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ABSTRACT
The child brain is a small‐world network, which is hypothesized to change toward more
ordered configurations with development. In graph theoretical studies, comparing network
topologies under different conditions remains a critical point. Constructing a minimum
spanning tree (MST) might present a solution, since it does not require setting a threshold
and uses a fixed number of nodes and edges. In this study, the MST method is introduced to
examine developmental changes in functional brain network topology in young children.
Restingstate electroencephalography was recorded from 227 children twice at 5 and 7 years
of age. Synchronization likelihood (SL) weighted matrices were calculated in three different
frequency bands from which MSTs were constructed, which represent constructs of the
most important routes for information flow in a network. From these trees, several
parameters were calculated to characterize developmental change in network organization.
The MST diameter and eccentricity significantly increased, while the leaf number and
hierarchy significantly decreased in the alpha band with development. Boys showed
significant higher leaf number, betweenness, degree and hierarchy and significant lower SL,
diameter, and eccentricity than girls in the theta band. The developmental changes indicate
a shift toward more decentralized line‐like trees, which supports the previously
hypothesized increase toward regularity of brain networks with development. Additionally,
girls showed more line‐like decentralized configurations, which is consistent with the view
that girls are ahead of boys in brain development. MST provides an elegant method
sensitive to capture subtle developmental changes in network organization without the bias
of network comparison.
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INTRODUCTION
The brain shows marked development over time on macro‐ and microscopic scale. On a
cellular level, the brain starts to grow an abundance of synaptic connections from which
superfluous connections are pruned early in postnatal life [Huttenlocher 1984; Volpe 2000;
Flavell and Greenberg 2008]. Simultaneously, long distance axons start to be myelinated to
improve signal transfer over longer distances, a process that continues well into the fourth
decade of life [Lebel et al., 2008; Tamnes et al., 2010; Yap et al., 2011]. It is hypothesized
that such maturational processes lead to network topologies that enable fast signal
transduction while maintaining relatively low costs for growth, support and adjustment of
these optimal topologies [Bullmore and Sporns 2012].
At a macro scale, development of brain network topology can be measured by using
electroencephalography (EEG) and functional magnetic resonance imaging (fMRI) and
diffusion tensor imaging (DTI). Such studies showed that the child brain first develops strong
local connectivity which shifts gradually towards stronger long‐distance connectivity with
maturation [Thatcher 1992; van Baal et al., 2001; Barry et al., 2004; Lebel et al., 2008; Fair et
al., 2009; Supekar et al., 2009; Power et al., 2010; Yap et al., 2011]. From a graph theoretical
perspective, the child brain has a small‐world organization which combines optimal
properties as the high clustering of an ordered network and the short path length of a
random network [Micheloyannis et al., 2009; Fair et al., 2009; Supekar et al., 2009; Power et
al., 2010; Boersma et al., 2011]. In our previous EEG studies, we showed that with
development from 5 to 7 year old and to older ages, brain functional networks shift from
more random towards a more ordered configuration [Smit et al., 2010; Boersma et al.,
2011; Smit et al., 2012].
A critical point in graph theoretical studies remains the difficulty in comparing
networks in different conditions and across groups. Comparison of graphs derived from
brain networks requires a step of normalization, for instance by comparing the observed
network to randomized networks, or by setting a fixed average degree (K), or a fixed
threshold which often results in differences in K across conditions or differences in the
sparsity of networks between groups [van Wijk et al., 2010]. However, none of these
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approaches presents a unique and consistent solution to the problem of network
comparison. A possible consistent solution to these problems might be to construct a so‐
called minimum spanning tree (MST). With this approach, a unique sub graph is constructed
from a weighted network [Wang et al., 2008; Steen 2010]. It connects all the nodes of the
network in such way that the connection cost (sum of all connection distances) is minimized
without forming cycles. In this way, networks are obtained with similar numbers of nodes n
and edges n‐1 facilitating the direct comparison of graph topology across conditions and
groups. Extreme topologies of these minimum spanning trees are on the one hand a star‐
like or centralized configuration with one central node that has a short longest path
(diameter) to connect all other nodes in the tree and, on the other hand a decentralized
line‐like tree with all nodes on a line resulting in the longest diameter. The star‐like and line‐
like configurations might be translations of respectively random and ordered networks
previously described. With the MST method, we might be able to capture the previously
found developmental change from random to ordered without the bias of a normalization
or comparison step.
Sofar, the MST method has been applied in only a few studies examining brain
networks. A resting‐state fMRI study in Alzheimer’s disease (AD) used the MST method to
examine connectivity of the default mode network. Although degree distributions of the
MST did not differ between AD and controls, the AD patients did show higher segregation of
the default mode network (DMN) [Ciftci 2011]. Furthermore, the MST method was applied
to determine the critical nodes in an epileptic network reconstructed from corticographic
recordings [Ortega et al., 2008]. Other studies applying MST in brain networks, did not
describe MST topology, instead they used the MST to construct connectivity matrices from
which connectivity complexity or entropy was calculated in different conditions such as for
(childhood‐onset) schizophrenia [Alexander‐Bloch et al., 2010; Schoen et al., 2011], in
epilepsy [Lee et al., 2006; Ortega et al., 2008], and for the effect of anesthesia [Lee et al.,
2010].
The aim of the present study is to test the hypothesis of a transition from random to
regular brain network topologies during maturation while correcting for the bias of network
comparison. Resting‐state EEG recordings in children at both 5 and 7 year old were used to
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construct functionally connected networks. From these weighted networks, the minimum
spanning tree was constructed and several parameters were calculated to extend our
knowledge about developmental longitudinal changes and gender differences in functional
brain networks

MATERIAL AND METHODS
Subjects
In this study, we explored a dataset which was previously collected in a study of genetic and
environmental influences on neural development during childhood conducted in 209 twin
pairs at 5 (mean age (SD) = 5.2 (0.2) years, ,IQ = 103.5 (0.9)) and 7 years of age (mean age
(SD) = 6.8 (0.2) , IQ = 102.9 (1.0)) [van Baal et al., 1996, 2001]. Boys and girls did not differ in
IQ at both 5 ( t= ‐1.01, p = 0 .29 ) and 7 (t= ‐0.67, p = 0.50 ) years old.The twins were all
registered at the Netherlands Twin Register [Boomsma et al., 1992, 2006]. All participants
were healthy, with normal IQ [Boomsma and van Baal, 1998], and normal or corrected to
normal vision. Parents of the children gave written informed consent for their offspring to
participate in the study. The study was approved by the Central Ethics Committee on
Research Involving Human Subjects of the VU University Medical Center, Amsterdam (IRB
number IRB‐2991 under Federal wide Assurance 3703) and was in agreement with the
Declaration of Helsinki.
As in our recent study on developmental changes in brain networks [Boersma et al.,
2011], we only included children with both an EEG measurement at 5 years of age and a
repeated measurement at 7 years of age. The resulting dataset contained 184 twin pairs and
5 single twins (373 children). From this selection 146 children were excluded since they did
not met the criterion of having at least four artifact free epochs at both measurement
occasions (exclusion criteria are described in the next section). The final study group
consisted of 227 children (102 boys, 125 girls) from 143 families having measurements on
both occasions at 5 (M = 5.2 years, SD = 0.2) and 7 years of age (M = 6.8 years, SD =0.2),
with a normal IQ at 5 y (mean IQ = 103.1; SD=13.5) and at 7y (mean IQ = 102.9; SD=14.7).
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EEG Recordings
A detailed procedure of EEG data collection is described elsewhere [van Baal et al., 1996]. In
short, 3 minute eyes‐closed resting‐state was recorded with an electro‐cap with electrodes
in the 10–20 system of Jasper [Jasper, 1958] on 14 scalp locations (Fp1, Fp2, F7, F3, F4, F8,
C3, C4, P3, P4, O1, O2, T5, T6). Linked ears reference was used according to the method
described by Pivik et al., 1993]. All electrode impedances were kept below 10 KΩ. Time
constants (t) were set to 5 seconds [equivalent to 1/(2 x i * t) = 0.003 Hz single pass 6 dB
filter], high frequency cut‐off was 35 Hz and sample frequency was 250 Hz. Signals were
converted with a 12 bit AD converter. For further processing the recordings were converted
to ASCII files. For each subject we selected (MB) four artifact free epochs of 4,096 samples
(16,384 seconds) after visual inspection. Drowsiness, actual sleep, (eye‐) movements,
muscle contractions, bad channels, and clipping caused most typical artifacts.

Functional connectivity
Each epoch was digitally filtered offline in frequency bands of interest: theta 4‐6 Hz, alpha 6‐
11 Hz and beta 11‐25 Hz. The choice of these frequency bands was based on the power
spectra described in our previous study (Boersma et al., 2011). These spectra show that 5
and 7 year old children have power spectra with an alpha peak frequency around 8 Hz.
Using adult lower and upper alpha frequency bands would split up the alpha frequency at its
peak which could bias the results. Therefore, we chose to adjust the range of frequency
bands to correctly capture all alpha like frequencies in these children. The synchronization
likelihood

(SL)

was

calculated

with

BRAINWAVE

software

9.54(CS,

http://home.kpn.nl/stam7883/brainwave.html). SL is a general measure of linear and non‐
linear functional connectivity between different brain regions. An extended description can
be found in previous reports [Stam and van Dijk 2002; Montez et al., 2006; Boersma et al.,
2011]. In short, within a time series X a series of patterns is defined, one for each time point
t1. Next, recurrences of these patterns are sought within time series X at different time
points t2 ≠ t1. A similar procedure for signal Y is produced. The likelihood that the patterns in
signal X and Y at points t1 recur simultaneously at time points t2 is the SL between X and Y.
For every frequency band, all pair wise combinations of channels results in a square 14 x 14

66

Growing trees in child brains

SL matrix, i.e., 14 is the number of EEG electrodes used in this study. Whole brain
synchronization was computed by averaging all pair wise SL values, resulting in a single SL
value for each epoch. Finally, this overall SL value as averaged over 4 epochs for each child.

