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Abstract
Introduction
Aim of this study was to investigate with a novel method of brain network characterization, the minimum spanning tree (MST), whether functional hub regions
are lost in AD. Furthermore, we investigated whether age-at-onset of disease
modified the loss of hubs.

Method
We examined resting state EEGs of 319 probable AD patients and 245 non-demented controls, categorized into young (≤65 years, age: AD 59(5); controls
55(7)) and old (>65 years, age: AD 75(5); controls 72(4)). Phase Lag Index (PLI)
in four different frequency bands (alpha, beta, theta and delta) was used as
connectivity measure, from which we calculated the MST as a simple, non-arbitrary way to represent functional brain networks. Cognition was measured
with digit span forward and backward, Visual Association Test (VAT) naming
and recall, Trailmaking Test (TMT) parts A and B and category fluency. We used
Analyses of Variance (ANOVA) for group comparisons. We used ANOVA for repeated measures to study potential difference in distribution of hubs (BC per
electrode) according to age-at-onset in AD patients and controls separately.
Correlations with cognition in AD patients were established by Pearson’s correlation coefficient.
Results
AD patients showed in the alpha band a lower degree and leaf fraction and
higher eccentricity and diameter compared to controls. We found no differences in BC per electrode according to age in controls, but younger AD patients
had stronger hubs left temporal and weaker hubs left occipital than older AD
patients. We found alpha band correlations between diameter and category
fluency, VAT recall and digit span backward (resp. r = 0.12, -0.12 and 0.13), between eccentricity and category fluency, VAT recall and digit span backward
(resp. r = 0.13, 0.12 and 0.13) and between leaf fraction and category fluency,
VAT recall and TMT B (resp. r = -0.13, 0.12 and -0.14) in the group of AD patients.

96

Conclusion
In this study we have shown with MST, a novel method of network analysis in
EEG, that AD patients have a different, less integrated network topology compared to controls, which is consistent with loss of hubs, higher connected areas
that have been implicated in the pathophysiology of AD, and seems related
to severity of cognitive impairment. Further more, in AD patients there was a
difference according to age in hub locations; young AD patients had stronger
hubs left temporal than old patients and weaker hubs left occipital.
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Introduction
An optimal segregation and integration of information flow in the brain is necessary for optimal cognitive functioning.1 Disruptions of this balance are associated with several disorders including Alzheimer’s disease (AD), which has
been referred to as a disconnection syndrome.2,3 In recent years many studies
were published that describe brain dynamics in terms of complex networks
using imaging methods like functional MRI (fMRI) and magnetoencephalography (MEG).4-6 Highly connected hub-regions are increasingly recognized as
playing an important role in the efficient integration of information.7-9 Studies
in several imaging modalities have shown an increased vulnerability of hub-regions to AD related pathology and loss of optimal network configuration in
AD patients.10-18 Changes in network properties have also been shown to
correlate with cognitive decline in Alzheimer’s disease.19-21
AD is the most common cause of dementia.22,23 Within AD there is a marked
heterogeneity in clinical presentation. While most patients with late onset AD
present with memory problems, an early age at onset of AD is more often associated with problems in other cognitive domains.24-26 In addition to a different
clinical phenotype, it has also been shown that young AD patients show regional differences in cerebral atrophy, glucose metabolism and amyloid deposition,
with the posterior brain regions most affected.27-29 In a recent electroencephalography (EEG) study, we showed that young AD patients had more slowing of
oscillatory brain dynamics in the posterior brain regions, compared to old AD
patients.30 Taken together, these findings suggest that connections in the brain
of older and younger patients are differently affected. The predilection for a
posterior localisation of pathology in young AD patients possibly represents
damage to the posterior part of the Default Mode Network (DMN). Since it is
known that many hub regions are located in the DMN,10 it could be hypothesized that in young AD patients, a disproportionate number of hub regions is
affected compared to old AD patients. The mechanism through which this occurs is not yet known, but differences in functional network topology could be
an underlying factor, as it has been shown that hub vulnerability is likely caused
by the high activity level of these regions, also known as activity dependent
degeneration (ADD).31
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In this EEG-based study we used a novel unbiased method of network characterization that gives a hypothesis-free characterization of the network, the Minimum Spanning Tree (MST), to investigate whether AD is associated with loss of
hubs and whether this association is modified by age-at-onset. In addition, we
studied whether network measures were related to cognitive impairment.

