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ABSTRACT
Growth restriction in utero during a period that is critical for normal growth of the brain,
has previously been associated with deviations in cognitive abilities and brain anatomical
and functional changes. We measured magnetoencephalography (MEG) in 4‐7 year old
children to test if children born small for gestational age (SGA) show deviations in resting‐
state brain oscillatory activity. Children born SGA children with postnatally spontaneous
catch‐up growth (SGA+; 6 boys, 7 girls; mean age 6.3 y (SD=0.9) and children born
appropriate for gestational age (AGA; 7 boys, 3 girls; mean age 6.0 y (SD=1.2) participated in
a resting‐state MEG study. We calculated absolute and relative power spectra and used
nonparametric statistics to test for group differences. SGA+ and AGA born children showed
no significant differences in absolute and relative power except for reduced absolute
gamma band power in SGA children. At time of MEG investigation, SGA+ children showed
was significantly lower head circumference (HC) and a trend toward lower IQ, however
there was no association of HC or IQ with absolute or relative power. Except for reduced
absolute gamma band power, our findings suggest normal brain activity patterns at school
age in a group of children born SGA in which spontaneous catch‐up growth of bodily length
after birth occurred. Although previous findings suggest that being born SGA alters brain
oscillatory activity early in neonatal life, we show that these neonatal alterations do not
persist at early school age when spontaneous postnatal catch‐up growth occurs after birth.
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INTRODUCTION
Of all live‐born neonates, a small percentage is born small for gestational age (SGA). This
percentage depends on the definition used and ranges between 2 and 10%. SGA born
children are characterized by a decreased body weight and/or length and diminished head
circumference at birth. Children born SGA suffered from suboptimal intrauterine conditions
that lead to underdevelopment of the body and the brain [de Bie et al., 2010; Frisk et al.,
2002; Mallard et al., 2000; Rehn et al., 2004; Saenger et al., 2007; Toft et al., 1995; Tolsa et
al., 2004]. The majority of these children show catch‐up growth in the first two years of life
(SGA+), and approximately 10% lack catch‐up growth (SGA‐), showing persistent short
stature [Saenger et al., 2007]. SGA inclusion criteria and definitions are described in the
methods section. Besides physical dysregulation, SGA is associated with decreased levels of
intelligence and cognitive abilities in children and adults [de Bie et al., 2010; Lundgren et al.,
2001; Strauss 2000]. Interestingly, catch‐up growth during the first years of life is associated
with relatively better cognitive outcome [Frisk et al., 2002; Lundgren et al., 2001; Saenger et
al., 2007].
The period during which SGA born children suffer from intra‐uterine growth
restriction is generally unknown since frequent monitoring of fetal growth with ultrasound
echo is not a common procedure. Dependent on the timing of growth restriction, several
brain maturation processes can be affected. In the last trimester of pregnancy, proliferation
and migration of neurons is being completed while maturational processes such as
synaptogenesis, dendritic aborization and myelination start to connect the neurons [Dubois
et al., 2008; Ment et al., 2009; Rees et al., 2008; Tolsa et al., 2004; Volpe 2000]. Growth
restriction might affect these basic maturation processes and can have long‐term
consequences.
A few studies have investigated the effects of being born SGA on brain anatomy later
in life with magnetic resonance imaging (MRI). Martinussen and colleagues reported on
lower total brain volume with reduced white matter volume but no significant differences in
grey matter volume for term born SGA 15‐year‐old adolescents when compared to healthy
adolescents [Martinussen et al., 2005; Martinussen et al., 2009]. These results are in line
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with the results of our recent MRI study in children born SGA at early school age (4 to7 year
old) [de Bie et al., 2011]. This study further differentiated between SGA children with catch‐
up growth (SGA+) and without catch‐up growth (SGA‐). Children born SGA demonstrated
smaller brains with lower white matter volumes and a smaller cortical surface area. SGA+
children constituted an intermediate between children born appropriate for gestational age
(AGA) and SGA‐ children with respect to these brain parameters with a linear trend ordered
from highest volumes and surface area in AGA to SGA‐ via SGA+ children. Furthermore, both
SGA subgroups showed regional differences in cortical thickness most pronounced in the
anterior and inferior prefrontal cortex, with SGA‐ children having the thickest cortex, to
intermediate in SGA+ children and lowest in AGA.
Brain