Minimum Spanning Tree
The minimum spanning tree of an undirected weighted graph is a unique sub graph that
connects all the nodes in such a way that the cost (the sum of all the link distances) is
minimized without forming cycles. In our case, the distance per link was defined as the
inverse of the weight of the link (link distance = 1/SL). Consecutively, the tree that minimizes
the sum of distances was searched, which was done with BRAINWAVE software 9.54 (CS,
http://home.kpn.nl/stam7883/brainwave.html). From every connectivity matrix, the MST
was obtained by Kruskal’s algorithm (Kruskal, 1956). In short, this algorithm first orders the
distance of all links in a ascending way, then it starts the construction of the minimum
spanning tree with the link with the shortest distance and adds the following shortest
distance link until all nodes (n) are connected in a loopless sub graph consisting of n‐1 links.
If adding a link results in formation of a cycle, this link is skipped. In our study, trees of 14
nodes and 13 links were constructed.

Figure 1. Example of a simple minimum spanning tree (MST) and its characteristics. Leaf nodes have a degree of 1,
therefore nodes v1, v4, and v6 are leaf nodes. The diameter is the longest distance between any two nodes. In this tree,
node v1 and v6 are most distant and the diameter has value 4. Node v2 has the highest degree since it is connected to
three other nodes. Node v3 has the highest betweenness centrality (BC), that is, the highest number of shortest paths
between any node pair run through v3. This is also the node with the lowest eccentricity, which is defined as the longest
possible distance between a node and any other node in the tree.
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From these MST graphs several measures ‐ degree, leaf number, betweenness
centrality (BC), eccentricity, diameter, hierarchy (Th) and degree correlation(R) ‐ give
information about the topological properties of this tree (figure 1). As a measure for the
degree of the total tree, we took the maximum degree. The leaf number (L) is the number of
nodes on the tree with degree=1. Leaf number has a lower bound of 2 and an upper bound
of m=n‐1. The leaf number presents an upper bound to the diameter of the tree, which is
the largest distance between any two nodes of the tree. The upper limit of the diameter is
defined as d=m‐L+2, implying that the largest possible diameter will decrease with
increasing leaf number. 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. The
betweenness centrality (BC) of a node u is the number of shortest paths between any pair of
nodes i and j that are running through u, divided by the total number of paths between i and
j. Since BC is a fraction, its value ranges between 0 and 1. Leaf nodes have a betweenness
centrality of 0 while the central node in a star graph has a BC of 1. BC is a measure for the
importance of a node within the network. The node with the highest BC has the highest
load, i.e. the highest number of shortest paths between any two nodes run through this
node. Degree, eccentricity, and BC are different criteria for relative nodal importance and
may point out the critical nodes in a tree.
What kind of tree topology would result in optimal performance of the network? The
first criterion is efficient communication between all vertices, which would require a small
diameter, and thus a star‐like topology. However, in a star‐like tree with diameter 2 the
central node might easily be overloaded since it has a BC of 1. Therefore, the second
criterion would be prevention from overloading hubs by setting a maximal betweenness
centrality (BCmax) for any of the tree nodes. The optimal tree should then reflect the best
possible balance between both criteria. To this aim, a tree hierarchy measure Th was
developed to show the balance between diameter reduction and overload prevention. It is
defined as:
TH =
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To assure TH ranges between 0 and 1, the denominator is multiplied by 2. If l=2, i.e., a line‐
like topology, and m approaches infinity, TH approaches 0. If l=m, i.e., a star‐like topology, TH
approaches 0.5. For leaf numbers between these 2 extreme situations, TH can have higher
values. For instance, in a tree with a central node u1 that is connected to two other nodes
u2 and u3 and all remaining nodes directly connected to either u2 or u3 that have similar
degrees, in such a tree the leaf number is m‐3 and BCmax is 0.5 and the TH will be closer to 1
if m is increased.

Figure 2. Examples of trees for increasing leaf number. Circles indicate vertices, lines edges. All trees have 14 vertices and
13 edges. On the left, the simplest possible tree with leaf number = 2 is shown. On the right, a star‐like tree with the
highest possible leaf number (leaf number = number of edges) is shown, and in the middle, an example of a tree
configuration with eight leaf nodes. Developmental change and differences between boys and girls are shown in text.

Another measure is the degree correlation which is an index of whether the degree
of a node is influenced by the degree of its neighboring vertices to which it is connected.
Graphs with a positive degree correlation are called assortative; in the case of a negative
degree correlation, a graph is called disassortative. Degree correlations can be quantified by
computing the Pearson correlation coefficient of the degrees of pairs of vertices connected
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by an edge. Interestingly, most social networks tend to be assortative, while most
technological and biological networks tend to be disassortative [Newman 2003].

Illustrative test networks
To illustrate the topological characterization of MST graphs, we consider a number of simple
example test trees. These include the two extreme configurations, namely a linear tree that
has only two leaf nodes and a star‐like tree that has m leaf nodes and one central node, and
a range of trees with a leaf number between 2 and m, with m=13 in our study (figure 2).

Since we examined 14 channel EEG data, we chose test‐trees with n=14 and m=13.
For each leaf number ranging from 2 to 13, different configurations were generated ten
times and for every tree tree properties were calculated. Trees with intermediate leaf
numbers were generated by starting with the line‐like tree on the left, deleting one leaf
node and its edge, and randomly attaching this edge to one of the remaining vertices,
excluding the leaf nodes. The resulting tree parameters were averaged over these 10
possible trees for all leaf numbers. For leaf numbers close to 2 and 13 this leads to
redundancies, since only one or few one or a restricted number of configurations were
possible.
Figure 3 shows the properties of trees as a function of increasing leaf number. With
increasing leaf number, degreemax, betweennesmax and hierarchy increase, while eccentricity
and diameter decrease. For measures BC and degree, the maximum was taken and
averaged for ten trees, while for all other measures the average per tree was used and
averaged for ten trees.
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Figure 3. Properties of trees as a function of increasing leaf number. The number of edges is 13, the number of vertices 14.
Random trees for leaf number between 2 and 13 are generated according to the procedure described in Fig. 2. Results are
the average of 10 different networks for all leaf numbers between 2 and 13. Eccentricity is the mean eccentricity of all 14
vertices. BC and degree are the highest BC and degree of all 14 vertices. Hierarchy is the tree hierarchy computed with
formula [1].

Statistics
Statistical analysis was done with SPSS version 15 for MS‐Windows. Natural log
transformation (y= ln(x)) was applied on SL and MST measures to obtain normal
distributions of these measures. Note that for statistical testing, SL and MST measures were
calculated per epoch and consecutively averaged per person. To test for age and gender
effects on SL an MST measures in three different frequency bands, a repeated measures
ANOVA was performed on log‐transformed data with age as within subject factor and
gender as between subject factor.
To illustrate MST topologies, a group averaged connectivity matrix was constructed
at 5 and 7 years old in alpha band, and for boys and girls in theta band. The MSTs of these
mean matrices were visualized in figure 4 and 5.
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To point out the critical nodes in the MST, we ranked the nodes from highest BCmax
to lowest BCmax, and for highest degreemax to lowest degreemax. Per node, we then calculated
the percentage of children in which this node had the highest rank, based on BCmax, and
degreemax.

RESULTS
As previously reported [Boersma et al., 2011], for all frequency bands, mean SL significantly
decreased from 5 to 7 years (table 1). Girls showed significantly higher SL than boys in all
frequency bands.
The effect of time was mainly found in the alpha band. In this band, significant
increases in diameter and eccentricity with age were found, while leaf number, degree and
hierarchy significantly decreased and BC and degree correlation were comparable at 5 and 7
years old (table 1). No significant changes over time were found in MST parameters in theta
and beta bands. If we project the average MST values of the child EEG data upon the test
networks (figure 3), the children seem to have intermediate configurations, i.e. line‐like
trees with a few branches (on average 4 or 5 leafs), except for the maximum betweenness
centrality values which suggest star‐like trees with 10 or 11 leafs.
We found an effect of gender in the theta band. Boys showed a significantly higher
degreemax, leaf number, BC and hierarchy, and a significantly lower diameter, eccentricity
and degree correlation than girls, suggesting that girls have more line‐like MSTs. In the alpha
and beta band, no effect of gender was found.
Furthermore, no significant interaction effect between time and gender in any of the
frequency bands was found.
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7y
mean(sd)
0.030(0.006)
0.237(0.023)
0.371(0.042)
0.462(0.031)
0.636(0.047)
0.738(0.022)
0.365(0.096)
0.252(0.027)
0.028(0.005)
0.218(0.019)
0.328(0.043)
0.503(0.034)
0.701(0.053)
0.719(0.022)
0.399(0.089)
0.228(0.028)
0.021(0.004)
0.211(0.016)
0.320(0.045)
0.520(0.036)
0.728(0.057)
0.704(0.021)
0.387(0.090)
0.227(0.029)
↓
↓

↓
↓
↓
↑
↑

↓

Δtime

Time
F[2,225]
28.53
1.07
1.36
0.39
0.60
0.00
0.38
1.44
7.62
4.06
9.05
6.86
8.33
1.07
0.72
8.29
26.86
0.01
0.54
1.01
0.74
2.51
0.57
0.21
p
0.000
0.302
0.245
0.532
0.440
0.982
0.539
0.232
0.006
0.045
0.003
0.009
0.004
0.301
0.398
0.004
0.000
0.936
0.461
0.316
0.391
0.114
0.452
0.645

