MRI. These findings
indicate that there is no (systematic) bias or inconsistency between template versus
native MRI co-registration of MEG. They open up possibilities for retrospective and
prospective analyses to MEG datasets in the general population that have no native
MRIs available.

MEG network analysis using a template MRI
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Introduction
Magnetoencephalography (MEG) is a technique often used to investigate functional
connectivity and network topology of the brain [1]. MEG records the magnetic fields
that are induced by neuronal currents, providing information about normal as well as
pathological processes in the brain with high temporal and good spatial resolution [2,
3]. It also allows for the accurate estimation of statistical interdependencies between
time series of neural activity recorded from different brain regions, termed functional
connectivity [4, 5].
Many earlier MEG functional connectivity studies, including our own, have employed
a ‘signal-space’ approach, meaning that signals measured from outside the scalp are
directly correlated and interpreted [6-9]. However, this type of analysis does not allow for
interpretation of estimated activity or connectivity patterns in an anatomical context; a
solution to the inverse problem is required for this. Beamforming [10] is one of the popular
source reconstruction approaches [11] that yield plausible and verifiable results when
combined with an anatomical image of the individual’s skull and brain by, for example, T1weighted magnetic resonance imaging (MRI) [12, 13]. The relevance of this technique for
atlas-based connectivity and functional network studies has amply been shown [14, 15].
However, individual anatomical MRIs may not be available in certain (retrospective)
datasets and the time and effort of obtaining an anatomical MRI may put an extra burden
on patients. Using an MRI template instead of a native MR scan for source localization
could minimize these cons and render the use of source-localized MEG data feasible
in such cases. At the same time, individual anatomy, although the current standard for
analysis in most source-space studies, may not necessarily yield superior results: the
spatial resolution of MEG may generally allow for atlas-based connectivity and network
analytical studies, be it using template or native anatomical imaging for co-registration.
Several studies have already employed a template-based method for source localization
in the absence of native MRIs. For instance, López and colleagues have used a template
generated from MRIs of healthy controls for source reconstruction to perform connectivity
analysis [16]. Holliday and co-workers selected the MRI with closest matching external head
shape from a database, and used it as a substitute for the subject’s own MRI [17]. Another
research group derived geometrical information from the volume conductor models that
were constructed during MEG analysis, i.e. information based on data from an external
digitizer, in combination with a template MRI to source-localize magnetic activity [18]. A
digitizing pen (Polhemus) is often used to project the X, Y and Z coordinates of the coil
locations onto the cortical surface following the co-registration with the corresponding
MRI. Similarly, it has been shown that external landmarks or the external head shape, again
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based on digitized scalp surfaces, can be used in combination with a template head-shape
to align functional images with a structural template [19]. However, an analysis of possible
inconsistencies, particularly with respect to connectivity and network analyses, resulting
from the use of a template MRI as compared to a native MRI has not been performed.
It may be that highly consistent results between these approaches can be obtained at
the level of individual time series and relative power, but that increases in inconsistency
arise when investigating connectivity and network patterns. This study is therefore an
addition to the previous studies that already used some sort of template warping, since
it specifically addresses whether (possibly non-linear) inconsistencies feed into different
higher order outcome measures obtained with the template versus native MRI approach.
Here, we evaluated the consistency and potential bias of estimates of spectral power,
functional connectivity and network topology in a group of healthy subjects, using either
the MNI template or their native anatomical MR scans for MEG source reconstruction.

Methods
Participants
A previously described dataset consisting of data collected in 17 healthy participants aged
30 – 59 years (39.8 ± 9.8) was used. These participants did not suffer from neurological or
psychiatric diseases and did not use any drugs or medication. The study was approved
by the Medical Ethical Committee of the VU University Medical Center (Amsterdam, The
Netherlands), and all participants gave written informed consent before participation.
Data from these healthy volunteers have been used as a control group in previous casecontrol studies from our group (e.g. [20, 21]).
Magnetoencephalography
Magnetic fields were recorded for five minutes while subjects were in supine position
inside a magnetically shielded room (Vacuumschmelze GmbH, Hanau, Germany), during
eyes-closed resting-state. We used a 151-channel whole-head MEG system (CTF Systems
Inc., Port Coquitlam, BC, Canada). A third-order software gradient [22] was used with a
recording passband of 0-150 Hz and a sampling frequency of 625 Hz. At the beginning
and end of each recording, the head position relative to the coordinate system of the
helmet was recorded by passing small alternating currents through three head position
coils attached to the left and right pre-auricular points and the nasion. Head movements of
up to 0.5 cm were allowed during recording. For each subject, 45 epochs of 4096 samples
(6.554 s) were recorded. From these, all artifact-free epochs, i.e. those not containing
system related artifacts, physiological artifacts, metal artifacts and environmental noise,
were selected by one of the authors [PT]. On average 35 (range 21 - 43) epochs per subject
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were used for further analysis. These epochs were band-pass filtered into the six classical
frequency bands using a discrete Fast Fourier Transform: 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).
Co-registration with native and template MRI
The data analysis pipeline is schematically depicted in Figure 1. The current standard of
analysis for this type of data is co-registration with an individual’s anatomical MRI. To this
end, an MRI of the head was obtained at 3 Tesla (GE SignaHDxt), with a 3D-T1 weighted fast
spoiled gradient-echo (FSPGR, TR 7.8ms, TE 3.0ms, TI 450ms, flip angle 12°, 0.9x0.9x1mm
voxel size). Vitamin E capsules were placed at aforementioned anatomical landmarks, i.e.
the pre-auricular points and the nasion, to guide co-registration with the MEG data. Using
these two corresponding sets of fiducial markers, the MEG and MRI coordinate systems
were matched (i.e. the two sets of 3 points were aligned). The co-registered MRI was
subsequently segmented, and the outline of the scalp was used to compute a multisphere
head model [23] for the calculation of the lead-fields.
Co-registration with a template MRI instead of native imaging was investigated using
the T1 weighted MNI template with 1mm resolution [24], which is available from the FSL
software package (http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/).
Atlas-based beamforming
The source reconstruction approach has been described in detail [14]. In short, a coregistered MRI (either template or native in MEG space) was spatially normalized to the
template MRI. In order to label the voxels in a subject’s normalized co-registered MRI the
AAL atlas was used [25]. After inverse transformation to the patient’s co-registered MRI,
the 78 cortical regions of interest (ROIs) were used for further analysis [26]. Furthermore,
the neuronal activity for the labelled voxels in the 78 ROIs, using a grid-size of 2 mm, was
reconstructed using a beamformer approach known as Synthetic Aperture Magnetometry
(SAM) [27]. The neuronal activity at each voxel, a so called virtual electrode (VE), was
reconstructed as the weighted sum of the recorded magnetic field B at a given time point
as [28]:
VE = (LT C-1b L)-1 LT C-1b B = W T B, 		

				

(1)

Here, T stands for transpose, and W stands for the beamformer weights, which are
determined by the lead fields (L) and the data covariance matrix (Cb) (which is based on
data from on average 229s (range: 138-282s)).
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Figure 1. Schematic of the analysis pipeline
Important steps in the data analysis pipeline are depicted for both the analysis with the template
MRI (left) and the native MRI (right). Step 1 indicates the raw (sensor level) magnetoencephalography
(MEG) recordings, which are identical for both methods. In step 2, co-registration of the MEG data
takes place with either the template MRI (left) or subjects’ native MRIs (right), here depicted with
the AAL atlas overlaid. Step 3 involves extraction of time series per AAL region for each frequency
band using beamforming, based on which power, connectivity, and network characteristics are
calculated (regional/global analysis). In step 4, we illustrate the final data structure for one regional
measure (power, phase lag index or minimum spanning tree degree): a matrix of 78 regions by 605
epochs (=17 subjects * on average 35 (range 21 - 43) epochs per subject). Consistency between each
row in these matrices was then tested, yielding an intraclass correlation coefficient (ICC) per AAL
region. Step 5 shows the final data structure per global measure: a vector of values for 17 subjects,
which was calculated for average power, average phase lag index, and the global network measures.
The ICC of these two vectors was computed for each global measure.
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Peak voxel and centroid approaches
In order to represent each ROI with a single time series, two different approaches were
used. Firstly, the voxel with maximum pseudo-Z value in each frequency band for each
ROI was selected, as has been reported previously [14, 27]. This resulted in 78 time series
for each frequency band for further analysis. However, the choice of peak voxel might be
influenced by outliers more strongly than other approaches. Therefore, additionally, we
used the centroid as representative for each ROI, an approach that has also been used
by our group before [15]. The centroid is defined here as the voxel within the ROI that is
nearest, in terms of Euclidean distance, to all other voxels in the ROI.
Consistency of virtual electrode locations
In order to scope the relationship between inconsistencies in the virtual electrode
locations obtained with the two approaches and the consistency of band-limited relative
power, we determined the Euclidean distance between the location of the representative
voxel for each ROI (either determined by peak voxel or centroid) as obtained with the
template approach and the location as obtained when using the subject’s own MRI.
Relative power
All following analyses were performed using BrainWave [CJS, version 0.9.133, available
from http://home.kpn.nl/stam7883/brainwave.html]. We investigated band-specific
relative power in each of the six frequency bands by applying a Fast Fourier transform to
the time series per region in the AAL-atlas.
Connectivity and network analysis
As a measure of functional connectivity, the phase lag index (PLI) was used [29], which
calculates the asymmetry of the distribution of (instantaneous) phase differences between
two time series. The asymmetry of the distribution of phase differences of two signals can
be obtained from a time series of phase differences ΔΦ(tk),k=1...N samples:
PLI =|<sign[sin(Δφ(tk))]>|						

(2)

The presence of a consistent, non-zero, phase lag between two time series reflects true
interactions that are unaffected by the effects of volume conduction or field spread, also
referred to as leakage in source space. Frequency-specific connectivity between all region
pairs was calculated for each epoch. A weighted adjacency matrix was then constructed,
having the AAL regions as rows and columns and the connectivity values as entries. Global
and regional network characteristics were determined using several previously described
measures for each epoch and frequency band: the classical graph measures of weighted
clustering coefficient and weighted path length [30, 31] and modularity [32], as well as
characteristics of the minimum spanning tree (MST) [21, 33, 34].
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The clustering coefficient is defined as the probability that a node’s neighbours are also
connected to each other [35]. In a weighted network, clustering also takes into account
the strength of each connection, in our case the PLI value between each region pair [36].
The path length assesses the integration of the network, by computing the number of steps
making up the shortest possible path between every node pair. In our weighted case, this
path length incorporates the strength of the PLI in this shortest path length by using Dijkstra’s
Algorithm [37]. The combination of high clustering and short average path length makes up
the ‘small-world’ topology [35], which is thought to be optimal for information processing.
Modularity refers to the extent to which the network is organized into subsystems or
modules. Newman’s modularity algorithm was used to calculate the optimal modular
division into strongly intra-connected but weakly interconnected modules for each
adjacency matrix, in which each region received a single module allegiance [32]. This
analysis yielded a global measure of modularity (also termed ‘Q’), as well as the number
of modules resulting from the network decomposition. Since the modularity algorithm
depends on simulated annealing to obtain the optimal partition of the network, it
yields slightly different results in every run, possibly increasing the noise level that may
already be present when using different images for co-registration. We therefore ran the
modularity algorithm 100 times and averaged the values of Q into a single, stable measure
of modularity within each subject.
The minimum spanning tree (MST) is a sub-network of the original weighted network that
connects all nodes without forming loops and has the minimum total weight of all possible
spanning trees, where edge weight is defined as 1/PLI. The MST was constructed based on
the weighted networks with Kruskal’s algorithm [33], and is thought to deduce a bias-free
backbone of the original weighted network. We characterized the topology of the MSTs
using the following measures: degree, which is the number of connections for each node in
the tree; leaf fraction, referring to the fraction of nodes in the tree with a degree of one; and
diameter, i.e. the diameter is the longest distance between any two nodes of the tree. These
network measures have recently been used in population and clinical studies [34].
Statistical analysis
Statistical analyses were performed using SPSS Statistics package version 20.0 (IBM, Armonk
(NY), USA) and Matlab version r2012b (MathWorks, Natick (MA), USA). The consistency of
spectral power, functional connectivity, and network measures between the two approaches,
i.e. using native MRI or the template, were investigated by calculating intraclass correlation
coefficients (ICC) with a two-way mixed model, ICC(3,1) [38, 39]. In this two-way mixed
model, the raters or approaches (template and native MRI) are considered fixed effects, and
each item (MEG measure for an epoch) is treated as a random effect. The ICC is commonly
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used to assess the consistency of quantitative measurements made by different ‘observers’
as it takes the rater bias into account, since consistency not only requires high correlation,
it also requires small rater bias. In our case, the ‘observers’ are the two different approaches.
The first step was to investigate whether the distance between the locations of the virtual
electrodes as obtained with the template approach and the location as obtained when
using the subject’s own MRI was different between the peak voxel and centroid methods
with an ANOVA and post-hoc Student’s t-tests. Also, for the peak voxel method, the
distance for each ROI was plotted against the ICC of the band-limited relative power for
each ROI in order to visualize the relationship between the inconsistencies in the virtual
electrode locations and the ICCs. This was quantified using Pearson correlation
We then explored the consistency of the time series as extracted with the template and
native MRI approach. In order to obtain an indication of this consistency, we report for
each frequency band the ICC of the time series for those ROIs with the lowest and highest
consistency of the peak voxel locations
Furthermore, the ICC values were calculated at two levels (see Figure 1): the first one
relates to the assessment of consistency of the template versus native MRI approach per
region for each epoch (n=605) for the regional measures of power, PLI and MST degree.
Power and PLI are the basis for the following network analyses, and therefore we were
interested in their consistency at the fine-grained spatial (i.e. per region) and temporal (i.e.
per individual epoch) level.
Thirdly, we were also interested in the consistency of template versus native MRI results
with respect to subject-level characteristics, since most studies make use of subjectaveraged values. We therefore averaged several global measures, such as average power,
average PLI, clustering coefficient, path length, modularity, number of modules, MST leaf
fraction, and MST diameter, over all epochs per subject (n=17).
The ICC values were interpreted as follows: >.80 very good, .61–.80 good, .41–.60 moderate,
.21–.40 fair and <.21 poor [40]. To further scope consistency of template versus native MRI coregistration of MEG, Bland-Altman plots were constructed. These plots are based on a visualization
of the mean and standard deviation of the difference of the measurement by two approaches.
It evaluates the agreement and possible bias between them [41]. The 95% limits of agreement,
which are defined as the mean difference plus and minus 1.96 times the standard deviation of
the difference, are added in the plot in order to judge how well the two approaches agree upon
a certain value. This approach is the most commonly used approach to give more insight in the
existence of any systematic difference between two different methods [42].
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Results
Consistency of virtual electrode locations
The average distance between the virtual electrode locations as obtained with the
template versus native MRI differed between the peak voxel and centroid method (ANOVA
(F(6,539) = 4.2, p < .001), in which the centroid method showed a smaller average distance
and less variation (Figure 2), indicating that it is likely to give better results with regard
to consistency of the other outcome measures (see also Table 1 versus Appendix 1). To
simplify this results section, but avoid any overestimation of the consistency between
the template versus native MRI approach, we will proceed reporting only the supposedly
less optimal peak voxel results throughout this manuscript (see Appendix 1 for results
obtained with the centroid method).

Figure 2. Distance between native and template based representative voxels
Box plots are shown for the distance between the 78 representative voxels as obtained with the
template and native MRI approach. Frequency bands indicate those voxels obtained with the peak
voxel method for the different bands (light grey) while the distance was equal for all frequency
bands using the centroid method (dark grey).

Consistency of the time series
For the ROIs with the lowest and highest consistency of the peak voxel locations,
median ICCs and their classification can be seen in Table 2. These results show very good
consistency of time series when spatial consistency was also high, while the consistency
of time series was still very good in most frequency bands when spatial consistency was
low. Only the theta and gamma band showed suboptimal ICCs of the time series for these
ROIs with low spatial consistency.
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Table 1. Global consistency between results obtained when using template MRI and native MRI co-registration.
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Table 2. Consistency of time series extracted using the template versus native MRI approach
ROIs with lowest consistency in peak
voxel location

ROIs with highest consistency in peak
voxel location

Frequency
band

ROI

Median
ICC

Rating

ROI

Median
ICC

Rating

Delta

Occipital Inf. R

0.91

VG

Frontal Mid. Orb. L

0.90

VG

Theta

Heschl L

0.41

M

Occipital Inf. L

0.96

VG

Alpha1

Frontal Inf. Oper. R 0.90

VG

Cuneus L

0.93

VG

Alpha2

Lingual L

0.94

VG

Calcarine L

0.95

VG

Beta

Occipital Inf. R

0.96

VG

Frontal Mid. Orb. L

0.91

VG

Gamma

Frontal Mid. L

0.24

F

Calcarine R

0.91

VG

ROI, region of interest; R, right; L, left; ICC, intraclass correlation coefficient. VG = very good ICC >0.80;
G = good ICC 0.61–0.80; M = moderate ICC 0.41–0.60; F = fair ICC 0.21–0.40; P = poor ICC <0.21. ICCs
are reported for ROIs with the lowest and highest consistency of the peak voxel locations in each
frequency band.

The impact of the consistency of virtual electrode locations on the ICC of relative power
We then explored Euclidean distance between peak voxels as chosen with the template
versus native MRI approach as a correlate of the ICC of band-limited relative power. Figure
3 shows that larger distances tended to relate to lower ICC, particularly in the delta, theta,
and gamma bands. However, individual ICC values were still mostly classified as ‘good’ or
‘very good’, even when distances were quite large (e.g. > 2 cm). We therefore conclude that,
although spatial consistency of the selected representative voxels does have an effect on
ICC values, consistency between the native versus MRI-approach is largely maintained.
Consistency of regional and global power
Regional power per epoch (n=605) was consistent across all 78 ROIs in the AAL atlas, as
analysed for each frequency band separately, showing overall good to very good ICCs
(See Table 2 for peak voxel results, and Appendix 1 for centroid results). We illustrate
the consistency of relative regional power (as well as PLI and MST degree, see following
section) across all regions and frequency bands in Figure 4 and Appendix 2 for the peak
voxel method. Moreover, global relative power showed very good subject-averaged ICCs
per frequency band (Table 1). Figure 5 shows the Bland-Altman plots of relative power per
frequency band at the subject level, and implicates no systematic differences between the
two approaches.
Consistency of regional connectivity and network metrics
The consistency of regional PLI across all epochs and across all 78 ROIs are illustrated
in Figure 4, and show good to very good results for each frequency band (Appendix 3).
Furthermore, moderate to good results were obtained for the PLI in the delta to beta
band, while lower consistency was found in the gamma band (Figure 4, Appendix 3).
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The regional MST degree consistency across approaches was lower overall, with poor to
moderate consistencies per frequency band and region (Figure 4, Appendix 3).
Consistency of global connectivity and network metrics
We then investigated whether the global connectivity and network measures determined
per subject (n=17) were consistent when using a template versus native MRI (Table 1). For
global PLI, ICCs were very good for most frequency bands (≥.870), except for the gamma
band. The Bland-Altman plots for the PLI indicated good limits of agreement between the
template MRI and the native MRI (Figure 6), since only one data point fell outside the 95%
limits of agreement interval, as could be expected based on the 95% limit. Interestingly,
gamma band global connectivity ICCs based upon the centroid approach, relative to the
peak voxel approach predominantly described in this results section, were quite good
(see Table 1 and Appendix 1).
Weighted clustering and path length were marked as having good (.733) or very good
(≥.849) ICCs in the delta to beta bands, while the ICC values in the gamma band were
marked as poor (Table 1).
Consistency of the number of modules was rated as moderate to good in the delta to
beta bands (≥.551) and was fair in the gamma band (.320) (Table 1). The consistency of
modularity Q was good in the delta band and upper alpha band, moderate in the lower
alpha band and gamma band, fair in the beta band, and unreliable in the theta band.
However, the Bland-Altman plot for the modularity still showed good limits of agreement
(Figure 7, Table 1).
When determining consistency between template and native MRI for global MST measures,
it can be noticed that the ICC of leaf fraction was rated as good across all frequency bands
(See Table 1 and Appendix 4). Furthermore, the ICC of MST diameter fluctuated between
very good (delta, theta band), fair (lower alpha band), moderate (upper alpha, beta band),
and good (gamma band) (Table 1). Bland-Altman plots for all global measures indicated
acceptable to good limits of agreement, while no systematic differences were observed
(Figures not shown).
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Figure 3. Consistency (ICC) of relative power averaged over subjects in relation to the distance
between native versus template-based peak voxel location
The ICC of relative power per ROI across template versus native MRI (averaged over subjects) is
plotted (y-axis) against the distance between the representative voxel (x-axis) as obtained with the
template versus native MRI (averaged over subjects), together with correlation (r) and p-values (p).
The dashed lines represent the rating of the ICCs: >.80 very good, .61-.80 good, .41-.60 moderate,
.21-.40 fair and <.21 poor. Panels indicate frequency bands, such that A; delta band, B; theta band, C;
lower alpha band, D; upper alpha band, E; beta band, F; gamma band.
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Figure 4. Consistency (ICC) of regional measures across epochs (n=605) computed using template
or native MRIs
Column 1 shows the intraclass correlation coefficient (ICC) for relative power per AAL region for all
frequency bands as a color-coded map. Note that overall good to very good ICCs were observed.
Column 2 shows ICCs for the phase lag index (PLI) per region. Note that overall moderate to good
ICCs were obtained. Column 3 indicates ICC per region for the MST degree. Note that overall fair ICCs
were observed. Cold colours indicate poor and fair consistency, and hot colours indicate good and
very good consistency.
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Figure 5. Bland-Altman plots of global relative power
Bland-Altman plots of the respective difference in global relative power across subjects (n=17)
between the template MRI and the native MRI for each individual against their respective means.
Thin lines represent the limits of agreement corresponding to ± 1.96 SD. The thick line represents
the respective mean. Panels indicate frequency band, such that A; delta band, B; theta band, C; lower
alpha band, D; upper alpha band, E; beta band, F; gamma band.
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Figure 6. Bland-Altman plots of phase lag index
Bland-Altman plots the respective difference in phase lag index across subjects (n=17) between
the template MRI and the native MRI for each individual against their respective means. Thin
lines represent the limits of agreement corresponding to ± 1.96 SD. The thick line represents the
respective mean. Panels indicate frequency band, such that A; delta band, B; theta band, C; lower
alpha band, D; upper alpha band, E; beta band, F; gamma band.
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Figure 7. Bland-Altman plots of modularity
Bland-Altman plots the respective difference in modularity across subjects (n=17) between
the template MRI and the native MRI for each individual against their respective means. Thin
lines represent the limits of agreement corresponding to ± 1.96 SD. The thick line represents the
respective mean. Panels indicate frequency band, such that A; delta band, B; theta band, C; lower
alpha band, D; upper alpha band, E; beta band, F; gamma band.
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Discussion
The use of a native MRI for co-registration is the current standard in MEG analysis, yet
obtaining individual MRI may not always be feasible. By using a template MRI, the coregistration and head model changes, which may affect beamformer-reconstructed time
series, and subsequent connectivity and network analyses. Therefore, the aim of this
study was to examine the consistency of functional connectivity and network topology
estimated from MEG data, using either a template or native MRI. Specifically, we examined
what the possible inconsistencies of the template approach versus a native MRI would be
for basic measures such as band-limited relative power, but particularly for higher-order
measures such as functional connectivity and network topology. Our results showed
overall good consistency of the use of a template MRI versus a native MRI for MEG coregistration and an atlas-based beamforming approach, particularly for relative power,
functional connectivity and both regional and global network topology. Furthermore,
consistency was maintained across two different atlas-based beamforming approaches,
with the peak voxel approach showing slightly less consistency as compared to the
centroid approach.
With the centroid method, the location of the voxel that is chosen as representative for
the ROI is solely based on geometry, thus the location of this voxel will only deviate if
an anatomical mismatch is present between the template and native MRI. In contrast,
with the peak voxel approach, the location of the representative voxel, i.e. the peak
voxel, is defined by the beamformer output. This location is not only directly affected by
the aforementioned anatomical mismatch between template and native MRI, but also
indirectly by the effect of this mismatch on the beamformer itself. We have shown that
the spatial consistency of the virtual electrode locations, and therefore the expected
consistency of subsequent outcome measures, between the template and native MRI
approach is indeed somewhat more stable for the centroid method than for the peak
voxel method (Figure 2). Furthermore, for all frequency bands, these distances correlated
negatively with the ICC for relative power (although only significantly for the delta, theta,
and gamma band), indicating that, as expected, larger spatial deviations generally relate
to poorer consistency across approaches. However, even in the extreme case of a spatial
deviation of 35 mm (Figure 3, delta band), the ICC of the relative power for this particular
region was still categorized as ‘moderate’. We therefore conclude that the use of a template
versus native MRI leads to differences in the voxel selection, but that these differences
have a relatively small impact on the consistency of the results of subsequent analyses.
When further investigating the consistency of outcome measures, we first showed
that the time series themselves are highly consistent between the template and native
MRI approach. Even time series from regions with the lowest consistency in peak voxel