oscillatory

activity

can

be

recorded

with

electro‐

and

magnetoencephalography (EEG/MEG). These oscillations are assumed to originate from
large neuronal networks that synchronize their activity in the brain areas underlying the
sensors. The amplitude of the recorded signals depends on the number of neurons firing in
synchrony, which in turn depends on the local connectivity patterns between excitatory and
inhibitory neurons as well as on local synaptic density. Development of this oscillatory
activity in healthy children is characterized by increases in the amplitude of high frequency
oscillations (alpha, beta and gamma bands) and a reduction in the amplitude of slow
oscillations (delta and theta bands) [Gmehlin et al., 2011; Okumura et al., 2006; Uhlhaas et
al., 2009]. As brain anatomy is affected in SGA children, the development of normal
oscillatory activity patterns might also be affected. In an earlier study investigating the
effect of being born SGA on brain oscillatory activity, Ozdemir and colleagues recorded the
EEG of 40 term SGA, and 20 term AGA infants in their 1st week after birth, and in their 1st
and 3rd month, all during sleep [Ozdemir et al., 2009]. The authors reported that in all
records the amplitude levels were significantly lower for the SGA group than for the AGA
group. Furthermore, SGA showed higher relative power for low frequencies and less power
for higher frequencies. The authors interpreted their findings as a delay in
electrophysiological maturation in term SGA infants.
An advantage of MEG over EEG is that it is more child‐friendly recording technique
as the helmet with inbuilt sensors replaces the need to glue electrodes on the head which
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could be distressing for children. Moreover, the MEG scanner has a 151‐sensor array
resulting in higher spatial resolution and it is insensitive to the effects of skull‐thickness and
skin and scalp conductivity, which might have biased the results of Ozdemir and colleagues.
In the present study, we used MEG to record brain oscillations during an eyes closed
resting‐state condition in SGA and AGA born children at early school age (4 to 7 years old).
The aim of our study was to investigate whether and how oscillatory brain activity is
affected in 4‐7 year old term born SGA born children in which postnatal catch‐up growth
has occurred. To answer this question, we calculated the absolute and relative power
spectra for several frequency bands and tested for differences between children born SGA
and AGA.

METHODS
Subjects
This study presents baseline data from a longitudinal project that studies the effects of
growth hormone therapy on brain development and cognition in children born SGA (Dutch
Trial Register: NTR 865). The complete project included neuropsychological assessment as
well as MRI and MEG investigation and was performed at the VU University Medical Center
from March 2007 until April 2010.
Inclusion period of children for MEG scanning ran from March 2008 till October
2009, after which the MEG was replaced by a new system. The study was approved by the
ethics committee of the VU University Medical Center. Written informed consent was
obtained from the parents or guardians of each child and obtained according to the
Declaration of Helsinki (BMJ 1991; 302: 1194).
Exclusion criteria were: 1) severe prematurity below 34 weeks, 2) complicated
neonatal period with signs of severe asphyxia, defined as an Apgar score < 7 after 5 min., 3)
multiple birth, 4) growth failure caused by somatic or chromosomal disorders or syndromes
(except for Silver‐Russell syndrome), 5) previous or present use of medication that could
interfere with growth or growth hormone (GH) treatment and 6) sever learning disability
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(IQ < 70). Additional exclusion criteria based on the MEG recordings are described in the
data processing section below.
Both SGA and AGA groups were in the age range of 4 to 7 years old at the moment
of the MEG recordings. We included 12 AGA born children and 18 children that were born
SGA. Of the 18 SGA children, 14 showed postnatal catch‐up growth (SGA+). Following the
International Small for Gestational Age Advisory Consensus Board Development Conference
Statement [Lee et al., 2003], SGA was defined by a birth weight and/or length ≤ ‐2 SD,
adjusted for gender and gestational age; SGA+ was defined as postnatal catch‐up growth
with an actual height of less than 2 SD below the Dutch population reference mean; and
SGA‐ as persistent postnatal growth failure based on an actual height of less than 2.5 SD
below this mean [Fredriks et al., 2000]. SGA‐ children were not included in the current
study. AGA was defined as birth weight and length above ‐ 2 SD, without known history of
prenatal growth restriction. SGA children were selected from the pediatric hospitals in The
Netherlands.
Two children (2 AGA) were excluded from further processing since they showed
minor abnormalities in their MEG recordings (see description in section data processing).
One SGA+ child was excluded from further analysis due to continuous artifacts caused by
construction activities near the scanner room. Finally, 10 AGA born and 13 SGA+ children
were included in this study.