Time*Gender
F[2,225]
3.12
0.23
0.12
0.20
0.12
2.65
0.68
0.00
1.63
0.04
0.05
1.96
2.17
3.59
0.74
0.50
4.95
0.40
0.02
0.77
0.57
1.12
0.13
0.12
p
0.079
0.636
0.732
0.655
0.790
0.105
0.410
0.977
0.203
0.835
0.827
0.143
0.143
0.059
0.392
0.480
0.027
0.530
0.899
0.383
0.451
0.291
0.721
0.732

Normalized MST parameters were analyzed for separated frequency bands. Mean and standard deviations are shown per MST parameter.
F‐values and significance are shown for within‐ and between subject factors. Bold text represents significant results.

theta SL
degree
leaf number
eccentricity
diameter
betweennes centrality
degree correlation
hierarchy
alpha SL
degree
leaf number
eccentricity
diameter
betweennes centrality
degree correlation
hierarchy
beta SL
degree
leaf number
eccentricity
diameter
betweennes centrality
degree correlation
hierarchy

5y
mean(sd)
0.033(0.007)
0.235(0.023)
0.367(0.042)
0.464(0.031)
0.640(0.048)
0.738(0.022)
0.374(0.103)
0.250(0.027)
0.029(0.006)
0.221(0.019)
0.340(0.044)
0.500(0.034)
0.688(0.054)
0.720(0.021)
0.392(0.090)
0.235(0.029)
0.023(0.004)
0.212(0.019)
0.323(0.046)
0.518(0.038)
0.724(0.058)
0.706(0.020)
0.392(0.092)
0.228(0.030)

TABLE 1. RESULTS REPEATED MEASURES ANOVA OF SL AND MST PARAMETERS
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Gender
F[2,225]
14.22
9.87
8.10
13.30
13.49
13.21
5.82
3.97
9.79
1.10
1.97
2.93
2.72
1.40
0.57
1.56
16.91
0.26
3.16
2.57
2.54
1.29
0.18
3.07
p
0.000
0.002
0.005
0.000
0.000
0.000
0.017
0.047
0.002
0.296
0.162
0.088
0.101
0.239
0.450
0.212
0.000
0.611
0.077
0.110
0.113
0.257
0.675
0.081

<

<
>
>
<
<
>
<
>
<
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Figure 4. This figure shows the MSTs represented as a tree (A) and projected on head plots (B) for alpha band connectivity
at 5 (left) and at 7 years (right). From left to right, the nodes of the tree follow the order of electroencephalography (EEG)
electrodes (frontal, parietal, central, occipital, temporal).

No significant difference in IQ was found between boys and girls, neither did we find
significant correlations between IQ and network parameters.
Figure 4 illustrates averaged SL matrices at 5 and 7 years old in the alpha band along
with the associated trees. Note that the illustrated MST graph is constructed from averaged
matrices at 5 and 7 years old and does not reflect the results from our statistical tests for
longitudinal changes. The topology is surprisingly consistent at 5 and 7 years old. A few
edges shift from local interhemispheric posterior connectivity towards connectivity along
the anterior‐posterior axis.
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Figure 5. This figure shows the MSTs represented as a tree (A) and projected on head plots (B) for theta band connective
ity in boys (left) and girls (right). From left to right, the nodes of the tree follow the order of electroencephalography (EEG)
electrodes (frontal, parietal, central, occipital, temporal).

Figure 5 shows averaged SL matrices in the theta band for boys and girls. Girls have the
strongest connections in the left hemisphere and boys in the right hemisphere.
To explore the MST and find the critical nodes in the network, we first ranked the
nodes from highest BC to lowest BC, and highest degree to lowest degree. Then, per node,
the percentage of children in which this node had the highest rank based on BC and degree
was calculated.
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Figure 6. This figure shows the percentage of subjects in which a particular node had the highest BC and the highest degree
of all 14 nodes, (A) at both 5 and 7 years in the alpha band and, (B) for boys and girls in theta band. We first ranked the
nodes based on BCmax or degreemax values, and consequently counted the number of highest ranks for each node and
divided this by the total number of subjects. Based on BC, F3 appears to be to most central node. Based on degree, F3 and
F4 and, for a smaller account, P3 and P4 appear to be critical nodes.