2

42 |

Chapter 2

location, such as Heschl’s gyrus, were moderately consistent across methods. These
results therefore provide support for the idea that time series obtained with the template
approach can be used as input for subsequent analyses.
The lowest consistency for global parameters averaged across subjects was observed for
the MST leaf fraction and diameter, although these still yielded moderate to very good
consistency in this relatively small sample. Due to the higher order nature of these network
measures, we expected their consistency to decrease non-linearly: a basic, robust measure
such as relative power will only be slightly affected by reconstruction errors [16, 18, 19].
However, these inconsistencies could be augmented in the next step of determining
phase correlations. When taking the analysis one step further and calculating network
topology, these inconsistencies could accumulate, potentially in a non-linear manner
(although, importantly [43] recently showed that MSTs can be accurately reconstructed
even when PLI estimates are noisy). However, our results show that these higher-level
graph measures show larger but still acceptable inconsistencies across global measures.
When looking at these complex measures on a more detailed scale, i.e. at MST degree
of individual regions, the consistencies decreased further (poor to moderate), and varied
over regions. One reason for this variation could be that the location of the representative
voxel was ‘incorrect’ for some regions. This is most likely to be an issue for larger ROIs,
where the distance between the selected location of the representative voxel and the
correct location can become large, in combination with a high SNR, i.e. when the spatial
resolution of the beamformer is high so that activity is rapidly suppressed when moving
away from the correct location [44]. Importantly though, we have shown here that despite
such potential errors at the local level, the patterns of functional connectivity and network
topology are consistent at the global level.
The relatively weak results in the gamma band at regional and global levels might be
attributed to a range of issues, which include the possibly larger distance between peak
voxels as determined with the template versus native MRI approach (see Figures 2 and
3), muscle artifacts, and/or overall lower signal-to-noise ratio. More consistent results
were obtained when using the centroid approach as opposed to the peak voxel method.
Hypothetically, signals in the gamma frequency – with their possible overlap with artifacts
and thus outliers in signal intensities – may be more sensitive to registration errors when
focusing on the peak voxel, whereas choosing the centroid voxel may limit the influence of
such artifacts. In general, though, the results for the peak voxel and centroid approaches
were comparable, which is in line with previous research [15, 45]. Furthermore, it is known
that high-frequency neural activity overlaps with the spectral bandwidth of muscle
activity [46]. Finally, the lower signal-to-noise ratio of gamma activity may limit the spatial
resolution of the beamformer regardless of co-registration method [47, 48].
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Vitamin E capsules were used to define anatomical matching between MEG and MRI
coordinates. However, placing vitamin E capsules at anatomical landmarks may lead
to larger co-registration errors than for instance co-registration with surface matching
[49]. As a result, one might argue that differences between template and native MRI
co-registrations may have been imperfectly assessed, which may have led to higher
consistency between the two approaches in comparison to the use of surface matching
or head-casts as a co-registration method [50, 51]. Moreover, in the current study we did
not use digitized head shapes to warp the template MRI to the subject’s anatomy. Such
an approach could potentially also improve the accuracy of the forward model and the
reconstructed functional connectivity and networks, although our results suggest that
such improvements would be modest, since ICCs were already moderate to very good.
In case digitized head shapes are not available, co-registration with a template MRI could
be performed using fiducial markers. Such a co-registration approach is less accurate
than a surface matching approach [49], yet future studies should determine how much
these extra errors add to connectivity and network reconstruction errors when using a
template-based approach.
Here, we considered the native MRI as the standard of analysis in MEG co-registration.
Our rationale was that if the assumptions behind a particular source reconstruction
approach are valid [10], then the accuracy of the inversion depends on the accuracy of the
forward solution, and therefore on the accuracy of the co-registration and MRI-derived
head model. Intuitively, the native MRI provides the most accurate information for the
forward solution, and therefore the most accurate source reconstructions. However, in
the presence of other errors, such as inaccurate source models, there could, perhaps
counterintuitively, be situations where it is beneficial to be less accurate (either in terms of
anatomy or signal-to-noise ratio) [47, 48]. Moreover, it is possible that by using a template
MRI individual variation in outcome measures is “suppressed”. This would make groupeffects more apparent and would therefore benefit group-level analysis [52, 53]. Our
results may support this notion, although only the use of model data may answer this
question definitively. Our current goal was to investigate the consistency of experimental
data analysed with either a template or native MRI.
The spatial resolution of MEG varies from millimeters to centimeters across the brain
[54]. In order to perform our connectivity and network analyses, we opted to use the AAL
atlas, although other atlases with higher resolutions are available [55]. This atlas roughly
matches the spatial resolution of MEG data [54], and has as such been used many times
by our group [15, 56-58] and others [59, 60]. Moreover, the atlas-based beamforming
approach has been the subject of previous work [14]. It has also been shown that the
peak voxel method and the centroid-based method give similar results [15, 45]. Taken
together, these results suggest that the resolution of the atlas that was used, namely
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78 cortical ROIs in the AAL atlas, matches the resolution of the resting-state MEG data.
This conclusion is also supported by a recent study [61] in which different data-driven
parcellation approaches resulted in approximately 70 ROIs, which is comparable to the
number of ROIs used in our study.
We used the standard Montreal Neurological Institute’s template, which is a widelyused template and is based upon MR images of healthy participants, as a substitute for
participants’ individually acquired MRI. Although the precision of the use of a template
MRI could theoretically be improved by using population specific templates for different
ages [62], head sizes, and head shapes, for the subsequent connectivity and network
analysis [63, 64], the current results generally support its use in the general population.
However, we note that the use of a template MRI might become problematic when
patients suffer from brain atrophy or intracranial lesions, since these may yield much
larger co-registration issues than explored in the current study.
In this work, we used beamforming as an inverse solver for MEG data. It remains an open
question whether our conclusion that a native MRI can be replaced by a template without
introducing large errors in connectivity or network estimates generalizes to alternative
source reconstruction approaches. In particular, inverse solvers that use hard constraints
on e.g. the location and orientation of the cortical surface, such as minimum norm based
approaches [11], are likely to suffer from the inaccuracies in these constraints that may
occur due to the use of a template MRI [47]. Similarly, we only tested the use of a template
with MEG data. A recent study that examined the consistency of source localization
and connectivity estimates in EEG, shows variability in connectivity and this variability
was seen across inverse methods and toolboxes [65]. For EEG measured with a limited
number of electrodes, the spatial resolution is lower than that for MEG to begin with,
hence the effects of inaccuracies due to the use of a template MRI instead of a native
MRI will probably be small. However, for EEG with hundreds of channels, the accuracy
of the forward solution becomes more important, such that the use of a template could
potentially have detrimental effects. Related to this issue, we have used a simple head
model in this work. Due to the use of a simple head model, relatively large localisation
errors were to be expected to begin with [66]. Again, using more sophisticated head
models, such as Finite/Boundary Element Models (FEM/BEM) would require more accurate
information from MRI, and we therefore expect the use of a template to have more
detrimental effects with such head models. In general, the effect of replacing a native
MRI with a template is difficult to predict for a particular situation, as it will depend on
the details of each source (e.g. location, amplitude, orientation), and other circumstances
(e.g. SNR, number of other active sources and their relative strengths and locations, type
of head model used, MEG system used, inverse solver used, etc.). Although such details
remain uncertain in the current study, we envisage that this would form a fruitful area of
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research for future simulation studies. Similarly, simulations could also further quantify
how tolerant phase relationships are to reconstruction errors in source location and
amplitude. Our results suggest that even in the presence of localization errors (Figure 2)
and errors in the reconstructed time series (Table 1), the estimated phase relationships
remain rather consistent (Figure 4).
Here, we have shown, using an experimental data set, what the impact is of using a template
versus native MRI for co-registration of MEG data on the global and regional properties
of reconstructed functional networks. We observed that functional connectivity and
functional networks can be reconstructed with reasonable consistency across approaches.
This may encourage others to also apply sophisticated analyses to MEG datasets that have
no native MRIs available, which they otherwise may not have considered.
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Appendix 2. Regional consistency between results obtained when using template MRI and native
MRI co-registration for relative power averaged across all epochs (n=605) for all 78 ROIs in the AAL
atlas per frequency band.
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Appendix 3. Regional consistency between results obtained when using template MRI and native
MRI co-registration for PLI averaged across all epochs (n=605) for all 78 ROIS in the AAL atlas per
frequency band.
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Appendix 4. Regional consistency between results obtained when using template MRI and native
MRI co-registration for MST degree averaged across all epochs (n=605) for all 78 ROIS in the AAL
atlas per frequency band.
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A healthy brain in a healthy body:
brain networks correlates of physical
and mental fitness
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A healthy lifestyle is an important focus in today’s society. The physical benefits of
regular exercise are abundantly clear, but physical fitness is also associated with better
cognitive performance. How these two factors together relate to characteristics
of the brain is still incompletely understood. By applying mathematical concepts
from ‘network theory’ to the brain, insights in the organization and dynamics of
brain functioning can be obtained. We test the hypothesis that neural network
organization mediates the association between cardio respiratory fitness (i.e. VO2
max) and cognitive functioning. A healthy cohort was studied (n=219, 113 women,
age range 41-44 years). Subjects underwent resting-state eyes-closed magnetoencephalography (MEG). Five artifact-free epochs were analysed and averaged in six
frequency bands (delta-gamma). The phase lag index (PLI) was used as a measure
of functional connectivity between all sensors. Modularity analysis was performed,
and both within and between-module connectivity of each sensor was calculated.
Subjects underwent a maximum oxygen uptake (VO2 max) measurement as an
indicator of cardio respiratory fitness. All subjects were tested with a commonly used
Dutch intelligence test. Intelligence quotient (IQ) was related to VO2 max. In addition,

Abstract

VO2 max was negatively associated with upper alpha and beta band modularity.
Particularly increased intermodular connectivity in the beta band was associated
with higher VO2 max and IQ, further indicating a benefit of more global network
integration as opposed to local connection. Within-module connectivity showed
a spatially varied pattern of correlation, while average connectivity did not show
significant results. Mediation analysis was not significant. The occurrence of less
modularity in the resting-state is associated with better cardio respiratory fitness,
while having increased intermodular connectivity, as opposed to within-module
connections, is related to better physical and mental fitness.
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Introduction
A healthy lifestyle is a major focus in today’s society. Regular exercise and adequate physical
fitness have proven to be important for the immune system, metabolism, prevention
of infectious disease, skeletal functioning, and risk of cancer [1-6]. In addition to these
physical benefits, cardio respiratory fitness is also related to better cognitive functioning
[7]. Several neural factors have been reported to mediate the relationship between mental
and physical fitness, including increased neural vascularization [8], increased production
of brain derived neurotrophic factor (BDNF; [9]), increased hippocampal volume [10], and
higher levels of N-acetylaspartate [11], although none of these mediators fully explain the
reported associations.
Another framework that has elucidated the neural correlates of the association between
cognition and physical fitness is resting-state functional connectivity, as measured with
functional magnetic resonance imaging (fMRI). The resting-state, during which no task
is present and alert relaxation is achieved, can be characterized by several highly robust
networks [12, 13], of which the default mode network (DMN) is the most stable and
best studied example [14, 15]. This network seems to be the functional backbone of the
brain [16], and is implicated in almost all neurological diseases. With respect to cardio
respiratory fitness, higher connectivity within the DMN (as measured by seeding in the
posterior cingulate cortex and examining its significantly correlated regions) is associated
with better fitness level, and DMN connectivity mediates the association between physical
fitness and cognitive functioning [17]. Moreover, a one-year aerobic training intervention
in older adults improves functional connectivity within several resting-state networks,
including the DMN and the fronto-parietal network, which is thought to be important for
working memory [18]. Conversely, overweight adults show increased DMN connectivity,
which normalizes after a six month exercise program [19]. The important role of functional
connectivity in the relationship between physical fitness and cognition was confirmed
in another study by Voss and colleagues, showing that the association between exercise
and connectivity is related to BDNF, insulin-like growth factor type 1 (IGF-1), and vascular
endothelial growth factor (VEGF), which are markers for neuroplasticity [20].
However, fMRI is an indirect measure of neural functioning, as it measures the slowly
operating process of blood oxygenation. Functional connectivity can also be determined
from magnetoencephalography (MEG), which is a much more direct measure of neural
activity. Furthermore, functional connectivity in general can be used as a starting point
for more extensive, higher-order analysis of the entire brain network using graph theory
[21-23].This type of analysis has shown that the brain network is very comparable to many
simpler biological and sociological systems [24]. This elegantly theory-governed but still
data-driven property has made the application of network theory to the brain a very
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interesting endeavour. For instance, the brain network is a ‘small-world’, combining local
segregation with global integration [24-27]. Brain network topology is to a large extent
genetically determined [28-30] and is disturbed in several neurological diseases [21, 31].
The functional brain network also correlates with global cognitive functioning and
intelligence [32, 33], indicating network theory may add relevant information on neural
correlates of functioning above connectivity alone. Important information about the
integrity of the (brain) network can be extracted by looking at modularity. Modules are
clusters of nodes, or brain areas, that are highly connected to each other, but much less
to nodes outside of their own module [34]. In the brain, five to seven modules can be
discerned, which correspond to major functional systems [35]. Moreover, the role that
specific brain areas play both within their module and in connecting other modules has
proven relevant to brain functioning [36-38].
In this study, physical fitness, intelligence, and their neural correlates in terms of network
modularity are investigated. We aimed to prove that VO2 max, a measure of cardio
respiratory fitness, is related to modular network topology based on MEG in a large
group of healthy subjects. Furthermore, we hypothesized that intelligence is associated
with physical fitness mediated through brain network topology in terms of modular
organization.

Methods
Ethic statement
This study was approved by the Medial Ethical Institutional Review Board of the VU
University Medical Center. All subjects gave written informed consent before participation.
This study was carried out in accordance with the Declaration of Helsinki.
Subjects
All subjects participated in a prospective longitudinal study, originally investigating
natural development of growth, health and lifestyle of adolescents, the Amsterdam
Growth and Health Longitudinal Study (AGHLS). This cohort study started in 1976 with
four annual measurements and continued with an extensive number of assessments with
five to seven year time intervals [39]. All participants were born between 1961 and 1965
and were residents of the Netherlands. First- and second-year pupils from two equally
large secondary schools were recruited. In 2006, MEG recordings of the remaining 344
participants (who were all between 41 and 44 years old) were obtained, in addition to
the health parameters that were investigated at each time-point of the AGHLS [40]. These
data are not publicly available at this point.
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Physical fitness
Physical fitness was measured with a maximal running test on a treadmill (Quinton
18-54; Quinton, Bothell, Wash), with a speed of 8 km/h and increasing slope (every 2
minutes) and with direct measurements of oxygen uptake (Ergoanalyzer; Jaeger, Bunnik,
the Netherlands). Maximum oxygen consumption (VO2 max) was used as a measure of
physical fitness [39]. This measurement was performed approximately seven years before
MEG recording.
Cognitive performance
Subjects underwent a cognitive test battery at the time of MEG recording, to assess
full-scale intelligence. The test battery administered included the shortened Groninger
Intelligence Test (GIT[41]), which is a commonly used Dutch intelligence test. Three
subtests of the entire GIT were used, constituting the short version of the test to assess
intelligence [42].Completion of the test took approximately 45 minutes per subject.
Magnetoencephalography (MEG)
Magnetic fields were recorded for five minutes while subjects were seated inside a
magnetically shielded room (Vacuumschmelze GmbH, Hanau, Germany), using a
151-channel whole-head MEG system (CTF SystemsInc., Port Coquitlam, BC, Canada).
A third-order software gradient was used after online band-pass filtering between 0.25
and 125 Hz. Sample frequency of recording was 625 Hz. Fields were measured during
a no-task, eyes-closed condition of five minutes. At the beginning and ending of each
recording, the head position relative to the coordinate system of the helmet was recorded
by passing small alternating currents through three head position coils attached to the
left and right pre-auricular points and the nasion on the subject’s head.
For each subject, the first five artifact-free epochs of 4096 samples (6.554 s) were selected
by one of the authors [BWvD]. All data analyses were performed using BrainWave [CJS,
version 0.9.58, available from http://home.kpn.nl/stam7883/brainwave.html]. Before
calculating connectivity and network topology, epochs were band-pass filtered into
the commonly used frequency bands delta (0.5-4 Hz), theta (4-8 Hz), lower alpha (810 Hz), upper alpha (10-13 Hz), beta (13-30 Hz), and gamma (30-45 Hz). All further
analyses were performed for these bands separately. The average relative power in the
six abovementioned frequency bands was calculated in each subject using a fast Fourier
transform as described in [43].
Phase Lag Index (PLI)
As a measure of functional connectivity, the phase lag index (PLI) was used [44], which
calculates the asymmetry of the distribution of (instantaneous) phase differences between

3

58 |

Chapter 3

two time-series. This asymmetry can be obtained from a time series of phase differences
ΔΦ (tk), k = 1... N samples:
PLI = |<sign[sin(Δφt)]>|
The phase difference Δφ is defined in the interval [− π, π] and <> denotes the mean value.
Volume conduction causes a zero phase lag between two time-series, but the presence of
a consistent, non-zero, phase lag between two time-series reflects true interactions that
are unaffected by volume conduction or common sources.

Modularity, between and within module connectivity
First, to describe modularity in the whole-brain network we used a version of previously
described approaches [45], adapted for weighted networks [37, 46] :
m
d
ls
w
- ( s )2
Qm =
L

s=1

2L

where m is the number of modules, ls is the sum of the weights of all links in module s, L is
the total sum of all weights in the network, and ds is the sum of the strength of all nodes
(i.e. the summed weights per node) in module s. In short, the relation between intraand intermodular connections determines the strength of each module. This measure
describes modularity by summing the relative strength of all the network modules,
which takes both within and between module connections into account. A strongly
modular network has modularity value close to 1, while modularity is closer to 0 (but not
absent) in a random network. Finding the optimal modular organization in a network is a
computationally intensive problem.
Simulated annealing can overcome part of these issues, and was used in the current study
[45]. Initially, each of the N nodes was randomly assigned to one of m possible clusters,
where the initial m was taken as the square root of N. At each step, one of the nodes was
chosen at random, and assigned a different randomly chosen module number from the
interval [1,N]. Modularity was calculated before and after this. The cost C was defined as
-Qmw. The new partitioning was preserved with probability p: if the final cost Cf was lower or
equal to the initial cost Ci (indicating no added cost when preserving the partition), p was
equal to 1. If Cf was higher than Ci, p was calculated as follows:
p=e

-

cf-ci
T
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The temperature T was 1 initially, and was lowered once every 100 steps as follows:
Tnew=0.995 Told. In total, the simulated annealing algorithm was run for 106 steps. The
partition with the strongest modular organization (highest Q) was identified separately
for each epoch of every person for all the different frequency bands, and subjected to
further graph analysis.
Once the modular organization in a network has been determined, the topological role
of individual nodes can be described in greater detail: nodes can be mainly involved in
communication with other nodes in the same module, but can also preferably interact
with other modules (see Figure 1). This aspect is quantified by two properties: the withinmodule degree (Zi), and the participation coefficient (PC) [45]. The within-module degree
measures the connectivity of the node within the module compared to the other nodes
in the same module, and thus describes the relative importance within the module. It was
defined as follows:
ziw =

kwi (mi )-kw (mi)
σkw (mi)

Figure 1. Schematic representation of modularity and modular connectivity
Note. In (a), two modulus can be discerned. These modulus show high within-module connectivity,
but low between-module connectivity. (b) depicts two nodes in the network that are characterized
by high within-module connectivity, while (c) shows a node with very high between-module
connectivity.
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Here, mi is the module containing node i, kwi (mi)is the within module strength of node i
(the sum of all weights of the links between i and all other nodes in mi), and kw (mi) and
σkw (mi) are the respective mean and standard deviation of the within-module mi degree
distribution.
The participation coefficient expresses how strongly a node is connected to other
modules, and the weighted version is defined as:
PCi = 1 -

( k i (mw i) )
w

mεM

ki

M is the set of modules, and kwi is the sum of all weights of the links between i and all nodes
in module m. The within module degree and the participation coefficient determine the
identity of a node in the modular network structure.
Statistical analysis
Statistical analyses were performed using PASW Statistics package (version 20.0) and
Matlab version r2012b. Differences between men and women regarding VO2 max, IQ,
and average head surface were tested using Student’s t-tests. The association between
intelligence and VO2 max was analysed using a linear regression with IQ as the dependent
variable and VO2 max as independent variable, adjusted for sex. The association between
VO2 max and modular network topology was investigated with regression analysis in which
modularity indices per frequency band were the dependent variables and VO2 max the
dependent variable, adjusted for sex, head surface size, and relative power per frequency
band. Similar analyses were used to explore average between-module connectivity.
Finally, the relationships between VO2 max, network modularity, and intelligence were
further studied using mediation analyses. Mediation analysis investigates whether a
third parameter underlies an observed relationship between two variables, meaning
that the third variable governs the association between the other two. In our study, we
hypothesized that the association between VO2 max and intelligence is mediated by brain
network modularity. This mediation model was tested using INDIRECT PASW statistics
plug-in [47]. Direct and indirect effects between the dependent and independent variables
as well as the mediator were tested with regression analyses (adjusted for significant
abovementioned covariates), after which 95% CIs were calculated for the total indirect
effects using bootstrapping (5,000 samples) as an unbiased means of testing whether the
mediation model was valid. The presence of a mediation effect signifies that instead of
having a direct causal effect between the independent variable (VO2 max) and dependent
variable (IQ), the mediator (modular network topology) plays an important role in the
association between these two variables.

Brain networks and physical fitness

| 61

Results
Subject characteristics
At this time-point in the AGAHLS study, 344 healthy subjects participated. Our strict
inspection of artifacts in the MEG recordings caused exclusion of 79 subjects. Fourteen
subjects were excluded after examination of their intelligence scores, because
they performed well below average (<75). Of the remaining 251 subjects, VO2 max
measurements were performed in 219 subjects, in whom all subsequent analyses were
performed. Subjects (106 males, 113 female) were on average 42 years old (range 41-44).
With respect to IQ, men (M=109.3, SD=13.0) and women (M=107.6, SD=12.8; t(217)=1.005,
p=0.316) did not differ. Men did have higher VO2 max (men M=52.1, SD=40.3; women
M=40.3, SD=5.5; t(217)=14.006, p<0.001) and greater head surface in cm2 (men M=241.7,
SD=17.5; women M=222.0, SD=14.9; t(217)=8.979, p<0.001). To ascertain that network
topology results were not confounded by head surface size, this variable was used as
a covariate in all analyses. Four MEG sensors were malfunctioning at the time of data
collection, and these were excluded from further analysis in all subjects.
The last VO2 max measurement took place six years before MEG recording, when subjects
were approximately 36 years old. In order to investigate whether this gap could induce
large changes in physical fitness, we examined data from previous measurements in the
AGHLS cohort. These measurements were performed at 13, 15, 15, 16, 21, 27, 29 and 32
years of age in subgroups of the total cohort (with group sizes varying between 70 and
227 subjects). When looking at the consistency of VO2 max over these time points, there
is strong consistency within subjects over time (Figure 2), with an average correlation
coefficient R=0.773 from one time point to the next. When comparing the first adult
measurement at 21 years old and the measurement used in the remainder of this study
at 36 years old (94 subjects overlapping), the correlation coefficient is 0.791. Furthermore,
subjects who experienced major health burdens possibly influencing their lifestyle were
excluded, which also ensures the stability and consistency of the VO2 max measurements
up to MEG and IQ measurements six years later.
Physical fitness, intelligence and brain modularity
The previously reported association between physical fitness and intelligence was
confirmed: VO2 max was a significant predictor of intelligence in a linear regression model
(B=0.322, 95% CI [0.049 0.594], p=0.021). We then set out to investigate our hypothesis
concerning the association between physical fitness and brain network topology. Lower
modularity in the upper alpha and beta bands was predicted by higher VO2 max (upper
alpha band B=-1.81, 95% CI [-3.31 -0.315], p=0.018; beta band B=-1167, 95% CI [-1753
-581], p=0.017), adjusted for sex, head surface, and relative power per frequency band.
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Figure 2. Temporal consistency of VO2 max measurements in the AGHLS cohort
Note. (a) depicts the correlations between VO2 max measurements at each neighboring time point
in the AGAHLS study, the first two measurements being performed at 13 and 14 years old (YO). The
number of overlapping subjects between time points is indicated in parentheses. In (b), the first
adult VO2 max measurement at 21 years old is correlated to the last measurement at 36 years old,
which we used in this study (correlation coefficient of 0.791, p<0.001).
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In order to confirm that these associations were indeed due to network topology instead
of global connectivity levels, we performed an ANOVA with VO2 max as dependent
variable and both modularity and average connectivity in the upper alpha and beta
bands as independent variables. While the upper alpha and beta connectivity indices
did not yield significant results (p=0.529 and p=0.869, resp.), modularity indices were
significantly related to VO2 max (p=0.016 and p=0.012, resp.). The number of modules in
the upper alpha and beta bands was not predicted by VO2 max, indicating that it was not
the number of modules that mattered, but the connectivity patterns within and between
those modules.
Modular connectivity
We then investigated the associations of between and within module connectivity with
cardio respiratory fitness in these two frequency bands. Results show that in the beta
band, higher VO2 max predicted increased between-module connectivity (B=0.674, 95%
CI [0.101 1.246], p=0.021), indicating indeed that physical fitness is important for better
intermodular integration. Moreover, an ANOVA with both between-module and average
connectivity as covariates shows significant results for between-module connectivity only
(p=0.039 and p=0.919, resp.), further underlining the added value of modularity-based
connectivity over regular connectivity alone.
Figure 3a shows significant associations between VO2 max and between-module
connectivity per channel for both upper alpha and beta bands, after correcting for the
number of tests performed with the false discovery rate (FDR, q<0.05 [48]). These maps
confirm the analysis of averaged between-module connectivity, and show positive
correlations between VO2 max and between-module connectivity throughout the brain
in the beta band, but not the upper alpha band. Due to the nature of the within-module
calculation (i.e. within-subject z-score is computed), no global average can be computed
for this measure. However, Figure 3b displays significant within-module connectivity
associations with VO2 max in the upper alpha and beta bands, indicating that higher
within-module connectivity in the central areas is positively associated with VO2 max, while
the within-module connectivity within lateral temporal areas is negatively associated with
physical fitness.
Modularity and between-module connectivity as VO2 max – IQ mediators
Finally, the associations between intelligence, VO2 max, and brain modularity were analysed
using mediation analyses. Our hypothesis was that better physical fitness leads to better
cognitive performance and thus higher IQ later, through the mediating effect of brain
network modularity (see Figure 4). This hypothesis was not confirmed. Although separate
regressions of the associations between both VO2 max and network characteristics and
intelligence were significant, the mediation effects, as evidenced by significance levels
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and 95% confidence intervals through 5,000 bootstrapping samples, were not (see Table
3). This indicates that although modularity, VO2 max and IQ are interrelated, the association
between VO2max and intelligence is not statistically explained by modularity. Exploratory
mediation analyses using different dependent, independent, and mediating variables
also did not yield significant results.

Figure 3. Significant sensor-specific associations between modular connectivity and VO2 max
Note. (a) shows an FDR-corrected t-map of significant associations between alpha band and beta
band (left and right panel, resp.) between-module connectivity and VO2 max, while (b) shows the
same for within-module connectivity. Warm colors indicate positive associations, cool colors refer
to negative associations.