Methods
Subjects
We included of 319 probable AD patients (F 49%; MMSE 21(5)) and 245 non-demented controls (F 45%; MMSE 28(2)) from the memory-clinic based Amsterdam Dementia Cohort, similar to the dataset used in previous studies.30,32
All subjects were referred to the Alzheimer center of the VU University Medical Center, Amsterdam, the Netherlands, between September 2003 and June
2009.
Standardised dementia screening included a history, and when available, an
informant based history, a standard neurological examination, a cognitive examination including mini mental state examination (MMSE), neuropsychological examination (including digit span forward and backward, Visual Association
Test (VAT) naming and recall, Trailmaking Test (TMT) parts A and B and category fluency),33-36 EEG, Magnetic Resonance Imaging (MRI) of the brain and
screening laboratory tests. Patients were diagnosed with probable AD during
a multidisciplinary consensus meeting, according to the NINCDS-ADRDA criteria.37 All patients also met National Institute on Aging-Alzheimer’s Association
(NIA-AA) core clinical criteria.38 The control group consisted of patients who
presented at our memory clinic with subjective complaints, but who had normal
clinical investigations and did not have significant cognitive deficits (i.e. Mild
Cognitive Impairment criteria were not fulfilled) 39 or major psychiatric disorder.
Both AD patients and controls were categorized according to age in a young
group (65 years or younger at time of diagnosis) and an old group (older than
65 years at time of diagnosis). All patients gave written informed consent for
the storage of the results of the examinations in a local database and for the
use of the data for research purposes. This protocol was in agreement with the
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WMA declaration of Helsinki, and approved by the ethical review board of the
VU University Medical Centre.
EEG recording
All EEGs were recorded using the OSG digital equipment (Brainlab®; OSG b.v.,
Rumst, Belgium) at the positions of the 10-20 system: Fp2, Fp1, F8 F7, F4, F3, A2,
A1, T4, T3, C4, C3, T6, T5, P4, P3, O2, O1, Fz, Cz, Pz, with an average reference
which included all electrodes, except Fp2, Fp1, A2 and A1. Electrodes A1 and
A2 were not included in further analyses. Sample frequency was 500 Hz. Electrode impedance was below 5 kW. Initial filter settings were: time constant 1s;
low pass filter, 70 Hz. Patients were seated in a slightly reclined chair in a sound
attenuated room. They sat mainly with eyes closed, EEG technicians were alert
on keeping patients awake by sound stimuli.
From each EEG, 4 epochs of 4096 samples of artefact free data (containing
no eye blinks, slow eye movement, excess muscle activity, ECG artefacts, etc.)
were selected by visual inspection (HdW). This is sufficient to obtain stable values of quantitative EEG measures.40
Functional connectivity
Functional connectivity was assessed with the Phase Lag Index (PLI). The PLI is a
measure of statistical interdependencies between time series based upon the
asymmetry in the distribution of instantaneous phase differences.41 It reflects
the strength of the coupling, and is less sensitive to volume conduction and the
influence of active reference electrodes than most other frequently used measures for functional connectivity.41 The PLI ranges between 0 and 1, a PLI value
of zero indicates no coupling and a PLI of 1 refers to maximal phase-lagged
coupling. The PLI was calculated in Brainwave software version 0.9.76 (in house
developed by CS; further information and free available software: http://home.
kpn.nl/stam7883/brainwave.html), in four frequency bands (delta band 0.5-4
Hz, theta band 4-8 Hz, alpha band 8-13 Hz and beta band 13-30 Hz). For each
epoch the PLI between all possible electrode pairs was calculated, which can
be represented by a connectivity matrix of 19 by 19.