Magnetoencephalography (MEG) recordings
Since all children included in our study underwent an MRI dummy scanner training session
(de Bie et al., 2010), we used this session to shortly explain the MEG scanning procedure as
well. We showed and fitted the MEG helmet to familiarize the children with the helmet and
with padding their heads with a foam headband. Padding minimized head movements
during recording and placed the small child head in a more centered position in the helmet.
MEG data were acquired during a no‐task eyes‐closed resting‐state condition inside
a magnetically shielded room (Vacuumschmelze GmbH, Hanau, Germany) using a 151‐
channel whole‐head radial gradiometer MEG system (CTF Systems Inc., Port Coquitlam, BC,
Canada) at the VU University Medical Center. A third‐order software gradient [Vrba J. et al.,
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1999] was used with a recording pass band of 0.5 to 125 Hz and a sample frequency of 625
Hz. 12 sensors were not functioning during at least 1 of the recordings, and these were
excluded from the analysis for all subjects. At the beginning and end of each recording, the
head position relative to the coordinate system of the helmet was recorded by leading small
alternating currents through three head position coils attached to the left and right
preauricular points and the nasion. Head position changes during the recording of up to 1.5
cm were accepted, to which all children complied.
During the resting‐state condition, children were lying comfortably, and were
instructed after one minute to close their eyes for four minutes and move as little as
possible. One of the investigators stood nearby the child to control for his/her well‐being
and one of the parents or caretakers was seated in a corner of the shielded room to
comfort the child when necessary.

Data processing
For off‐line processing, the recordings were converted to ASCII format. Visual inspection
and selection of the time segments was done by one of the investigators (MB) with
BRAINWAVE software (CS, http://home.kpn.nl/stam7883/brainwave.html). For each child
we selected five artifact‐free time segments of 4096 samples (~6.5 seconds) from the 4
minute eyes‐closed condition, which was enough to stably estimate the power spectra.
Typical artifacts were related to (eye) movement, drowsiness or muscle contractions. One
SGA+ child was excluded from further analysis due to continuous artifacts caused by
construction activities near the scanner room. Two children showed minor abnormalities in
their MEG recordings (2 AGA). These patterns were characterized as spike and wave
discharges and sharp waves. Besides these deviant patterns, the background MEG appeared
normal in all of these children and these children had no history of epileptic seizures or
other clinical symptoms. Since this deviant activity might affect the outcome, we excluded
these three children from further analysis.
For each selected time segment, we converted the MEG signal per sensor from the
time domain into the frequency domain (Welch periodogram; matlab 7.0; window = 1024
samples; overlap= 512 samples; nfft=1024; sample frequency= 625 Hz). Per sensor, the
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absolute power spectrum ranging from 1 to 48 Hz was divided into 78 bins of 0.618 Hz. For
relative power spectra construction, the absolute power for each bin was divided by the
absolute power of the total spectrum, resulting in values ranging between 0 and 1. Since
children have peak frequencies that deviate from adults, we defined frequency band ranges
based on the power spectrum as shown in figure 1: total spectral power 1‐48 Hz, delta 1.0‐
2.9 Hz, theta 2.9–5.4 Hz, alpha 5.4–11.5 Hz, beta 11.5‐27.3 Hz, and gamma 27.3–48 Hz.
Subsequently, per sensor, we computed the spectral power within these frequency bands
by averaging over bins within these frequency ranges. Then, we averaged these outcomes
over all MEG sensors (except 12 noisy or broken sensors), and subsequently, the outcomes
were averaged over epochs (5 per child) for each child.