Figure 4. Graphical representation of hypothesized mediation effect
Note. A mediating effect of brain network topology on the association between VO2 max (maximum
oxygen uptake during an effort test) and intelligence quotient (IQ) was hypothesized.
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Table 1. Subject characteristics.
Total group (N=219

Men (N=106)

Women (N=113

Mean age in years (SD)

42 (0.7)

42 (0.7)

42 (0.7)

IQ score (SD)

108 (13)

109 (13)

108 (13)

Head surface in cm (SD)

231 (19)**

242 (17)

222 (15)

VO2 max (SD)

46 (8.6)**

52 (7.0)

40 (4.4)

2

Note. **=p<0.01, significant gender difference.
Table 2. Associations between band-specific modularity and VO2 max.
B

95 CI (B)

p-value

Delta modularity

0.435

-0.080 – 0.167

0.487

Theta modularity

-0.390

-1.64 – 0.086

0.540

Lower alpha modularity

0.509

-0.121 – 2.23

0.561

Upper alpha modularity

-1.81

-3.31 – 3.15

0.018*

Beta modularity

-1.17

-1.75 – 5.81

0.017*

Gamma modularity

-11.1

-80.9 – 58.6

0.754

3

Note. *=p<0.05. Sex, relative power in each frequency band, and skull size were entered as covariates
in each regression.
Table 3. Mediation analyses of network topology on the association between physical fitness and
intelligence.
Upper alpha band modularity (total 95% CI [–0.042 0.055]) Beta

p-value

VO2 max – upper alpha modularity

-0.216

0.018*

VO2 max – IQ total

0.187

0.046*

VO2 max – IQ direct

0.185

0.052

Upper alpha band modularity mediation

-0.010

0.885

Beta band modularity (total 95% CI [–0.057 0.058])

Beta

p-value

VO2 max – beta band modularity

-0.197

0.018*

VO2 max – IQ total

0.187

0.046*

VO2 max – IQ direct

0.188

0.049*

Beta band modularity mediation

0.004

0.959

Beta band PC (total 95% CI [–0.057 0.058])

Beta

p-value

VO2 max – beta PC

0.206

0.021*

VO2 max – IQ total

0.187

0.046*

VO2 max – IQ direct

0.184

0.053

Beta band PC mediation

0.013

0.854

Note. *p<0.05, CI = confidence interval of indirect effects, based on 5,000 bootstraps samples.
Adjusted for sex, head surface, and relative band power. PC = participation coefficient.
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Discussion
Physical fitness and cognitive functioning are related. We show that this relation is
also associated with topology of the functional brain network during the resting-state.
Decreased upper alpha and beta band modularity were related to higher VO2 max,
with higher beta between-module connectivity being associated with better physical
fitness. Average functional connectivity did not show this association with VO2 max.
The association between cardiorespiratory fitness and intelligence was however not
statistically mediated by network characteristics.
Modularity refers to the extent to which the brain can be subdivided into coherent
subsystems. Although such a modular organization is generally beneficial for brain
functioning [35], having consistently tight connectivity within modules may be
detrimental. Our results show negative correlations between modularity and both mental
and physical functioning, indicating that higher levels of within-module connectivity
versus between-module connectivity may be related to decreased functioning. An MEG
study comparing modularity during several conditions of a working memory task reports
decreasing modularity, i.e. increasing intermodular communication, as effort increases
[49]. A study compiling a large number of task-related fMRI and PET studies also shows
the importance of the modular organization of the brain for cognitive functioning [38].
However, how modularity relates to healthy functioning during the resting-state has not
been reported.
Another resting-state study using modularity reports increased delta and theta band
modularity in Alzheimer’s patients when compared to healthy controls, which was
related to poorer performance on a fluency task [37]. Furthermore, an fMRI study during
task performance did not find changes in overall modularity over consecutive learning
sessions, but does report that the flexibility of particular nodes, i.e. the number of times
that each node in the network changes its belonging to specific modules, was related to
better performance [50]. That is, having a highly dynamic modular structure, as opposed
to a fixed modular division, was related to better functioning. These task-based findings
concerning network flexibility have recently been replicated, localizing these multi-tasking
nodes mainly in the fronto-parietal network [51]. Our findings indicate that the restingstate is characterized by lower modularity and increased between-module, possibly longrange connections in brighter and fitter individuals. It would be interesting to investigate
the transition from resting-state to any task, which may indicate that the resting-state
modular flexibility of the brain network is similar to task-based dynamics.
The effects of modularity and between-module connectivity were present in the upper
alpha and beta bands. These frequency bands have been studied extensively with respect
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to cognitive tasks, albeit mostly with respect to power and not connectivity or network
properties. The (upper) alpha band has been related to attention and working memory [5255], while the beta band has been implicated in learning, novelty detection, and reward
evaluation, indicating that this oscillation might be an important mechanism for directing
attention towards a novel stimulus [56-59]. A previous study used electroencephalography
(EEG) to investigate connectivity and network efficiency during a task in active versus
sedentary subjects [60]. Results show that in the beta band, active subjects show greater
connectivity and network efficiency than sedentary subjects. Similar results were obtained
when using coherence as a measure of connectivity, also in the alpha and beta band [61].
None of these studies investigated resting-state network topology.
With respect to the previously described study investigating modularity during increasingly
difficult cognitive conditions [49], most effects of neural reconfiguration were found in the
beta band, which the authors ascribe to the need for higher long-range synchronization,
increased intermodular connectivity, and thus loss of modularity in this frequency band
during tasks. This hypothesis, as well as our results, are corroborated by computational
and animal work, showing that beta oscillations provide excellent support for longdistance synchronization [59, 62]. The beta band may speculatively be at the heart of
communication between hub areas in the brain, which regulate higher-order functioning
of the brain network and therefore relate to intelligence and cardio respiratory fitness,
although more studies are needed to confirm this hypothesis.
Previous studies have only reported associations between resting-state functional
connectivity, cognitive functioning, and physical fitness. Particularly higher connectivity
within the default mode network (DMN) has been related to increased cardiorespiratory
fitness, while DMN connectivity also mediates the association between VO2 max and
cognitive functioning [17]. After a 1-year exercise intervention in older adults, both the
DMN and the fronto-parietal network show higher connectivity than a control group [18],
further building on the causal relationships that might exist between physical fitness
and functional connectivity. Our results partly corroborate these findings, and indicate
that there might be differential associations with particular types of connectivity: in
our investigation of a very large cohort of healthy subjects with a direct measurement
of neural activity, particularly increased between-module connectivity was related to
superior cardiorespiratory fitness and intelligence. Also, our lack of findings with respect
to average functional connectivity indicate that network analysis contributes valuable
information to the association between fitness and intelligence, and advocates for
investigation of the brain network as a whole instead of only focusing on connectivity
between particular spatially determined areas.
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Although circumstantial evidence is available, the definite direction of the association
between increased cardio respiratory fitness, functional brain network organization, and
cognition is still uncertain, and our results in a large sample do not support the hypothesis
that better physical condition leads to better intelligence through brain network topology.
Several aerobic intervention studies, which usually randomize between an exercise
program and a control intervention of for instance light stretching, have reported increased
cognitive functioning afterwards, but a number of studies failed to find a cognitive effect
of increased cardio respiratory fitness [7, 63]. Our study was not aimed at addressing this
issue, and mediation analyses were not significant. Additionally, measurement of VO2 max
took place approximately six years prior to intelligence testing and MEG recording. Our
analysis of VO2 max at previous time points suggests that this measurement is a relatively
stable measure of physical fitness, and all subjects with disease burden influencing
their lifestyle were excluded. Finally, the presence of associations between VO2 max and
intelligence six years later suggest that we are indeed looking at a robust indication of
physical fitness. However, we cannot ascertain that this interval between measurements
did not influence our results. Future longitudinal studies are needed to shed light on the
causal relations between cardiorespiratory fitness, intelligence, and network topology,
while investigation of anatomical brain connections may also yield further insights into
this issue.
Increased physical fitness is associated with better functional brain network topology. The
step from exercise to functional brain network may be difficult to understand. On a cellular
level, better physical fitness has often been associated with increases in BDNF [64, 65], and
possibly with IGF-1 and VEGF [66]. A recent study suggests that these exercise-induced
cellular changes are indeed related to functional connectivity, by comparing BDNF, IGF-1
and VEGF levels in two groups of participants undergoing either an aerobic or non-aerobic
intervention [20]. The link between cellular biology and network functioning as measured
with MEG has recently also been addressed in a study of protein expression and epilepsy
in brain tumor patients [67]. We were able to show a direct association between epilepsyrelated protein expression and between-module connectivity of the tumor area, further
indicating that these network patterns may be the intermediate between molecules
and behaviour. Future studies are needed to further explore how cellular changes as a
consequence of exercise lead to changes in functional connectivity.
Several limitations of the current study should be recognized. First of all, as previously
mentioned, measurement of cardiorespiratory fitness was performed several years before
MEG recording and intelligence testing took place. The influence of the lag between
measurements in the current study design on the reported results is unknown. Secondly,
this study was performed on the sensor-level, since no anatomical MRI scans (which are
necessary to perform accurate source reconstruction in MEG data) were available. This
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limits the spatial specificity of our results, and prohibits further investigation of specific
spatial network properties. Third, the spatial resolution of MEG is limited. Although MEG
is much less sensitive to volume conduction and disturbing effects of the skull and scalp
than EEG, common sources still pose a serious problem for coupling analysis. However,
the phase lag index is a particularly strict measure of functioning connectivity, because it
excludes all non-zero lagged correlations [44, 68].
In conclusion, we show that functional brain network organization may mediate the
association between cardiorespiratory fitness and intelligence. Less tightly connected,
more interconnected functional modular topology in the upper alpha and particularly
beta band may promote long-range connectivity in the resting-state, which relates to
both increased physical and mental fitness.
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Impaired blood flow of the carotid artery can result in cognitive impairment, but how
these vascular impairments lead to global cognitive disturbances is largely unknown.
Problems in functional connectivity between brain areas may be responsible for these
widespread effects. Therefore, the aim of this study was to examine the association
between carotid stiffness, functional connectivity and cognitive performance in
relatively young and healthy adults before clinical vascular pathology occurs. Data
was obtained with regard to local carotid stiffness captured measured with the
Young’s Elastic Modulus (YEM). All subjects underwent a commonly used Dutch
intelligence test and resting-state eyes-closed magnetoencephalography (MEG).
Five artefact-free epochs were analysed. The Phase Lag Index (PLI) was used as a
measure of functional connectivity between all sensors and was assessed in six
frequency bands (delta-gamma). Carotid stiffness was significantly associated with
increased functional connectivity in the alpha2 band in males (ß:0.287; p=0.008).

Abstract

The same results were found for females in the beta band (ß:0.216; p=0.040).
Furthermore, carotid stiffness was associated with superior cognitive function in
males (ß:0.238; p=0.007). In addition, there was neither a significant association
nor a consistent pattern between cognitive function and functional connectivity.
The increased connectivity might be a maladaptive phenomenon caused by
disinhibition of neurons which may explain the direction of the results. This study
suggests that detection of increased (local) carotid stiffness may be promising to
identify a disturbance in the organization of the functional brain network, even
before clinical vascular pathology occurs.
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Introduction
Arterial stiffness, which describes the rigidity of the arterial walls, is increasingly seen as a
useful diagnostic tool in daily medical practice to predict cardiovascular events in patients
at risk [1, 2]. Research has shown that vessel wall stiffness not only leads to increased
cardiovascular risk, but that there is also a close relationship between vessel wall stiffness
and cognitive functioning, i.e. higher vessel wall stiffness is related to cognitive decline
[3]. This relationship persists in the elderly, those with a disease, and even in middleaged individuals suffering from impaired brain function [4-11]. The pathophysiological
mechanism behind arterial stiffness and cognitive function might be explained by the fact
that higher levels of pulsatile pressure might cause structural changes and a dysfunction
of the microcirculation [12]. This may result in microvascular damage and impaired
microvascular function, with impaired cognition or loss of cognitive function as a result
[12, 13]. A recent longitudinal study showed an association between increased arterial
stiffness, subclinical vascular brain injury and greater neurocognitive decline in healthy
older adults [14]. However, little is known about this relationship in the preceding period,
namely in healthy middle-aged adults.
Cognitive functioning is considered to be dependent upon interactions between different
brain regions, rather than on a single brain region or structure [15]. Therefore, viewing
the brain as a complex network has become a widely applied framework in the field of
neuroscience in recent years [16, 17]. One approach to map this complex network is by
measuring the magnetic fields of the brain with magnetoencephalography (MEG). MEG
reflects the brain’s activity by measuring fluctuations in magnetic fields at the scalp
with millisecond temporal resolution. This technique allows us to estimate functional
connectivity, which refers to the statistical interdependencies between time series of
neural activity recorded from different brain regions that reflect functional interactions
and information exchange between the regions [18]. A powerful method that can be used
to detect this synchronous neuronal activity is the Phase Lag Index (PLI)[19].
Since functional connectivity may partly explain cognitive function [20], significant
changes in functional connectivity might account for cognitive deterioration in
neurological disease [21] and vessel wall stiffness is related to cognitive decline [3], it
is important to examine the relation between carotid stiffness, functional connectivity
and cognition. Therefore, the objective of this explorative study is to examine the crosssectional associations between carotid stiffness, functional connectivity and cognitive
performance in relatively young and healthy adults before clinical vascular pathology
occurs. We hypothesize that higher carotid stiffness may lead to a disturbance in the
functional connectivity of the brain and that this disturbance may be associated to poorer
cognitive performance.
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Methods
Subjects and study design
All subjects participated in the Amsterdam Growth Health and Longitudinal Study
(AGHLS; approved by the medical ethical committee of the VU University, Amsterdam,
The Netherlands; all participants gave written consent at each subsequent measurement
occasion). The AGHLS is a population-based observational longitudinal study, started in
1976, that aims to describe the natural development of growth, health and lifestyle during
adolescence and adulthood. The rationale and design of the AGHLS have been described
elsewhere in detail [22-24]. Of all subjects invited to the measurement rounds in 2000 and
2006, 230 subjects of the original cohort (n=698) attended both measurement rounds
and had complete data.
Carotid stiffness
The Young’s Elastic Modulus (YEM) is an estimate of the intrinsic elastic properties of the
vessel wall and represents the stiffness of the arterial wall material at operating pressure.
This local estimate of arterial stiffness was obtained through an ultrasound imaging
device connected to a computer equipped with vessel wall movement detector software
(Wall Track System 2, Pie Medical, Maastricht, the Netherlands). In both measurement
rounds, an identical protocol was followed. This protocol is described in detail elsewhere
[25, 26]. During the measurement, the arterial diameter (D), intima-media-thickness (IMT),
and distension (ΔD) were quantified by ultrasonography, determined according to the
Van Bortel calibration method of distension waveforms [27]. The Young’s elastic modulus
was calculated as follows: YEM= D/(IMT*DC) in 103kPa. In order to obtain a more stable
indicator of arterial stiffness, the average value of YEM was taken from the two subsequent
measurement rounds.
Cognitive performance
At mean age 42, all subjects underwent a validated short version of the Groningen
Intelligence Test (GIT) [28], which is a Dutch intelligence test and is a commonly used in
the Netherlands for purposes comparable to the Wechsler Adult Intelligence Scale (WAIS)
to determine general intelligence, expressed in Intelligent Quotient (IQ) [29]. Higher
scores on the cognitive test indicate superior performance. Luteijn and van der Ploeg
reported a Cronbach’s α of the total GIT to be .97 and a correlation with the shortened
version of .94 with the complete test [28]. The shortened version of the GIT was used as a
measure of general ability and consisted of the subtest ‘spatial jigsaw puzzles’, ‘arithmetic’
and ‘word matrices’ with an average internal consistency of .92 [30]. It took approximately
45 minutes to complete the test.
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Magnetoencephalography acquisition
MEG recordings were obtained at mean age 42, using a 151-channel whole head MEG
system (CTF SystemsInc., Port Coquitlam, BC, Canada) while subjects were seated inside
a magnetically shielded room. During the measurement, magnetic fields were obtained
during a five-minute no-task, eyes-closed condition. Head movements of at most 1.5
cm during acquisition were allowed. At the end of the measurements, five artifact-free
epochs of 4096 samples (6.554s) were selected by one of the authors [BWvD][31]. Those
epochs were selected that did not contain system related artifacts (SQUID jumps, noisy,
saturated channels), physiological artifacts (eye movement, eye blinks, muscle artifacts)
or excessive environmental noise [32]. All data analyses were performed using BrainWave
software [CJS, version 0.9.58 available from http://home.kpn.nl/stam7883/brainwave.
html]. The obtained epochs were band-pass filtered into the six frequency bands which
were used separately in further analyses: delta (0.5–4Hz), theta (4–8Hz), alpha1 (8–10Hz),
alpha2 (10–13Hz), beta (13–30Hz) and gamma (30–45Hz). Sensor values for connectivity
were averaged for five regions: frontal, central, parietal, occipital and temporal.
Phase lag Index (PLI)
As a measure of functional connectivity, the Phase Lag Index (PLI) was calculated. The
PLI calculates the asymmetry of the distribution of phase differences between two timeseries and ranges between 0-1. The asymmetry of the distribution of phase differences of
two signals can be obtained from a time series of phase differences ΔΦ(tk),k=1...N samples:
PLI =| < sign[sin ( Δφ( tk))] > |
The phase difference, Δφ, is defined in the interval [−2π,2π]; the absolute value of the
average sign of the phase difference mapped back to [–π,+π] and will be close to 1 if there
is a stable phase difference unequal to kπ. A PLI of 0 (modulo pi) implies no coupling
or coupling with a phase difference of zero degree or +/-180 degrees. The presence of a
consistent, non-zero, phase lag between two time series reflects true interaction instead
of volume conduction or common sources. By calculating the PLI, it is more likely to find
true interactions instead of volume conduction [19]. Regional and overall (whole-brain)
PLI were computed by averaging all values for the different brain regions.
Covariates
To adjust for known confounding factors, biological variables as well as lifestyle variables
have been taken into account. In both examinations we measured subjects’ height, mean
arterial pressure, body fat percentage, level of triglyceride to HDL-C (TG/HDL-C) ratio and
we obtained information on subjects’ smoking status and antihypertensive medication
use. Body fat percentage was measured with a DEXA scan, levels of triglyceride and
HDL-cholesterol were measured by enzymatic techniques (Roche Diagnostics GmbH,
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Mannheim, Germany. Smoking status was examined with a validated questionnaire [33].
Furthermore, antihypertensive medication was examined with a questionnaire and was
presented as a dichotomous variable (yes/no).
Statistical analysis
The association between cognition and functional connectivity was assessed with linear
regression analysis for all six frequency bands separately and stratified by gender and
were adjusted for mean arterial pressure, height, body fat percentage, smoking, TG/HDL-C
and antihypertensive medication use. The average value of YEM was used in all analyses
and were stratified by gender and adjusted for mean arterial pressure and height. Results
of all analyses were expressed as standardized regression coefficients (ß), to enable
comparison of the strengths of the association. All statistical analyses were performed
with SPSS statistical software (IBM SPSS, statistics, version 21.0), and a two-sided p-value
lower than .05 was considered to be statistically significant.

Results
Subject characteristics
Table 1 summarizes the characteristics of all participants included in the current analysis
separately for males (n=110) and females (n=120). In both genders, higher values of YEM,
increased stiffness, were found during the latter measurement round of 2006.
Carotid stiffness and cognitive performance
Table 2a-b shows the results of the association between average carotid stiffness and
cognitive performance. For males, YEM was associated with superior cognitive function
in males (Table 2a).
Carotid stiffness and functional connectivity
Table 3a-b show the results of the analyses correlating average carotid stiffness to
functional connectivity. For YEM, which reflects the intrinsic elastic properties of the vessel
wall, for almost all frequency bands, a positive association with PLI was found, suggesting
a consistent pattern. Regarding significance, in the alpha2 band, for males a significant
positive association was found (Table 3a), while in the beta band for females a significant
positive association was found (Table 3b).
The association between PLI and YEM is illustrated in more detail in Figure 1. At the sensor
level, p-values for the association of PLI with YEM were not significant in males (Figure 1a),
while in females a significant and global pattern could be noticed (Figure 1b).

Males (n=110)

1.40 ± 1.03

84.79 ± 7.66
25.98 ± 5.22
1.05 ± 0.26
a

184 ± 6.96

1.58 ± 1.08
1.22 ± 0.27a

Mean arterial pressure (mmHg)

Height (cm)

Distensibility coefficient (10-3/kPa)

Compliance coefficient (mm /kPa)

Triglyceride (mmol/l)

HDL-C (mmol/l)

0.138 ± 0.012
0.203 ± 0.026
0.178 ± 0.028
0.075 ± 0.005
0.070 ± 0.003

PLI theta

PLI lower alpha

PLI upper alpha

PLI beta

PLI gamma

26.09 ± 7.13
0.95 ± 0.28

171 ± 6.55
26.67 ± 6.15
0.91 ± 0.23
0.98 ± 0.43
1.57 ± 0.31

184 ± 6.68
25.40 ± 5.42
1.05 ± 0.26
1.48 ± 0.96b
1.37 ± 0.29 b

0.49 ± 0.12

PLI; Phase Lag Index
a
refers to 108 males, b refers to 107 males, c refers to 116 females, d refers to 118 females

0.43 ± 0.12

29.2 ± 4.3

171 ± 6.41

79.59 ± 8.22

87.37 ± 7.51

20.3 ± 3.9

82.70 ± 9.22

48.81 ± 5.90

51.99 ± 6.84

0.071 ± 0.003

0.076 ± 0.009

0.175 ± 0.026

0.207 ± 0.289

0.137 ± 0.012

106 ± 14
0.159 ± 0.015

0.45 ± 0.16

4 (3.3%)

33.9 ± 7.9d

15 (12.5%)

1.92 ± 0.35c

0.96 ± 0.46

c

43.23 ± 7.80

68.29 ± 8.04

63.32 ± 7.28

70.04 ± 6.39

111.52 ± 12.89

112.13 ± 10.95

42.09 ± 0.71

36.08 ± 0.73

Females (n=120)
2006

2000

122.02 ± 10.88

x̄ 2000-2006

x̄ 2000-2006 refers to the average value of the measurements in 2000 and 2006.

Note. Values are expressed as mean ± standard deviation or percentages

109 ± 13
0.155 ± 0.012

IQ score
PLI delta

3 (2.7%)
0.51 ± 0.16

0.48 ± 0.12

Young’s Elastic Modulus (103 · kPa)

20.6 ± 5.4

Hypertension treatment (n, %)

20 (18.2%)

Body fat percentage

1.51 ± 0.35

b

24.80 ± 7.38

184 ± 6.68

89.94 ± 9.22

49.63 ± 9.59

73.40 ± 7.79

Smoking
20.1 ± 3.3

1.06 ± 0.33

54.35 ± 5.81

Pulse pressure (mmHg)

2

66.67 ± 6.74

Diastolic blood pressure (mmHg)

123.02 ± 13.95

121.02 ± 10.39

Systolic blood pressure (mmHg)

42.06 ± 0.73

35.96 ± 0.69

2006

Age (years)

2000

Table 1. General characteristics of the study population.

0.44 ± 0.12

31.5 ± 5.7d

1.75 ± 0.33c

0.97 ± 0.39c

0.93 ± 0.22

26.38 ± 5.68

171 ± 6.49

81.15 ± 7.94

46.02 ± 6.03

65.81 ± 6.97

111.83 ± 10.78

x̄ 2000-2006
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Table 2a. Association between carotid stiffness and cognitive performance (IQ) in males.
Males
Dependent variable
IQ

Carotid YEMa
Model

B

p-value

95% CI

1

0.222

0.020

0.036; 0.408*

2

0.288

0.008

0.077; 0.499**

3

0.297

0.006

0.085; 0.509**

4b

0.238

0.007

0.067; 0.410*

Note. Standardized regression coefficients as obtained from multiple linear regression analyses.
Data refer to 110 males
Mode 1; crude model
Model 2; adjusted for mean arterial pressure (MAP)
Model 3; model 2, additionally adjusted for height
Model 4; model 3, additionally adjusted for TG/HDL-C, smoking, body fat percentage, hypertension
treatment
*p<0.05 **p<0.01
b
refers to 107 males
a

Table 2b. Association between carotid stiffness and cognitive performance (IQ) in females.
Females
Dependent variable
IQ

Carotid YEMa
Model

B

p-value

95% CI

1

0.009

0.925

-0.174; 0.191

2

0.016

0.881

-0.192; 0.223

3

0.038

0.717

-0.171; 0.248

4b

0.036

0.675

-0.134; 0.206

Note. Standardized regression coefficients as obtained from multiple linear regression analyses.
a
Data refer to 120 females.
Mode 1; crude model
Model 2; adjusted for mean arterial pressure (MAP)
Model 3; model 2, additionally adjusted for height
Model 4; model 3, additionally adjusted for TG/HDL-C, smoking, body fat percentage, hypertension
treatment
*p<0.05 **p<0.01
b
refers to 116 females
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Table 3a. Association between carotid stiffness and functional connectivity in males.
Males

Dependent variables
PLI delta

PLI theta

PLI lower alpha

PLI upper alpha

PLI beta

PLI gamma

Carotid YEMa
Model

B

p-value

95% CI

1

-0.106

0.268

-0.296; 0.083

2

-0.065

0.549

-0.282; 0.151

3

-0.084

0.437

-0.299; 0.130

1

0.113

0.238

-0.076; 0.303

2

0.136

0.217

-0.081; 0.352

3

0.134

0.227

-0.085; 0.352

1

0.106

0.271

-0.084; 0.295

2

0.101

0.357

-0.116; 0.318

3

0.109

0.325

-0.110; 0.327

1

0.293

0.002

0.110; 0.475**

2

0.285

0.008

0.076; 0.493**

3

0.287

0.008

0.076; 0.497**

1

0.086

0.370

-0.104; 0.267

2

0.088

0.423

-0.129; 0.305

3

0.094

0.398

-0.125; 0.313

1

0.049

0.609

-0.141; 0.240

2

0.035

0.752

-0.183; 0.252

3

0.038

0.730

-0.181; 0.258

Note. Standardized regression coefficients as obtained from multiple linear regression analyses.
a
Data refer to 110 males. Model 1: crude model; Model 2: adjusted for mean arterial pressure (MAP);
Model 3: model 2. additionally, adjusted for height.
*p<0.05 **p<0.01
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Table 3b. Association between carotid stiffness and functional connectivity in females.
Females

Dependent variables
PLI delta

PLI theta

PLI lower alpha

PLI upper alpha

PLI beta

PLI gamma

Carotid YEMa
Model

B

p-value

95% CI

1

0.003

0.978

-0.180; 0.185

2

0.044

0.673

-0.163; 0.251

3

0.044

0.677

-0.166; 0.255

1

0.102

0.267

-0.079; 0.284

2

0.064

0.541

-0.142; 0.270

3

0.062

0.560

-0.148; 0.271

1

-0.042

0.645

-0.225; 0.140

2

-0.047

0.656

-0.254; 0.161

3

-0.030

0.781

-0.240; 0.181

1

0.191

0.037

0.012; 0.369*

2

0.175

0.092

-0.029; 0.378

3

0.158

0.127

-0.045; 0.361

1

0.206

0.024

0.027; 0.384*

2

0.212

0.041

0.009; 0.415*

3

0.216

0.040

0.011; 0.421*

1

0.113

0.217

-0.068; 0.295

2

0.082

0.791

-0.124; 0.295

3

0.092

0.381

-0.116; 0.300

Note. Standardized regression coefficients as obtained from multiple linear regression analyses.
a
Data refer to 120 females. Model 1: crude model; Model 2: adjusted for mean arterial pressure
(MAP); Model 3: model 2. additionally, adjusted for height.
*p<0.05 **p<0.01
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Figure 1. Significant sensor-specific associations between PLI and YEM
(A) A t-map of significant associations in the α2 band in men. (B) A t-map of significant associations in
the β band in women. Note: warm colours refer to positive associations, while cool colours indicate
negative associations.

Cognitive performance and functional connectivity
There was neither a significant association nor a consistent pattern between cognition
and PLI (Table 4a-b).
Table 4a. Association between cognitive performance (IQ) and functional connectivity in males.
Males

Cognitive performance (IQ)a
B

p-value

95% CI

PLI delta

0.001

0.989

-0.001; 0.192

PLI theta

0.061

0.528

-0.001; 0.251

PLI lower alpha

-0.120

0.211

-0.310; 0.069

PLI upper alpha

-0.022

0.817

-0.213; 0.168

PLI beta

-0.008

0.934

-0.199; 0.183

PLI gamma

0.022

0.818

-0.169; 0.213

Dependent variable

Note. Standardized regression coefficients as obtained from multiple linear regression analyses.
a
Data refer to 110 males
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Table 4b. Association between cognitive performance (IQ) and functional connectivity in females.
Females

Cognitive performance (IQ)a

Dependent variable

B

p-value

95% CI

PLI delta

0.077

0.989

-0.104; 0.259

PLI theta

-0.078

0.397

-0.260; 0.104

PLI lower alpha

-0.043

0.643

-0.255; 0.139

PLI upper alpha

0.084

0.362

0.266; 0.124

PLI beta

-0.012

0.893

-0.195; 0.170

PLI gamma

0.001

0.990

-0.181; 0.183

Note. Standardized regression coefficients as obtained from multiple linear regression analyses.
a
Data refer to 120 females

Additional analysis
Some additional analyses were performed to examine whether the mean value of the
carotid stiffness as independent variable may cause an over- or underestimation of the
association between carotid stiffness and functional connectivity. The relationship was
examined with vessel wall stiffness data, expressed as YEM, in 2000 and 2006 separately.
Using data from 2000 did not change the relation between carotid stiffness and functional
connectivity, nor did use of the YEM data from the measurement round in 2006 (data not
shown).