100

Minimum Spanning Tree
To study the organisation of functional brain networks, connectivity matrices
can be represented by graphs. A graph consists of nodes and edges, which
are the connections between these nodes. In this study the nodes represent
the EEG electrodes and the strength of the connectivity between each pair of
electrodes, the PLI, represents the edge weights. In graph theoretical studies,
it has proven to be difficult to compare networks across different groups and
studies. Often a normalization step is required, commonly performed through
thresholding or the observed networks are compared to randomized networks.
These methods do not provide a unique or consistent solution.42,43 Therefore,
we used the MST to characterize network topology. The MST of an undirected
weighted graph is a unique sub-graph that connects all nodes in such a way
that the total cost (the sum of all edge weights) is minimized without forming
cycles.44 In our case, we searched for the tree with the maximum connection
strength (highest PLI) for each connectivity matrix, equivalent to an MST as
obtained by Kruskal’s algorithm.45 In short, the algorithm first orders the connection strength between each pair of nodes in an ascending way. Then, the
construction of the tree is started with the edge with the highest connection
strength (PLI). Consecutive highest connected edges are added until all nodes
(n) are connected to the tree without forming cycles. If adding an edge would
result in forming a cycle, that edge is disregarded. This results in a sub-graph
of n nodes and n-1 edges, in our case 21 nodes (for the number of EEG electrodes) and 20 edges. In figure 1 different tree topologies are schematically
represented.
To further characterize the MST, the following measures were calculated:46 degree, leaf fraction, diameter, betweenness centrality (BC), eccentricity and hierarchy.
Degree is the number of edges of node i. We normalized the degree by dividing the degree by the total number of edges, which resulted in a degree that
was independent of the size of the MST, to facilitate comparison with MSTs of
different size. We used the maximum degree to represent the degree of the
whole MST. Leaf number is defined as the number of nodes with a degree of
exactly 1. The lower bound for the leaf number is 2, forming a path-like topology and the upper bound m = n-1, forming a star-like topology. We used the
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leaf fraction to correct for the size of the tree, which is the leaf number divided
by the maximum possible leaf number. The leaf number is related to the diameter, the largest distance between any two nodes, of the tree, where the upper
limit of the diameter is defined as dmax = m – leaf number + 2, which implies
that the value of the largest possible diameter decreases when the leaf number
increases, and the lower bound as: 2 * (n-1) / leaf number. The BC of a node
i is the number of shortest paths between any pair of nodes h and j that are
running through i, divided by the total number of paths between any pair of
nodes j and h. BC ranges between 0 and 1. Eccentricity of a node is defined as
the longest distance between that node and any other node of the tree and is
low if this node is central in the tree. Both BC and eccentricity are measures of
centrality. To be able to compare centrality measures between subject groups,
the maximum BC of the MST was used together with the average MST eccentricity. Figure 1 depicts several different tree topologies. The tree at the left
forms a line-like topology where every node has a maximum degree of 2. The
right tree represents a star-like topology with shortest possible average path
length of 2. For optimal performance of a network, it has to satisfy two criteria.
First, information from any node to any other node needs to be transferred as
efficiently as possible, so preferably through the fewest possible links (a starlike topology). However, the central nodes in a star-like topology are vulnerable
to overload, therefore the second criterion would be prevention from overloading hubs by setting a maximal BC (BCmax) for any of the nodes. The optimal
tree should then reflect the best possible balance between both criteria, which
could be reflected by the middle tree in figure 1. To this aim, tree hierarchy
was developed to show the balance between diameter reduction and overload
prevention:46

hierarchy =

leaf number
2mBC max

To assure hierarchy ranges between 0 and 1, the denominator is multiplied by
2. If leaf number = 2, that is, a path-like topology, and m approaches infinity, hierarchy approaches 0. If leaf number = m, that is, a star-like topology, hierarchy
is equal to 0.5. For leaf numbers between these two extremes, hierarchy can
have higher values with a maximum of 1.
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Weighted graph analysis
Two often used measures are the clustering coefficient C and average shortest
path length L.47 The clustering coefficient is defined as the likelihood that the
neighbours of a certain node are also neighbours of each other. The weighted
equivalent of the clustering coefficient is the C w.11 The path length denotes the
average number of edges of the shortest path between pairs of nodes, and is
a measure for global integration of the network. In weighted networks, the average global path length (Lw) is defined by the mean of shortest paths between
all possible node pairs in the network, where the shortest path between two
vertices is defined as the path with the largest total edge weight.44,48 Since in a
weighted graph, the clustering coefficient and path length are by definition dependent on the weight of the edges and the size of the network, we also calculated the normalized average clustering coefficient () and normalized average
shortest path length (Lw) to reduce influence of these properties. The parameters of the original measured networks were than compared to the mean of
50 random networks. Random networks were derived by randomly reshuffling
the original edge weights. The clustering and path length were normalized by
comparing them to the parameters computed and averaged over 50 surrogate
networks: and .11 The clustering coefficient Cw and path length Lw and normalized clustering coefficient Ĉw and path length L̂w were averaged over all
four epochs per subject. The MST and weighted graph analyses were calculated in Brainwave software version 0.9.76, except for the BC per electrode, that
was calculated with Brainwave version 0.9.113 (due to change in algorithm producing incorrect results for BC; further information and free available software:
http://home.kpn.nl/stam7883/brainwave.html), in four frequency bands (delta
band 0.5-4 Hz, theta band 4-8 Hz, alpha band 8-13 Hz and beta band 13-30 Hz).
Statistics
IBM SPSS Statistics version 20 for Mac was used for statistical analyses. Differences between groups in baseline characteristics were tested with χ2-tests
and t-tests where appropriate. We tested the effect of diagnosis and age on
degree, leaf fraction, diameter, BC, eccentricity and hierarchy with Analysis
of Variance (ANOVA), separately for each frequency band. Network measures
were entered as dependent variables, diagnosis and age (young vs. old) were
entered as fixed factors and sex was entered as covariate. To correct for multiple comparisons False Discovery Rate (FDR) correction was used.49,50 The
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FDR is a method for multiple testing correction that is less conservative than
the Bonferroni-correction and it controls for the rate of true detections out of
all detections. The first step is to rank the p-values (pi, i = 1, …, N) of all the
comparisons (N). Next, we search for the maximum p-value that complies to