At both 5 and 7 years old, the nodes with the highest information load based on
degree and BC, appear to be F3 and F4 and to a lesser extent P3 and P4 in the alpha band
(figure 6A). In the theta band, P3 and P4, and to a lesser extent F3 and F4, appear to be the
critical nodes in both boys and girls (figure 6B).
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DISCUSSION
To test our hypothesis of increased regularity of brain networks with development, while
correcting for network comparison bias, we applied the minimum spanning tree method to
EEG based functional brain networks. We showed that the organization of minimum
spanning trees in children shifts towards a more line‐like or decentralized organization
(figure 2) with development from 5 to 7 years old. Development significantly reduced the
number of leaves, the maximum degree and the hierarchy of the trees, and increased the
eccentricity and diameter. The maximum betweenness centrality and degree correlation did
not significantly change over time.
In our previous studies, we reported that functional brain networks in children shift
from a more random towards a more ordered configuration with maturation, based on the
findings that normalized clustering and path length increased over time in the alpha band
[Boersma et al., 2011; Smit et al., 2012]. The present study confirms that there is a
consistent pattern of change in brain network topology in developing children in the alpha
band. The MSTs at 7 years old have a significantly lower leaf number and thus a longer
diameter and increased eccentricity than at 5 years old, which refers to the longer path
length and the shift towards more ordered configurations we have described in our previous
study [Boersma et al., 2011]. The maximum betweennes centrality did not change over
time, which might indicate that the central or critical nodes remain at a central place in the
tree over time. A constant BC and a decreased leaf number over time resulted in a decrease
in the hierarchy of the trees over time.
The generally assumed pattern of typical development of structural and functional
connectivity is the strengthening of distant and weakening of local connections [Thatcher
1992; Barry et al., 2004; Gong et al., 2008; Thatcher et al., 2008]. Thatcher and colleagues
suggested that typical development is programmed in cycles with periods of decreases and
increases in connectivity strength with different offsets in different regions [Thatcher et al.,
2009; Thatcher, 1992]. We speculate that the shift from star‐like (centralized) towards line‐
like (de‐centralized) in the present study reflects the weakening of both long‐range and local
posterior connectivity that is previously described in this dataset by Van Baal and colleagues
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[van Baal et al., 2001]. These decreases in short and long‐range connections might have
changed the order in which links are captured by the MST graph at 5 and 7 years old.
Additional tests show that the diameter of the MST is positively correlated with both
clustering and path length, which were calculated in our previous study (see supplementary
material). More knowledge from empirical and modeling studies is required to understand
how network and tree topological changes are associated to changes in the underlying
biology.
Another interesting finding of this study is the significant difference between boys
and girls in the theta band. Girls showed a significantly lower leaf number, maximum nodal
degree, BC and hierarchy, and a significantly longer diameter, eccentricity and degree
correlation than boys, indicating that girls are ahead of boys having more line‐like
decentralized trees than boys do. Since recent neuroimaging studies have shown a
significant relation between network topological characteristics and intellectual
performance [Van den Heuvel et al., 2009; Li et al, 2009], we tested if such associations
could explain topological differences between boys and girls in the present study. No
significant difference in IQ was found between boys and girls, neither did we find significant
correlations between IQ and network parameters, suggesting that gender truly has an
independent effect on network organization. In our previous study, we observed gender
differences in connectivity strength and network parameters, with girls showing stronger
connectivity and higher clustering and boys in several frequency bands [Boersma et al.,
2011], suggesting that girls have stronger whole brain connectivity and more ordered
network topology than boys at this young age. Other EEG and MEG studies mainly
investigated regional or interhemispheric connectivity with a restricted number of brain
regions, showing different effects of gender on (local) functional connectivity in several
frequency bands [Barry et al., 2004; Thatcher, 1992; Gootjes et al., 2006]. The underlying
biological mechanisms responsible for different brain connectivity patterns in girls and boys,
is not well understood yet. On the one hand, girls as young as 5 years old might simply
precede boys on the developmental trajectory. On the other hand, girls might wire up
differently already very early in life due to different genetic and hormonal programming.
The influence of sex steroids on MR based brain connectivity was reviewed by Peper and
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colleagues, suggesting a neuroprotective role of ovarian hormones that enhance cortico‐
cortico and subcortico‐cortico connections in girls, whereas boys show increased
connectivity between subcortical regions (Peper et al., 2011; Peper and Koolschijn, 2012).
Moreover, gender differences in brain network topology were as well shown in clinical
studies examining patients with multiple sclerose (MS) [Schoonheim et al., 2011] and
migraine patients [Liu et al., 2011]. In conclusion, gender seems to be an important factor
influencing graph theoretical network measures and might impact the results of
developmental and clinical studies.
In this study, we also explored and illustrated the MST topologies. In a real world
network like the developing child brain, we expected an intermediate topology that
optimizes communication without overloading central nodes. Based on the mean MST
parameter values found in the EEG based networks in all frequency bands (table 1), the
trees show an intermediate configuration with 4 or 5 leafs (figure 3). We furthermore
illustrated MST graphs of averaged connectivity matrices at 5 and 7 years old in the alpha
band (figure 4) and for boys and girls in the theta band (figure 5). Note that these are MST
graphs based on the averaged matrices at 5 and 7 years old and for boys and girls, and do
not represent the statistically significant longitudinal changes or effects of gender. Most
edges seem to be constant within the topology at 5 and 7 years old. A few edges shift from
local posterior connectivity towards connectivity along the anterior‐posterior axis. This
reorganization probably reflects the weakening of long‐range and local posterior
connectivity that is previously found by Van Baal et al in this dataset [van Baal et al., 2001].
In girls, the most important routes for information flow showed up in the left
hemisphere and for boys in the right hemisphere (figure 5). Our findings agree with previous
findings reporting greater right‐sided lateralization of local connectivity in males and a left
sided lateralization of long‐range connections in women [Gootjes et al., 2006; Tomasi and
Volkow 2011]. Furthermore, an EEG study described that cortical networks develop earlier
in the right hemisphere than in the left hemisphere and that this asymmetry in connectivity
declines with aging [Gootjes et al., 2006; Zhu et al., 2011].
The high maximum betweenness centrality of the child brain trees indicates a star‐
like centralized tree with 10 or 11 leafs and a configuration in which most information is
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routed via a central node with the highest betweenness. For both factors, for age or gender,
the brain region underlying electrode F3, F4 and P3, P4 had on average the highest
betweenness centrality and degree, which might indicate that these are critical nodes
through which most information is routed. Some studies regard alpha band EEG resting‐
state networks as the equivalent of fMRI default mode network [Chen et al., 2008; Knyazev
et al., 2011] and the frontal‐parietal “attention” networks [Sadaghiani et al., 2012] involved
in top down modulation and regulation of attention. In this context, developmental change
in the alpha band MST might represent unfolding of the DMN and resting‐state networks
involved in higher order cognitive function [de Bie et al., 2012; Fair et al., 2007; Supekar et
al., 2010; Uddin et al., 2011].Interestingly, in our study, centrality of these nodes remained
unchanged over time, which agrees with recent MR studies. Hagmann and colleagues
demonstrated that in a structural network the critical nodes (frontal and parietal areas
amongst others) are in place by the age of 2 years old [Hagmann et al., 2010]. Additionally,
they found that connectivity strength further increased between these hub nodes during
development, which was confirmed by resting‐state fMRI studies, suggesting a
developmental shift from diffuse connectivity towards increased brain‐wide integration and
decreased local connectivity [Uddin et al., 2010; Hwang et al., 2012]. These findings might
point to a crucial role for hub nodes early in typical and atypical development, especially in
neurodevelopmental disorders in which frontal (and parietal) areas are hypothesized to be
affected such as for instance in autism [Courchesne and Pierce, 2005; Just et al., 2012] and
ADHD [Tomasi and Volkov, 2012].Future studies might further investigate the role of these
frontal and parietal areas and their relation to cognition.
This study has few limitations. Since it has been shown that graph measures are
under genetic control [Smit et al., 2008], our results might have been partially influenced by
this genetic dependence introduced by inclusion of complete twin pairs in our dataset.
Additional tests on independent dataset showed similar, though slightly less significant
results (see supplemental information, table S2), indicating that child brains do develop
towards more decentralized line‐like configurations and that girls show more decentralized
line‐like configurations than boys did. Amongst others, the MST method is one of few that
presents a theoretical underpinned approach to solve network comparison problems.
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However, the MST method has few limitations. In this method, not all connections are taken
into account to prevent clustering thereby obtaining a fixed network size and density to
fixed density to enable network comparison (Van Wijk et al., 2010; Joudaki et al., 2012). As a
consequence, the MST might have underestimated other interesting effects such as the
importance of low weight connections and clustering for information processing in brain
networks. Moreover, network size was limited by the number of 14 electrodes, which is
rather a gross sampling of the brain reflecting only the main lines of information flow in the
child brain. Future high density EEG and MEG studies should aim to obtain interpretable
degree and betweenness distributions to further specify which nodes and paths play a
critical role in network performance [Wang et al., 2008]. Despite these suboptimal
conditions, this study shows significant changes in brain MST topology with age, suggesting
that healthy development leads to subtle topological changes in the main routes of
information flow in the brain.
Another limiting factor in connectivity studies is the choice of the connectivity
measure. SL was used to enable the comparison between recent and previous studies.
Choosing SL as connectivity measure might have biased the results, since SL is sensitive to
volume conduction effects, especially the strongest SL connections are most sensitive. Since
the number of EEG channels was small in this study and inter‐electrode distances were large
(>7 cm), the chance of picking up highly correlating signals from a common source might be
reduced in our study [Nunez et al., 1997]. Future studies might aim on measures as the
phase lag index (PLI) or the directional phase lag index [Stam and van Straaten 2012a] that
are less sensitive to volume conduction [Stam et al., 2007; Stam et al., 2009].
In conclusion, the MST offers an elegant solution for current threshold and
normalization problems in graph theoretical EEG, MEG and MRI studies. It provides a
method to construct a unique structure that reflects the most important routes for
information flow on the network. Without setting a threshold in advance, it facilitates the
direct comparison of graph measures in different conditions. In addition, our study
demonstrates that the MST method is sensitive to capture subtle developmental changes
and differences between boys and girls and supports our previous findings. A topological
change from more star‐like centralized toward more line‐like decentralized was found with
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development and a girls showed more mature configurations than boys of same age. We
speculate that the change in brain network topology reflects maturational processes.
Application of the MST method in future studies, might further facilitate capturing the
complete space of complex brain networks in a simplified heuristic model, as recently
proposed by Stam and Van Straaten [Stam and Van Straaten 2012b].
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SUPPLEMENTARY DATA
Additional testing for the relation between minimum spanning tree (MST) diameter and
graph measures calculated in our previous study, resulted in positive correlations between
the MST diameter and both normalized clustering (gamma) and normalized path length
(lambda) (see Supplementary Table S1 for Pearson correlations).

TABLE S1. CORRELATIONS MST DIAMETER, CLUSTERING AND PATH LENGTH
diameter 5y
diameter 7y

gamma 5y

gamma 7y

lambda 5y

lambda 7y

r
p
r

0.182
0.006
0.199

0.168
0.011
0.261

0.100
0.132
0.206

0.126
0.058
0.225

p

0.003

0.000

0.002

0.001

Significant results are printed in bold.

Analyzes were performed on a twin dataset that partially contained both children of a twin
pair (83 twin pairs), and thus, data were not fully independent. To additionally test whether
the effects found in the complete dataset could be explained by this partially
nonindependent data, we randomly selected one child of each of 83 twin pairs, resulting in
a group of 81 girls and 63 boys. Statistical tests (Supplementary Table S2) on these groups
show similar, although slightly less significant effects of time and gender indicating that
child brains do develop toward more decentralized line‐like configurations and that girls
show more decentralized line‐like configurations than boys did.
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7y
mean(sd)
0.030(0.005)
0.236(0.021)
0.371(0.040)
0.462(0.029)
0.637(0.046)
0.737(0.022)
0.370(0.093)
0.251(0.026)
0.028(0.005)
0.219(0.019)
0.329(0.044)
0.502(0.034)
0.700(0.053)
0.720(0.022)
0.394(0.090)
0.228(0.029)
0.021(0.003)
0.211(0.016)
0.319(0.047)
0.520(0.036)
0.728(0.057)
0.704(0.021)
0.387(0.095)
0.226(0.030)
↓
↓

↓
↓
↓
↑
↑

↓

Δtime

Time
F[2,142]
14.24
0.01
0.04
0.00
0.00
0.26
0.55
0.13
4.82
2.94
5.16
3.27
3.20
0.01
0.09
4.95
20.25
0.17
2.13
2.37
2.07
2.58
0.07
1.59

p
0.000
0.917
0.848
0.953
0.964
0.609
0.462
0.722
0.030
0.089
0.025
0.073
0.050
0.708
0.762
0.022
0.000
0.681
0.147
0.126
0.153
0.111
0.793
0.209

F[2,142]
4.76
0.14
0.13
0.18
0.12
1.69
0.92
0.00
2.94
0.05
0.00
2.24
2.27
5.54
1.62
0.30
5.81
0.66
0.21
1.01
0.79
1.18
0.25
0.07

Time*Gender
p
0.031
0.711
0.723
0.670
0.730
0.196
0.339
0.992
0.088
0.819
0.947
0.136
0.134
0.020
0.206
0.585
0.017
0.419
0.649
0.318
0.377
0.280
0.618
0.795

F[2,142]
18.19
6.48
7.47
12.00
12.15
9.11
2.97
3.83
10.23
1.33
2.62
3.34
3.26
1.15
0.47
2.33
14.43
0.00
3.01
3.53
3.54
1.25
0.46
2.98

Gender

Normalized MST parameters were analyzed for separated frequency bands. Mean and standard deviations are shown per MST parameter.
F‐values and significance are shown for within‐ and between subject factors. Bold text represents significant results. Italic‐bold text represents trends.

theta SL
degree
leaf number
eccentricity
diameter
betweennes centrality
degree correlation
hierarchy
alpha SL
degree
leaf number
eccentricity
diameter
betweennes centrality
degree correlation
hierarchy
beta SL
degree
leaf number
eccentricity
diameter
betweennes centrality
degree correlation
hierarchy

mean(sd)
0.032(0.007)
0.236(0.023)
0.370(0.041)
0.462(0.031)
0.638(0.048)
0.738(0.024)
0.365(0.101)
0.250(0.026)
0.029(0.006)
0.222(0.020)
0.340(0.045)
0.500(0.036)
0.689(0.057)
0.720(0.021)
0.389(0.091)
0.235(0.030)
0.023(0.005)
0.212(0.019)
0.327(0.045)
0.515(0.038)
0.719(0.059)
0.707(0.021)
0.388(0.090)
0.230(0.029)