Discussion
The present study was undertaken to evaluate the association between local arterial
stiffness of the carotid artery, the brain’s functional connectivity and cognitive
performance in healthy middle-aged subjects. The main findings of this study are threefold. First, increased local arterial stiffness of the carotid artery, expressed in terms of YEM,
was significantly positive related to cognitive performance in males. The second finding is
that greater local arterial stiffness, was related to higher functional connectivity in males
and females. Finally, no association was observed between functional connectivity and
cognitive performance in males and females.
The present study shows that greater arterial stiffness is positively correlated with superior
cognitive performance in males. In contrast to our study, a recent systematic review
reported fairly consistent evidence that greater arterial stiffness is related to a decrease in
cognitive performance [3]. However, studies that examined the cross-sectional association
between arterial stiffness and global cognitive function via the Mini-mental Status
Examination (MMSE) were inconsistent as opposed to studies that measured cognitive
function with an array of neuropsychological tests [3]. Furthermore, decreased executive
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function and lower memory scores in relatively healthy community-based subjects were
associated with arterial stiffness [6, 13, 34]. Moreover, a longitudinal modeling study
revealed an overall inverted-U shape (quadratic) trajectory across basic and everyday
domains of cognition in a healthy cohort with a mean age of 74 years [35]. This finding
might explain the counterintuitive positive association between vessel wall stiffness and
cognition we report, since our study population is younger and their cognition is not
buffered against decline yet. It still remains unclear at which point in time the alteration of
the carotid artery will attribute to cognitive decline. In addition, a recent study found that
aortic stiffness was associated with poorer cognitive function in those aged 45-65 years,
but not in those aged 30-45 years [36].
Previous research indicates that greater arterial stiffness is associated with a higher risk of
developing cardiovascular diseases [37]. Furthermore, lower arterial stiffness is associated
with higher levels of cardio respiratory fitness (i.e. VO2 max), which implies that a healthy
lifestyle reduces cardiovascular disease [38]. However, aforementioned studies are usually
performed in older subjects, or those that are already at risk for cardiovascular problems.
Here, we show a positive association between arterial stiffness and both functional
connectivity and cognitive functioning in healthy, young subjects. A recent paper based
on the same cohort suggests that not only cognitive functioning but also physical fitness
(i.e. VO2 max) are correlated to network organization [39]. Together with our current
results, it seems that a healthy lifestyle promotes both physical and mental fitness within
the healthy population.
The present investigation shows that greater arterial stiffness is significantly associated
with higher PLI-values of the resting-state brain in the alpha2 band in males and beta
band in females. During task performance, higher spectral power in the alpha2 band is
associated with attention and working memory [40, 41], while the beta band is involved in
learning [41, 42]. However, the resting-state shows a possibly reverse association between
connectivity and cognitive functioning, at least in healthy subjects or mildly impaired
(prodromal) patients; several studies have shown associations between mild cognitive
impairments and increased levels of synchronization in the alpha and beta frequencies
at rest [43, 44]. However, in patients with Alzheimer’s disease, lower MMSE scores are also
characterized by decreased synchronization in these frequency bands [45].
The counterintuitive research findings with regard to the positive correlation between
connectivity and carotid stiffness deserves further attention. It is hypothesized that
greater brain activity is compensatory behaviour [46, 47]. Compensation behaviour is
observed in older adults [48], but an increase in functional connectivity has also been
reported in subjects with mild cognitive impairment, which is a precursor of Alzheimer’s
disease [43]. It is assumed that the network may work harder to compensate for its own
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declining efficiency and to deal with the failing parts in the brain. However, whether
this hypothesis can be fully applied to connectivity of the brain remains unclear, since
this hypothesis merely takes the activity of the brain into account, and we investigated
resting-state connectivity. Another possible explanation for the increase in connectivity
is that the increase in functional connectivity is not merely the effect of compensatory
behaviour, but that this increase is partly pathological [49]. A recent modelling study
showed that when Activity Dependent Degeneration (ADD) was simulated the increase
in neuronal activity leads to a degeneration, an inverted-U-relationship. It is assumed that
the increase in neuronal activity can be explained by neuronal disinhibition, which makes
the highly connected nodes (known as hubs) in the brain more vulnerable for Alzheimer’s
disease and other mild cognitive impairments [49]. Since no association is found between
functional connectivity and cognitive performance in our study sample, it is likely that a
disturbance of the organization of the functional brain network will be noticeable at a
later time point if clinical vascular pathology occurs.
In this study we used MEG to obtain recording of resting-state brain activity and to
determine the functional connectivity using PLI. MEG makes it possible to measure realtime neural activity with great temporal precision. Therefore, this study gives a good
indication of the relation between arterial stiffness and functional connectivity in healthy
middle-aged subjects at rest. Further, our findings were obtained in a fairly healthy, highly
educated and slightly homogenous population [22]. As a consequence, our findings
might be slightly underestimated. Furthermore, this study indicates that a difference in
gender can be observed in the association between vessel wall stiffness and functional
connectivity. Since it is known that the brain organization differs between males and
females it is important to stratify the results by gender [50-53].
A limitation of this study is the fact that we are not able to support a temporal or causal
relation between arterial stiffness, functional connectivity and full-scale intelligence. This
limits the ability to examine specific aspects of cognitive function that might be altered.
Therefore, it is recommended in future work to examine executive functions, memory,
verbal fluency, speed and attention in relation to carotid stiffness in addition to full-scale
intelligence. Moreover, further research is needed in the same subjects to determine
whether the increase in functional connectivity is a result of greater stiffness of the
carotid artery and to determine the long-term effects in relation to cognition. In addition,
future work should examine at which point in time vessel wall stiffness is responsible for a
decrease in specific aspects cognitive performance.
Furthermore, it is recommended to apply source-space analyses on MEG-data. For this
analyses a subject’s MRI must be co-registered with the MEG-data to provide a detailed
topographical view of the (abnormal) brain activity [54]. Since MRI scans are not available
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for the participants within the Amsterdam Growth and Health Longitudinal Study, we were
not able to apply the source-space technique in order to provide a detailed topographic
view of the brain.
The present study shows that greater arterial stiffness of the carotid artery is related to
higher functional connectivity in the alpha2 band and with cognitive performance in
males. In females a positive association of arterial stiffness and functional connectivity can
be found in the beta band. Longitudinal research is necessary to determine the predictive
value of arterial stiffness in relation to functional connectivity and cognitive performance
in order to grasp the underlying mechanisms of this association and to see whether the
phenomenon we observed might be explained by compensatory behaviour. Our results
indicate that early diagnostics of arterial stiffness may be promising to identify a disturbance
in the organization of the functional network in a relatively healthy and young population.
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Recently, a large study demonstrated that lower serum levels of insulin growth
factor-1 (IGF-1) relate to brain atrophy and to greater risk for developing Alzheimer’s
disease in a healthy elderly population. We set out to test if functional brain networks
relate to IGF-1 levels in the middle-aged. Hence, we studied the association between
IGF-1 and magnetoencephalography–based functional network characteristics in

Abstract

a middle-aged population. The functional connections between brain areas were
estimated for six frequency bands (delta, theta, alpha1, alpha2, beta, gamma) using
the phase lag index (PLI). Subsequently, the topology of the frequency-specific
functional networks was characterized using the minimum spanning tree. Our
results showed that lower levels of serum IGF-1 relate to a globally less integrated
functional network in the beta and theta band. The associations remained significant
when correcting for gender and systemic effects of IGF-1 that might indirectly affect
the brain. The value of this exploratory study is the demonstration that lower levels
of IGF-1 is associated with brain network topology in the middle-aged.
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Introduction
The structural and functional networks in the healthy human brain have shown to contain
aspects of scale–free [1] and small–world networks [2], as well as hierarchical modularity
(Meunier et al., 2010). That is, the configuration of brain networks may reflect the outcome
of an optimization process tuned to obtain an efficient communication between areas
while avoiding that individual regions become overloaded [3]. During normal ageing,
changes in global functional integration [4] might provoke cognitive decline, often
referred to as the “disconnection” hypothesis [5-8]. Consistently, network analyses have
shown that alterations in the topology of functional brain networks occur with ageing.
These changes show globally a less efficient network, with increased local clustering and
reduced centrality of hub regions [9-11]. Furthermore, it has been proposed that overload
of specific areas and cascading effects across the network might explain vulnerability
to neurodegeneration [12], constituting a common pathophysiological mechanism
shared by many different etiologies of neurodegeneration[4]. In addition, it has been
demonstrated that within the Amsterdam Growth and Health Longitudinal Study (AGHLS)
cohort global functional interaction in the network relates positively to physical fitness
and intelligence quotient (IQ) [13].
Insulin growth factor-1 (IGF-1) is a protein primarily secreted by the liver, although it is
also synthesized to a lesser extent in the brain [14]. IGF-1 plays an important role in the
human brain[15]: both in vitro and animal studies have shown that IGF-1 affects a number
of molecules that are key players in regulating neuronal homeostasis, and thereby
regulates neuronal survival [16-23]. Furthermore, IGF-1 associates with the functioning of
neuronal circuitry and networks, relating to both presynaptic [24] and postsynaptic [25]
transmission in the hippocampus.
Numerous studies in humans have investigated the levels of IGF-1 in Alzheimer’s disease
(AD), Parkinson’s disease (PD) and other neurodegenerative disorders (for a review see
[26]). However, despite the fact that IGF-1 is invariably found to be altered in these
patients, there is no agreement on whether protection is granted by high levels or low
levels of IGF-1 [26]. Within the AGHLS, which is a relatively young and healthy population,
the association between IGF-1 serum levels and cognitive functions was examined. No
significant associations were found between cognitive measures and IGF-1 levels [27].
However, Tumati et
showed that higher IGF-1 serum levels associated with a worse
cognitive profile in middle-aged males [28]. Recently, the association of IGF-1 on brain
volume was assessed in a healthy elderly population within the Framingham cohort,
showing that lower serum levels of IGF-1 are related to smaller brain volumes, as well as
to higher risk for developing AD [29]. Hence, we hypothesize that IGF-1 might be linked
to functional connectivity in a relatively young and healthy cohort. Furthermore, beside
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the “disconnection hypothesis”, i.e. alterations at the level of individual connections, it has
recently been shown that also at the level of global network characteristics, functional
brain networks are less integrated in dementias [30]. In this line of thinking, one might
expect that lower serum levels of IGF-1 would also associate with a network that is less
integrated. To test whether functional networks are associated to IGF-1 levels, we used
data from the Amsterdam Growth and Health Longitudinal Study, a middle-aged healthy
cohort, in which resting–state magnetoencephalographic signals were recorded [31].
Functional brain networks were subsequently reconstructed using an atlas-based
beamforming approach [32, 33]. Since many network metrics are affected by either
network size or, (arbitrary) thresholding, or edge density [34], we chose to reconstruct the
minimum spanning tree (MST). The MST is a loop-less subgraph of the original network that
connects all the nodes of the original graph and describes the backbone of the network,
yet retaining most of the information about the original network [35]. Furthermore, the
MST allows to obtain network metrics that are statistically comparable across groups.
Finally, to test whether lower serum IGF-1 relates to a less integrated network, we looked
for associations between serum IGF-1 levels and MST parameters.

Methods
Participants
All subjects participated in the Amsterdam Growth and Health Longitudinal Study
(AGHLS), which is an observational cohort study started in 1976, initially consisting of
600 boys and girls at the age of thirteen [31]. In the most recent round of measurement,
in 2006, at the age of 42, magnetoencephalography was added to the test-battery[31].
The ethics committee of the VU University Medical Center approved the study and all
participants gave written informed consent before participation.
Magnetoencephalography acquisition
MEG recordings were obtained for 339 participants, as previously described [13], using a
151-channel whole-head MEG system (CTF Systems Inc., Port Coquitlam, BC, Canada), while
subjects were in supine position inside a magnetically shielded room (Vacuumschmelze,
Hanau, Germany). Magnetic fields were recorded during a five-minute no-task, eyes-closed
condition. A third-order software gradient was used with a recording passband of 0-150 Hz
and a sampling frequency of 625 Hz [36]. The head position was recorded at the start and
end of each recording by passing small alternating currents through three head position
coils attached to the left and right pre-auricular point and the nasion. Head movements
of at most 0.5 cm during acquisition were allowed. Artifact-free epochs of 4096 samples
(6.552 s) were selected based on visual inspection [PS, DN]. The artifacts included system
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related artifacts (SQUID jumps, noisy, broken, saturated channels), physiological artifacts
(eye movements, eye blinks, muscle artifacts) or excessive environmental noise [37]. Only
datasets with at least 17 good epochs [38] were selected for further analysis, resulting in
242 datasets with on average 30 epochs (range: 17 - 47).
Reconstruction of time series of neuronal activity
Time series of neuronal activity were reconstructed using an atlas-based beamforming
technique described previously [33] and here we provide a brief summary (see also Fig.1).
MEG data were co-registered with a template MRI through identification of the same
anatomical landmarks where the head–localization coils were placed. The scalp surface
was extracted from the co-registered MRI, and a multisphere head model was constructed
[25], which was used for the beamformer computations (see below). The voxels in the
template MRI were labeled according to the Automated Anatomical Labeling (AAL) atlas
[39]. The 78 cortical regions-of-interest (ROIs) [40], as well as the hippocampi, were used
in our analysis.
The voxel at the centroid of each ROI was used in order to obtain a single time series for
each ROI [32]. The MEG data were band–pass filtered between 0.5 and 48 Hz and both
data covariance matrix and a unity noise covariance matrix were used to reconstruct
the normalized beamformer weights [41, 42] for each centroid using Synthetic Aperture
Magnetometry [43]. The time series of neuronal activation were subsequently estimated
by projecting the data through these weights, resulting in 80 broad–band time series of
neuronal activation, i.e. one for each of the 80 selected ROIs of the AAL atlas.
In order to avoid drowsiness, the first ten artifact-free epochs were selected based on
visual inspection to undergo further analysis using BrainWave software [CJS, version
09.152.1.23 available from http://home.kpn.nl/stam7883/brainwave.html]. These epochs
were band-pass filtered into the six classical EEG frequency bands using a discrete Fast
Fourier Transform: delta (0.5–4 Hz), theta (4–8 Hz), alpha1 (8-10 Hz), alpha2 (10-13 Hz),
beta (13–30 Hz) and gamma (30–48 Hz).
Functional connectivity analysis
The phase lag index (PLI) was used as a measure of functional connectivity between two
time-series [44]. PLI quantifies the asymmetry of the distribution of differences between
the instantaneous phases (derived from a Hilbert transform of the time series) for two
time series (Δφ )as:
PLI = |<sign[sin(Δφt)]>|
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where ‘< >’ indicate the mean value, ‘sign’ stands for the signum function, ‘||’ denote the
absolute value and ‘t’ are the discrete time-steps. The phase difference is defined in the
interval [-π, π]. This measure is insensitive to volume conduction (at the cost of discarding
true zero–lag interactions), and ranges from 0 to 1, where 0 indicates completely symmetric
distribution of the phase differences, or phase differences of zero (mod π), and 1 indicates
perfectly asymmetric distribution of the phase differences [44]. With this procedure, we
obtained a 80x80 weighted adjacency matrix for each epoch and for each subject, in all of
the frequency bands.
Network analysis
The weighted adjacency matrix can be used to reconstruct a network or complete
weighted graph, where the 80 areas of the AAL atlas are represented as nodes, and the PLI
values form the weighted edges.
A frequency specific minimum spanning tree (MST) was calculated for each epoch by
applying Kruskal’s algorithm to the weighted adjacency matrix [45]. We were interested
in the strongest connections, hence for the construction of the MST the edge weight was
defined as 1/PLI. The algorithm first ranks the links in ascending order and then constructs
the network by adding one link at a time, discarding links that would form a loop. The
algorithm proceeds until all nodes are connected resulting in a loop-less graph with N
nodes and M = N-1 links [45]. We chose to use the MST to avoid some of the biases in
traditional network analyses [4, 34, 35, 46]. Based on the MST we then calculated the tree
hierarchy (Th ) defined as [3]:
Th =

L
2MBCmax

where L is the leaf number (number of nodes with degree = 1), BC is the betweenness
centrality (fraction of all shortest path that pass through a particular node [47], BCmax is
the maximum BC across the network and M is the number of links. The denominator is
multiplied by two to ensure that Th ranges between 0 and 1. A Th equal to 0.5 indicates
a star-like topology and a Th equal to 0 implies a path–like topology (Fig. 1, F). Th values
higher than 0.5 are assumed to reflect more optimal network configurations that provide
a trade-off between node–overload and efficient communication[3, 48]. The leaf fraction
was calculated as the fraction of nodes with a degree of 1 [3], and it provides an indication
of how integrated the network is (i.e. the higher the leaf fraction, the more integrated
the network) (see Fig. 1, F). Furthermore, we calculated the BC for each region, in order
to determine if specific regions were more affected by serum levels of IGF-1 than others.
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IGF-1
IGF-1 serum levels were obtained at the 2006 assessment using a commercially available
assay (Chemiluminescent immunometric, Immulite 2500, DPC, Los Angeles, USA). Samples
were stored at −80°C. The IGF-1 assay was calibrated with reference to the 1st WHO
international standard 02/254. The intra-assay and the inter-assay coefficient of variation
were both 5% for the entire range of values [49].
Covariates
All covariates included in the analysis were obtained at the 2006 assessment. Serum
levels of IGF-1 are related to a number of systemic factors (such as vascular functioning,
inflammation status, metabolic status) that in turn affect the brain networks. Since we
were interested in the direct association of IGF-1 on brain topology, these confounders
were taken into account.
Macrovascular function
An ultrasound scanner (Wall track system 2; Pie Medical, Maastricht, The Netherlands) was
used to measure the carotid artery capacities. The standardized procedures to obtain artery
capacities for the estimation of macrovascular function are described elsewhere in detail
[50]. Intima Media Thickness of the carotid artery (IMT) was assessed. Reproducibility of
macrovascular parameters was tested in 2006. For carotid IMT, the coefficient of variation
was 6.2% [51]. Since an inverse relationship between IGF-1 level and carotid intima – media
thickness has been described previously, it is an important factor to take into account [52],
since it might independently cause brain damage.
Microvascular function
Metabolic changes have shown an impact on microvasculature [53, 54]: therefore we used
as a covariate the microvascular function as assessed by functional nailfold capillaroscopy,
as this has shown to linearly regressed with cerebral circulation [55, 56]. A nailfold
capillary videomicroscopy (Capiscope, KK Technologies, Devon, UK) was used to assess
microvascular function as previously described [56]. Reproducibility of the microvascular
parameters was tested using intraclass correlation coefficients. The intraobserver intraclass
correlation coefficients of capillary density counts during baseline and after 4 minutes
of arterial occlusion were 0.97 and 0.96, and the interobserver intraclass correlation
coefficients were 0.86 and 0.90, respectively [56].
C-reactive protein (CRP)
We adjusted for CRP as this is a measure of subclinical systemic inflammation that is linked
to neurodegeneration and has shown to inversely correlate with IGF-1 [57]. Blood samples
were collected in order to assess the CRP-levels using a multi-array detection system based on
electro-chemiluminescence technology (SECTOR Imager 2400, Meso Scale Discovery). Intraand inter-assay coefficients of variation for the CRP were 2.3 and 4.3%, respectively [58].

5

104 |

Chapter 5

Body fat distribution
Central obesity was taken into account by assessing the waist–hip ratio, since obesity and
the expression of IGF -1 are related [57, 59]. Waist circumference was measured midway
between the lowest rib margin and the iliac crest, and the hip circumference was measured
at the widest levels over the great trochanter.
Pulmonary fitness
Lastly, forced expiratory volume in 1 second (FEV1) was taken into account as a confounder
since it is known that FEV1 and cognitive function are positively associated in the middleaged population [60, 61]. Furthermore, IGF-1 is positively associated with fitness [62].
From the 242 subjects, data regarding IGF-1, macro- and microvascular function, CRP and
body fat distribution was available for 156 subjects. Information with regard to the FEV1
was available for 152 subjects.
Statistical analysis
Firstly, to exclude that any inadvertent bias was introduced by the data selection, we
tested by a t-test or chi-square test whether the participants with complete data (n=152)
differed significantly on general characteristics as compared to the rest of the cohort.
The association between IGF-1 and MST network topology was analysed using a linear
regression analysis with IGF-1 as the independent variable and the MST network topology
as the dependent variable. In order to determine the normality of the outcome variables
graphically, normal QQ-Plots were made. The outcome variables were normally distributed
and IGF-1 was linearly associated with the MST network topology. Furthermore, we
evaluated the homoscedasticity with a t-test with a median split on the IGF-1 values. The
Levene’s test for equality of variances did not show any significant results and therefore
we concluded that the assumption of homoscedasticity was met.
For the tree hierarchy (Th) and the leaf fraction, we performed analyses for six frequency
bands. Beside non-corrected analyses, we also adjusted for CRP-levels, intima-media thickness
of the carotid artery, microvascular function, FEV1, waist hip-ratio and gender. Standardized
regression coefficients (β) were used to assess the strength of the association. Regression
analyses were performed with SPSS statistical software (IBM SPSS, statistics, version 21.0),
and a two-sided p-value lower than .05 was considered to be statistically significant. When
there was a significant association between Th or leaf fraction and serum levels of IGF-1, posthoc analysis was performed to analyze the association between BC and IGF-1 in the different
frequency bands. For this, the BC was calculated for each ROI and compared between subjects
with high and low serum levels of IGF-1 (median split) by permutation testing [63] followed by
an FDR correction for multiple comparisons across ROIs [64].
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Results
Table 1 and 2 show descriptive information of the study population, while Table 3 and 4
show the results of the linear regression analyses. The participants for whom complete
data was available did not differ significantly on general characteristics as compared to
the rest of the cohort (not shown).
Table 1. General characteristics of the study population (n=156).
Mean
Age, years

42 ± 0.7 (41 – 44)

Gender, % males

72 (46.2)

Waist-to-hip ratio

0.83 ± 0.08 (0.68 – 1.10)

Microvascular function
Baseline capillary density (capillaries per mm2)

43.13 ± 15.74 (9.25 – 85.53)

Macrovascular function
Intima-media thickness, mm

0.66 ± 0.12 (0.40 – 1.08)

Serum IGF-I level, nmol/L

23.6 ± 5.4 (11.2 – 39.3)

C-reactive protein, ng/ml (M(IQR))

740 [347 – 1918]

FEV1, 0.01L/sec**

3.88 ± 0.79 (1.54 – 5.64)

Continuous data are presented as mean ± standard deviation (SD) or median [interquartile range
(IQR)]; dichotomous data are presented as percentages.
** Data based on 152 participants

Table 2. Leaf fraction and tree hierarchy parameters in the study population.
Leaf fraction

Mean ± SD (min-max)

Delta

0.5150 ± 0.0148 (0.4747 – 0.5596)

Theta

0.5023 ± 0.0135 (0.4607 – 0.5481)

Alpha1

0.5506 ± 0.0162 (0.4545 – 0.5506)

Alpha2

0.5007 ± 0.0147 (0.4619 – 0.5353)

Beta

0.5417 ± 0.0174 (0.4481 – 0.5417)

Gamma

0.4918 ± 0.0165 (0.4481 – 0.5355)

Tree hierarchy

Mean (SD)

Delta

0.3840 ± 0.0130 (0.3545 – 0.4280)

Theta

0.3777 ± 0.1309 (0.3385 – 0.4284)

Alpha1

0.3795 ± 0.0157 (0.3409 – 0.4276)

Alpha2

0.3758 ± 0.0139 (0.3396 – 0.4040)

Beta

0.3740 ± 0.0154 (0.3324 – 0.4141)

Gamma

0.3708 ± 0.0138 (0.3324 – 0.4072)

Data are means ± SD and minimum and maximum. Data based on 156 participants.
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-0.028

-0.054

0.211

0.003

Alpha1

Alpha2

Beta

Gamma

0.039

2.591

-0.638

-0.688

2.037

0.556

95% CI

-0.162 – 0.169

0.050 – 0.372

-0.220 – 0.113

-0.193 – 0.137

0.005 – 0.331

-0.113 – 0.209

0.969

0.011*

0.525

0.740

0.043*

0.556

P-value

β

-0.003

0.202

-0.033

-0.061

0.164

-0.006

Serum IGF-levels
t-values

-0.033

2.310

-0.358

-0.688

1.868

-0.063

-0.181 – 0.175

0.029 – 0.372

-0.213 – 0.148

-0.236 – 0.114

-0.010 - 0.337

-0.180 – 0.169

Adjusted
95% CI

P-value

0.969

0.022*

0.721

0.492

0.064

0.950

0.056

0.223

0.018

0.072

0.221

0.004

Delta

Theta

Alpha1

Alpha2

Beta

Gamma

0.052

2.693

0.851

0.217

2.731

0.691

95% CI

-0.162 – 0.170

0.059 – 0.383

-0.095 – 0.238

-0.146– 0.182

0.062 – 0.385

-0.104 – 0.215

Crude

t-values

0.958

0.008*

0.396

0.829

0.007*

0.491

P-value

-0.042

0.178

0.086

0.035

0.215

0.013

β

-0.468

2.035

0.935

0.395

2.462

0.145

t-values

-0.221 – 0.136

0.005 – 0.352

-0.095 – 0.267

-0.14 1– 0.212

0.042 – 0.388

-0.161 – 0.187

95% CI

Adjusted

0.641

0.044*

0.351

0.693

0.015*

0.885

P-value

β, standardized regression coefficients as obtained from multiple linear regression analyses. Data refer to 156 subjects. Leaf = leaf fraction. Covariates
were: microvascular function, creatine-levels, intima-media thickness of the carotid artery, FEV1, waist-to-hip-ratio and gender.
* refers to P-values < 0.05

β

Leaf

Serum IGF-levels

Table 4. Crude and adjusted associations of leaf fraction with IGF-I levels.

β, standardized regression coefficients as obtained from multiple linear regression analyses. Data refer to 156 subjects. Th = tree hierarchy. Covariates
were: microvascular function, creatine-levels, intima-media thickness of the carotid artery, FEV1, waist-to-hip-ratio and gender.
* refers to P-values < 0.05

0.168

Theta

β

0.048

Th

Delta

Crude
t-values

Table 3. Crude and adjusted associations tree hierarchy with IGF-I levels.
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IGF-1 was found to be most strongly and positively associated with the tree hierarchy (Th
) in the beta band with a β of 0.211 and a p value of 0.011 (Table 3; Fig 2, A). When taking
the covariates into account, the β was 0.202 and the p value was 0.022.
There was also a positive association between the leaf fraction in the beta band and IGF-1
(β = 0.221; p = 0.008) (Table 4), which remained significant when including the covariates
(β = 0.178; p = 0.044) (Table 4, Fig. 2, B). Furthermore, the leaf fraction in the theta band
were positively associated with IGF-1 (β = 0.223; p =0.007), also when including covariates
(β = 0.215; p =0.015) (Table 4, Fig. 2, C).
Post-hoc analysis of the BC in the beta and theta band did not reveal any significant
regional differences between the high and low IGF-1 groups (not shown).