pi <

αi
Nc (N )

where c(N) can be set to 1 and the significance level a = 0.05. All p-values lower
than this maximum are considered to be significant detections.50
In the main analysis, we used the node with the highest BC to characterize the
BC for the whole tree. Since BC is an important measure for the importance of
a node within the network, it is also of interest to compare the location of these
‘hub-like’ nodes between groups. Therefore, we studied in frequency bands
with differences between AD patients and controls in an exploratory post-hoc
analysis, the MST BC per electrode, with ANOVA for repeated measures. Age
was used as between subjects factor and electrode was used as within subjects factor. MST BC was the dependent variable. Sex was entered as covariate.
Analyses were stratified for diagnosis. Finally, the association between network
characteristics and cognition in AD patients was assessed with Pearson’s correlation coefficient. Because the network and connectivity measures are partly
dependent on each other we performed Pearson correlation analyses between
all measures. MST measures did not show a high correlation with mean PLI
across all channels (all r < 0.6).

Results
Subject characteristics are summarized in table 1. AD patients were on average older than controls (all p < 0.01). There was no difference in gender distribution or MMSE between young and old AD patients and young and old controls. In AD patients, disease duration and disease severity were comparable
between young and old. Results of graph theoretical measures of Clustering
Coefficient and Path length are summarized in the supplementary material.
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Minimum Spanning Tree
Table 2 shows the values of MST measures in four frequency bands with the
accompanying ANOVA results. Two-way ANOVA’s with diagnosis and age as
independent variables showed, after adjustment for sex, main effects of diagnosis on degree, leaf fraction, diameter and eccentricity (all p ≤ 0.001) in the
alpha band. AD patients had a lower maximum degree and leaf fraction and a
higher diameter and eccentricity than controls, implying a shift from star-like
to line-like topology. Figure 2 shows the average alpha band MST in controls
and AD patients. We found no main effect of age on any of the MST measures
in the alpha band, or an interaction between diagnosis and age. In the beta,
theta and delta band, we found no significant effects of diagnosis or age on
MST measures.
Since BC reflects the importance of a single node, we performed post-hoc exploratory ANOVA’s for repeated measures on the differences in alpha band BC
per electrode, separate for AD patients and controls, to study local differences
in hub-nodes according to age. Raw BC values per electrode for the different
groups are shown in table 4. In controls, we found neither main effects for age
or electrode, nor an interaction between age and electrode. By contrast, in
AD patients we found a significant interaction between electrode and age (F
(14.42;4558.13) = 2.35, p < 0.01; main effects of age and electrode not significant), implying a different distribution of hubs in younger compared to older
patients. With post-hoc t-tests we examined which electrodes are significantly
different between young and old AD patients; these were T3, T5 and O1. Young
AD patients had a higher BC in T3 and T5 than older patients and a lower BC in
O1 (see figure 3 for MST represented as a tree in young and old AD patients).
Figure 4 shows a schematic representation of the difference in BC between
young and old AD patients. Both young and old AD patients have a loss of hubs
compared to controls, but the regional distribution of hubs is different in young
and old AD patients, young patients have stronger hubs than old patients in the
left temporal region, while old patients have stronger hubs than young patients
in the left occipital region.
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Correlation with cognition
Since we only found differences in MST measures in the alpha band, we exclusively studied the correlation with cognitive measures in the alpha band in
the group of AD patients. We found several correlations of modest effect size.
Higher scores on category fluency were associated with higher diameter (r =
0.12, p < 0.05) and eccentricity (r = 0.13, p < 0.05) and lower leaf fraction (r =
-0.13, p < 0.05). Higher scores on VAT recall were associated with lower eccentricity (r = -0.12, p = 0.035) and diameter (r = -0.12, p = 0.031) and higher leaf
fraction (r = 0.12, p = 0.029). Worse scores on TMT part B were associated with
a lower leaf fraction (r = -0.14, p = 0.045). Lower scores on digit span backward
were associated with lower eccentricity (r = 0.12, p = 0.045) and diameter (r =
0.13, p = 0.034). In summary, better scores on VAT recall and TMT part B were
associated with a more star-like topology, while better scores on category fluency and digit sp an backward were associated with more line-like topology.