Estimation of intelligence and physical measurement
Both physical examination and estimations of intelligence were performed ranging from 36
weeks before to 23 weeks after MEG investigation. An estimate of the full scale IQ (eIQ) was
based on a four‐subtest short version of the much used and well standardized Wechsler’s
scales that would ordinarily be obtained by administration of the complete scales. Estimates
of reliability and validity indicate that the abbreviated forms of the Wechsler Preschool and
Primary Scale Intelligence – Revised (WPPSI‐R, Dutch version), for children under 6 years
and the Wechsler Intelligence Scale for Children – third Edition (WISC‐III, Dutch version) for
children 6 years and older may be used to approximate the Full Scale IQ when time
limitations are a consideration [Kaufman A.S. et al., 1996; LoBello 1991]. Parental
educational levels were classified according to the International Standard Classification of
Education (1997).

Statistics
Statistical analyses were performed using SPSS 15.0 (Chicago, IL, USA). We used non‐
parametrical tests for all group comparisons because of the small group sizes and a skewed
distribution of spectral power. To test for group differences in subject characteristics,
Mann‐Whitney U‐tests were used for continuous data (eIQ, body weight, length, head
circumference) and Fisher exact tests were used for categorical variables (gender,
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handedness, parental education). Mann‐Whitney U‐tests were used to test for differences
between AGA and SGA groups in absolute and relative power in several frequency bands.
Post‐hoc analyses were done to investigate the relationships between total absolute power
and continuous variables, which included IQ, head circumference and the distance between
head position coils and the MEG helmet, by using Spearman’s rank correlations. For all
analyses, p‐values < 0.05 (two‐tailed) and Z values (ignoring the sign) greater than 1.96 were
considered statistically significant.

RESULTS
Subject characteristics
Table 1 lists subject characteristics per group and the significance of the differences
between groups. Distributions of handedness and gender did not differ between groups.
Twenty‐one children were right‐handed and the two left‐handed children were equally
distributed over the subgroups. Groups did not differ in gestational age. Conform the
definition, children born SGA had a significantly lower birth weight than AGA born children.
Furthermore, although relatively spared compared to body weight and length, head
circumference at birth was significantly lower in SGA compared to AGA children. Age at
MEG recording did not differ between the groups. Body length at the MEG recording was
significantly lower in SGA children compared to AGA. Although catch‐up growth had
occurred in all SGA+ children, mean length SD was just below population mean. In contrast,
complete catch‐up of head circumference (mean SD= ‐0.08) had occurred. Nevertheless,
head circumference in SGA+ was significantly lower compared to AGA children, possibly due
to relatively large head circumference of the AGA children. For body length, all SGA+
children stayed within ‐2 SD of the mean according to definition. A trend toward
significance was found with higher eIQ in AGA children compared to SGA+ children. The
proportion of parents in the SGA group with an educational level confined to first stage of
basic education or lower secondary education did not differ from the parents in the AGA
group (3 mothers SGA+ vs. 0 mothers AGA, Fisher exact p = 0.853; 3 fathers vs. 0 fathers
AGA, Fisher exact p = 0.443).
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FIGURE 1 Absolute and relative power spectra for AGA and SGA born children. Absolute power (y‐axis: absolute power in
2
fT /Hz; x‐axis: frequency in Hz) and relative power (y‐axis: arbitrary units; x‐axis: frequency in Hz) averaged for the AGA

and SGA born groups, per group averaged over all MEG sensors (5 epochs per child). Thick solid black lines represents the
average of AGA born children; thick grey lines the SGA+ born children.