5y

TABLE S2. RESULTS REPEATED MEASURES ANOVA OF SL AND MST PARAMETERS (independent data)
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p
0.000
0.012
0.007
0.001
0.001
0.003
0.087
0.052
0.002
0.251
0.108
0.070
0.073
0.285
0.495
0.129
0.000
0.975
0.085
0.062
0.062
0.265
0.497
0.087

<

<
>
>
<
<
>
<
>
<
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ABSTRACT
We investigated the development of the brain’s functional connectivity throughout the life
span (ages 5 through 71 years) by measuring EEG activity in a large population‐based
sample. Connectivity was established with Synchronization Likelihood. Relative randomness
of the connectivity patterns was established with Watts and Strogatz’ (1998) graph
parameters C (local clustering) and L (global path length) for alpha (~10Hz), beta (~20Hz),
and theta (~4Hz) oscillation networks. From childhood to adolescence large increases in
connectivity in alpha, theta and beta frequency bands were found that continued at a
slower pace into adulthood (peaking at ~50 yrs.). Connectivity changes were accompanied
by increases in L and C reflecting decreases in network randomness or increased order (peak
levels reached at ~18 yrs). Older age (55+) was associated with weakened connectivity.
Semi‐automatically segmented T1 weighted MRI images of 104 young adults revealed that
connectivity was significantly correlated to cerebral white matter volume (alpha oscillations:
r=.33, p<.01; theta: r=.22, p<.05), while path length was related to both white matter (alpha:
max. r=.38, p<.001) and gray matter (alpha: max. r=.36, p<.001; theta: max. r=.36, p<.001)
volumes. In conclusion, EEG connectivity and graph theoretical network analysis may be
used to trace structural and functional development of the brain.
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INTRODUCTION
The brain is a complex network of highly connected brain areas that exchange information
via long‐range axonal projections. Several methods are available to investigate connectivity.
Anatomical methods include Diffusion Tensor Imaging tract tracing [1,2]and connectivity
derived from cortical gray matter thickness [3,4]. Functional methods use direct (EEG, MEG)
or indirect (fMRI BOLD) measures of correlated neuronal activity to derive networks of
functionally coupled brain areas. fMRI is a measure with a high spatial resolution which has
been found to consistently extract subnetworks in the brain that show activity modulation
on a time‐scale of tens of seconds (Resting state networks [5,6]). MEG/EEG, on the other
hand, may be used to estimate short duration networks that arise and disappear on a scale
of seconds, although it has been shown that both types of resting state networks share a
common ground [7,8].
In addition to establishing overall brain connectivity, graph theoretical analysis
allows the evaluation of whole‐brain efficiency [9]and the determination of network
topologies, such as small‐world networks [10–12]. Networks can be classified as ordered,
small world, or random by the use of two graph parameters, clustering coefficient C and
path length L [13,14]. Watts and Strogatz [12] showed that highly ordered networks (high C)
with only a few random links could achieve optimal connectivity (short L) close to the
random state. These small‐world networks have favorable properties with efficient
information transfer and resilience to (simulated) attacks [10,15–17]. Confirming this
evolutionary advantage, human brains were shown to have this small‐world topology
[15,18], which indeed favors cognitive performance [19,20].Interestingly, people differ
systematically in the graph parameters and these differences are genetic [21,22]. In
addition, deviant graph parameters have been found in disease states compared to controls
[23–25] which might therefore act as markers for developmental psychopathology or
neurodegeneration.
Small‐world networks can be topologically subdivided in different subtypes. Figure 1
shows three prototypical networks that all show path lengths close to random networks,
while showing high levels of clustering compared to random networks—the hallmark of
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small‐world networks [11,12]. Watts and Strogatz [12] based their initial analysis on the first
subtype, the one‐dimensional lattice small‐world graph, which has a flat degree distribution
with most vertices having the same number of connections. The second subtype, here
termed clustered small‐world graphs, show a highly uneven degree distribution with a
collection of highly (inter)connected hubs. The brain may well have such a neocortical
cluster of hubs in adulthood [1,15], but it is unclear whether this cluster is present from
childhood on or develops with age. Finally, scale‐free graphs show also show an uneven
degree distribution, but with exponentially increasing number of connections. This graph
subtype shows the highest level of skew in the degree distribution, and may be less optimal
evolutionary because of the vulnerability to targeted attacks [14].
Although the graph parameters C and L make statements about network quality
along the dimension of random – small world – ordered, they may not reveal these
qualitative topological differences and their development over time [26]: All of the above
networks, although in different degrees, show small‐world properties of a relatively high C
and short L. This topological network quality may be revealed by inspecting the number of
connection each vertex (node) has: the degree distribution K = {k1, k2, …, kN} where ki holds
the number of connections for each vertex i=<1..N> sorted from low to high. Inspection of
the degree distribution of networks in different age groups can reveal these qualitative
changes—such as the development of cortical hubs—thus providing insight into the
underlying growth rules underlying the neural network development [27].

In this study, we used EEG in relative short (12 s) periods to establish synchronization
between EEG signals from relatively distant brain areas, thus reflecting long‐range
connectivity. We did this in a sample spanning a large age range (5 to 71) so that we could
chart the development of functional connectivity and degree of order assessed from graph
parameters across the life span. As a second aim we tested whether the brain network
changes its topological quality over time, in addition to its degree of order. Brain maturation
involves marked changes in anatomical structure, including an initial increase into childhood
and subsequent continuous decrease in gray matter volume as well as density, the
protracted increase of white matter volume, and decline of fractional anisotropy [28–33], as
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a result of synaptic density changes (pruning), myelination, and axonal diameter changes
[34].
As a final aim we investigated whether brain anatomy was correlated with the
observed differences in functional connectivity—and the graph parameters derived from
these networks—by correlating these with cerebral white matter volume (WMV) and gray
matter volume (GMV) established from MRI scans available in a young adult subset of the
subjects. Although restricted to one age group, a correlation between functional
connectivity, network randomness, and underlying anatomical variables may prove helpful
in understanding how the observed large changes in brain anatomy—including both young
development [30,34,35] and aging [33,36,37]— shapes brain activity and, ultimately, brain
function.

METHODS
Subjects and procedure
Data were collected as part of an ongoing study into the genetics of brain development and
cognition. A total number of 1675 individuals (twins and additional siblings) accepted an
invitation for extensive EEG measurement. For the present analyses, EEG data recorded
during 3–4 minutes of eyes‐closed rest were available from six measurement waves with
ages centered around 5, 7, 16, 18, 25, and 50 years. Part of these consisted of longitudinal
measurements at two ages (5–7 and 16–18 years). In addition, some of the subjects aged
16–18 years were invited back for measurements at age 25. In total, this study incorporated
2540 EEG recordings. After data cleaning, 2137 datasets were available. The structure of the
final subject set after data cleaning used in the present study was 331, 368, 418, 380, 350,
and 290 for the six measurement waves, which included 294 longitudinal observations
between 5 and 7, 374 between 16 and 18, 96 between 18 and 25, of which 95 with
measurements at three waves 16, 18, and 25.
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Figure 1. Degree distributions of prototypical networks. Right column shows illustrations of prototypical networks: the
(ring) lattice small‐world, the clustered small‐world, and the scale‐free network. Note that all ordered networks have small
world properties as C.1.0 and L,1.0, albeit to a different degree. Random networks serve as baseline for all comparisons (C
= 1.0 and L = 1.0). From the three types of ordered networks, graphs (number of vertices: N= 14, average degree = average
number of connections per vertex: K = 4.0) were simulated with three random reconnections to ensure small‐world
properties. The resulting degree distribution holds the number of connections sorted low to high (Top left plot) with the
dashed line representing the average of 1000 randomized graphs. The three types of ordered graphs show highly
distinctive degree distributions when plotted relative to the random graph (bottom left plot). Lattice small‐world networks
haverelative flat degree distribution (around 4) resulting in a negative slope when compared to random networks.
Clustered small‐world networks have one set of vertices with low degree, another with high degree resulting in a rotated‐
S‐shaped curve. Scale‐free networks have a exponentially increasing curve in their degree distribution.

Ethical permission was obtained via the "subcommissie voor de ethiek van het
mensgebonden onderzoek" of the Academisch Ziekenhuis VU (currently named METc of the
VUmc). All subjects (and parents/guardians for subjects under 18) were informed about the
nature of the research. All subjects or parents/guardians were invited by letter to
participate, and agreement to participate was obtained in writing. All subjects were treated
in accordance with the Declaration of Helsinki.
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EEG acquisition
The childhood and adolescent EEG were recorded with tin electrodes in an ElectroCap
connected to a Nihon Koden PV‐441A polygraph with time constant 5 s (corresponding to a
0.03 Hz high‐pass filter) and lowpass of 35 Hz, digitized at 250 Hz using an in‐house built 12‐
bit A/D converter board and stored for offline analysis. Leads were Fp1, Fp2, F7, F3, F4, F8,
C3, C4, T5, P3, P4, T6, O1, O2, and bipolar horizontal and vertical EOG derivations. Electrode
impedances were kept below 5 kΩ. Following the recommendation by Pivik et al., 38], tin
earlobe electrodes (A1, A2) were fed to separate high‐impedance amplifiers, after which the
electrically linked output signals served as reference to the EEG signals. Sine waves of 100
μV were used for calibration of the amplification/AD conversion before measurement of
each subject.
Young adult and middle‐aged EEG was recorded with Ag/AgCl electrodes mounted in
an ElectroCap and registered using an AD amplifier developed by Twente Medical Systems
(TMS; Enschede, The Netherlands) for 657 subjects and NeuroScan SynAmps 5083 amplifier
for 103 subjects. Standard 10‐20 positions were F7, F3, F1, Fz, F2, F4, F8, T7, C3, Cz, C4, T8,
P7, P3, Pz, P4, P8, O1 and O2. For subjects measured with NeuroScan Fp1, Fp2, and Oz were
also recorded. The vertical electro‐oculogram (EOG) was recorded bipolarly between two
Ag/AgCl electrodes, affixed one cm below the right eye and one cm above the eyebrow of
the right eye. The horizontal EOG was recorded bipolarly between two Ag/AgCl electrodes
affixed one cm left from the left eye and one cm right from the right eye. An Ag/AgCl
electrode placed on the forehead was used as a ground electrode. Impedances of all EEG
electrodes were kept below 3 kΩ, and impedances of the EOG electrodes were kept below
10 kΩ. The EEG was amplified, digitized at 250 Hz and stored for offline processing.