5

Figure 1. Schematic overview of the analysis pipeline
A. Signals recorded by the MEG sensors. B. Source reconstruction using an atlas-based beamformer.
C. Reconstructed time series for 80 atlas-based ROIs. D. Adjacency matrix containing the functional
connections between ROIs as estimated using the PLI. E. Construction of the MST–based brain
network (where each ROIs is a node and each functional connection an edge) F. Illustration of
extreme MST configurations, a line–like and a star-like network. Red nodes are the leaves (nodes with
only one connection). The betweenness centrality (the fraction of all shortest paths in the network
passing through a given node) is highest for the dark blue nodes. Note that the star-like network has
many leaves, is highly integrated, but that the central node could become overloaded because all
shortest path pass through it. In contrast, in the line-like network the load is more distributed, but
the network is not well integrated. The tree hierarchy reflects this balance between overload and
integration, with the optimal configuration presumably in between these two extremes.
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Figure 2. Linear relation between IGF-1 and Tree hierarchy (A) and leaf fraction (B) in the beta
band, as well as with leaf fraction in the theta band (C). The dotted lines show the age-specific
reference limits for IGF-1 in nmol/L(Elmlinger et al., 2004).
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Discussion
In this study, we set out to test the hypothesis that IGF-1, a growth factor that plays a
role in many neurodegenerative diseases [26], would associate to a less integrated brain
network topology in healthy, middle–aged subjects. We found that lower levels of serum
IGF-1 associate to less integrated functional brain networks in both the theta and beta
band.
The literature about the relationship between IGF-1 and brain function and cognitive
performance has been contradictory so far, since both high and low levels of IGF-1 have
been reported as detrimental [26]. However, these studies have been performed in the
elderly, and the information in the middle-aged are scarce. As far as cognitive functioning
is concerned, one study showed in middle-aged males that high serum IGF-1 levels are
associated with worse future cognitive function [28]. An earlier study performed in the
same cohort (AGHLS) did not find any association between IGF-1 and cognition [27]. It
has previously been shown that lower levels of serum IGF-1 relate to brain atrophy and
higher risk of dementia in the elderly healthy brain [29]. However, information about the
association between functional brain activity and IGF-1 serum levels in the middle-aged
has never been explored to date.
In order to address this issue, we characterized the global topology of the functional
network using the tree hierarchy, which quantifies the trade-off between having a wellintegrated network and prevention of regional overload [3], and the leaf fraction. It has
previously been shown that lower levels of serum IGF-1 relate to brain atrophy and higher
risk of dementia in elderly healthy brain [29]. Here, we showed that IGF-1 is positively
associated with the tree hierarchy and leaf fraction. Together, these findings show that
low serum levels are related to a less integrated (more line-like) network (see Fig. 1F), with
a sub-optimal balance between integration and hub–overload.
Since a network with a more line–like configuration can be regarded as less integrated,
our results might also be framed within the “disconnection hypothesis” [5-8], whereby
neurodegeneration would relate to a more disconnected brain network. For instance, it
was shown with the MST applied to the default mode network (DMN) in fMRI data that
AD patients have a less integrated DMN than healthy controls [65], in line with our finding
that a more line-like network relates to lower levels of serum IGF-1. In this framework, one
might speculate that the association of lower levels of serum IGF-1 with brain functional
networks in young adults is an early expression of abnormal neuronal functioning,
eventually culminating in the observed brain atrophy and risk for dementia in the healthy
elderly. Further (longitudinal) studies are needed to address this hypothesis.
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We only found significant associations between IGF-1 and functional network topology
in the beta and the theta band, which is in line with previous literature. Indeed, changes
in brain network topology in these frequency bands have been described previously
for various neurological diseases. First off, it is important to note that alterations in
connectivity in AD have been reported previously, especially in the beta band [66-68]. In
particular, in AD the physiological posterior – to – anterior pattern has been showed to be
specifically disrupted in the beta band [66].
In relapsing–remitting multiple sclerosis, it has been shown that network topology in the
apha2 and beta band tends to deviate toward a line–like topology, thus reflecting a loss of
integration [48]. Furthermore, a longitudinal study of Parkinson’s disease showed that the
tree hierarchy decreases over time in the beta band [69]. This is especially interesting since
it has been proposed that oscillations in the beta band might play a key role in large–scale
interactions involved in higher level cognitive functions, such as top–down attention,
multisensory integration and execution of motor plans [70].
In addition, a recent study on the effect of vagal nerve stimulation (VNS) in patients with
pharmaco–resistant epilepsy showed a re-organization of the MSTs in the theta band
towards a more integrated network in the responder group, while there was a shift to a
less integrated network in the non-responders [71]. Hence, overall, it seems that different
pathologies cause a shift in the topology of the minimum spanning tree such that the
functional networks become less integrated. We also performed post-hoc analysis of
differences in node status between subjects with high and low levels of IGF-1, which
revealed that the association between IGF-1 and global network topology was not driven
by changes in the hub-status of specific regions.
It must be noted that we projected the MEG data to a standard anatomical atlas, using a
template MRI. Although this might result in sub-optimal spatial resolution as compared to
the use of native MRIs, it has been shown that such approximations do not lead to gross errors
at the group-level [72-75]. We did not correct for multiple comparisons across frequency
bands and metrics, since this is the first exploratory study on the association between
serum IGF-1 levels and the brain network topology in the middle-aged. Furthermore,
since the metrics we used are partly related, correcting for multiple comparisons might
introduce false negatives. Furthermore, it is important to notice that the free IGF-1 and
the IGF-binding proteins were not assessed, and this should be taken into account when
interpreting the data. Our findings are obtained in a fairly healthy, highly educated and
homogenous population [31], therefore we might have underestimated the associations.
Furthermore, our observations are of a correlation rather than causal in nature. To answer
the important question whether IGF-1 is related to a higher risk of dementia, a later time
point is needed.
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Conclusion
We have shown that IGF-1 has an association with the topological organization of
functional brain networks in the middle-aged and, more specifically, that lower IGF-1
serum levels are associated with less integrated functional brain networks. Further studies
should investigate how the observed associations between levels of IGF-1 and functional
network topology relates to previous observations that lower serum levels of IGF-1 relate
to brain atrophy in the healthy elder and carry an increased risk for dementia.
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Migraine is a common disorder with high social and medical impact. Patients
with migraine have a much higher chance of experiencing headache attacks as
compared to the general population. Recent neuroimaging studies have confirmed
that pathophysiology in the brain is not limited to the moment of the attack but is
also present in between attacks, the interictal phase. In this study, we hypothesized
that the topology of functional brain networks is also sifferent in the interictal state,
compared to people who are not affected by migraine. We also expected that the
level of network disturbances scales with the number of years people have suffered
from migraine. Functional connectivity between 78 cortical brain regions was
estimated for source-level magnetoencephalography (MEG) data by calculating the
Phase Lag Index (PLI), in five frequency bands (delta-beta), and compared between
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healthy controls (n=24) and patients who had been suffering from migraine longer
than 6 years (n=12) or shorter than 6 years (n=12). Moreover, the topology of the
functional networks was characterized using the Minimum Spanning Tree (MST).
The migraine groups did not differ from each other in functional connectivity, yet
patients’ network topology was different from healthy controls. The results were
frequency specific, and higher average betweenness centrality was specifically
evident in higher frequency bands in patients with a longer disease duration. More
longitudinal research is needed to elaborate on, and elucidate, the pathophysiological
mechanism underlying the observed network changes.
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Introduction
Migraine is characterized by moderate to severe headaches, but often also involves
nausea, vomiting, and enhanced sensitivity to a range of external stimuli and auras [1,
2]. It affects around 10% of the population worldwide [3]. Several lifestyle-related risk
factors, such as overweight, little physical activity and smoking, have been associated
with recurrent headache disorders [4, 5]. Awareness of lifestyle factors contributing to
the disease severity could have a significant impact on the quality of life for the patients.
However, the underlying mechanisms and causes are incompletely understood at this
time. With the use of magnetic resonance imaging (MRI), it has been possible to study
the structural changes induced by migraine. It has become clear that the brain shows
structural alterations if migraine is present, such as volumetric differences in both white
and grey matter, white matter abnormalities and the presence or infarct-like lesions [6,
7]. As one might expect, such changes in brain structure accumulate over time, hence
becoming more prominent as the duration of migraine increases [8, 9].
Migraine is a multifactorial disorder, and not only lifestyle factors have been associated
with migraine, but comorbidity between migraine and epilepsy has been reported [10, 11].
Migraine and epilepsy share loci on chromosome 12 and 14 [12], and these neurological
conditions also share both clinical symptoms and pathophysiological mechanisms [11,
13-15]. Previous research has revealed a loss in functional network efficiency in interictal
recordings of patients with focal epilepsy using magnetoencephalography (MEG) [16],
which is a non-invasive technique that records the magnetic fields that are induced by
the electrical activity of groups of neurons [17, 18]. MEG has a high temporal resolution
and a moderate to high spatial resolution [19]. Interestingly, in patients with epilepsy,
hyperconnectivity is shown around the epileptic focus, while a more disconnected
topology is present on the whole-brain scale [20].
Only a few studies have investigated the resting state of the migraine brain using MEG
[21, 22]. One study in the interictal period showed that brain hubs that are related to pain
processing have an abnormal nodal centrality in migraine patients [23], and abnormal
topological organization was found in patients with migraine compared to controls,
including alterations in small world properties, resilience, node centrality, and interregional connectivity [21]. One case study showed that alpha band desynchronization
was present during the attack and disappeared after, while desynchronization in the
gamma band persisted for roughly ten minutes after the attack [24]. Another MEG-based
study showed that migraine patients display increased connectivity while simultaneously
showing longer path lengths for lower frequencies [25]. The observed alteration of
neural network topology may imply that migraine is associated with a functional brain
reorganization that makes attacks more likely.

6

122 |

Chapter 6

Based on this previous literature, we set out to study magnetoencephalographic signals
in order to characterise functional brain network alterations in patients with migraine.
Given the aforementioned evidence showing structural damage accumulation and fMRIbased evidence describing a positive correlation between functional connectivity and
disease duration in patients with migraine [26], we hypothesized that the level of network
disturbances is dependent upon the number of years people suffer from migraine.
Furthermore, migraine, similarly to epilepsy, is characterized by hyperexcitability. Hence,
we hypothesized that the group differences in connectivity would encompass increased
connectivity and increased network integration in the migraineurs. This study may help to
gain a better understanding of the brain correlates of migraine in particular with respect
to abnormal functional connectivity and disturbed network organization.

Methods
Subjects
A population-based nested case-control design was used. Subjects were selected from
the Amsterdam Growth and Health Longitudinal Study (AGHLS), which started in 1976
with approximately 600 first-grade and second-grade pupils from the Netherlands that
were born between 1962 and 1964. This multidisciplinary longitudinal cohort study was
set up to examine the natural development of growth, health and lifestyle of adolescents.
Up to now, the AGHLS has had 10 detailed rounds of measurements spread out over 30
years (1976-2006) [27]. From 1991 onwards, questions about migraine were added, and in
2006 MEG recordings of 242 subjects were included [28-30]. Our study complied with the
Declaration of Helsinki, the Medical Ethical Institutional Review Board of the VU University
Medical Center approved the study and all subjects provided their informed consent.
Figure 1 shows a flowchart of the selection of people with migraine and controls in the
AGHLS between 1991 (age 27) and 2006 (age 42). We selected participants who had been
diagnosed with migraine between 1991 and 2006 (n=24: M=4, F=20) and gender-matched
them with participants with no history of migraine (n=24: M=4, F=20). We divided the
participants into recently diagnosed patients (n=12: M=2, F=10) and long-term patients
(n=12 : M=3, F=9): participants who were diagnosed with migraine in the period between
the 2000 and 2006 measurement rounds were labelled as recently diagnosed migraineurs
(n=12, <6 years), and those who had been diagnosed with migraine for more than 6 years
at the time of MEG recording were identified as long-term patients (n=12, >6 years). None
of the participants was diagnosed with epilepsy (Table 1).
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Figure 1. Flowchart of the selected participants
Figure 1. Flow chart showing participant selection.

Table 1. General characteristics of the study population.
Healthy controls
(n=24)
Healthy controls
(n=24)

Migraineurs
(n=24)
Recently diagnosed Long-term migraine
patients
migraine patients
(>=6 years) (n=12)
(<6 years)
(n=12)

Age, years

42 ± 0.7

42 ± 0.5

42 ± 0.7

Sex ratio, M/F

4/20

2/10

3/9

Migraine duration, years

<6

10 ± 3.6

Prescribed Medication use, n

3

1

Smoking, n

3

1

2

Body fat percentage, %

31 ± 8.2

30 ± 6.3

33 ± 10.5

VO2max, ml/min /kg

40 ± 7.2

42 ± 4.9

43 ± 10.8

-1

2/3

Data are means ± SD
M= Males; F=Females; VO2max = maximal oxygen uptake on a treadmill running test
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Table 2. Explanation of the minimum spanning tree metrics.
Symbol

Concept

Explanation

N

Nodes

Number of nodes

M

Links

Number of links

Degree

Number of links for a given node and is a measure of
regional importance.
Fraction of leaves, where a leaf is defined as a node
with degree one. The higher the leaf fraction, the more
integrated the network.
Characterizes the largest distance between any two nodes

L

Leaf fraction

D

Diameter

BC
K

Betweenness
centrality
Kappa

Th

Tree hierarchy

Overlap

Fraction of all shortest paths that pass through a particular
node
Measure of the broadness of the degree distribution. It
reflects the scale-freeness of the network.
Th is a measure that ranges between 0 and 1, and it
expresses the trade-off between node overload and an
efficient communication. It is assumed that Th values higher
than 0.5 reflect a more optimal network configuration
The fraction of links that two MSTs (MSTx and MSTy) have in
common. This value ranges from 0 and 1.

MST measures and their definitions based on Boersma et al., 2012 41 and Tewarie et al., 2014 64

Magnetoencephalography
As described in earlier MEG studies within this cohort, the MEG recordings were obtained
using a 151-channel whole head system (CTF Systems Inc., Port Coquitlam, BC, Canada)
while subjects were in supine position inside a magnetically shielded room to reduce
background noise (Vacuumschmelze, Hanau, Germany) [28-30]. Recordings were
obtained during a five-minute, no-task, eyes-closed condition. The head position relative
to the coordinate system of the helmet was recorded at the beginning and ending of
each recording by passing small alternating currents through three head position coils
attached to the left and right pre-auricular point and to the nasion. Head movements of at
most 0.5 cm during acquisition were allowed. After visual inspection by two experienced
raters [DN, PS], we selected artifact-free epochs of 4096 samples (6.554 s), i.e. those that
did not contain system related artifacts, physiological artifacts or excessive environmental
noise. Subjects with at least 17 good epochs were selected for source reconstruction
analysis [31].
Source reconstruction
The same source localization approach was used as described in detail by Hillebrand
and colleagues (2012) [32] and this approach has been applied previously within the
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Amsterdam Growth and Health Longitudinal Study [30]. In short, a template MRI was used
for co-registration with the obtained MEG data [33]. In order to label the voxels in the coregistered MRI, the voxels in the co-registered template MRI were labeled according to
the automated anatomical labelling (AAL) atlas [34] and 78 cortical parcels [35] were used
in the analysis. Furthermore, the voxel at the centroid of each parcel was used to obtain
a single time series [36]. The next step was to band-pass filter the MEG data between 0.5
and 48 Hz. The covariance matrix and a unity noise covariance matrix were used in order
to reconstruct the normalized beamformer weights [37] for each centroid using Synthetic
Aperture Magnetometry (SAM) [38]. The time-series of neuronal activation of each parcel’s
centroid was then subsequently estimated by projecting the data through these weights,
resulting in 78 broad-band time series of neuronal activation, that is, one for each of the
78 parcels of the AAL atlas. Further analysis was performed using BrainWave software
[CJS, version 09.152.1.23 available from http://home.kpn.nl/stam7883/brainwave.html]
after band-pass filtered using a discrete Fast Fourier Transform in 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).
Functional connectivity
The Phase Lag Index (PLI) was used as a measure of functional connectivity. It quantifies
the asymmetry of the distribution of the instantaneous phase differences between two
time-series as:
PLI = |<sign[sin(Δφt))]>|
Where the phase difference (Δφt) is defined in the interval [-π, π], “< >” denotes the
mean value, “sign“ stands for the signum function,”I I” denotes the absolute value, and
t corresponds to one time sample. A consistent, nonzero, phase lag between two time
series reflects true interactions that are unaffected by the effects of volume conduction/
field spread: a PLI of 1 indicates perfect (nonzero-lag) synchrony [39], and a PLI of 0
indicates no coupling, or zero-lag coupling. By calculating the PLI values between all pairs
of parcels, we obtained a 78X78 adjacency matrix for each epoch in each frequency band,
which we used for the network analyses. For PLI analyses, we averaged for each subject
the PLI matrices over epochs, yielding one matrix per subject for each frequency band.
The global functional connectivity was then computed as the average over this weighted
adjacency matrix.
Brain network topology
To estimate the topological properties of brain activity, we constructed a network,
whereby the regions were represented as nodes, and the connectivity values as edges.
From this network we estimated the minimum spanning tree (MST), a sub-network of
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the original weighted network that connects all nodes without forming loops and has
the minimum total weight of all possible spanning trees. We used Brainwave software
to construct the MST, which applies Kruskal’s algorithm [40] to the weighted adjacency
matrix. Because we were interested in the strongest connections, we used 1/PLI for each
link when constructing the minimum spanning tree. Kruskal’s algorithm ranks the links
in ascending order, and proceeds attaching all the links until all nodes are connected,
discarding those links that, if added, would form a loop. The topology of the MST can be
characterized with several measures [41] (Table 2) on a global or nodal level.
Global network topology
The degree divergence (Kappa), which is a measure that defines the broadness of the
degree distribution (the degree being the number of edges incident upon a given node),
is an estimate of the resiliency of the network against targeted attacks. The diameter (D),
represents the longest shortest path in the network. The leaf fraction (L) is the fraction
of nodes with degree 1 present in the network. Finally, the Tree Hierarchy (Th), shows
the balance between efficient communication and node-overload prevention [41], and
is defined as:
Th =

L
2MBCmax

where L is the leaf number (number of nodes with degree = 1), BC is the betweenness
centrality (fraction of all shortest path that pass through a particular node [42], BCmax is the
maximum BC across the network and M is the number of links.
Nodal network topology
We calculated the betweenness centrality (BC) as a measure of node centrality. The BC
is defined as the number of shortest paths passing through a node divided by the total
number of shortest paths (see Table 2) that are present in the network. The shortest path
between nodes A and B is the path between A and B with the smallest number of edges.
Statistical analysis
To test whether the MST in the migraine group differed from healthy controls, a reference
MST (MSTref ) was first created for each frequency band separately. This MSTref was based on
the average frequency-specific connectivity matrix of 24 healthy controls (Figure 2). The
MST for each epoch of each subject was compared to the reference MST [43] as follows:
Overlap =

MST x � MSTy
M
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Figure 2. Analysis pipeline, run for each frequency band separately

This metric computes the fraction of overlapping edges (MSToverlap) [43] and ranges from 0
(no matching edges) to 1 (exact match). Finally, group differences (long-duration, recently
diagnosed, controls) in the MSToverlap were tested using Kruskal-Wallis analysis followed
by post-hoc testing using Tukey-Kramer. Significances across frequency bands were
corrected with the false discovery rate (FDR). Only if there was a significant difference
in the MSToverlap the global PLI, global MST metrics and centrality metric were compared
between groups using the Kruskal-Wallis test followed by post-hoc analysis corrected by
Tukey-Kramer.
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Results
Study population
Table 1 shows the main characteristics for the migraine patients (n=24) and the gendermatched controls (n=24) (Figure 1A), as well as recently diagnosed (n=12) and long-term
(n=12) sub-groups (Figure 1B).
MST overlap
The MST overlap showed statistically significant differences between groups in all
frequency bands (p<0.0001, corrected). Post-hoc analysis revealed that both recently
diagnosed and long-term patients with migraine differed from controls in all frequency
bands (p<0.0001, corrected).
Functional connectivity
The analysis of the global mean PLI did not yield any significant difference between
groups (Figure 3).

Figure 3. Box-whisker plot of the global functional connectivity (Phase Lag Index) in healthy
controls (white), recently diagnosed migraine patients (light-grey) and long-term migraine patients
(dark-grey).
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Global network topology
We computed global metrics for all frequency bands: diameter, leaf fraction and the tree
hierarchy, and compared those between the groups. No statistically significant differences
appeared for these measures (data not shown).
Nodal network topology
We analysed the betweenness centrality for all 78 cortical regions (Figure 4). In the delta
band, a group difference of BC in the right precuneus was evident (H(2,47), p<0.01). In
the post-hoc analysis, this effect proved to be due to the long-term migraine patients,
who had lower betweenness centrality as compared to both recently diagnosed migraine
patients and healthy controls (p=0.0026 and p=0.0039, respectively). In the theta band,
the left Gyrus rectus appeared to be different between groups (H(2,47), p<0.0001). In the
post-hoc analysis, this effect related to the long-term migraine patients showing lower BC
as compared to the healthy controls (p<0.01). In the alpha1 band, the paracentral lobule
showed group-level differences in the right hemisphere (H(2,47), p<0.01). In the post-hoc
analysis, long-term migraine patients showed lower BC as compared to healthy controls
(p<0.001). In the alpha2 band, the groups did not show any difference in BC. In the beta
band, the right olfactory cortex showed differences among groups (H(2,47), p<0.01).
Post-hoc analysis revealed that this was due to the long-term migraine patients, who had
higher BC as compared to the controls (p<0.001).

6

Figure 4. Significant difference in betweenness centrality (BC) between patients with migraine
and healthy controls, viewed from, top (A), the left (B) and right (C). The significantly different BC
values were all lower in patients compared to the healthy controls, except for the olfactory cortex
in the beta band, which showed a higher BC for the migraine patients compared to the long-term
migraine patients.

130 |

Chapter 6

Discussion
In this study, we hypothesized that network disturbances would be present in migraine
patients and that the magnitude of those disturbances would be related to a longer
history of migraine, with a less optimal brain network topology as a result of the disease.
We found differences in betweenness centrality for several brain regions in patients with
a longer disease duration.
With regard to our first hypothesis, our results showed that migraine patients have a
functional brain network topology that is different from the network topology of healthy
participants, which is in line with previous studies [23, 25, 44]. The nodal analysis we
performed suggested that specific brain regions are different between patients and
controls in a frequency specific manner. Several of the nodes involved correspond to areas
that have previously been described as main hubs in the human connectome, and are
hypothesized to be more likely to be targeted by pathological processes [45]. In the delta
band, the right precuneus displayed lower BC in the long duration patients as compared
to controls. Caution should be used interpreting these results, provided that the delta
band is known to be noisy and is prone to artifacts [46]. In the theta band, the left gyrus
rectus showed lower BC for the patients as compared to controls. Numerous studies have
confirmed that frontal brain regions display altered functional connectivity in patients with
migraine [47-52]. Interestingly, Liu et al. (2011) applied network theory to resting-state fMRI
data, and found the migraine patients display widespread lowering of the BC, especially in
the frontal regions [53]. A more recent fMRI study showed widespread differences in static
and dynamic functional connectivity between migraine patients and people suffering
from persistent-traumatic headache in pain-processing and visual-processing regions,
showing the high specificity of alterations in these disorders [54]. We did not find any
difference in the average PLI, which quantifies the synchronization between brain areas.
This might suggest that the mechanisms underlying the modifications in connectivity
that have been found in fMRI might not be linked to disrupted synchronization between
areas. However, our results show that differences in the topology of specific regions are
different between patients with a longer disease duration and controls, suggesting that
altered topology could distinguish migraine patients with a longer disease history.
In our data, also the paracentral lobule showed lower BC in migraine patients as compared
to controls in the lower alpha band. In the beta band, the right olfactory cortex showed
higher BC in migraineurs as compared to controls. This finding should also be interpreted
with caution considered that this is a structure where the MEG signal is not very reliable. A
speculative interpretation might relate this finding to the well proven hypersensitivity to
olfactory stimuli in migraine [55, 56].

Brain networks and migraine

| 131

The results showed a difference between long-term duration migraine patients and healthy
controls with regard to their network topology, while no difference was evident between
patients with short versus long duration of migraine, except for the right precuneus. This
was also true for the MST overlap, which do not show any difference between long-term
and recently diagnosed patients. Changes in network topology are often seen as a result
of disease progression in different neurological diseases [57-59]. Migraine progression
is a multifaceted process involving repeated episodes of migraine, often with increased
intensity of an attack [60]. In our study, information about the intensity and frequency
of attacks was not available. Moreover, in our study around 17% of the patients reported
using prescription drugs to control their pain. This number is much lower in comparison
to other sample surveys [61-63]. This data is in line with previous studies showing that
the AGHLS cohort is slightly biased as the participants within the study are healthier as
compared to the general population [27]. Possibly, the lack of differences between longterm patients and recently diagnosed ones might partly be due to under sampling of the
most severe cases.
The present study has some limitations. Previous research indicates that there are sexrelated differences in the resting state network in migraine sufferers [53]. As such, it is
important to take gender differences into account if the study size allows for it. Since
we sex-matched the controls and patients this should not have affected our results as
such. The original aim of the Amsterdam Growth and Health Longitudinal Study was
to examine growth and health among teenagers. Throughout the years it became a
(more) multidisciplinary cohort study by taking into account the natural development
of anthropometry, lifestyle and health from adolescence into adulthood. In general the
AGHLS-participants score slightly better on lifestyle and health outcomes compared
to the general population [27]. In addition to this, the lifestyle-related risk factors that
are associated with migraine (i.e. overweight, low physical activity and smoking) were
more or less equally distributed among the subjects in our study, independently of their
migraine status. Therefore, our findings should be interpreted with caution and might
underestimate the presence of a relationship between topological changes and disease
duration in the brain of migraine patients. Moreover, a longitudinal study with a larger
sample size is needed to investigate further the hypothesis regarding the process of
chronification over time.
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Conclusion
Our study shows that migraine patients tend to have a different topology for specific
brain areas in the interictal state as compared to healthy controls. Our study helps in
pinpointing the nature of the alterations present in migraine, and this information might
be used to better address treatments, either in terms of targeting specific pathways
pharmacologically, or to improve the target of non–invasive interventions. Furthermore,
some appear specifically in patients with long-term migraine, which might show the
long-term effects of the disease. The etiology of migraine is still poorly understood and
information on the long-term effects are lacking. Therefore, more longitudinal studies are
needed to determine if the differences of the functional network topology we described
can be used to elucidate pathophysiological mechanisms and to investigate the clinical
course of migraine.
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The American Heart Association developed Life’s Simple 7 (LS7), a metric that
determines cardiovascular health. Interestingly, it has been shown that subclinical
cardiovascular impairment is related to modifications in the organization of
functional brain networks, even without any kind of structural damage. Furthermore,
a good cardiovascular heath (CVH) is associated with lower incidence of cognitive
impairment. The aim of this exploratory work was to evaluate the associations
between overall cardiovascular health, as measured by the LS7, functional brain
network topology and cognitive performance in a relatively young, healthy cohort
(42±0.7 years old). It was hypothesized that brain networks may be different in those
who suffer from poor CVH before any cognitive impairment is readily detectable.
We used source-level magnetoencephalographic (MEG) recordings from 241
participants belonging to the Amsterdam Growth and Health Longitudinal Study
(AGHLS) to estimate topological features of frequency specific brain networks, and

Abstract

related those to the LS7. We found, in males, that poor CVH was associated with
poorer cognitive performance. Network topology was not a clear mediator in the
association between CVH and cognitive performance. More research is needed to
elucidate the chronological ordering of the proposed interplay within a longitudinal
setting. Moreover, the identification of functional network differences may provide
an early marker of poor cardiovascular health and imminent cognitive decline.
The above findings emphasize the importance to focus on a good cardiovascular
health within a clinical setting, even before the manifestation of clinically significant
vascular pathology.
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Introduction
The American Heart Association (AHA) aims to improve cardiovascular health (CVH) of
the US population by 20% by 2020 [1, 2]. In order to quantify CVH, a new metric has been
introduced: the Life’s Simple 7 (LS7)[1]. The LS7 is a valuable metric that summarizes 7
relevant lifestyle factors within the behavioural (smoking status, body mass index,
physical activity and healthy diet scores) and biometric domains (total cholesterol, blood
pressure and fasting plasma glucose) [1]. One of the main advantages of the LS7 is the
normalization of a complex web of lifestyle factors in a single metric that straightforwardly
quantifies CVH.
Studies have indicated that a poor score on the LS7 is associated with a higher incidence
of cardiovascular disease, and that improving aspects of either the behavioural or
biometric determinants will eventually lead to a better CVH [3, 4]. Several studies have
already explored the clinical usefulness of the LS7; one study examined the association
with lung function and chronic obstructive pulmonary disease (COPD) and showed that
the LS7 is a promising measure in the primary prevention of COPD [5]. Moreover, the LS7
has also been used to explore the association between non-cardiovascular diseases (i.e.
cancer, chronic kidney diseases) and CVH [6]. In addition, it has also been shown that good
CVH lowers the incidence of dementia [7]. Previous studies have investigated modifiable
lifestyle factors and biometric factors in relation to cognitive impairment [8-15]. A recent
study with over 3000 participants aged 57 years (SD ± 11 years) showed that intermediate
and ideal CVH, as determined by the LS7, were associated with lower incidence of
cognitive impairment as compared to those with poor CVH [16]. Taken altogether, these
findings imply that having good CVH may not only prevent cardiovascular disease, but
also decrease the risk of early cognitive impairment.
In general, cognitive functioning is considered to be dependent upon efficient and
resilient interactions between different brain regions [17-19]. One way to characterize
such interactions is to describe the human brain as a network [20, 21], in which the
network nodes are brain areas and the links are estimations of either anatomical or
functional connections, i.e. the direct structural links between neuronal ensembles
and the statistical dependencies between the activity of these ensembles, respectively.
Magnetoencephalography (MEG) is a non-invasive technique that can provide a
reconstruction of the activity of macroscopic brain areas with good spatial and temporal
resolution [22], as well as a quantification of functional interactions in multiple frequency
bands [17-19]. The Phase Lag Index (PLI) is a measure of functional connectivity that is
relatively insensitive to the effects of volume conduction and field spread [23, 24].Besides
functional connectivity, the topological features of the functional network can be used
to characterize the global functioning of the brain, as well as the role of specific brain
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areas within the network [25]. A seminal discovery regarding the topology of neuronal
networks was that local segregation or clustering is combined with high global integration
or efficiency, which is often referred to as ‘small-world’ topology [26]. Interestingly,
the topology of the global brain network as measured with MEG relates to cognitive
functioning in healthy subjects, such that a more small-world network organization in the
lower frequency bands (delta and theta) is associated with better cognitive performance
[27]. In recent years, network neuroscience has developed more elegant methods to
extract relevant network characteristics: the minimum spanning tree (MST) forms the
backbone of the brain network [28] and has been applied to study functional networks in
Alzheimer’s disease [29] and other neurological disorders [30-33] .
There is support for the relevance of functional network topology in the setting of CVH:
a previous study performed within the Amsterdam Growth and Health Longitudinal
Study (AGHLS) showed that an increase of carotid stiffness, which is a marker of CVH, is
associated with greater functional connectivity as measured with the PLI [34]. Moreover,
cardiorespiratory fitness of this cohort was associated with both cognitive functioning
and functional network topology, such that, in the higher frequencies (beta band),
increased functional connectivity between the different subsystems comprised in the
brain network related to better physical and cognitive functioning [11].Taken together
with the investigations into cognitive functioning alone, this body of previous work is
suggestive of a complex interplay between MEG functional network topology and both
cognitive functioning and cardiovascular health.
In the current work, CVH, cognitive functioning, and functional brain network topology
were investigated in the large cohort of healthy 42-year-olds of the AGHLS. We aimed to
examine whether lower CVH, measured with the LS7, associates with poorer cognitive
functioning and whether functional connectivity and network topology, based on MEG,
mediates the hypothesized association between CVH and cognitive functioning.