Power spectra
As shown in figure 1, the absolute power spectra for SGA born children and AGA born
children largely overlap. Overall, the SGA group has comparable absolute power over the
whole frequency range. More specifically, group comparison showed that AGA and SGA+
groups did not differ significantly in absolute power in all frequency bands except for the
gamma band, in which SGA+ had lower gamma power (for statistics see Table 2).
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Figure 1 showed that the relative power spectra for the SGA+ and AGA group largely
overlap. Relative power did not differ between groups for the total spectrum, nor for the
separate frequency bands (for statistics see Table 2). In summary, the SGA group shows
similar frequency distributions of the brain oscillations, with similar amplitudes except for
the gamma band.

Post hoc analyses
We found significant smaller head circumferences (in SD) in SGA children compared to AGA
children (Table 1), though we did not find a relation between head circumference and total
spectral power in both AGA and the SGA group. Furthermore, we did not find significant
correlations between eIQ and absolute or relative power in both groups.
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:
±
±
±
±
±
±
±
±
±
±
±
±

SD
3
1
1.2
489
0.88
0.67
1.2
12.2
10.5
1.02
8.10
0.85
1.30
0.68

AGA (n = 10)
mean
7
9
39.4
3464
0.10
0.21
5.97
114.2
118.1
0.22
23.10
‐0.05
52.0
0.59

±
:
:
±
±
±
±
±
±
±
±
±
±
±
±

SD
7
1
2.0
407
0.40
0.75
0.87
11.8
7
0.75
6.2
1.08
1.2
0.65

SGA+ (n = 13)
mean
6
12
38.4
2144
‐2.61
‐1.09
6.28
104.8
111.6
‐0.59
17.2
‐0.67
51.0
‐0.08

Fisher exact; SD standard deviation compared to the project population mean; # SD according to length

Gender (boy : girl)
Handedness (right : left)
Gestational age (weeks)
Weight at birth (grams)
Weight at birth (SD)
Head circumference at birth (SD)
Age at MEG investigation (years)
IQ estimated
Length at MEG investigation (cm)
Length at MEG investigation (SD)
Weight at MEG investigation (kg)
Weight at MEG investigation (SD#)
Head circumference at MEG investigation (cm)
Head circumference at MEG investigation (SD)

Table 1 Subject Characteristics
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46.5
1.0
0.0
8.0
55.5
34.5
44.5
31.0
28.0
36.0
29.5
26.5

U

‐1.151
‐3.840
‐4.037
‐3.434
‐0.589
‐1.897
‐1.272
‐2.110
‐2.112
‐1.800
‐1.749
‐2.398

Z

AGA vs. SGA+
p
0.428a
0.999a
0.25
<.001
<.001
<.001
0.556
0.058
0.203
0.035
0.035
0.072
0.080
0.016
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DISCUSSION
In this study, we tested if oscillatory brain activity is affected in term born SGA born children
at early school age, as suggested by the findings of a previous EEG study. Only SGA born
children in which postnatal catch‐up growth had occurred were included. SGA+ children
showed significantly lower absolute power than AGA children in the gamma band, but not
in other frequency bands. The relative power spectra did not significanlty differ between
AGA and SGA groups. Furthermore, a trend toward significance with higher eIQ in AGA
children compared to SGA children was found. Estimated IQ did not correlate with absolute
or relative power in both groups. Head circumference differed between AGA and SGA
children, however, HC was not correlating with absolute power in both groups.
In contrast to the EEG‐based results by Ozdemir and colleagues [20], we found that
relative and absolute power did not differ between SGA born children at early school age
compared to AGA children, except for lower absolute gamma band power in SGA born
children. This frequency band was not examined in the neonates investigated by Ozdemir et
al [20]. Furthermore, distinguishing brain gamma band oscillations from muscle artefacts
with EEG is difficult as recently has been shown [21]. Unlike EEG, MEG has the advantage of
being insensitive to skull‐thickness and skin‐conductance [22]. Possible differences in skull‐
thickness or skin‐conductance between AGA and SGA born children, did not affect the MEG
power spectra.
Few other studies investigated the effect of (extreme) low birth weight on spectral power in
neonates and adults [23,24], however, these studies included preterm births. Distinction
between the effects of intrauterine growth restriction and the effect of gestational age and
prematurity is difficult since prematurity also affects oscillatory activity as shown in a recent
MEG study [25]. They found reduced alpha band power and slowing of the peak frequency
in 7 year old children who were born very premature. Young adults born preterm with a
very low birth weight (VLBW) showed significantly higher relative spectral power in the
lower frequency bands and lower relative power in higher frequency bands compared to
adults born with normal birth weight (NBW) [24] suggesting a maturational delay of the
brain that persists into adulthood. Different from these findings, our groups showed highly
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overlapping absolute and relative power spectra demonstrating that at early school age the
ratios of low and high frequency oscillations are comparable between term born SGA+ and
AGA born children. This suggests that the development of brain oscillatory activity is not
delayed at early school age in SGA born children born at term.