Discussion
With a novel EEG network approach that uses a minimum spanning tree to define network topology, we found loss of hub regions in AD patients compared
to controls, reflected by a shift from more integrated star-like to a less integrated line like topology. We found no clear effect of age on global network topology, but we did find a regional difference in centrality measures according to
age in AD patients, which was not seen in controls.

Minimum Spanning Tree analysis
When the differences in MST measures between AD patients and controls are
placed on the continuum of different tree topologies, from line-like to star-like
topology (figure 1), a lower maximum degree in AD patients indicates a shift
from a star-like topology to a more line-like topology. A lower leaf fraction in
AD patients represents a shift in the same direction. The maximum diameter of
a tree decreases with increasing leaf number. In our study, we found that AD
patients have a higher diameter compared to controls. This also implies a shift
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towards a more line-like topology in AD patients. Together, these measures all
point towards a shift from a well integrated star-like to a less integrated line-like
topology in AD patients compared to controls. The central node in a star-like
network could represent a hub region, and when it gets ‘attacked’ this will lead
to a disruption of efficient information transfer. In line with previous studies on
hub regions in AD, a shift to a more line-like topology could be interpreted as a
network where the dominant role of hub regions is decreased,10,11 In case of a
brain network this translates to a less integrated brain network in AD patients.
In a neural mass modelling study, it is shown that the intrinsically high activity level in hub regions predisposes them to activity dependent degeneration
(ADD),31 accounting for the targeted attack on hub regions in AD.11 Possibly,
in a healthy brain these regions of high connectedness get to process the largest amount of information, making them the most active parts of the brain, and
therefore also the most vulnerable.

Regional differences between early and late onset AD
In AD patients, we found regional differences according to age at onset in centrality measures, which could mean that the locations of affected hubs are differently distributed, or that hubs were initially differently affected, causing the
emergence of hubs in other locations. Previous studies have shown that hub
regions in the human brain correlate highly with areas of vulnerability in AD patients10 and that AD patients have a decreased BC in certain regions compared
to controls.51 The influence of age at onset on hubs in AD has not been studied
before. In this study, we found that young AD patients had differences in BC
in left hemisphere regions compared to old AD patients, with in the temporal
region a higher BC than old AD patients and occipital a lower BC. With a loss of
hubs, other regions might become important due to their interconnectedness.
It seems these regions differ between young and old AD patients and therefore
ADD will also be different, possibly ultimately leading to differences in clinical
profile between young and old AD patients. This finding is in line with our previous finding of regional differences in oscillatory brain activity in young and old
AD patients.30 Left hemisphere predominance is also implicated in connectivity
and network MEG studies focusing on differences between AD patients and
controls.11,52 The loss of hub regions implicated by a more line-like topology
occurs both in young and old AD patients, explaining why we did not find any
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global network differences according to age at onset. However, the brain regions where the disruptions take place differ between young and old patients,
possibly reflecting a different spatial distribution of hubs between early and
late AD, contrary to our prior hypothesis that more hub regions would be affected in early AD. An alternative hypothesis would be that hubs in different
locations are affected according to age. This hypothesis is supported by present study and it also coincides with a study on metabolic function in early-onset
AD patients from our group, showing a different distribution of loss of glucose
metabolism, despite a comparable global decrease.29 The fact that this study
mainly found differences in the parietal cortex, while in the present study, we
found differences in centrality measures in the left hemisphere could be due
to the different methods. First of all, FDG-PET is an indirect measure of brain
activity, by measuring the amount of glucose metabolism in a certain brain region. Secondly, in our study we explore the local brain regions as being part of
a network, meaning that not only the local activity is taken into account but also
the interactions between all brain regions.