Methods
Study population and design
All subjects participated in the Amsterdam Growth and Health Longitudinal Study
(AGHLS), which is a population-based observational longitudinal study that began in
1976. The initial goal of this cohort was to describe natural development of growth and
health and thereby to investigate biological and lifestyle changes over time [35]. In the
latest measurement round, in 2006, at the age of 42, MEG was assessed for the first time
[36], results of which have been reported on before [11, 34, 37]. The study was approved
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by the medical ethical committee of the VU University Medical Center and all subjects
gave their written informed consent.
Life’s Simple 7 and its components
LS7 is a metric developed by the American Heart Association in order to quantify individual
CVH as poor, intermediate or ideal [1]. It includes information with regard to current
smoking status, body mass index, physical activity, healthy diet score, total cholesterol,
blood pressure and fasting plasma glucose. In the most recent measurement period
(2006), six components of the LS7 were measured. The healthy diet scores were obtained
in 2000.
Smoking
Current smokers were clustered in the poor health group, whereas the former smokers
(≤12 months) were classified into the intermediate health group and those who never
smoked or quit smoking (>12 months) were categorized in the ideal health group.
Body mass index
Body mass index (BMI) was calculated as body weight (kg) divided by body height squared (m2). BMI <25 kg/m2 was considered ideal, BMI between 25-29.9 kg/m2 was intermediate and BMI ≥30 was considered poor.
Physical activity
Physical activity was measured by means of a structured interview [38]. The questionnaire
measured the total time spent on physical activity in relation to school, work, sports and
other leisure-time activities. Those who did not engage in any physical activity belong
to the poor health definition class according to the LS7 classification, those who were
engaged in physical activity 1 to 149 minutes per week belonged to the intermediate
health category, while to meet the criteria of the ideal health group had to be active at
least 150 minutes per week.
Healthy diet
A validated questionnaire was used to assess dietary intake [39]. Food items were converted
into macro and micronutrients, using the computerized Dutch Food Composition Table
[40]. In order to meet the ideal score classification, a participant had to meet at least four
out of the following five criteria: fruits and vegeTables ≥4 servings per day, fish ≥200 g per
week, fiber-to-carbohydrate ratio: >1 g of fiber per 10 g of carbohydrate, sodium <1500 mg
per day and sugar-sweetened foods and beverages ≤450 kcal per week. Poor scores were
given if 0-1 of these criteria was met, intermediate status was given if 2-3 components
were present in the diet, and those with ≥4 components received optimal scores.
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Total cholesterol
Blood was taken to determine the total serum cholesterol and fasting blood glucose levels
by enzymatic techniques (Roche Diagnostics, Mannheim, Germany). Total cholesterol
was categorized as poor if the level reached or exceeded 6.22 mmol/L, was intermediate
between 5.18-6.19 mmol/L or if the subject was treated for high cholesterol levels, and
was ideal if levels were <5.18 mmol/L and the subject was not on any cholesterol lowering
treatment.
Fasting blood glucose
Fasting glucose was defined as poor if plasma levels were ≥6.99 mmol/L, intermediate if
plasma levels were between 5.55-6.94 mmol/L or the subject was on treatment to lower
fasting plasma glucose levels, and ideal if the plasma levels were <5.55 mmol/L and the
subject was not on treatment.
Blood pressure
Mean blood pressure was assessed in the left arm at 5-minutes intervals with an oscillometric
device (Dinamap ProCare, GE Healthcare, Tampa, Florida, USA) during the entire period of
ultrasound imaging of the arterial properties. A systolic blood pressure (SBP) ≥140 mm
Hg and/or a diastolic blood pressure (DPB) ≥90 mm Hg was considered poor, an SBP of
120-139 mm Hg and/or a DPB between 80-89 mm Hg and/or antihypertensive treatment
were considered intermediate, and an SBP < 120 mm Hg and/or a DBP <80 mm Hg was
considered ideal.
Life’s Simple 7 Score
A total CVH score was calculated by assigning 2 points for each component that
was classified as ideal, 1 point for intermediate components, and 0 points for poor
components. Total scores could therefore range from 0-14. If a single item within the LS7
was missing, the least favorable value for that specific component was imputed in order to
get a sumscore. Then, total scores were divided into three groups: ideal CVH was defined
as scores between 11-14, intermediate CVH if scores were 9-10, poor CVH if scores fell
between 0-8.
Cognitive performance
All subjects underwent a validated shortened version of the Groningen Intelligence Test
(GIT), which consists of the subtests ‘spatial jigsaw puzzles’, ‘arithmetic’ and ‘word matrices’.
The GIT is comparable to the Wechsler Adult Intelligence Scale (WAIS) [41] and measures
general intellectual ability, expressed in an Intelligent Quotient (IQ), in which higher
scores indicate better performance.
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Magnetoencephalography acquisition
MEG recordings of 5 minutes obtained during a no-task, eyes-closed, condition were
obtained for 339 participants, as previously described [37], using a 151-channel wholehead MEG system (CTF Systems, Inc., Port Coquitlam, Canada). Subjects were in supine
position. The MEG was situated in a magnetically shielded room (Vacuumschmelze,
Hanau, Germany) in order to block external interfering signals. Data were recorded with
third-order gradiometers [42], a recording band-pass filter of 0-150 Hz, and a sampling
frequency of 625 Hz. At the beginning and ending of each recording, the head position
relative to the coordinate system of the helmet was recorded by passing small alternating
currents through three head position coils attached to the left and right pre-auricular
points and the nasion. Head movements of at most 0.5 cm during acquisition were
allowed. Artifact free epochs of 4096 samples (6.554 s) were selected based on visual
inspection [43] [D.N., P.S.]. Subjects with at least 17 good epochs were selected for further
analysis [44], resulting in 241 subjects with an average of 30 epochs (range: 17-47).
Reconstruction of source-level time series
Source-level time series were reconstructed using an atlas-based beamforming approach
[45], as described for this cohort previously [37]; here we provide a brief summary of
this methodology. For the atlas-based beamforming approach the MEG data were coregistered to a template magnetic resonance image (MRI) through identification of the
same anatomical landmarks where the head-localization coils were placed [46]. The voxels
in the co-registered template MRI were labeled according to the automated anatomical
labelling (AAL) atlas [47] and 78 cortical parcels [48] were used in the analysis.
The voxel at the centroid of each parcel was used to obtain a single time series [49]. The next
step was to band-pass filter the MEG data between 0.5 and 48 Hz. The covariance matrix
and a unity noise covariance matrix were used in order to reconstruct the normalized
beamformer weights [50] for each centroid using Synthetic Aperture Magnetometry
(SAM) [51]. The time-series of neuronal activation of each parcel’s centroid was then
subsequently estimated by projecting the data through these weights, resulting in 78
broad-band time series of neuronal activation, that is, one for each of the 78 selected
parcels of the AAL atlas.
In order to avoid epochs that contained drowsiness, the first 10 artifact-free epochs
were selected. These epochs underwent further analysis using BrainWave software [CJS,
version 09.152.1.23 available from http://home.kpn.nl/stam7883/brainwave.html]. They
were band-pass filtered into five canonical frequency bands using a discrete Fast Fourier
Transformation: delta (0.5-4 Hz), theta (4-8 Hz), alpha1 (8-10 Hz), alpha2 (10-13 Hz) and
beta (13-30 Hz).
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Functional Connectivity
The Phase Lag Index (PLI) was used to quantify the asymmetry of the distribution of
differences between the instantaneous phases for two time series, which represents the
functional connectivity [23]. The instantaneous phase for each time series was computed
by taking the argument of the analytic signal as computed using a Hilbert transform. After
this step, the asymmetry of the distribution of instantaneous phase differences between
two time series was calculated according to the following formula:
PLI = |<sign[sin(Δφt)]>|
Where the phase difference (Δφt) is defined in the interval [-π, π], “< >” denotes the
mean value, “sign“ stands for the signum function,”I I” denotes the absolute value, and
t corresponds to one time sample. A consistent, nonzero, phase lag between two time
series reflects true interactions that are unaffected by the effects of volume conduction/
field spread: a PLI of 1 indicates perfect (nonzero-lag) synchrony [23], and a PLI of 0
indicates no coupling, or zero-lag coupling. By calculating the PLI values between all pairs
of parcels, we obtained a 78X78 adjacency matrix for each epoch in each frequency band,
which we used for the network analyses. For PLI analyses, we averaged for each subject
the PLI matrices over epochs, yielding one matrix per subject for each frequency band.
The global functional connectivity was then computed as the average over this weighted
adjacency matrix.
Brain network topology
The weighted adjacency matrix can be used to reconstruct a weighted network where
the 78 areas of the AAL atlas are represented as nodes (N), and the PLI values form the
weighted edges (M). The Minimum Spanning Tree (MST) is a subnetwork of the original
network that does not contain loops or triangles (see Figure 1). A frequency-specific MST
was calculated for each epoch applying Kruskal’s algorithm to the weighted adjacency
matrix [52]. Since we were interested in the strongest connections, the edge weight was
defined as 1/PLI.
The topology of the MST can be characterized using several measures. We calculated the
leaf fraction (L), diameter (D), degree divergence (K) and the tree hierarchy (Th) of the
network [30, 53]. A leaf is defined as a node with degree one, in which degree is defined
as the number of neighbors, i.e. the number of connected nodes, for a given node in the
MST. The leaf fraction is the fraction of leaf nodes in the MST. The higher the leaf fraction
(L), the more integrated the network. The Diameter of a graph (D) represents the longest
shortest path, i.e. the number of links in the shortest path from one node to another node,
between the two most distant nodes in the network. The smaller the D, the more integrated
the network. Furthermore, we calculated the degree divergence (Kappa, K), which is a
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measure of the broadness of the degree distribution and is also a measure of robustness
against attacks [54]. Higher values of Kappa reflect a broader degree distribution and a
higher vulnerability for targeted attacks. The Tree hierarchy (Th) ranges between 0 and 1
and expresses the trade-off between network integration and overload prevention of the
central nodes, which is necessary for efficient communication [53] .

Figure 1. Illustration of the MST metrics: the circles represent the N nodes and the lines represent
the M links (M=N-1) or connections. The dark node is the node with most connections and has
the highest degree (k). Leaf nodes, i.e. those nodes with one connection, are colored dark grey.
The diameter (D), depicted with dashed lines, is the longest shortest path in the network. The tree
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is a measure of the broadness of the degree distribution
In order to investigate the interrelationships between CVH, cognitive performance and
functional brain network topology, four linear regression analyses were performed.
First, it was explored whether CVH was related to cognitive functioning (path c in Figure
2). A second analysis was done to investigate whether CVH was associated with brain
network topology (path a); this was investigated for all frequency bands separately. A
third analysis was used to evaluate whether brain network topology was associated with
cognitive functioning (path b). Results of this third analysis were expressed as standardized
regression coefficients, to enable comparison of the strength of the associations. In the
last analysis, the mediation effect was determined, i.e. the relationship between CVH and
cognitive functioning was adjusted for brain network topology (path c’). To reduce the
number of analyses performed, the last analysis was only performed when a significant
relationship was found in either path a or path b, and a significant relationship was found
in path c.
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Panel A: Illustration of the direct association where the CVH affects cognitive
performance
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Panel B: Illustration of the mediation model where the CVH affects cognitive
performance indirectly through network topology
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All associations were stratified by gender, since all three variables of interest are known to
differ between males and females [34, 55]. The assumption of normality of the outcome
variables was visually checked with a histogram and was met in all analyses. Moreover, the
assumption of linearity was checked by drawing a scatter plot and was met in the analysis
of path b (the only analysis with a continuous independent variable). All analyses were
performed with SPSS statistical software (IBM SPSS, statistics, V.25.0), and a two-sided
p-value of <0.05 was considered to be statistically significant.
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Results
Participants characteristics
Table 1 shows the general subject characteristics and the individual components of the
LS7. Table 2 shows the classifications per component and Figure 3 shows LS7 scores for
males and females separately. Of all 241 participants, 14 participants (5.8%) had one
missing value within the Life’s Simple 7 components.
Table 1. Characteristics of subjects.
Men

Women

Total

42 ± 0.7

42 ± 0.7

42 ± 0.7

Never (%)

63 (55.8)

74 (57.8)

137 (56.8)

Past (%)

28 (24.8)

38 (29.7)

66 (27.4)

Current (%)

22 (19.5)

16 (12.5)

38 (15.8)

Age
Smoking behaviour

Body mass index (kg/m )

25.1 ± 2.8

23.9 ± 3.5

24.5 ± 3.2

120 [50-190]

60 [0-161]

90 [35-180]

3 [2-4]

3 [2-4]

3 [2-4]

2

Physical activity, minutes per week
Food intake*
Fruits and vegetables (servings per day)
Fish (gram, per week)

53 [0-149]

50 [0-125]

50 [0-131]

Fiber to carbohydrate ratio

0.92 ± 0.25

1.05 ± 0.27

0.99 ± 0.27

3891 ± 1113

2895 ± 624

3354 ± 1012

3 [2-4]

4 [2-5]

3 [2-5]

5.0 [4.7-5.2]

4.8 [4.5-5.2]

4.9 [4.7-5.2]

122 ± 14

110 ± 13

116 ± 14

Sodium (mg, per day)
Sugar-sweetened foods and beverages
(servings per day)
Total cholesterol (mmol/l)
Blood pressure
Systolic blood pressure (mm Hg)
Diastolic blood pressure (mm Hg)

73 ± 8

68 ± 8

70 ± 8

5.2 ± 1.1

4.9 ± 0.5

5.0 ± 0.9

109.66 ± 13.34

106.54 ± 13.63

108 ± 13.55

Fasting plasma glucose (mmol/l)
IQ

mm Hg=millimeter of mercury; *=at the age of 36
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Table 2. Prevalence of the components of the Life’s Simple 7 and its classification.
Goal/Metric

Poor health

Intermediate health

Ideal health

Smoking

Yes

Former ≤12 months

Men (%)

22 (19.5)

28 (24.7)

Never or quit >12
months
63 (55.8)

Women (%)

16 (12.5)

38 (29.7)

74 (57.8)

Total (%)
Body mass index

38 (15.8)

66 (27.4)

137 (56.8)

≥30 kg/m2

25-29.9 kg/m2

<25 kg/m2

Men (%)

7 (6.4)

45 (40.9)

58 (51.3)

Women (%)

7 (5.5)

27 (21.3)

93 (72.7)

Total (%)

14 (5.9)

72 (30.4)

151 (63.7)

Physical activity

None

1-149 min/week

≥150 min/week

Men (%)

21 (18.6)

43 (38.1)

49 (43.3)

Women (%)

36 (28.1)

57 (44.5)

35 (27.3)

Total (%)

57 (23.7)

100 (41.5)

84 (34.9)

0-1 components

2-3 components

4-5 components

75 (66.4)

28 (24.8)

10 (8.8)

Healthy diet score*
Men (%)
Women (%)

77 (60.2)

36 (28.1)

15 (11.7)

Total (%)

152 (63.1)

64 (26.6)

25 (10.4)

≥6.1 mmol/l

5.2-6.1 mmol/l or treated

<5.2 mmol/l

14 (12.7)

42 (38.2)

54 (47.8)

Total cholesterol
Men (%)
Women (%)

4 (3.1)

42 (33.6)

79 (61.7)

Total (%)

18 (7.7)

84 (35.7)

133 (56.6)

SBP: ≥140 mm Hg or

SBP: 120-139 mm Hg or

SBP: <120 mm Hg and

DBP: ≥90 mm Hg

DBP: <80 mm Hg

99 (78)

Blood pressure

Men (%)

5 (4.4)

DBP: 80-89 mm Hg or
treated
50 (44.2)

Women (%)

1 (0.8)

27 (21.3)

Total (%)
Fasting plasma
glucose
Men (%)
Women (%)
Total (%)

58 (51.3)

6 (2.5)

77 (32.1)

157 (65.4)

≥7.0 mmol/l

5.6-7.0 mmol/l or treated

<5.6 mmol/l

2 (1.8)

16 (14.2)

93 (82.3)

-

9 (7.5)

111 (92.5)

2 (0.9)

25 (10.8)

204 (88.3)
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Figure 3. Distribution of Life’s Simple 7 scores in males (dark grey) and females (light grey)

Association between CVH and cognitive performance (c-path)
Table 3 shows that lower cognitive scores were found in males with poor CVH (β= -7.267,
p=0.04) compared to those with ideal CVH. In females, no significant association was
found between CVH and cognition.
Table 3. Association between CVH and cognitive performance in males (A) and females (B)-path c.
A

Cognitive functioning (IQ)

Men n=113

β

Ideal CVH (n=27)

111.783

Intermediate CVH (n=47)
Poor CVH (n=39)

CI

p-value

0.827

-5.867-7.521

0.807

-7.267

-14.257 - -0.288

0.041*

B

Cognitive functioning (IQ)

Females n=128

β (CI)

Ideal CVH (n=46)

105.976

Intermediate CVH (n=49)
Poor CVH (n=33)

CI

p-value

0.630

-5.505-6.765

0.839

1.218

-5.267-7.703

0.710

CVH= cardiovascular health. Ideal CVH is the reference group in all analyses. β = regression
coefficient. *=p-value <0.05. CI=confidence interval

Association between CVH and brain network topology (a-path)
Table 4 shows the association between CVH and both functional connectivity and network
topology per frequency band in males (a) and females (b). In males, lower values of degree
divergence in the beta band were related to poor CVH (β= -0.054, p=0.02). In females, poor
CVH was associated with lower tree hierarchy in the theta band (β=-0.007, p=0.03).

7

Poor CVH (n=39)

Ref.

β (CI)

Phase Lag Index

-0.006 (-0.014; 0.002) -0.054 (-0.098; -0.010) * -0.004 (-0.011; 0.003) 0.001 (-0.002; 0.004)

Note. CVH= cardiovascular health. Ref= reference group (idea CVH). β = regression coefficient. CI = confidence interval. *=p-value <0.05

0.002 (-0.004; 0.009)

-0.004 (-0.012; 0.004) -0.030 (-0.072; 0.012)

-0.001 (-0.008; 0.006) 0.001 (-0.001; 0.004)

-0.000 (-0.008; 0.007) 0.004 (-0.010; 0.018)

-0.001 (-0.008; 0.006) 0.011 (-0.002; 0.024)

Poor CVH (n=39)

Ref.

-0.004 (-0.010; 0.002) -0.003 (-0.010; 0.004) -0.011 (-0.047; 0.026)

0.002 (-0.033; 0.037)

Intermediate CVH (n=47) 0.002 (-0.005; 0.009)

Ideal CVH (n=27)

Poor CVH (n=39)

Intermediate CVH (n=47) -0.003 (-0.009; 0.003) 0.000 (-0.007; 0.007)

Ref.

-0.001 (-0.007; 0.004) -0.002 (-0.010; 0.006) 0.011 (-0.028; 0.051)

-0.002 (-0.009; 0.006) 0.006 (-0.007; 0.019)

0.002 (-0.004; 0.008)

Poor CVH (n=39)

0.001 (-0.006; 0.007)

-0.005 (-0.011; 0.001) -0.001 (-0.007; 0.005)

-0.005 (-0.012; 0.001) 0.004 (-0.002; 0.010)

-0.001 (-0.007; 0.006) 0.005 (-0.001; 0.010)

β (CI)

Tree Hierarchy

-0.005 (-0.012; 0.003) 0.002 (-0.011; 0.014)

Ref.

-0.001 (-0.007; 0.005) -0.001 (-0.008; 0.007) -0.030 (-0.072; 0.013)

0.004 (-0.037; 0.045)

-0.002 (-0.008; 0.004) -0.003 (-0.022; 0.005) -0.020 (-0.072; 0.032)

-0.024 (-0.074; 0.026)

β (CI)

Degree divergence

Functional
connectivity

Intermediate CVH (n=47) -0.001 (-0.006; 0.004) -0.004 (-0.012; 0.004) 0.006 (-0.032; 0.044)

Alpha2 Ideal CVH (n=27)

Beta

β (CI)

Ref.

β (CI)

Intermediate CVH (n=47) -0.000 (-0.006; 0.006) 0.000 (-0.007; 0.008)

Ideal CVH (n=27)

Poor CVH (n=39)

Alpha1 Ideal CVH (n=27)

Theta

Ideal CVH (n=27)

Delta

Leaf fraction

Diameter

Network topology

Intermediate CVH (n=47) -0.001 (-0.007; 0.005) 0.000 (-0.008; 0.007)

Males n=113

A

Table 4. Association between CVH and the mediating factors in males (A) and females (B)-path a.
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0.001 (-0.004; 0.005)

Poor CVH (n=33)

Ideal CVH (n=46)

0.002 (-0.004; 0.008)
-0.002 (-0.009; 0.004)

-0.002 (-0.009; 0.004)
0.001 (-0.006; 0.009)

Intermediate CVH (n=49) 0.000 (-0.005; 0.005)
0.004 (-0.001; 0.010)

Intermediate CVH (n=49) 0.003 (-0.001; 0.008)
0.000 (-0.005; 0.005)

Poor CVH (n=33)

Ideal CVH (n=46)

Ref.
0.015 (-0.023; 0.054) 0.003 (-0.004; 0.010)

0.002 (-0.032; 0.037) -0.002 (-0.009; 0.004)

-0.022 (-0.058; 0.014) 0.000 (-0.006; 0.006)

0.013 (-0.019; 0.045) 0.000 (-0.006; 0.006)

0.007 (-0.029; 0.044) 0.002 (-0.004; 0.009)

-0.005 (-0.038; 0.028) 0.001 (-0.005; 0.007)

Note. CVH= cardiovascular health. Ref= reference group (idea CVH). β = regression coefficient. CI= confidence interval. *=p-value <0.05

Beta

Poor CVH (n=33)

Alpha2 Ideal CVH (n=46)

Ref.

0.000 (-0.007; 0.007)

-0.003 (-0.009-0.002)

Poor CVH (n=33)

0.002 (-0.004; 0.008)

Intermediate CVH (n=49) -0.003 (-0.008-0.001)

Ref.

0.003 (-0.001; 0.006)

0.001 (-0.002; 0.004)

-0.009 (-0.021; 0.003)

-0.009 (-0.020; 0.002)

0.008 (-0.006; 0.021)

0.010 (-0.002; 0.022)

-0.001 (-0.006; 0.004) -0.008 (-0.014; -0.001) -0.032 (-0.069; 0.006) -0.007 (-0.012; -0.001)* -0.001 (-0.005; 0.004)

Ref.

Intermediate CVH (n=49) -0.002 (-0.006; 0.003) -0.002 (-0.0087; 0.004) -0.007 (-0.041; 0.027) 0.001 (-0.004; 0.006)

0.001 (-0.005; 0.007)

β (CI)

0.000 (-0.007; 0.006)

β (CI)

0.029 (-0.013; 0.072) -0.001 (-0.007; 0.005)

β (CI)

Tree Hierarchy

0.023 (-0.074; 0.026) 0.003 (-0.003; 0.008)

Poor CVH (n=33)

Alpha1 Ideal CVH (n=46)

Theta

β (CI)

Ref.

β (CI)

Degree divergence

Functional
connectivity
Phase Lag Index

-0.003 (-0.008; 0.003) 0.001 (-0.006; 0.007)

Ideal CVH (n=46)

Delta

Leaf fraction

Diameter

Network topology

Intermediate CVH (n=49) -0.005 (-0.009; 0.000) 0.004 (-0.002; 0.010)

Females n=128

B

Cardiovascular health and brain topology
| 153

7

Diameter

-0.042 (-0.240; 0.157)

0.024 (-0.171; 0.219)

0.131 (-0.069; 0.331)

-0.038 (-0.238; 0.163)

Alpha1

Alpha2

Beta

0.017 (-0.191; 0.225)

0.036 (-0.170; 0.241)

-0.069 (-0.268; 0.131)

0.064 (-0.140; 0.269)

-0.158 (-0.357; 0.041)

βsta (CI)

Leaf fraction

-0.004 (-0.209; 0.200)

0.044 (-0.157; 0.245)

-0.075 (-0.278; 0.128)

0.195 (-0.012; 0.401)

-0.076 (-0.277; 0.124)

βsta (CI)

-0.016 (-0.204; 0.171)
-0.044 (-0.234; 0.145)

0.008 (-0.181; 0.197)

-0.020 (-0.206; 0.165)

0.229 (0.044; 0.415)*

Theta

Alpha1

Alpha2

Degree divergence

-0.093 (-0.288; 0.102)

0.021 (-0.176; 0.218)

-0.165 (-0.349; 0.018)

-0.037 (-0.192; 0.188)

βsta (CI)

Beta
0.192 (0.005; 0.380)*
-0.206(-0.393; -0.019)* -0.204 (-0.396; -0.012)*
βsta = standardized regression coefficient. CI = confidence interval *=p-value <0.05

-0.163 (-0.348; 0.021)

-0.071 (-0.272; 0.130)

0.248 (0.057; 0.438)*

Delta

Leaf fraction
βsta (CI)

Diameter

Network topology

βsta (CI)

Females n=128

B

Degree divergence

Network topology

St. β. = standardized regression coefficient. CI = confidence interval *=p-value <0.05

0.150 (-0.048; 0.349)

Theta

βsta (CI)

Delta

Males n=113

A

-0.105 (-0.294; 0.085)

0.113 (-0.078; 0.305)

-0.069 (-0.191; 0.187)

-0.133 (-0.319; 0.052)

0.007 (-0.187; 0.201)

βsta (CI)

Tree hierarchy

0.126 (-0.080; 0.332)

0.036 (-0.168; 0.241)

-0.067 (-0.272; 0.137)

-0.107 (-0.303; 0.089)

-0.145 (-0.359; 0.069)

βsta (CI)

Tree hierarchy

Table 5. Association between functional network topology and cognitive performance in males (A) and females (B)-path b.

0.028 (-0.174; 0.230)

0.086 (-0.115; 0.287)

-0.001 (-0.198; 0.195)

-0.015 (-0.209; 0.178)

0.055 (-0.134; 0.243)

βsta (CI)

Functional
connectivity
PLI

-0.045 (-0.261; 0.172)

-0.006 (-0.200; 0.189)

-0.184 (-0.382; 0.014)

0.022 (-0.174; 0.215)

-0.015 (-0.211; 0.183)

βsta (CI)

Functional
connectivity
PLI
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Association between brain network topology and cognitive performance (b-path)
Table 5 shows the association between network topology features, functional connectivity
and cognitive performance per frequency band, expressed in standardized regression
coefficients (βsta). In males, no significant associations were found. In females, network
diameter was positively associated with cognitive functioning in the delta (βsta = 0.248,
p=0.01), upper alpha (βsta = 0.229, p=0.02) and beta bands (βsta =0.192 p=0.04). Moreover,
in the beta band, negative associations between cognitive performance and both leaf
fraction (βsta = -0.206, p=0.03) and degree divergence (βsta = -0.204, p=0.04) occurred.
Mediation effect (c’-path)
The degree divergence within the theta band was found to transmit 5.0% of the effect of
CVH on cognitive functioning (compare -7.267 to -7.628; Table 3 and 6) in males.

Table 6. Association between CVH and cognitive performance, adjusted for the significant mediators
in males - path c’.
Degree Divergence
Males n=113
Beta

β

CI

p

%M

Ideal CVH (n=46)

Ref.

Intermediate CVH (n=49)

0.667

-6.082-7.461

0.845

-19.6

Poor CVH (n=33)

-7.628

-14.769 - -0.486

0.037*

-5.0

Note. CVH= cardiovascular health. Ideal CVH is the reference group in all analyses. β = regression coefficient. CI
= confidence interval. *=p-value <0.05. %M = mediating effect.