Table 2 Test statistics for absolute and relative power
AGA vs SGA+
absolute power

U

Z

p

total
delta
theta
alpha
beta
gamma

46.00
45.00
51.00
43.00
50.00
27.00

‐1.18
‐1.24
‐0.87
‐1.36
‐0.93
‐2.36

0.239
0.215
0.385
0.172
0.352
0.018

relative power

U

Z

p

delta
theta
alpha
beta
gamma

61.00
51.00
52.00
61.00
58.00

‐0.25
‐0.87
‐0.81
‐0.25
‐0.43

0.804
0.385
0.420
0.804
0.664

Strong associations have been described in the literature between IQ and oscillatory activity
in resting‐state conditions, implicating that the basic resting‐state condition is highly
informative about a brain’s cognitive capabilities. Thatcher and colleagues reported positive
correlations between IQ and absolute power for all frequency bands in a group of healthy
subjects with an age range from 5 to 52 years old [26]. Schmid and colleagues found a
positive relationship between IQ and relative alpha band power, and a negative correlation
between IQ and lower frequency band relative power in school age children [27]. We did
not find significant correlations between eIQ and absolute or relative power for both
groups. The mean IQ’s in our sample are relatively high which may not appear to be typical
to SGA once we study larger samples. Future research in larger groups should further
investigate the effects of being born SGA and catch‐up growth on the association between
intelligence and brain oscillatory activity.
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This study was limited by a few factors. It has previously been reported that EEG
abnormalities of mild nature occur more often in SGA newborns than in a control group
[28]. One SGA and two AGA born children exhibited (occasional) spikes and/or spike and
wave patterns without apparent clinical symptoms. Since deviant activity might have
influenced the outcome, we decided to exclude these children from further analysis.
Unfortunately, we were not able to enlarge the sample size due to scanner replacement.
Furthermore, we only included SGA+ children. Future studies should test for the effect of
bodily catch‐up growth on oscillatory brain activity in SGA children.
What might be the biological mechanisms that underlie the reduction in absolute
gamma absolute power observed in SGA born children? The oscillatory activity measured by
MEG is assumed to originate from large networks of spatially and temporally organized
neurons and is dependent on local synaptic density and cortical volume, which is shown to
be lowered as smaller volumes are found in SGA born children [16]. The amplitude of the
signal also depends on the synchronizability of the underlying networks, which in turn
depend on local connectivity patterns between the excitatory and inhibitory neurons within
these networks. Especially gamma band activity is previously associated with perception
and attention and cortical local short‐distance connections are thougth to underly the high
frequency oscillations [29]. During pre‐ and postnatal maturation of the brain, the ability of
neurons to migrate, differentiate, and connect to other neurons is important for the
formation of optimally organized networks and for the establishment of synchronous
activity in these networks. The timing and severity of growth restriction in utero determines
which brain maturation processes are affected and what the impact of intra‐uterine growth
restriction will be later in live [12,30,31]. Disturbances of these processes early in life might
have affected the ability to synchronize these networks.