MST in previous studies
The first study that used MST to describe the network characteristics in AD
patients was done with functional MRI (fMRI).53 This study derived an MST from
regions within the DMN only, and compared a group of young controls with a
group of elderly controls and a group of mild AD patients. In contrast to our
study this study found no differences in MST topology between the groups,
however they only used degree distribution to define network topology, and
only studied the DMN. When they divided the MST in separate clusters, they
found that in AD patients the connectivity between the medial temporal lobe
and the inferior temporal gyrus was significantly reduced compared to the
healthy controls, implying a less efficient network structure in AD patients. Differences between our study and this study might result from the focus of the
fMRI study on the DMN, whereas we studied the entire brain, although at a low
level of resolution. Another difference between both studies is that the fMRI
study was not a resting state study since subjects had to perform a simple task
during scanning, which might partially de-activate the DMN. The fMRI study did
however find an increased segregation of brain areas, which is in line with our
findings.
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The MST was used in a previous EEG network study, exploring development of
functional brain network topology in young children. It was found that with maturation of the young brain the network shifts away from a centralized star-like
network topology towards a more line-like topology.46 Although this finding
coincides with our finding of a shift to line-like topology in AD patients compared to controls, it is very unlikely for these findings to represent a comparable
neurophysiological mechanism. Although MST describes patterns of connectivity in both cases, different underlying processes play a role in maturation of
developing brains and degeneration of mature brains. Difference between this
study and our study is the connectivity measure that is used to construct the
MST. The study by Boersma et al. used Synchronization Likelihood (SL) as opposed to the PLI in present study. The SL is a measure that is quite sensitive to
volume conduction effects. This may have biased the construction of the MST.

Correlations with cognition
Since cognition depends on the correct integration and segregation of information in the brain, we would have expected to find stronger correlations between
network measures and cognition. We found correlations with MST measures
and category fluency, VAT recall, TMT part B and digit span backward, all with
a correlation coefficient around 0.12, which is a modest effect size. Worse performance on tasks for semantic memory and executive function were associated with a more star-like topology, while worse performance on tasks for short
term memory and another task for executive function were associated with a
more line-like topology. Although not directly comparable to MST measures,
previous studies on connectivity measures using EEG and MEG have variable
reports on the correlation with cognition. One study found a negative correlation between connectivity and MMSE in the theta band, which we did not
study, however it is not clear in this study whether the correlation was only for
the AD patients or for the total group of AD patients and controls.54 In a study
using more specific measures of cognition, namely verbal memory and verbal
fluency, correlations between cognition and functional connectivity were found
in the alpha and theta band, separate for AD patients and controls.55 Some
studies using network measures have also reported correlations with cognition,
for example in an MEG study using eigenvector centrality as network measure
a correlation was found in several regions in theta and gamma band connec-
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tivity, specifically in AD patients and a study on grey matter networks reported
high correlations between path length and cognition.18,56 However, many EEG
or MEG studies did not report whether a correlation between connectivity and
cognition was studied, probably resulting in a publication bias.53,57-59

Strengths and limitations
Strengths of this study are the use of a large group of AD patients and controls and the use of MST to characterize network topology. The MST offers an
elegant solution for problems in thresholding and randomization, making it
possible to compare in an unbiased way networks of different sizes and between different groups. It provides a method to construct a unique structure
containing the strongest connections in a brain network. This might also be
seen as a limitation, since some connections are left out to prevent forming cycles in the network, possibly resulting in a loss of clinical relevant information.
Another possible limitation of this study could be the use of PLI as connectivity
measure, from which the further network measures were computed. The PLI is
a rather strict measure of connectivity, since it discards all (close-to) zero phase
lags, thereby also possibly throwing away true connections together with pseudo-connections resulting from volume conduction.41 Advantage of this method
is that the connections that are left are more secure to be genuine connections.

Future directions
In this study, we examined network measures in patients with AD and controls
and the association between age of disease-onset. Future studies, preferably
longitudinally, in patients at different disease stages are needed to specify
where in the disease process changes in brain activity occur and how they relate to other disease mechanisms, for example amyloid pathology. Although
EEG is readily available and easy to obtain, it has a relatively low spatial resolution. A good way of measuring brain activity with a higher spatial resolution is
magnetoencephalography (MEG).
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Conclusion
We investigated the hypothesis that hubs are specifically affected in AD, and
explored whether this phenomenon was different in early versus late onset disease. We found evidence of a different network topology, consistent with loss
of hubs, in AD irrespective of age. However, the spatial distribution of hub loss
was different between early versus late onset AD.
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Table 1. Subject characteristics
Control

AD

All

Young

Old

All

Young

Old

n

245

172

73

319

113

206

Age,
years

60
(10) a

55
(7) b

72
(4) c

70
(9)

59
(5)

75
(5)

Sex,
female

11
(45)

77
(45%)

34
(47%)

155
(48)

62
(55%)

93
(45%)

Disease
duration,
years

n.a.

n.a.

n.a.