Discussion
In this study, the interplay between CVH, cognitive functioning and functional brain
network topology was investigated. We found significant associations between CVH
and cognitive performance in males, with a 7 points lower IQ in men with poor CVH
compared to men with ideal CVH. This finding confirms the hypothesis that good CVH
relates to better cognitive performance and corroborates previous studies showing that
cardiovascular health and cognitive status are related [7, 56]. Furthermore, our study
showed significant associations between cognitive performance and network topology
in the delta, upper alpha and beta bands in females only. Counterintuitively, greater
network diameter in multiple frequency bands related to better cognitive performance
in women. In a previous MEG investigation in healthy subjects, positive relationships
between low frequency efficiency measures and cognition were found, but only in men
[27]. In a resting-state fMRI study on network topology, higher intelligence quotient was
negatively associated with normalized characteristic path length, although men and
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women were not analysed separately [57]. Taken together, our results indicate that the
relationship between functional network topology and cognitive functioning may be
gender-dependent and more complex than previously thought.
In terms of the relationship between CVH and network topology, we found that lower
degree divergence in the beta band was associated with poor CVH in males only. Decreased
degree divergence is thought to reflect reduced ease of synchronization [58] and may
convey a less stable network topology. Network topology was not a clear mediator in
the association between CVH and cognitive performance. However, mediation analysis
showed that degree divergence weakly mediates the association between poor CVH
and cognitive performance. Our results indicate potential clinical relevance of MEGbased network measures in relationship with poor CVH and cognitive functioning in an
otherwise healthy cohort. In the last decade, MEG has become a popular tool in the field
of neuroscience. New analysis methods have made it possible to investigate network
topology more rigorously, even in subjects that do not undergo anatomical imaging for
co-registration [46], and new sensor technology may make the technique more widely
available [59]. This relative ease of data collection renders MEG all more to pick up
prodromal indicators of cardiovascular disease and cognitive decline. Our results suggest
that in males, co-occurrence of poor CVH and low cognitive functioning are mediated by
network topology. However, this cross-sectional study cannot elucidate any chronological
ordering of these variables and therefore further research is needed to investigate the
temporal ordering of the proposed interplay. This will further help to understand and
predict the clinical evolution from cognitively normal to impaired [60].
Our cohort is unique in its kind, due to the large number of health-related variables
investigated. Of particular interest, these are middle-aged subjects without any signs of
disease, which allowed us to explore the possibly prodromal associations between CVH,
cognitive functioning and functional network topology. Data was acquired in 2006, except
for data on dietary intake, which were obtained in 2000. Although this may be considered
a limitation of this work, food behaviour and concrete food choices are established already
in childhood or adolescence, hence dietary intake was likely to be stable between 20002006 in the large majority of our population [61]. Moreover, the distribution of CVH scores
within the behavioural and biometric domains of the LS7 was highly comparable to studies
with larger samples [62, 63]. Therefore, we do not believe that the use of a retrospectively
determined dietary intake has influenced the categorization that we applied in this study.
Furthermore, the disproportionate distribution of scores within some categories (i.e.
smoking, dietary intake) was also seen in a study by Thacker et al. [62] that included over
17000 participants. Of note, the AGHLS cohort generally has higher scores on lifestyle and
health outcomes compared to values measured in the general population [36], most likely
because subjects were initially recruited from medium to high-level schools [64] .
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Conclusion
The present study shows that poor CVH is associated with poorer cognitive performance
in males. Moreover, no definitive conclusion could be made with regard to the
hypothesis that network topology mediates the association between CVH and cognitive
performance in males. In females, CVH is not related to cognitive performance,
but the latter is related to network topology. The above findings emphasize the
importance to focus on a good cardiovascular health within a clinical setting, even
before the manifestation of clinically significant vascular pathology occurs. Our
findings may help to understand and promote to further investigate the interplay
between lifestyle, cognition and the topological organization of the brain further.
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Life expectancy is expected to increase through improved prevention and medical
care. To prevent numerous health issues, maintaining a healthy lifestyle has become an
important pillar within society. Studies have shown that a healthy lifestyle is beneficial for
a healthy brain, but how a healthy lifestyle relate to specific characteristics of the brain
is only partially understood. We assume that brain networks represent an intermediate
level between biological factors on one hand, of which some may be affected by lifestyle,
and functional aspects (i.e. cognitive functioning) on the other hand. The main aim of this
thesis was therefore to investigate whether lifestyle and biological factors were associated
with brain network topology and cognitive functioning within a healthy population. The
results contribute to improved understanding of the associations, and are a stepping
stone for further research to map the pre-clinical stage of neurodegenerative disorders.

Chapter 2: co-registration with a template MRI

To investigate the relationship between lifestyle factors and characteristics of the brain,
structural and functional networks have to be reconstructed. To reconstruct brain
networks, magnetoencephalography (MEG), which is a neurophysiological technique,
is often combined with magnetic resonance imaging (MRI), which is an anatomical
neuroimaging technique. The current standard in MEG source-space analysis is the use of
a native MRI for co-registration. However, not all research has access to available data (e.g.
older retrospective cohort studies) and it is costly and burdensome to obtain individual
MRI scans for co-registration. This hampers the multimodal approach that is needed to
combine the highest spatial resolution (MRI) with the best temporal resolution (MEG). In
order to answer the question whether a template MRI could be used instead of a native
MRI for co-registration, data was collected from seventeen healthy participants who
underwent resting-state eyes-closed MEG and anatomical MRI. We showed that a template
MRI can be used with reasonable consistency for co-registration in a healthy population,
which enables researchers to use a source-space approach to interpret estimated activity
or connectivity patterns in an anatomical context.

Chapter 3: Physical fitness and the brain
Maximal oxygen uptake (VO2 max) reflects the cardiorespiratory fitness of an individual
and is measured during exercise of increasing intensity. In chapter 3 we showed that
better physical fitness at the age of 36 was associated with a better organization of
functional brain networks 6 years later. More specifically, we showed that physical
fitness was related to modular network topology based on MEG in healthy subjects. An
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increased intermodular connectivity was associated with better cardiorespiratory fitness
and better mental fitness, which indicates a beneficial effect of a more global network
integration as opposed to a more clustered, locally connected architecture. Furthermore,
we hypothesized that the organization of functional networks would act as a mediator in
the association between intelligence and physical fitness. However, no mediation effect of
the functional network could be demonstrated.

Chapter 4: Arterial stiffness and the brain
Carotid stiffening, which is considered an important element in the pathogenesis of
cerebrovascular disease, is associated with cognitive impairment. How these vascular
impairments lead to global cognitive disturbance is largely unknown. In chapter 4 we
examined the relation between carotid stiffness, cognitive performance and brain
connectivity. Increased stiffness of the carotid artery was associated with an increase in
functional connectivity. Moreover, increased carotid stiffness was associated with superior
cognitive function in men. This counterintuitive positive association between vessel wall
stiffness and cognition deserves further attention.

Chapter 5: Insulin-like growth factor and the brain
Insulin-like growth factor 1 (IGF-1) is a protein that plays an important role in brain
growth, development and myelination and is also involved in the neurogenesis process
and plasticity of the brain. Impairment of insulin signaling can contribute to the onset
of weakening of neuroprotective signaling and has been linked to neurodegenerative
diseases. We hypothesized that functional brain networks were related to IGF-1 levels in
the middle aged. Our analyses showed that lower levels of serum IGF-1 were related to a
globally less integrated functional network in the beta and theta band, which is also seen
in neurodegenerative diseases. This underlines that lower levels of IGF-1 are important in
the brains’ network topology as observed in Alzheimer’s disease (AD).

Chapter 6: Migraine and the brain
Migraine is a common disorder with high social and medical impact. Unfavourable
lifestyle factors are associated with an increased risk of migraine (i.e. smoking, low
physical activity, alcohol consumption). Recent neuroimaging studies have confirmed
that pathophysiology in the brain is not limited to the moment of a migraine attack but
is also present in between attacks, the interictal phase. In chapter 6 we hypothesized that
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the topology of functional brain networks is also different in the interictal state, compared
to people who are not affected by migraine. We also expected that the level of network
disturbances scales with the number of years people have suffered from migraine. The
migraine groups did not differ from each other in functional connectivity, yet patients’
network topology was different from healthy controls. The results were frequency specific,
and higher betweenness centrality was specifically evident in higher frequency bands in
those with a longer disease history.

Chapter 7: Cardiovascular health and the brain
To determine cardiovascular health (CVH) the American Heart Association developed
the Life’s Simple 7 (LS7), a metric consisting of 7 relatively easily assessable components
which are all independently associated with cognitive decline. It has been shown that
good CVH also decreases the risk of early cognitive impairment. In chapter 7 we aimed to
evaluate the association between overall CVH, as measured by the LS7, brain networks and
cognitive performance in a relatively young, healthy cohort of 42-year olds, since it was
hypothesized that brain networks may differ in those who suffer from a poor CVH before
any cognitive impairment is readily detectable. Poor CVH was associated with a poorer
cognitive performance. Poor CVH was associated with lower values of degree divergence
(Kappa), which indicate a lower vulnerability for targeted attacks. The network topology
was not a clear mediator in the association between CVH and cognitive performance.
However, the above findings emphasize the importance to focus on a good CVH within a
clinical setting, even before the manifestation of clinically significant vascular pathology.
However, longitudinal research is needed to investigate the proposed mediation effect
further and to explain the counterintuitive findings with regard to the network topology.

Conclusion
The overarching aim of this dissertation was to investigate various biological and
lifestyle factors in relation to the function and topology of the healthy brain using MEG.
This thesis showed that brain networks may represent an intermediate level between
biological factors and cognitive aspects, but further research is needed to elucidate the
temporal order of the proposed interplay. Investigating lifestyle factors in association
with brain networks is a starting point for further research to map the pre-clinical stage of
neurodegenerative disorders. This will become more important given the developments
in the field of neuroscience and the added value of MEG in research practice.
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The purpose of this thesis is to unravel the interplay between lifestyle factors, brain
networks and cognition in a healthy and young population. This interplay might be
already present in an early stage of life and therefore we used data from a healthy and
young cohort. We assume that brain networks represent an intermediate level between
biological factors (which may be affected by lifestyle) on one hand and behavioural
cognitive aspects on the other hand. In the following sections the main findings in this
thesis are discussed, compared to relevant literature, and considerations are given to the
applied methodologies. Furthermore, the findings are placed in context by presenting
recommendations both for practical implications as well as future research. After
illustrating these aspects, concluding remarks are provided.

Main findings and their interpretation
Physical fitness
Chapter 3 shows that increased physical fitness relates to a better functional brain
network topology. This is line with a recent systematic review that concluded that
moderate physical exercise improves cognition [1]. A better, more efficiently organized
functional network is supposed to underlie normal cognitive functioning [2]. The default
mode network (DMN), which is more active during rest, has been associated with memory
consolidation, mind-wandering, self-referential thought and executive control [3]. It seems
that increased DMN function is related to better executive function in older age and a
better working memory at a younger age [4]. It is also suggested that being physically
active during early adulthood and mid-to-late-life contributes to the prevention of
cognitive dysfunction in late-life [5]. Another network that might be valuable to take into
account is the fronto-parietal network (FPN), which is considered to consist of functional
connector hubs that influence brain-wide compunction to meet task demands [6]. This
network is associated with age-related structural and functional disruptions, which might
be reversed by physical exercise. The fronto-executive network (FEN), which has been
related with associative thinking, is also reported as an important network in relation to
physical activity and is associated with age-related cognitive decline in learning tasks [7].
A recent study showed that exercise may have a protective effect in the early stage of
Alzheimer’s disease (AD) by reducing oxidative stress and by improving the antioxidant
system and brain plasticity [7]. While human studies provide less consistent evidence with
regard to the effects of physical activity and exercise on AD biomarkers, animal studies
do provide compelling evidence for an effect of physical activity and exercise on brain
beta-amyloid and tau. Beta-amyloid and tau are two proteins that mutually enhance their
individual toxic effects and cause a dysfunction of the brain, which is considered to be
characteristic of AD [8]. Moreover, evidence from animal models suggests that physical
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activity and exercise may be most beneficial within the preclinical stage of AD, but how
this translates to humans is still unknown [9]. Although the studies in human are less
convincing regarding the association between physical activity and AD, it is known that
the benefits of physical exercise also lower the risk for cardiovascular disease (CVD) [10],
type 2 diabetes [11], and eliminates the increased risk of death associated with sedentary
behaviour [12]. All the listed findings suggest a protective role of physical activity in the
whole population, but more longitudinal is needed to determine the effects of physical
exercise as a preventive or disease-modifying treatment in neurodegenerative diseases
and the aging brain.
Arterial stiffness
The study as described in chapter 4 is the first study that examined the interplay between
arterial stiffening, functional connectivity and cognition with MEG. This study showed
that increased arterial stiffness, which has been associated with CVD [13], is associated
with an increase in functional connectivity. This increase in functional connectivity might
be pathological. A modelling study performed showed that when activity-dependent
degeneration was simulated, the subsequent increase in neuronal activity leads to a
network breakdown [14]. The assumption is that the increase in neuronal activity can
be explained by neuronal disinhibition due to loss of inhibitory synapses. This makes
the highly connected nodes (hubs) in the brain more vulnerable to AD or mild cognitive
impairment (MCI) and might explain the increase in functional connectivity [14]. Although
most of the studies report fairly consistent evidence that greater arterial stiffness is related
to a decrease in cognitive performance [15], we found the opposite. A recent study
found that aortic stiffness was associated with poorer cognitive function in those aged
45–65 years, but not in those aged 30–45 years [16]. It must be noted that the average
age of the participants in our study was 42 years and had an above average cognitive
test score. These high scores are accompanied with an increase in cognitive reserve in
aging and AD [17], which might explain why in this group no negative effect of stiffness
is observed on cognition in this group. However, it does not explain the counterintuitive
positive association between arterial stiffness and cognition. Therefore, more research is
needed in the age group 30-45 years to evaluate these findings.
The study as described in chapter 4 is the first study that examined the interplay between
arterial stiffening, functional connectivity and cognition. However, other imaging
modalities have examined the association between arterial stiffness, cognitive function,
cerebral hypoperfusion, and markers of neuronal fiber integrity [18, 19]. Brain regions may
develop vascular damage as an effect of microvascular damage, which in turn is caused
by stiffness of the arteries. One of the regions that is affected by vascular and white mater
structural damage is the corpus callosum, the interhemispheric connecting fibers that
have been implied in the earliest stage of AD [20, 21]. Another region that is affected is the
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internal capsule, a region where a large number of motor and sensory fibers travel to and
from the cerebral cortex [21]. Grey matter structures are also affected by arterial stiffness in
an early stage of life [18]. In addition to this, limited blood flow, also known as low cerebral
perfusion, is associated with lower cognitive performance [22]. Greater arterial stiffness is
related to lower cerebral perfusion, especially among those with an increased genetical
predisposition for AD [23]. These robust findings and our findings in chapter 4 suggest
that early diagnostics of arterial stiffness may be promising to identify a disturbance in the
organization of the functional network. However, longitudinal multimodal brain imaging
research is necessary to determine the predictive value of arterial stiffness in relation to
functional connectivity and cognitive performance to grasp the underlying mechanisms
of this association.
Insulin-like growth factor
A previous study within the Amsterdam Growth and Health Longitudinal Study (AGHLS)
could not find an association between IGF-1 serum levels and cognitive functions [24]. This
finding might be explained by the fact that IGF-1 levels may not correlate with cognition
in adulthood but might do so in old-age. It could be that IGF-1 levels work as a protective
factor for cognition in older persons, as seen in the study by Westwood et al. 2014, or in
patients, as seen in Parkinson’s disease [25], rather than in relatively healthy adults [24]. In
our study, lower levels were associated with a globally less integrated network (chapter 5).
It must be noted that in the literature the association between IGF-1 and cognition is
controversial in the middle-aged population and it remains unclear whether increased
levels of IGF-1 reverse or slow down the rate of further cognitive decline [26]. A recently
published randomized clinical trial in adults suffering from growth hormone deficiency
showed beneficial effects of a low dose of IGF-1 [27]. In females, better working memory
and better strategic memory was observed in the low dose treatment group as opposed to
the high dose treatment group. Moreover, high levels of IGF-1 might impair the prefrontal
cognitive functioning, which highlights the importance of a well-balanced secretion level
of IGF-1 [25, 27].
Increased levels of IGF-1 have been observed after physical activity in healthy subjects
[28], but what the effects of exercise on IGF-1 levels and cognition are remains unclear
and needs to be further explored [29]. Besides that, evidence suggest a beneficial role of
lower levels of IGF-1 in early-onset of coronary artery disease and atherosclerosis [30, 31].
These findings together suggest that lower levels of IGF-1 are beneficial for the heart and
might be beneficial for the brain in a later stage in life. However, more research is needed
to investigate the presence and effect of a prodromal biomarker for AD on the global
reorganization of the network. Therefore, more longitudinal network studies are needed
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to investigate and elucidate the putative mechanism of IGF-1 on the effects of exercise on
cognition.
Migraine
In chapter 6 we showed that migraine patients have a different network topology. More
specifically, people with a long history of migraine are statistically significantly different
from healthy controls and those suffering from migraine for a shorter period of time.
The significant areas found in our study have been previously described as main hubs in
the human connectome, and these areas are more likely to be targeted by pathological
processes [32].
In our study, the precuneus showed a higher betweenness centrality in those with a
long history of migraine. This region has been associated with pain sensitivity [33] and
people suffering from migraine tend to have an increased functional connectivity in the
precuneus [34]. Moreover, the precuneus also plays an important role in the recollection
and integration of information and is associated with AD [35]. Not only the precuneus is
associated with AD, but the olfactory cortex also is correlated with synaptic damage and
neurodegeneration in AD and MCI patients [36]. In our study, this area was also identified
in migraine patients with a long disease history. A recently published meta-analysis also
showed that any headache, migraine included, increases the risk of all-cause dementia
[37] and this might be an indication that headache disorders are a potential predictor
for dementia. All these findings suggest that migraine increases the risk for subclinical
lesions in certain brain regions, which might lead to an increased risk for AD. However, the
relation between migraine and AD needs to be further investigated, since no conclusive
results can be drawn at this point with regard to causation.
Migraine is a lesser known, but increasingly studied risk factor for most CVD [38] and is
now considered a risk marker in the QRISK3 prediction score for cardiovascular disease,
which is used in the UK National Health Service [39]. This highlights the importance
of taking migraine into account as a strong cardiovascular marker and will help in the
prevention and management of CVD and possibly AD. However, migraine is not considered
a risk factor in the management of cardiovascular disease risk within the Dutch clinical
guidelines. I would encourage researchers to investigate the link between migraine and
AD further and to incorporate migraine in the clinical guidelines used in the Netherlands
to investigate the potential benefits of adding migraine in future cardiovascular, MCI and
AD guidelines.
Cardiovascular disease and brain health
While in chapter 3 – 6 individual risk factors related to cardiovascular health (CVH) are
examined in association with functional network topology and cognition, chapter 7

General Discussion

| 177

includes a definition of cardiovascular health based on seven known risk factors (LS7)
that people can use to improve their CVH through lifestyle changes. Within our study we
could not find a clear pattern in the relationship between network topology and CVH.
This might be due to the fact that individual components of the LS7 are more sensitive
to pick-up differences from each component separately as seen in chapter 3 - 6 than the
classification we used as suggested by the American Heart Association. Nevertheless, our
study suggests that poor CVH is associated with significantly lower IQ-scores in males,
which is in line with a previous study [40]. This study found that the relationship between
neurocognitive function and LS7 is strongest among at-risk groups for neurocognitive
decline and dementia [40]. The LS7 might be a good clinical indicator for CVD and might
serve as a checklist for practitioners and a review tool for doctors and patients.
In summary, our findings suggest that brain networks may represent an intermediate level
between biological factors and cognitive aspects. However, more longitudinal research is
needed to investigate whether the network differences found in our studies are alterations due
to unfavourable lifestyle factors. All factors included in this thesis (i.e. physical fitness, carotid
stiffness, IGF-1, BMI, fasting blood glucose levels, food intake, blood pressure, total cholesterol,
migraine) are well-known risk factors for the development of CVD and are all linked to MCI and
AD (see Figure 1). The importance to intervene in the outer layer, the unfavorable lifestyle and
biological factors, will have beneficial effects on the heart and brain.

Figure 1. The unfavorable lifestyle and biological factors provide the base, which all other layers
depend upon. Therefore, the need to build a stable base element by adopting a healthier lifestyle
might not be limited to a decreased cardiovascular risk, but will seep through all the other layers.
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Lifestyle factors, cardiovascular disease and Alzheimer’s Disease: a possible
mechanism
A possible mechanism to explain the association between the well-established risk
factors for CVD and AD is the existence of a common cause. Across four studies involving
55,685 participants, genetic and lifestyle factors were independently associated with
susceptibility to coronary artery disease [41]. These lifestyle factors are also related to AD
[42] and recently a genetic mutation in the PLCG-2 gene has been identified that lowers the
risk of AD [43]. It seems that environment and genes play a role in the interplay between
the development of CVD and AD. However, the mechanisms that link CVD and AD are still
uncertain and are likely to be more complex. Therefore, a better comprehension of the
relationship between CVD and AD is important and needs to be further investigated.
Neuroepidemiological stress factors
Since lifestyle factors and genes seems to play an important role in brain networks
before clinical pathology occurs, I would call them neuroepidemiological stress factors.
Brain network organization studies can contribute to a high extent to unravel the
influence of neuroepidemiologal stress factors, since analysis of brain networks can
highlight the vulnerability of elements within the network to abnormal development or
pathological attacks [44]. By introducing this umbrella term, I hope to get more attention
for the importance of modifiable lifestyle risk factors and the possible causal effects
on brain networks. This in addition to those factors which cause a heritable change in
gene expression through lifestyle factors, which is already covered within the field of
epigenetics [45]. The identification of neuroepidemiology stress factors would help to
unravel the underlying mechanism that we see in brain networks and to investigate the
interplay between lifestyle, CVD and AD in future research (Figure 2).

Figure 2. Schematic overview of the proposed mechanisms
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Methodological considerations
This thesis contributes to the field of ‘neuroepidemiology’ and provides the first, important
steps in exploring underlying mechanisms in the interplay between a healthy body and a
healthy mind. The main strengths and limitations of the individual studies are described
in the individual chapters. In this section, I discuss the most important methodological
issues and address additional issues to place the results into perspective. It should be
noted that all studies included in this thesis are based on observational data from healthy
participants.
Phase Lag Index
Within this thesis, the Phase Lag Index (PLI) was chosen as a measure of functional
connectivity. It measures the asymmetry of the distribution of instantaneous phase
differences between two signals. A recent study concluded that global PLI connectivity
measures are more reliable than local measures over sessions with 1 week apart using
EEG [46], which is an argument to report global PLI connectivity measures instead of
local measures. One of the main advantages of the PLI is that it is less sensitive to volume
conduction than other parameters of functional connectivity measures, which reduces
the risk to falsely identify connections due to volume conduction. However, PLI might
underestimate the connectivity at small time lags and low signal-to-noise ratio (SNR),
which increases the risk of a type II error since meaningful interaction may be missed.
A recently introduced phase-based metric that is designed to be robust to noise and
insensitive to volume conduction is the Phase Linearity Measurement (PLM) [47].This
phase-based measure ought to be an extension of the widely used PLI since the PLM
reaches stability and optimal SNR with averaging over only a few epochs. However, since
neither the PLI nor the PLM is able to distinguish between direct and indirect relations
[48], future work should focus on the direction of information flow. A disruption of the
information flow might be a consequence of underlying (pre-clinical) disease mechanisms
and may indicate a functional reorganization of the resting-state network.
Minimum Spanning Tree
The functional network of the brain can be captured with the Minimum Spanning Tree
(MST), which is used in chapter 2 and 5-7, and can be seen as the backbone of the brain. In
recent years, the value of the MST is seen in AD [49], Parkinson’s disease [50] and Multiple
Sclerosis [51]. The MST has the advantage that it increases the comparability of the
networks across condition and groups, even if the number of connections is different. The
disadvantage of the use of the MST is the fact that weaker connections of the network are
missed. Since my research focusses on the relatively healthy brain within a homogenous
population, it is possible that this weaker connection may contain important pre-clinical
information of neurodegenerative processes and are missed at this point time. However,
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the MST is also applied in the healthy aging human brain and research confirmed that the
MST is able to capture the effects of brain aging in healthy subjects [52, 53]. This promising
finding strengthens the importance to investigate whether, how and when the backbone
is affected by the interplay between lifestyle stress factors, CVD and AD in a longitudinal
setting as depicted in Figure 2.
Sensor-level versus source-level
The connectivity analyses of chapter 3 and 4 are performed on sensor-level. The current
standard in MEG analysis is the use of a native MRI for co-registration and subsequent
source reconstruction. Subsequently, one of the research questions within this thesis
was to examine the consistency of functional connectivity and network topology of MEG
data analysed with a native MRI versus a template MRI (chapter 2). Our observation that
functional connectivity and networks can be reconstructed with the use of a template
with reasonable consistency despite the absence of a native MRI might encourage other
researchers to apply sophisticated analyses to MEG, which they would otherwise not
have performed. Our current results show that the use of the template is justifiable in a
population that does not suffer from brain atrophy or lesion. However, it is important to
balance different aspects of the dataset and research question for the decision whether to
perform the analysis on an approximation (template MRI) or on the gold standard (native
MRI).
Lifestyle factors
Capturing someone’s lifestyle is complex and taking into account all factors that contribute
to a healthy lifestyle is challenging. This challenge lies mainly in identifying the right factors,
but also the underlying hidden factor-to-factor interaction should be acknowledged. In
the LS7 study, we take into account seven known risk factors for CVH, but the underlying
interaction between for example smoking, physical activity and food choice behaviours is
not taken into account [54]. It is important to capture these interactions, and one way to
gain more insight in the hidden factor-to-factor interaction is to apply a network approach
[55]. This network approach, which found its origin in capturing mental disorders as a
network of causally interacting symptoms, treats symptoms as nodes and the relationship
between those symptoms as edges. A recent study applied this method to the complex
interplay of non-motor symptoms of Parkinson’s disease in relation to quality of life [56].
This method could be easily applied to CVH risk-factors as well. This will give more insight
in how factors are connected and how improvement in one risk factor will help to reduce
the burden on other risk factors and might be an interesting focus in future work.
Assessment of time course
Since the original aim of the AGHLS was to examine growth and health among teenagers,
the study has now grown into an extensive and unique assessment of risk factors. However,
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no extensive and longitudinal data with regard to cognitive functioning was present and
only one MEG recording was available. This prevented us to perform a longitudinal analysis
on our data. To further increase our understanding of the pathophysiological process
underlying lifestyle factor-related cognitive decline, an assessment of the time course of
the associations is needed. Moreover, this assessment would allow to investigate whether
these alterations are permanent or whether the network alterations might be irreversible
by adopting a healthy lifestyle at a certain point in time.
Power of the performed analyses
The MEG signals are divided into several frequency bands and are analysed separately.
The use of several frequency bands leads to an increase in the number of statistical
tests. Given the explorative nature of the studies in all chapters, it might be possible that
type 1-errors have occurred. Therefore, it is suggested to select frequency bands based
on earlier studies [57]. However, several frequency bands are associated with (poorer)
cognitive performance, which hampers the formulation of a frequency band-specific
hypothesis in our explorative studies. Moreover, functional neuroimaging data embodies
a massive multiple testing problem. If 20 hypotheses are tested, and a significance level of
0.05 is used, the probability of observing at least one significant result is around 64% if you
assume all tests to be completely independent (1- (1 – 0.05)20), and therefore it is argued to
correct for the number of hypotheses (or tests) that you consider. However, recent papers
critically reviewed the null hypothesis significant testing (NHST) and the multiple testing
correction, which is related to NHST, in large datasets. It is argued that in large datasets
(i.e. functional imaging datasets), small effects could easily be linked to two randomly
picked variables even if their statistical connection merely communicates that they are
part of a vast complex interconnected network of variables [58, 59]. Moreover, it is argued
that NHST does not facilitate systematic knowledge integration [59]. Therefore, I would
suggest to look at patterns and report confidence intervals within large datasets rather
than reject or support a null hypothesis based on a p-value. This is a debated and ongoing
project funded by the Netherlands Organisation for Health Research and Development
(ZonMw) [60]. This project should encourage students, researchers and journals to step
away from the dichotomization of significant or insignificant results and to focus on a
meaningful, context- and content-specific interpretation of the results.