EEG preprocessing
We selected 14 EEG signals (Fp1, Fp2, F7, F3, F4, F8, C3, C4, T5, P3, P4, T6, O1, O2 and both
EOG channels) for further analysis. For subjects without Fp1 and Fp2 recordings, these were
substituted with their closest match F1 and F2. The reason for this lead replacement was
that a reduced (12 lead) graph yielded graph parameters much closer to random values,
with a reduced power to detect age differences. This substitution was tested by comparing
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46 unrelated individuals who had both F1,F2 and Fp1, Fp2 sets available. The correlations
r(CF1F2,CFp1Fp2),r(LF1F2,LFp1Fp2), and r(SLF1F2,SLFp1Fp2) were very high (.93> r > .96for
alpha oscillations, .75< r < .97 for beta oscillations). Even though correlations were high, the
C, L, and SL scores showed a small but systematic bias (<.043 for C, <.054 for L, and <.15 for
SL). This bias was removed in all subsequent scoring.
All signals were broadband filtered from 1 to 37 Hz with a zero‐phase FIR filter with
6dB roll‐off. Next, we visually inspected the traces and removed bad signals. Note that for
the network analysis a full set of EEG signals was required and therefore any rejected EEG
channel resulted in the loss of that subject. Next, we used the extended ICA decomposition
implemented in EEGLAB [39] to remove artifacts, including eye movements, and blinks [40].
After exclusion of components reflecting artifacts, the EEG signals were filtered into the
alpha (6.0 to 13.0 Hz) and beta (15.0 to 25.0 Hz) frequency bands. The peak alpha frequency
developed from 8.1 Hz at age 5 to 9.9 Hz at age 18, after which a slow decline to 9.4 Hz was
observed at around 50 years. The lower edge of the alpha filter was set such that alpha
oscillation of all subjects was included from ~2.0 Hz below the lowest peak frequency to
~3.0 Hz above the highest peak frequency. EEG power in the defined theta, alpha, and beta
frequency bands was determined using Welch’ method on 50% overlapping stretches of
4096 samples.

Connectivity
EEG signals are thought to reflect the neural activity of the brain tissue that results from
synchronous dendritic input across a large cortical area. Connectivity was calculated using
synchronization likelihood (SL) following Stam and Van Dijk [41]. SL is based on generalized
synchronization between coupled systems removes the overestimation shown by coherence
in filtered signals, and detects linear as well as non‐linear connectivity. In short, if a signal s1
is in a certain state (to be defined below) at time i we may find a recurrence of that state at
another time point j. Next, we look if the second signal s2 is in the same state at time points
i and j, recording a hit if so. SL is defined as the proportion of hits (in s2) to the total number
of recurrences (in s1) and is thus a number between 0 and 1. Note that SL is found even
when signals s1 and s2 are in different states, as long as s1 and s2 are self‐similar at i and j.
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More formally, the instantaneous state of an EEG signal was represented by m‐
dimensional state vectors Xi = {xi, xi + 1l, xi + 2l, … , xi+(m‐1)l } where l is the lag and m the
embedding dimension. The elements of Xi are m samples taken from the signal spaced l
apart. The vector is taken to represent the state of the system at time i. Within the same
signal recurrences are sought at times j that reflect a similar state: A threshold distance ε is
chosen such that a fixed proportion (pref= 0.02) of comparisons are close enough to be
considered in a similar state. Next, the same comparison is made for a different system Y at
the same time points i and j and with the same value for pref. Now the synchronization
likelihood Si between X and Y at time i is defined as follows:

1

where θ is the Heaviside step function returning 0 for all values < 0 and 1 for values >= 0.
Time point j is chosen with a minimum lag from i and depends on the lower value of the
filter, so as to avoid autocorrelation effects. N represents the number of recurrences of the
state Xi within X. Overall SL between X and Y is the average over all possible i. The settings
for SL calculation were those recommended by Montez et al., 42]. Note that these settings
are not critical in the calculation of SL [21].

Graph analysis
Graphs were created by thresholding the SL matrices such that the total number of
(bidirectional) connections in the graph was 32 resulting in an average number of
connections per vertex (node) of K=4.0. Graph parameters clustering coefficient C and path
length L were calculated following Watts and Strogatz [12]. In short, C is calculated for each
vertex as the proportion of neighboring vertices that are interconnected between them.
That is, if vertex v1 is connected with v2 and v3, this constitutes a closed triangle, and an
open triangle if they are not. C is then nclosed/(nclosed+nopen). Overall graph C is the mean
across all Ci, i=<1, N>. Path length L is also calculated for each vertex, and reflects the
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average minimum number of steps required go from the current vertex to all other vertices,
passing only along existing edges. Note that the averaging procedure for L is the harmonic
mean L=1/sum(1/Li) with unconnected nodes assigned the value of +∞. This reduces the
influence of unconnected nodes while retaining the full network size [11]. All C and L scores
were normalized to reflect deviation from randomness by dividing each score with the
average of C and L from 1000 Erdös‐Rényi random graphs with the same number of vertices
and average degree as the empirical graphs. A value of 1.0 therefore reflects a value as in
the random case.
Note that for subjects with replaced leads (F1, F2 instead of Fp1, Fp2) we removed
the systematic bias as explained above.

Structural MRI Assessment
From 104 subjects (62 male; average age 27.4 years) magnetic resonance imaging (MRI)
scans were acquired at a Philips 1.5 T Intera scanner (Philips, Best, The Netherlands) at the
University Medical Center Utrecht. For a detailed description of the aquistion and
processing of the scans of this sample, see Baaré et al., 43]. In short, the T1‐weighted
images (voxelsize 1 x 1 x 1.2 mm3) were transformed into Talairach orientation (no scaling)
[44] and corrected for magnetic field inhomogeneities [45]. Segments of gray and white
matter of the cerebrum were obtained by an automated method validated earlier [46], from
which tissue volumes were calculated.
We calculated partial correlations (accounting for sex differences) between MRI
volumes and the EEG parameters. As SL and L were highly skewed we applied a log
transformation and a ‐1/x transformation respectively (note that the negation keeps the
direction of the correlation intact) to effectively normalize the distributions of these
variables. C was approximately normally distributed. Bootstrap resampling was used to
calculate confidence intervals for the partial correlations (see statistics).
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Statistics
Observations were split into nine age groups with age boundaries in years: 4.9 – 6.0, 6.0 –
7.4, 15.0 – 17.0, 17.0 – 20.0, 20.0 – 25.0, 25.0 – 35.0, 35.0 – 45.0, 45.0 – 55.0, and 55+.
These groups were labeled ~5, ~7, ~16, ~18, ~22, ~30, ~40, ~50, and 55+. Final group sizes
and average ages are shown in Table 1.
Because the complex structure of the data including repeated measures and family
dependencies, which even extended across the different age groups (siblings of twins might
fall into a different age category than the proband twins), we established significance via
bootstrapping. The bootstrap consisted of randomly selecting (with replacement) from the
pool of families, retrieving the data for all family members, and calculating the statistic (i.e.,
the difference in group means) and estimating its confidence interval. Sampling on the
family level rather than individual level keeps—on average—the complex covariance
structure between the family members and repeated measures intact. Confidence intervals
were adjusted using the bias correction and accelerated method [47], and a conservative
alpha level of .01 was used. Group differences tested were limited to adjacent age groups
and groups two steps apart.

Table 1. Age group definition and size.
Age group (yrs)
~5 (below 6.0)
~7 (6.0 ‐ 7.5)
~16 (15.2 ‐ 17.0)
~18 (17.0 ‐ 20.0)
~22 (20.0 ‐ 25.0)
~30 (25.0 ‐ 35.0)
~40 (35.0 ‐ 45.0)
~50 (45.0 ‐ 55.0)
55+(55.0 and older)

N
331
368
447
345
148
176
96
149
55

Mean (SD)
5.3 (0.19)
6.8 (0.19)
16.1 (0.47)
17.6 (0.39)
23.4 (0.90)
28.6 (2.52)
41.6 (2.33)
48.9 (2.44)
60.8 (4.14)

Range
(4.93 ‐ 5.86)
(6.45 ‐ 7.46)
(15.23 ‐ 16.99)
(17.00 ‐ 18.92)
(20.21 ‐ 24.95)
(25.04 ‐ 34.55)
(35.40 ‐ 44.99)
(45.32 ‐ 54.26)
(55.35 ‐ 71.03)
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RESULTS
Protracted development of connectivity
All three frequency bands (Figures 2, 3, and 4) showed similar development of
synchronization likelihood (SL) which significantly increased with age reflecting the
prolonged maturation of brain connectivity. The connectivity enhancement extended well
into adulthood and even into middle‐aged adulthood, after which a plateau developed. All
three figures show that peak connectivity was found at age ~50. A significant decline in
connectivity was only first observed in the 55+ age group for all frequency oscillations.