3.6
(2)

3.8
(2)

3.5
(2)

MMSE

28
(2) a

28
(2) b

29
(1) c

21
(5)

20
(5)

21
(5)

Data are mean (SD) or n (%). aControls vs. AD patients: p < 0.01. bYoung control
vs. young AD: p < 0.01. cOld control vs. old AD: p < 0.01

Table 2 (p. 118 / 119). Results ANOVA of MST parameters Raw values of
MST measures
Presented data are mean (standard deviation) and accompanying results of
ANOVA. Main effect of diagnosis, main effect of age, and interaction between
age and diagnosis with F- and p-value. Results that remained significant after
correction for multiple comparisons with FDR are printed in bold.

Table 3 (p. 117). Local BC values per electrode.
Presented data are mean (standard deviation). BC values that are significantly
different between young and old groups, as analysed with MANOVA, are
printed in bold.

116

Table 3

Controls

AD

Late
(n = 73)

Early
(n = 172)

Late
(n = 206)

Early
(n = 113)

Fp2

0.13 (0.13)

0.11 (0.10)

0.13 (0.11)

0.13 (0.11)

Fp1

0.13 (0.14)

0.12 (0.11)

0.12 (0.11)

0.14 (0.11)

F8

0.10 (0.09)

0.11 (0.10)

0.11 (0.10)

0.09 (0.10)

F7

0.10 (0.10)

0.11 (0.10)

0.12 (0.11)

0.12 (0.10)

F4

0.10 (0.10)

0.10 (0.10)

0.12 (0.10)

0.14 (0.11)

F3

0.11 (0.10)

0.10 (0.09)

0.12 (0.11)

0.14 (0.13)

T4

0.10 (0.10)

0.11 (0.10)

0.12 (0.11)

0.10 (0.11)

T3

0.10 (0.11)

0.10 (0.11)

0.10 (0.10)

0.14 (0.12)

C4

0.16 (0.16)

0.13 (0.12)

0.15 (0.13)

0.13 (0.12)

C3

0.14 (0.12)

0.13 (0.11)

0.14 (0.14)

0.14 (0.12)

T6

0.17 (0.13)

0.16 (0.14)

0.17 (0.14)

0.15 (0.11)

T5

0.14 (0.14)

0.15 (0.15)

0.16 (0.12)

0.21 (0.16)

P4

0.20 (0.15)

0.18 (0.16)

0.17 (0.14)

0.20 (0.16)

P3

0.16 (0.16)

0.18 (0.15)

0.18 (0.14)

0.18 (0.14)

O2

0.24 (0.16)

0.23 (0.17)

0.22 (0.16)

0.21 (0.16)

O1

0.19 (0.15)

0.22 (0.18)

0.22 (0.15)

0.18 (0.14)

Fz

0.09 (0.10)

0.11 (0.11)

0.13 (0.10)

0.13 (0.11)

Cz

0.15 (0.12)

0.17 (0.13)

0.15 (0.14)

0.13 (0.11)

Pz

0.22 (0.17)

0.19 (0.16)

0.19 (0.15)

0.18 (0.14)
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beta

Alpha

Frequency
band

Table 2

0.549(0.061)
0.410(0.047)
0.615(0.054)
0.312(0.032)
0.455(0.051)
0.280(0.040)
0.504(0.042)
0.439(0.037)
0.600(0.046)
0.331(0.024)
0.427(0.041)

Leaf
fraction

Diameter

BC

Eccentricity

Hierarchy

Degree

Leaf
fraction

Diameter

BC

Eccentricity

Hierarchy

0.422(0.043)

0.337(0.026)

0.595(0.044)

0.449(0.038)

0.493(0.03)

0.273(0.038)

0.442(0.048)

0.322(0.030)

0.609(0.047)

0.425(0.045)

0.528(0.052)

0.302(0.052)

Mean (SD)

Mean (SD)
0.330(0.073)

AD

Control

Degree

MST
measure

1.31

5.50

1.46

4.92

6.22

2.37

0.254

0.019

0.228

0.027

0.013

0.124

0.005

0.000

12.66
7.83

0.098

0.000

12.60
2.74

0.000

0.000

24.46
15.95

P

F

Diagnosis

AD vs.
Control

0.08

1.47

0.83

1.45

1.56

1.25

0.06

0.18

0.31

0.16

0.00

0.03

F

P

0.772

0.225

0.364

0.230

0.213

0.265

0.804

0.673

0.576

0.689

0.972

0.864

Age

4.54

1.55

1.67

0.89

1.93

0.00

0.44

0.43

0.05

0.40

1.19

1.87

F

0.034

0.214

0.197

0.346

0.165

0.977

0.508

0.513

0.827

0.529

0.275

0.172

P

Age*
Diagnosis
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delta

theta

Frequency
band

0.508(0.044)
0.442(0.038)
0.597(0.048)
0.333(0.026)
0.433(0.042)
0.273(0.040)
0.501(0.040)
0.442(0.037)
0.590(0.043)
0.333(0.025)
0.432(0.040)