Implications for public health
In the last few years, preventing the onset of illness has become an important pillar of
the healthcare system and a shift from reactive to preventive care has ensued. Preventive
care solutions can be either proactive or predictive. In the proactive care approach, those
who are at risk to develop chronic diseases based on known ‘risk factors’ are educated and
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preventive actions may be undertaken to intervene before the onset of early symptoms.
Within the Netherlands a cardiovascular risk management (CVRM) program is intended
for use by general practitioners (GPs), medical specialist and allied health professionals
[61]. This program focuses on the prevention of the development or worsening of
cardiovascular disease in people who are deemed at an increased risk based on lifestyle
risk factors. The CVRM program primarily targets those risk factors that can be modified
by living a healthier lifestyle. Within this guideline, the benefits that can be achieved
within the cognitive domain are not explicitly mentioned but it is very well possible, given
the summarized evidence in this thesis, that the cognitive capacity will benefit from the
interventions of the program as well. Within a clinical setting, one should be aware of
the close link between neurology and cardiology. The two disciplines should assess and
work together to decrease someone’s cardiovascular risk. This may preserve the cognitive
abilities and reduce the risk of developing AD.
Unlike the preventive care solutions, predictive care solutions rely on sophisticated cuttingedge technologies to determine susceptibility to a disease long before it manifests. The
technique of measuring brain activity, as demonstrated in this thesis, has made it clear
that differences in functional connectivity and brain network are seen in a healthy and
young population. One can argue that a non-invasive MEG might be used as an early
diagnostic or screening tool for AD. However, no treatment is available and the natural
history of the condition, including development from latent to declared disease, is not
adequately understood. Therefore, it is not desirable to screen for this disease at this point
in time since it does not fall within the guidelines on principles and practice of screening
for a disease as formulated by Wilson and Jugner [62].
Recently, several expert panels reviewed the evidence about screening for AD and
all recommended not to screen individuals who are not themselves (or their families)
seeking for such attention [63], since it might only cause more harm than good among
individuals in the general population. However, this is still an ongoing debate and new
recommendations are expected if significant new evidence becomes available. The
realization that various factors contribute simultaneously to the onset of AD will help
future diagnostic research and treatment of this condition. Improving population-level
CVH through modifiable lifestyle factors might reduce the public health burden of AD and
other dementias, especially among groups at high risk for these disorders. Therefore, this
thesis might contribute to the awareness of and public information on the importance of
a healthy lifestyle.
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Suggestions for future research
1. Investigating gender differences
	The results for this thesis have shown gender differences in lifestyle factors that
are related to cognitive impairment and their association with the functional
connectivity and topology of the brain. It is suggested that most of the gender
differences in studies with regard to brain function, anatomy, behaviour and
cognition are modulated by several factors (i.e. environment, culture) that might
interact with hormone levels [64]. I welcome researchers to investigate the
impact of hormone levels on the functional connectivity and topology of the
brain in future research.
2. Use of a template brain in other populations
	The demonstrated use of a template MRI instead of a native MRI for co-registration
in a healthy population has gained attention in the field of neuroscience. For
example, template MRI scans are used in patients with amyotrophic lateral
sclerosis (ALS) [65, 66] and in situations where patients have difficulties to lie
down or refuse to perform an MRI scan. Since we only demonstrated the use of a
template MRI for co-registration in a healthy population, more research is needed
to investigate the accuracy in a population that suffers from brain atrophy (e.g.
AD, multiple sclerosis, ALS).
3. Longitudinal studies are needed
	
To further increase our understanding of the pathophysiological process
underlying lifestyle factor-related cognitive decline, prospective longitudinal
studies are needed. It is important to investigate at which point in time the
pathology reaches a certain level and when changes within the network can
be identified. A recent dynamic modelling study was able to identify network
alterations, that may act as a classifier to identify AD and is a promising finding in
the early detection of dementia [67].
4. Incorporate cardiovascular risk management within care for cognitive impairment
	Since a close link can be observed between CVH and AD, cardiovascular risk
management (CVRM) might provide health benefits to those suffering from
MCI and AD as well. Therefore, cardiovascular risk management should not be
limited to care within a general practitioner setting. The beneficial effects within
a specialized neurological care setting should be further investigated and this
might contribute to the understanding of the interplay between lifestyle, brain
networks, CVH and AD.
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Conclusion
The overarching aim of this thesis has been to investigate various health and lifestyle
factors in relation to the function and topology of the healthy brain using MEG. The
developments in the field of neuroscience and especially the added value of MEG in
research practice will become more important in the field of neuroepidemiology. This thesis
shows that investigating lifestyle factors in association with brain networks is a starting
point for further research into mapping the pre-clinical stage. This is not only limited to
neurological conditions, but may add some beneficial effects within cardiovascular health
research as well. It is of great importance to investigate, longitudinally, health and lifestyle
(risk) factors in order to capture and unravel the complex interplay between body and
brain in a pre-clinical, and thus important stage.
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Nederlandse Samenvatting
De levensverwachting zal de komende jaren verder toenemen door verbeterde preventie
en medische zorg. Om tal van gezondheidsproblemen te voorkomen, is het oppakken
en handhaven van een gezonde leefstijl een belangrijke pijler binnen de samenleving
geworden. Studies hebben aangetoond dat een gezonde leefstijl gunstig is voor een
gezond brein, maar hoe een gezonde leefstijl zich verhoudt tot specifieke kenmerken
van de hersenen wordt nu slechts gedeeltelijk begrepen. Mogelijk vertegenwoordigen
hersennetwerken een tussenliggende schakel tussen biologische factoren, waarvan
sommige kunnen worden beïnvloed door leefstijl aan de ene kant, en functionele
aspecten van het brein (cognitie) aan de andere kant. Het hoofddoel van dit proefschrift
is om te onderzoeken of leefstijl en biologische factoren binnen een gezonde populatie
geassocieerd zijn met de hersennetwerktopologie en cognitief functioneren. De resultaten
die we hieruit verkrijgen kunnen bijdragen aan een beter begrip van de associaties tussen
leefstijlfactoren en het brein en vormen een springplank voor verder onderzoek om het
preklinische stadium van neurodegeneratieve aandoeningen in kaart te brengen.

Hoofdstuk 2: Co-registratie met een template-MRI
Om de relatie tussen leefstijlfactoren en kenmerken van de hersenen te onderzoeken, moeten
structurele en functionele netwerken worden gereconstrueerd. Om hersennetwerken te
reconstrueren, wordt magnetoencephalografie (MEG), een neurofysiologische techniek,
vaak gecombineerd met magnetic resonance imaging (MRI), een anatomische neuroimagingtechniek. De huidige standaard in MEG-analyse is het gebruik van een individuele
MRI-scan om deze MEG- MRI co-registratie uit te voeren. Niet alle onderzoeken hebben
echter toegang tot deze gegevens (bijvoorbeeld oudere retrospectieve cohortstudies) en
bovendien is het kostbaar en soms lastig om individuele MRI-scans te verkrijgen om deze
co-registratie uit te voeren. Dit belemmert de multimodale benadering die nodig is om
de hoogste ruimtelijke resolutie (MRI) te combineren met de beste temporele resolutie
(MEG). Om de vraag te beantwoorden of een MRI van een “standaard” brein (templateMRI) kon worden gebruikt in plaats van individuele MRI’s voor de co-registratie werden
gegevens verzameld van zeventien gezonde deelnemers. Deze personen ondergingen
een MEG in rusttoestand en een MRI-scan. We toonden aan dat de co-registratie
uitkomsten gebruik makend van een template-MRI redelijk overeenkwamen als we dit
vergeleken met de uitkomsten van de individueel verkregen MRI’s. Door deze bevinding
kunnen onderzoekers een template-MRI gebruiken voor de co-registratie met MEG om de
geschatte connectiviteit en netwerktopologie van het brein in een anatomische context
te interpreten.
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Hoofdstuk 3: Fysieke fitheid en de hersenen
Maximale zuurstofopname (VO2 max) weerspiegelt de cardiorespiratoire fitheid van een
individu en wordt gemeten tijdens een toenemende intensiteitstraining. In hoofdstuk 3
hebben we aangetoond dat een betere fysieke fitheid op 36-jarige leeftijd was geassocieerd
met een betere organisatie van functionele hersennetwerken 6 jaar later. Meer specifiek
toonden we met MEG aan dat fysieke fitheid, bij gezonde personen, gerelateerd was
aan modulaire netwerktopologie. Een verhoogde intermodulaire connectiviteit bleek
geassocieerd met een betere cardiorespiratoire fitheid en een betere mentale fitheid, wat
duidt op een gunstig effect van een meer globale netwerkintegratie in tegenstelling tot
een meer geclusterde, lokaal verbonden architectuur. We dachten ook dat de organisatie
van functionele netwerken zou fungeren als mediator in de associatie tussen fysieke
fitheid en intelligentie. Er kon echter geen mediatie effect van het functionele netwerk
worden aangetoond.

Hoofdstuk 4: Arteriële stijfheid en de hersenen
Stijfheid van de carotis (halsslagader) wordt beschouwd als een belangrijk element in
de pathogenese van cerebrovasculaire aandoeningen en wordt ook geassocieerd met
cognitieve stoornissen. Hoe deze vasculaire stoornissen leiden tot cognitieve stoornissen
is grotendeels onbekend. In hoofdstuk 4 onderzochten we de relatie tussen de stijfheid van
de carotis, cognitieve, hersenconnectiviteit en cognitieve prestaties. Verhoogde stijfheid
van de carotis bleek geassocieerd met een toename van functionele connectiviteit.
Daarnaast bleek een verhoogde stijfheid van de carotis geassocieerd met betere cognitief
functioneren bij mannen. Deze contra- intuïtieve positieve associatie tussen stijfheid van
de carotis en cognitie verdient verdere aandacht in toekomstig onderzoek.

Hoofdstuk 5: Insuline-achtige groeifactor en de hersenen
Het insuline-achtige groeifactor-1 (IGF-1) is een eiwit dat een belangrijke rol speelt bij
hersengroei, ontwikkeling en myelinisatie en is ook betrokken bij het neurogenese-proces
en de plasticiteit van de hersenen. Vermindering van insulinesignalering kan bijdragen aan
het begin van verzwakking van neuroprotectieve signalering en is in verband gebracht
met neurodegeneratieve ziekten. Onze hypothese was dat functionele hersennetwerken
gerelateerd waren aan IGF-1-niveaus. Onze analyses toonden aan dat lagere niveaus
van serum IGF-1 gerelateerd waren aan een globaal minder geïntegreerd functioneel
netwerk in de bèta- en theta-band, wat ook wordt gezien bij neurodegeneratieve ziekten.
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Dit onderstreept dat lagere niveaus van IGF-1 belangrijk zijn in de topologie van het
hersennetwerk zoals waargenomen bij onder andere de ziekte van Alzheimer.

Hoofdstuk 6: Migraine en de hersenen
Migraine is een veel voorkomende aandoening met grote sociale en medische gevolgen.
Ongunstige leefstijlfactoren worden geassocieerd met een verhoogd risico op migraine
(bijvoorbeeld roken, lage lichamelijke activiteit, alcoholgebruik). Recente neuroimaging
onderzoeken hebben bevestigd dat de verstoring in de hersenen niet beperkt is tot
het moment van een migraineaanval, maar ook aanwezig is tussen aanvallen door, de
interictale fase. In hoofdstuk 6 hebben we onderzocht in hoeverre de topologie van
functionele hersennetwerken ook anders is in de interictale migraine fase vergeleken
met mensen die geen last hebben van migraine. We verwachtten ook dat het niveau
van netwerkverstoringen zou toenemen met het aantal jaren dat mensen aan migraine
hebben geleden. Hoewel de migraine-groepen niet van elkaar verschilden in functionele
connectiviteit, was de netwerktopologie van de patiënten met migraine anders dan van
gezonde controles. De resultaten waren frequentie-specifiek, een hogere betweenness
centrality was met name duidelijk in hogere frequentiebanden in mensen met een langere
ziektegeschiedenis.

Hoofdstuk 7: Cardiovasculaire gezondheid en de hersenen
Om de cardiovasculaire gezondheid (CVH) te bepalen, heeft de American Heart Association
de Life’s Simple 7 (LS7) ontwikkeld, een maat bestaande uit 7 relatief gemakkelijk
te beoordelen componenten die allemaal onafhankelijk worden geassocieerd met
cognitieve achteruitgang. Er is aangetoond dat goede CVH ook het risico op vroege
cognitieve stoornissen vermindert. In hoofdstuk 7 hebben we de associatie onderzocht
tussen algehele CVH (gemeten door de LS7), hersennetwerken en cognitieve prestaties in
een relatief jong, gezond cohort van 42-jarigen. Dit wilden we doen omdat de hypothese
was dat hersennetwerken bij mensen die lijden aan een slechte CVH kunnen verschillen
van gezonde mensen voordat enige cognitieve achteruitgang detecteerbaar is. Uit ons
onderzoek bleek dat slechte CVH was geassocieerd met een slechtere cognitieve prestatie.
Daarnaast bleek dat slechte CVH ook geassocieerd was met lagere waarden van degree
divergence (Kappa), wat duidt op een lagere kwetsbaarheid voor gerichte aanvallen in
het netwerk. De topologie van het brein bleek echter geen duidelijke mediator te zijn
in de associatie tussen CVH en cognitieve prestaties. Onze bevindingen benadrukken
echter het belang om in te zetten op een goede CVH in een klinische setting, zelfs vóór
de manifestatie van klinisch significante vasculaire pathologie. Er is echter longitudinaal
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onderzoek nodig om het voorgestelde mediatie effect verder te onderzoeken en de
contra-intuïtieve bevindingen met betrekking tot de netwerktopologie te verklaren.

Suggesties voor toekomstig onderzoek
1. Sekseverschillen moeten onderzocht worden
	
De resultaten voor dit proefschrift hebben sekseverschillen aangetoond
in leefstijlfactoren die verband houden met cognitieve stoornissen en hun
associatie met de functionele connectiviteit en topologie van de hersenen. Er
wordt gesuggereerd dat de (marginaal) gevonden geslachtsverschillen worden
gemoduleerd door verschillende factoren (bijvoorbeeld omgeving, cultuur) die
kunnen interacteren met hormoonspiegels. Meer onderzoek is nodig om de
impact van hormoonspiegels op de functionele connectiviteit en topologie van
de hersenen te onderzoeken.
2. Gebruik van een template-MRI bij MEG-MRI co-registratie in andere populaties
moet worden onderzocht
	
Het gebruik van een template-MRI in plaats van een native MRI voor coregistratie in een gezonde populatie heeft aandacht gekregen binnen de
neurowetenschappen. Het gebruik van template-MRIs bij co-registratie wordt nu
bijvoorbeeld toegepast bij patiënten met amyotrofische laterale sclerose (ALS)
en in situaties waarin patiënten moeite hebben om te gaan liggen of weigeren
een MRI-scan uit te voeren. Omdat we alleen het gebruik van een templateMRI voor co-registratie in een gezonde populatie hebben aangetoond, is meer
onderzoek nodig om de nauwkeurigheid te onderzoeken in een populatie die
lijdt aan hersenatrofie (bijvoorbeeld de ziekte van Alzheimer, Multiple Sclerose
(MS), ALS).
3. Longitudinale studies zijn nodig
	
Om ons begrip van het pathofysiologische proces dat ten grondslag ligt
aan cognitieve achteruitgang door leefstijlfactoren verder te vergroten, zijn
longitudinale studies nodig. Het is belangrijk om te onderzoeken op welk moment
de pathologie een bepaald “kritiek” niveau bereikt en wanneer veranderingen
binnen het netwerk kunnen worden geïdentificeerd. Een recent dynamisch model
onderzoek heeft veranderingen van het hersennetwerk kunnen identificeren, die
kunnen fungeren als een classificator om de ziekte van Alzheimer te identificeren
en is een veelbelovende bevinding bij de vroege detectie van dementie.
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4. Neem cardiovasculair risicobeheer op in de zorg van cognitieve stoornissen
	Aangezien er een nauw verband kan worden waargenomen tussen CVH en
de ziekte van Alzheimer, kan cardiovasculair risicomanagement (CVRM) ook
gezondheidsvoordelen bieden aan mensen die lijden aan milde cognitieve
stoornissen en de ziekte van Alzheimer. Daarom moet cardiovasculair
risicobeheer niet worden beperkt tot zorg binnen de huisartsenpraktijk. De
gunstige effecten binnen een gespecialiseerde setting voor neurologische zorg
moeten verder worden onderzocht. Deze kennis kan bijdragen aan het begrip
van de wisselwerking tussen leefstijl, hersennetwerken, CVH en de ziekte van
Alzheimer.

Conclusie
Het overkoepelende doel van dit proefschrift was om verschillende biologische en
leefstijlfactoren te onderzoeken in relatie tot de functie en topologie van de gezonde
hersenen met behulp van MEG. De ontwikkelen op het gebied van neurowetenschappen
en vooral de toegevoegde waarde van MEG in de onderzoekspraktijk zullen steeds
belangrijker worden op het gebied van neuro-epidemiologie. Dit proefschrift laat zien
dat hersennetwerken een tussenliggende schakel kunnen vertegenwoordigen tussen
biologische factoren en cognitieve aspecten, maar verder longitudinaal onderzoek is
nodig om de causaliteit van het samenspel op te helderen. Onderzoek naar leefstijlfactoren
in samenhang met hersennetwerken is een startpunt voor verder onderzoek om het
preklinische stadium van neurodegeneratieve aandoeningen in kaart te brengen.
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Dankwoord
Het is klaar.
“Promise me you’ll always remember: You’re braver than you believe, and stronger
than you seem, and smarter than you think.”
- A. A. Milne, Winnie-the-Pooh Allereerst wil ik mij graag richten tot mijn promotieteam: Jos, Kees, Linda en Martijn.
Jullie hebben mij regelmatig bewust, maar soms ook onbewust, dat ene duwtje in de rug
gegeven om te geloven in dit proefschrift.
Jos, je enthousiasme en je overtuigingskracht zijn van onschatbare waarde geweest. Ik
ben onwijs dankbaar voor de kansen die je me hebt gegeven in de afgelopen jaren en dat
je al 13 jaar onderdeel uitmaakt van mijn academische loopbaan. Ik leer erg veel van je en
je nuchtere kijk op de wetenschap is soms heel erg nodig!
Kees, je gigantische kennis en je vermogen om deze kennis over te dragen is
bewonderenswaardig. Er heerst een heus mysterie rondom de snelheid waarmee je
de stukken van feedback voorziet. Ik wil je bedanken voor de gesprekken waarin je me
overtuigde dat de dataset uniek was en dat we daar hele leuke dingen mee konden gaan
doen! Ik wil je ook bedanken dat je soms een ‘rem’ erop gooide en dat je me liet focussen
op één stuk of gewoon even op mezelf.
Linda, je bent van onschatbare waarde geweest in dit hele traject. Je terechte kritische blik
heeft ervoor gezorgd dat de stukken naar een hoger niveau werden getild. Ik koester de
koffie-momenten die we samen hebben gehad waarin je me hebt geleerd dat promoveren
niet alleen maar gaat om het inleveren van dit boekje.
Martijn, ik heb met erg veel plezier samengewerkt aan het ontwikkelen en geven van al
het onderwijs. Later kwam daar nog een nieuwe rol bij. Ik kon altijd terecht voor een klein
vraagje hier of een klein dingetje daar. Dankjewel dat je daar altijd de tijd voor nam!
“Think it over, think it under.”
- A. A. Milne, Winnie-the-Pooh De leden van mijn promotiecommissie: dr. J.E. Bosmans, prof. dr. W.M. van der Flier, dr.
L.G.M. van Rossum, dr. M.R. de Boer, prof. dr. A.W.M. Evers, dr. C.H. Vinkers, hartelijk dank
voor jullie aanwezigheid en voor de aandacht die jullie aan mijn proefschrift hebben willen
schenken en voor alles wat ik van jullie geleerd heb en nog ga leren de komende jaren.
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“I was walking along looking for somebody, and then suddenly I wasn’t anymore.”
- A. A. Milne, Winnie-the-Pooh Pierpaolo, I came across this quote and I had to think of you. You are super special to me.
Thank you for just being you. Thank you for being a great mentor, an annoying Maggelaan
connoisseur, my pal from abroad and my helpdesk. I would like to thank you for our
inspiring conversations, the great trips in Napels and Capri and it is a great privilege to
work with you and to be your friend.
“If the person you are talking to doesn’t appear to be listening, be patient. It may simply be
that he has a small piece of fluff in his ear”
- A. A. Milne, Winnie-the-Pooh Mijn co-auteurs: Arjan, Prejaas en Bob. Jullie kennis reikt zo ver dat ik soms even wat
tijd nodig had om de kritische noten en aanvullende suggesties tot me door te laten
dringen. Door jullie geduld, de tijd die jullie namen om mij dingen uit te leggen en jullie
doorzettingsvermogen hebben we een aantal hele mooie publicaties die er anders nooit
waren gekomen. Ontzettend bedankt daarvoor!
“It is more fun to talk with someone who doesn’t use long, difficult words but rather short,
easy words like “What about lunch?”
- A. A. Milne, Winnie-the-Pooh Mijn coole paranimfen, Marleen en Hanneke. Wat ben ik blij dat ik jullie om me heen heb!
Marleen, dankjewel dat je altijd voor me klaarstaat en dat je deze quote af en toe naar me
gestuurd hebt. Onze avonturen samen zijn van onschatbare waarde geweest en hebben
de vriendschap de vorm gegeven die die nu heeft. Daar ben ik heel erg dankbaar voor.
Hanneke!!!!! Toen Judith me vertelde dat jij mijn nieuwe kamergenoot werd en ze me
daarbij ook op het hart drukte dat wij het heel goed zouden gaan vinden samen kreeg
ze mijn sceptische blik toegeworpen. De eerste paar maanden heb je die sceptische
blik moeten aanschouwen… dr. Bosmans had gelijk. Ik ben dol op je! Je eerlijke blik,
je shopvermogen, de ‘ik heb geen zin vandaag-zin’, je analytische vermogen (je bent
verliefd!), alles! Ik hoop dat we nog lekker veel gekke avonturen gaan beleven samen.
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“A little consideration, a little thought for others, makes all the difference.”
- A. A. Milne, Winnie-the-Pooh De collega’s van de afdeling Gezondheidswetenschappen, bedankt dat ik zoveel jaren
-eerst als student en later als collega- van jullie kennis gebruik heb mogen maken. De
collega’s van MTB, bedankt dat jullie er voor me waren tijdens de dipjes, de euforische
bergen en de momenten waarop het lekker rustig voortkabbelde. De powervrouwen van
de U4! Jullie waren de rots in de U4-branding en ik ben heel blij dat ik jullie heb mogen
leren kennen.
“It’s so much more friendly with two.”
- A. A. Milne, Winnie-the-Pooh Paul, mijn kamergenootje, alles wat ik wilde zeggen kon ik tegen je zeggen. Alles wat je
wilde zeggen heb je gezegd. Nu wil ik toch nog even dit tegen je zeggen: Ha! Kijk! Het
boekje ligt toch mooi voor je neus he?! Bedankt dat je er voor me was en voor me bent!
“You can’t stay in your corner of the forest waiting for others to come to you.
You have to go to them sometimes. “
- A. A. Milne, Winnie-the-Pooh Op de maandagen heb ik veel geleerd van alle andere netwerkonderzoekers. Dankjewel
Alida, Edwin, Marjolein, Matteo, Meichen, Lennard en Ida dat ik een kijkje mocht krijgen in
jullie complexe onderzoeken! Ik heb ook geleerd dat complexe onderzoeken iets minder
complex zijn tijdens een kopje koffie, een gezellig etentje, een congres in Wenen of een
weekendje in Napels.
Huh? Zijn er nog meer mensen zoals ik die met hun proefschrift bezig zijn met ongeveer
dezelfde onderwerpen?!?! En dat zijn allemaal meiden? Het zijn er 4??? Dat was ongeveer
wat ik dacht toen ik uitgenodigd werd op de woensdagmiddag meeting bij het ‘lab’
van Linda. Wat ben ik blij dat ik uit het hoekje van het W&N-gebouw kwam en jullie kon
opzoeken met mijn vragen en verwonderingen. Gwenda, Jolanda, Tianne en Shanna: jullie
zijn stuk voor stuk hele stoere vrouwen en ik ben blij dat jullie op mijn pad gekomen zijn!
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Piglet sidled up to Pooh from behind.
‘Pooh!’ he whispered.
‘Yes, Piglet?’
‘Nothing,’ said Piglet, taking Pooh’s paw. ‘I just wanted to be sure of you.’
- A. A. Milne, Winnie-the-Pooh Hoe gaat het met je boekje? Vaak wilde ik hier überhaupt geen antwoord op geven, soms
gaf ik een politiek correct antwoord, soms wilde ik het er iets uitgebreider over hebben.
Dat vonden jullie allemaal heel erg okay.
Degene die de afgelopen jaren de meeste autocorrect ontvingen in zinnen waar ‘MEG’
terecht kwam in plaats van ‘met’ zijn jullie:
Suus, we zijn gelukkig als we samen op een berg zitten. Gelukkig ben je er ook altijd voor
me als ik in een dalletje terecht gekomen ben. Ik ben blij dat jij en ik ooit besloten hebben
om in hetzelfde jaar Gezondheidswetenschappen te gaan studeren. Late we snel weer
een berg opzoeken MEG met elkaar!
Merel, hadden we dit moment kunnen voorspellen tijdens de CCT-meetings? Dankjewel
dat als we samen zijn even geen onderzoekers hoeven te zijn, maar meisjes die gewoon
even in een pyjama naar een Disneyfilm willen kijken (MEG met een wijntje en lekkere
macarons). Laten we dit nog jaren doen!
Irene, achter de schermen speelde je vroeger een belangrijke rol. Maar je rol is steeds
prominenter geworden in mijn leven en ik ben heel erg blij dat jij getuige bent van zo veel
belangrijke mijlpalen in mijn leven. En Nob, ik kreeg jou er als dikke bonus bij! Dankjewel
dat je mij altijd van zulke goede adviezen kunt voorzien!
Alhoewel Amsterdam wel een hele prominente plek gekregen heeft op de voorkant van
mijn boekje, zijn er een aantal belangrijke knooppunten waar hele belangrijke mensen
wonen!
Mijn lieve Rotterdamse vriendinnen: Charlotte, Lize, Bernice, Roos en Marieke!
Mijn lieve Amsterdamse vrienden en vriendinnetjes: Jasper, Anne en Simon, Lisette,
Maaike en Marcus! Mijn lieve theatervriendjes ‘no borders!’: Caramay, Davine, Matthijs,
Stan! En dan zijn er nog de Zuid-Hollandse plaatsen Zuidland (Yaron!) en Brielle (Gillian!).
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Jullie hebben allemaal een belangrijke rol gespeeld in de afgelopen jaren, variërend van
het bieden van onderdak, het bakken van taarten, het spelen van spelletjes, het eten van
belachelijk lekker eten, het zingen van liedjes tot het er gewoon voor me zijn. Daar ben ik
jullie allemaal heel erg dankbaar voor!
Mijn lieve neven, nichten, ooms en tantes; als jongste meisje van de familie ging ik naar
Amsterdam. Ver weg van jullie. Jullie waren nooit te beroerd om mij op te halen bij de
veerboot of zelfs weg te brengen naar Schiedam. De lieve glimlach als ik jullie kant op
kom doet me altijd goed! Ik ben blij met zo’n lieve familie.
Mijn bonusschoonfamilie: bedankt dat jullie er voor mij zijn! Voor jullie nieuwsgierigheid
en dat ik mag zijn wie ik ben. En ik ben blij dat ik er opeens zoveel te gekke nichten bij heb!
My family abroad! Gidget, Richard, Christopher, Fred and Rosie: thank you for being such
an amazing dolphin pod and… reminding me to “just keep swimming”.
Lieve broers en zussen, stoere nichtjes en klein neefje: van zusje naar tante! Jullie hebben
me een te gekke nieuwe rol gegeven en ja…hoe leg je als tante uit wat je eigenlijk doet
in het dagelijks leven? “Dus tante Dagmar, je bent gewoon een uitvinder die daar iets over
schrijft?” Ik reken het goed!
Mama, jouw onvoorwaardelijke liefde, je doorzettingsvermogen, je kracht en de
onafhankelijkheid die je mij cadeau hebt gedaan. Je bent een voorbeeld en ik ben blij dat
jij mijn mama bent en je elk avontuur dat ik aanga naast me zult staan.
“I knew when I met you an adventure was going to happen.”
- A. A. Milne, Winnie-the-Pooh Lieffie, dit grote avontuur is klaar. Met je rotsvaste geloof in mij en jouw hulp in ons fijne
hoofdkwartier is het gelukt! Zullen we nieuwe avonturen beleven? Ik ben er klaar voor!

“Goodbye…? Oh no, please. Can’t we go back to page one and do it all over again?”
- A. A. Milne, Winnie-the-Pooh -
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