Graph parameters revealed large increases in network order between childhood and
adolescence and decreases in late adulthood
Overall, the development in C and L shows a change in the quality of the brain network from
a relative random to a more ordered organization, from childhood to adolescence. Alpha
and beta frequency bands showed evidence for increases in both C and L between
childhood and adolescence (Figures 2, 3, left columns). Significance of these changes is
indicated in the right columns. C additionally shows a clear increase within adolescence. In
adolescence, a plateau is reached, which is by‐and‐large maintained throughout adult life.
Only beta band C shows a significant increase in the oldest age group. Development of theta
networks in early childhood deviated from this pattern, as there was an initial decrease in
connectivity and graph parameter C from age 5 to 7. This is most likely related to the very
large decrease in theta power during the first decade of life. Significant increases within
adulthood years were observed for L (~30 to ~50), reflecting a relative stability between
adolescence and adulthood for this measure.
Network development in the first two decades of life reach maximal levels at the age
of ~18 for C and L. Older age was generally associated with decreases in both C and L but
these effects were only significant for L in the theta band. A significant increase in C was
found for networks from beta oscillations.
Figure 5 shows the development of the graph parameters C and L (alpha oscillations only) as
a function of average degree K chosen in the thresholding procedure. Many age effects
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were independent of the choice of K. This indicates a certain generality of the effects and an
independence of the arbitrary choice of K. Childhood is marked by highly random network
connectivity patterns that slowly increased to more ordered networks. For all levels of K, the
changes observed between age groups 5 and 7 were minimal compared to the increase in
order from childhood to adolescence. Adolescence also showed increase in order of the
brain network, but the maximal values for C are reached somewhat earlier than for L.
Finally, older age is characterized by a reversal towards increased randomness.

Connectivity and network change are unlikely to be caused by spurious power effects
It could be argued that a lack of connectivity between brain areas—and a resulting random
network configuration—could be the result not of the absence of connectivity per se, but
the absence of oscillations from which they are derived. Since EEG power density reflects
the amount and strength of the oscillations, the spurious effect would predict a positive
relation between EEG power and connectivity (or the graph parameters derived from it).
Figures 2 to 4 (bottom rows) show that EEG power density of both alpha and beta
oscillations follow a very different developmental trajectory than the connectivity
parameters. In general, they are in the opposite direction of the spurious effect (i.e., a
decrease in power is associated with an increase in C and L, i.e. a depart from randomness),
giving no support to this alternative explanation. One notable exception is the strong
decrease in theta power associated with concurrent decreases in C and L. Therefore,
concurrent changes in theta power may have caused the deviant patterns for theta
connectivity in the childhood age groups.
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Figure 2. Alpha band (6–13 Hz) development of Clustering, Path Length, average connectivity, and average power. SL is the
average connectivity of synchronization likelihood across all possible pairs of signals. Clustering C and Path Length L were
obtained as indicated in the text. Dashed lines are values obtained for randomized networks (C and L) or connectivity
between two white noise signals (SL). (Left column:) Each variable is plotted with a continuous predictor and a quadratic
loess smooth 40% of the data. Results show a small‐world organization throughout life as L~1.0 while C>>1.0. Large
changes were observed for L, overall connectivity, and less so for C. The opposite development of the power of alpha
oscillations suggests that increased order is not a spurious effect of increased signal‐to‐noise ratios. (Right column:) Means
by age group. Hooks indicate bootstrap determined significant difference (gray: p<.01, thin black p<.001, thick black
p<.0001) between adjacent and next‐adjacent groups. Significant increases between childhood and adolescence and even
within adolescence (for C) indicate a decrease of brain network randomness with age. A stable period for C after ~18 and
for L after ~16 yrs was observed. Overall connectivity significantly increased up to ~40 but peaked at ~50, and showed a
significant decrease into older age (55+).
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Topological network quality is stable for alpha, theta oscillations but changes for beta
oscillations
Topological network quality was next assessed by inspecting the degree distribution Ki of
the brain connectivity graphs, sorted low to high and averaged over all epochs/subjects.
These were plotted for age groups ~5, ~16, ~22, ~40, and 55+ years (Figure 6), and can be
visually compared with the degree distributions obtained for the three prototypical ordered
graphs of Figure 1. For graphs from alpha oscillations, it was clear that the networks
represented a clustered small‐world network throughout life, as evidenced by the S‐shaped
degree distribution. Interestingly, the S‐shape did not qualitatively change, but increased in
amplitude, suggesting that the connectivity within the cluster becomes more pronounced as
age progresses and reaching a plateau already at age ~16. Therefore, the degree distribution
of alpha oscillation networks shows no evidence for qualitative topological change from ~5
to ~55 years of age.
A similar clustered topology was obtained for graphs from theta oscillations.
Although the nodes with lowest degree were somewhat lower than expected, the sorted
degree distributions consistently showed high degree for a subset of nodes and low degree
for the remainder, reflecting the core property of a clustered network. The topology was
quite stable across age groups.
For beta band oscillations, networks represented a flatter degree distribution than a
clustered small‐world network with even a slightly downward slope—an indication of a
lattice small‐world network. Childhood, adolescent, and the oldest age groups showed the
flattest degree distribution—an indication of increased randomness. This provides some
evidence that the beta oscillatory network is in an immature state before adulthood with an
underdeveloped network cluster. This cluster only reaches full interconnectivity between
the hubs in the cluster at ~22 years of age. Older age is associated with increased
randomness and deterioration of the cluster.
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Figure 3. Beta band (15–25 Hz) development of parameters C and L, average connectivity, and average power. See figure 2
for additional legend. (Left column:) Results are highly similar to alpha oscillatory networks, including a small‐world
organization throughout life and an opposite development of the power suggesting that increased order is not a spurious
effect of increased signal‐to‐noise ratios. (Right column:) Bootstrap showed significant increases between childhood and
adolescence and even within adolescence (for both C and L) indicate increased brain network order. A stable period for C
and L after ~18 yrs was observed. Overall connectivity significantly increased up to ~40 but peaked at ~50, and showed
significant decrease into older age (55+).

104

The brain matures with stronger functional connectivity and decreased randomness of its network

SL and L correlate with white and gray matter brain volume in young adult subjects
In 104 young adults, the relationship was tested between EEG‐based connectivity and graph
parameters on the one hand and white and gray matter volumes assessed by anatomical
scans using MRI on the other. Table 2 shows the resulting partial correlations (accounting
for sex) both for the full sample and after removing highly influential subjects: two with abs
(z‐score)>4.0, and one male subject with small brain volume and unusually large effect on
the confidence intervals. Significant correlations between SL and WMV were observed
(theta: r=.22, p<.01; alpha: r=.33, p<.01). No significant effects between SL and GMV.
Correlations between brain volumes and graph parameter L showed moderate effect sizes. L
was correlated with both WMV (theta: max r=.36, p<.001; alpha: max r=.38, p<.001) and
GMV (alpha: max r=.36, p<.001), fairly independent of choice of threshold K (although
networks with K=3.5 were too sparse to reliably detect effects). C did not significantly
correlate with the brain volume parameters, albeit only just in some cases (alpha: max
r=.22, p<.05).

DISCUSSION
The main aim was to investigate the development form childhood to adulthood of the
strength and patterning in long‐range connectivity. For this, we estimated connectivity
based on synchronization likelihood (SL) between EEG signals from distant electrodes for a
large sample aged 5 to 71 years. Average SL showed large increases from childhood to
adolescence. Previous reports suggested that EEG connectivity reflects (maturational
processes of) white matter tract properties. For example, inter hemispheric EEG
connectivity (coherence) has been related to DTI diffusivity in localized bundles [48], and to
T2 relaxation times in both white and grey matter which may be related to neuronal
membrane lesion in head injury [49] but may also reflect maturation [50]. The view that
functional connectivity measured with SL reveals properties of the underlying white matter
is supported on several grounds.
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Figure 4. Theta oscillations (3.0–5.6 Hz) development of parameters C and L, average connectivity, and average power. See
figure 2 for additional legend. (Left column:) Childhood ages showed elevated levels of all parameters including theta
power. (Right column:) Bootstrapping showed significant increases between childhood and adolescence for C and SL. L and
SL additionally showed an increase between ~30 and ~50 yrs, and a subsequent decrease to 55+.
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Figure 5. Average degree K marginally influences the developmental profiles of graph parameters C and L. C and L
development from connectivity matrices of alpha (6–13 Hz) oscillations are shown. A loess smooth is surrounded by 95%
confidence intervals. Marked differences can be seen in the developmental plots, most prominent is the steady decrease in
both C and L (relative to the random case) with increased K with a relatively intact curvature; this shape–not the absolute
level–reveals the development and comparison between age groups. Some of these age effects were consistent across
levels of K: 1) An increase during adolescence in both C (about 16 to 19 yrs) and L (about 16 to 20 yrs) – indicating that
brain development is not finished until young adulthood and provides evidence for in increasingly ordered brain networks;
2) Childhood levels of C and L are lower than adolescent and young adult levels. Developmental profiles also differed
across levels of K: Adult ages showed a decline in C (for K<4.5) and a strong decline in L (for K<5.0), indicating increased
random network organization.