Leaf
fraction

Diameter

BC

Eccentricity

Hierarchy

Degree

Leaf
fraction

Diameter

BC

Eccentricity

Hierarchy

0.431(0.041)

0.334(0.024)

0.591(0.042)

0.444(0.036)

0.497(0.038)

0.274(0.036)

0.431(0.042)

0.329(0.025)

0.601(0.046)

0.436(0.038)

0.509(0.042)

0.286(0.044)

Mean (SD)

Mean (SD)
0.280(0.045)

AD

Control

Degree

MST
measure

0.57

0.42

0.01

0.35

1.51

0.00

0.23

1.41

0.42

1.23

0.08

0.53

F

0.453

0.517

0.909

0.555

0.219

0.990

0.635

0.236

0.517

0.269

0.779

0.469

P

Diagnosis

AD vs.
Control

0.38

0.05

0.67

0.06

0.00

0.13

0.38

1.27

1.00

1.38

4.23

4.64

F

P

0.540

0.828

0.412

0.802

0.956

0.721

0.539

0.260

0.318

0.240

0.040

0.032

Age

0.40

3.10

0.45

2.98

2.11

4.29

0.07

0.62

0.80

0.45

0.30

0.51

F

0.526

0.079

0.501

0.085

0.147

0.039

0.797

0.432

0.373

0.504

0.587

0.477

P

Age*
Diagnosis
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Figure 1 (p. 120). Three minimum spanning trees of the same size (n =
7). The trees on the left and right represent the extreme possible topologies of a minimum spanning tree, in the middle an intermediate tree. Left,
a tree with path -like topology, with a minimum possible leaf number of 2
and a maximum degree of 2. The star-like tree on the right has a maximum
possible leaf number of 6 (n-1) and a maximum degree of 6. By implementing the formula dmax= m – L + 2 we see that for the path -like tree the diameter dmax = 6 – 2 + 2 = 6 and for the star-like tree dmax = 2 – 2 + 2 = 2.

Figure 2 (p. 120). Alpha band MST of A) control (n = 245) and B) AD patients
(n = 319). Underlying colour coding is mean PLI per electrode. Blue means low
connectivity, red means high connectivity.

Figure 3 (p. 121). Alpha band MST in A) young AD patients and B) old AD patients represented as a tree.

Figure 4 (p. 121). Difference in Betweenness Centrality (BC) between young
AD patients and old AD patients. Areas in red represent higher BC in young AD
compared to old AD, areas in blue represent lower BC in young AD compared
to old AD.
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Supplementary material
Results
First we studied differences in network topology between AD patients and
controls by means of the weighted clustering coefficient (C w) and path length
(Lw) and normalized Clustering coefficient (gamma) and normalized path length
(lambda)(see table 2). For C w we found a main effect of diagnosis in the alpha
band p < 0.001), but no main effect of age nor an interaction between age
and diagnosis. AD patients had a lower Cw than controls. In the theta band we
found a main effect of age (p < 0.001), but no main effect of diagnosis or an
interaction between age and diagnosis. Young subjects had a lower Cw than
old subjects. In the beta and delta band we found no significant effects. For Lw
we found a main effect of diagnosis in the alpha band (p = 0.001), but no main
effect of age, nor an interaction between age and diagnosis. AD patients had a
higher Lw than controls. In the theta band we found a main effect of diagnosis
(p < 0.001) and a main effect of age (p < 0.001), but no interaction between age
and diagnosis. AD patients had a lower Lw than controls and young subjects
had a higher Lw than old subjects. In the beta and delta band we found no
significant effects. To be able to compare network measures between different groups and conditions, we also calculated the normalized network measures gamma and lambda. After correction for multiple comparisons with FDR
none of the effects for the normalized graphs remained significant. Because
the network and connectivity measures are partly dependent on each other we
assessed the Pearson correlation between all measures. We found that the PLI,
Cw and Lw form a cluster with correlations higher than 0.9 amongst each other.
In other words, any differences in Cw or Lw could be explained by differences
in PLI. Note that PLI did not correlate with MST measures.

123