First, there is a highly suggestive correspondence between the protracted development of
SL and the development of WMV as reported in the extant literature. Peak levels of SL were
found at age ~50 for theta, alpha, and beta oscillations, while a significant decrease in
connectivity was found only in later life (55+). These results are highly consistent with
reported peak ages for WMV development in large sample studies (peak at ~44 yrs for
frontal lobe WMV [37], ~48 yrs. for temporal lobe [37]; 50.1 for whole brain [33]; ~38 for
whole brain [31]; ~43 for whole brain [32]; ~38 in female WMV [51]), although some reports
could not establish significant (nonlinear) trends in WMV development (in males [51]) or
reported regional specificity in the peak ages [37,52]. In addition, WMV increases reflect
ongoing myelination, which shows a similarly protracted development (50‐59 yrs. [53]).
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Figure 6. Stability and change in network quality. Sorted degree distributions relative to random graphs for 5 different age
groups can be matched to prototypical networks described in figure 1. Alpha oscillation networks (left plot) consistently
showed a clustered small‐world organization. Childhood ages showed a degree distribution closer to random, but the
clustering is clearly visible. Increased age created increased deviation from random but did not qualitatively change the
network. Beta networks (right plot) showed a degree distribution close to random for children and adolescents, but since
the clustering coefficient was much larger than 1.0 (figure 3), networks in these groups are perhaps best described as a mix
between lattice and clustered small‐world network. The brain progressed into a clustered small‐world network in
adulthood (~22 to ~50 years) but increased tilt again for the eldest groups (55+) indicating a more lattice small‐world
network. Theta oscillation networks also showed evidence for a clustered small‐world network with a set of nodes with
high degree, and a set of nodes with low degree. This pattern was observed throughout life.

Second, in a modestly sized subsample of young adults we observed positive
correlations between SL and MRI‐derived WMV for the oscillations across the three
frequency bands (3.0 – 25.0 Hz), which reached significance for the slower oscillation
networks (3.0 ‐ 13.0 Hz). Although this result is limited to a single age group of about 27
years, it suggests that SL may index differences in adult WMV, the underlying
developmental processes of myelination leading up to adult WMV, and its functional
determinants or effects [54]. Given the importance of oscillations in large‐scale networks for
cognitive processing [55], it can be hypothesized that functional connectivity mediates this
link between WMV and cognition by increasing communication and coordination between
distant brain areas. In addition, our results support the notion of EEG connectivity as a
biomarker for developmental psychopathology. For example, autism has been related to
both increased white matter and long range EEG connectivity [54], whereas callosal white
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matter loss has been related to decreased cross‐hemispheric connectivity in Alzheimer’s’
disease [56].
Besides average connectivity strength, we investigated the pattern of connections
using a graph theoretical approach. To this end, we applied Watts and Strogatz’ [12]
approach to estimate C and L to the thresholded connectivity matrices. Contrary to previous
findings on the graph theoretical analysis of functional connectivity networks (fMRI) [57],
EEG [58]), we found strong increases in both C and L from childhood to adolescence as well
as within adolescence. This was found for all oscillations (3.0 – 25.0 Hz). Concurrent
increases in C and L are an indication of decreased network randomness and increased
order [59, 60]. Importantly, the developmental trend in the network parameters, e.g. L in
the alpha band, leveled off at a much earlier age than SL, suggesting that it provides
complementary information to SL on the development of the brain network. The pattern of
developmental changes in network order was fairly independent of the choice of threshold
degree K. Across K levels, maximal values of C and L were reached earlier (~18 yrs) than for
SL. Although the basic networks seem to be in place from a very early age (Figure 6) [57, 61–
63], the increased order in the brain network suggests that they nonetheless differ in
randomness, and therefore in essential computational capacities between childhood and
adolescence [64]. This is consistent with the idea that maturation reflects ongoing functional
segregation of consistent networks that are decreasingly diffuse [63] and therefore less
random.
A striking finding was that—in the theta band—the significant decreases in
connectivity in older age (55+) were accompanied by decreases in L, suggesting that brain
tissue atrophy results in changes in the brain network. Decreases in L are hypothesized to
reflect efficiency in information transfer [10, 15]. The neural loss observed in later life
[65,66] may well be causative of this element of reduced order in the brain network, and
could perhaps be seen as a non‐clinical variant of the disrupted networks found in
Alzheimer’s’ Disease [17,67].
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Table 2. Partial correlations between cerebral volumes and functional measures (connectivity SL, graph parameters C and L)
corrected for sex.
C
L
SL
K= 3.5
4.0
4.5
5.0
3.5
4.0
4.5
5.0
All subjects
GMV
Theta
Alpha
Beta
WMV
Theta
Alpha
Beta

0.02
0.18
0.04

0.04
0.11
0.04

0.09
0.15
0.00

0.07
0.13
0.06

0.02
0.08
0.05

0.06
0.26+
0.04

0.12
0.33*
0.04

0.16
0.32*
0.03

0.01
0.29*
0.00

0.21*
0.27+
0.16

-0.01
-0.08
0.10

0.05
0.00
0.10

0.10
0.14
0.09

0.03
0.22+
0.13

0.17
0.21
0.05

0.28*
0.26+
0.07

0.34**
0.26+
0.06

0.24**
0.28*
0.09

After removing extreme values
GMV
Theta
Alpha
Beta
WMV
Theta
Alpha
Beta

0.02
0.23+
0.05

0.05
0.11
0.04

0.10
0.15
0.01

0.08
0.14
0.07

0.02
0.09
0.06

0.07
0.26+
0.03

0.13
0.34*
-0.06

0.16
0.36**
-0.02

0.02
0.32*
0.03

0.22*
0.33*
0.18

0.00
-0.08
0.11

0.06
0.02
0.12

0.12
0.16
0.12

0.03
0.24+
0.15

0.19
0.25+
0.08

0.29*
0.34*
0.10

0.36**
0.37**
0.07

0.25**
0.38**
0.09

Note. GMV=gray matter volume, WMV=white matter volume, K=threshold on connectivity matrix such that average degree K
is reached, SL=average synchronization likelihood, L=Path Length, C=Clustering Coefficient. SL and L were log and -1/x
transformed to normalize the distributions.Significance was determined via bootstrap resampling of families and confidence
intervals estimated with the bias-corrected and accelerated method. Lower table: Two subjects with >4.0 SD deviation on SL,
L, or C, and one male subject with very small intracranial volume were removed.
**p<.001, *p<.01, +p<.05 (trend)

Graph parameter L was positively correlated to WMV in an adult sample. In addition,
developmental profiles of both L and WMV (as reported in the literature) show marked
increases from childhood to young adulthood. As with SL, these results suggest that L is
predictive of white matter development. This was expected, since we have previously
shown that L and SL are correlated measures [68]. However, it was somewhat unexpected
that L (for alpha oscillation networks) positively correlated to GMV. Thus, L carries
additional information about functional brain connectivity that is not covered by average
connectivity strength per se, but is reflected in the efficiency of the network organization.
The continuous decline of GMV in adolescence and adult life [30, 37] is thought to reflect
the degree of synaptic pruning and connective trimming [28, 61, 69]. The observed
correlation suggests that these pruning processes decrease network efficiency, possibly by
strengthening connectivity within subnetworks [63]. Note that it remains unclear how the
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positive correlation within the young adult age group relates to the observed
developmental paths, so that firm conclusions cannot be drawn. Even so, the data clearly
suggest that L may be used to chart normal gray matter development and psychopathology
that is associated with abnormal gray matter development, such as schizophrenia.
Biomarkers of schizophrenia include changes in the prefrontal cortex caused by reduced
neuropil (assumed to reflect loss of connectivity), reduced spine densities, and smaller
dendritic arbors [70, 71], thus resulting in GMV abnormalities. Indeed, graph theoretical
analysis of EEG and fMRI resting state activity has shown deviant networks in this disease
[71, 72].
The current results revealed increased connectivity for alpha and beta band
oscillations, but make no distinction between long and short range connectivity. Short range
connectivity requires much denser electrode placement, which is likely to result in spurious
connectivity from volume conduction effects [73]. Recent observations have suggested that
the dichotomy in projection length is essential, and yields opposite results: decreased short
range connectivity concurs with increased long‐range connectivity with age. In an fMRI
study it was shown that local activity in cognitive control networks becomes less diffuse
with age, which is accompanied by increased long distance functional connectivity [74].
Similar findings of changes in (long‐distance) connectivity have been reported [56, 61, 75].
The present results extend these findings in showing that from childhood to adulthood brain
networks move from random to ordered. Since network parameters are relevant predictors
of cognitive performance [19, 20], and are disrupted in psychopathology [58], we can
hypothesize that the increased order is essential to the large developmental changes in
human cognitive performance during the same period. This may be addressed in future
investigations.
Topographical network quality—assessed by inspecting the sorted degree
distribution of the graphs and comparing these to three prototypical network types (Lattice
small‐world, Clustered small‐world, and Scale‐free)—showed evidence of clustered small‐
world networks for many age groups and oscillation frequencies. A clustered small‐world
network shows a group (or more than one group) of hubs, consistent with a modular
organization observed in resting state fMRI [76]. Similarly, evidence for clusters of hubs has
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been presented in networks in both adults and infants [77]. The current results showed that
this network quality is relatively stable over a wide age range (for alpha and theta oscillation
networks), but shows some development for networks derived from beta frequency
oscillations. The shift in tilt in the sorted degree distribution for age groups ~5, ~16 and 55+
indicates that younger age have an immature cluster of hubs that only becomes fully
operational at the age of ~22 years, and deterioration of that cluster in older age.

In conclusion, we have shown that brain maturation across the lifespan may be
tracked using inexpensive EEG recordings. The brain showed protracted increases in
connectivity consistent with white matter developmental curves, and changed from a
relatively random to a more ordered configuration. The EEG‐derived individual differences
in connectivity and efficiency of the brain’s connectivity network reflected actual anatomical
differences as assessed by MRI. Since the network parameters used here have already been
shown to be heritable [21], they are prime candidates to act as endophenotypes for
establishing the connection between genotype and brain function.
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