In conclusion, the great overlap in both relative and absolute power suggests normal
development of brain oscillatory activity at early school age in tem born SGA children when
spontaneous bodily catch‐up growth has occurred. An important question that remains to
be answered, is how disturbances early in development affect the organization of functional
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brain networks and its dynamics when SGA born children do not show spontaneous bodily
catch‐up growth.
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ABSTRACT
Knowledge about the emergence of dynamic functional brain networks is essential for a
better understanding of typical and atypical brain development. Atypical brain development
might occur in children born small for gestational age (SGA) who suffered from intrauterine
growth restriction. Here, our goal was to explore functional brain networks from a graph
theoretical perspective in children at early school age who were born appropriate for
gestational age (AGA) and born SGA. Resting‐state magnetoencephalography (MEG) data
from thirteen children born SGA who showed spontaneous bodily catch‐up growth in the
first years of life (SGA+; mean age 6.3 y), and MEG data from ten children born appropriate
for gestational age (AGA; mean age 6.0 y) were analyzed. The organization of functional
brain networks, in particular the balance between local and global connectivity, in AGA and
SGA born children was characterized with techniques derived from modern network theory.
Already at early school age, child resting‐state functional brain networks showed high
clustering and short path length compared to randomized networks, indicative of a small‐
world organization, i.e. balancing information segregation and integration. Moreover, a
modular structure was found. These network characteristics were comparable between
groups, although SGA+ children did show stronger beta band connectivity, reflecting over‐
connectivity which might reflect a compensatory mechanism to maintain an optimal balance
of segregation and integration of functional brain networks. In conclusion, the present
findings suggest that spontaneous catch‐up growth has a favorable effect on the assumed
delay in early brain development.
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INTRODUCTION
A small percentage of all live‐born neonates is born small for gestational age (SGA), defined
as a birth weight and/or length more than 2 standard deviations below the norm [Lee et al.,
2003]. These children most likely suffered from suboptimal intra uterine conditions leading
to decreased body weight and/or length and diminished head circumference at birth [Frisk
et al., 2002; de Bie et al., 2010; Toft et al., 1995; Mallard et al., 2000; Tolsa et al., 2004; Rehn
et al., 2004; Saenger et al., 2007]. Approximately 10 % of the SGA born children lack catch‐
up growth (SGA‐) resulting in persistent short stature. In contrast, the majority of the SGA
children exhibit postnatal catch‐up growth in the first two years of life (SGA+) [Saenger et
al., 2007]. Being born SGA is associated with decreased levels of intelligence and cognitive
abilities [Strauss 2000; de Bie et al., 2010], and, interestingly, spontaneous bodily catch‐up
growth during the first two years of life is associated with better cognitive outcomes
[Lundgren et al., 2001; Frisk et al., 2002; Saenger et al., 2007], suggesting that there may be
a normalization of functional brain networks.
The timing of intra uterine growth restriction can affect several brain maturational
processes. In the last trimester of pregnancy, typical maturational processes such as
proliferation and migration of neurons are being completed and neurons start to connect
through processes such as synaptogenesis, dendritic aborization and myelination [Volpe
2000; Tolsa et al., 2004; Dubois et al., 2008; Rees et al., 2008; Ment et al., 2009; Stiles and
Jernigan 2010]. Due to growth of synaptic contacts, bursts of neuronal activity interspersed
with silent periods occur prenatally, which gradually transforms into more continuous and
synchronized patterns of activity guided by other maturational processes such as synaptic
pruning and myelination of long distance axons [Huttenlocher and Dabholkar 1997; Stiles
and Jernigan 2010]. These developmental processes continue to gradually strengthen
synchronization

between

more

distant

brain

regions

as

shown

in

several

electroencephalographic (EEG) [Okumura et al., 2006; Uhlhaas et al., 2009; Chu‐Shore et al.,
2011; Thatcher 1992; Srinivasan 1999; Stam et al., 2000; Barry et al., 2004; Thatcher et al.,
2008] and functional magnetic resonance imaging (fMRI) studies [Fair et al., 2007; Supekar
et al., 2009; Uddin et al., 2010]. Thus, typical brain development follows a dynamic and
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complex trajectory, which, when disturbed or delayed by for instance intrauterine growth
restriction, can have important consequences for brain development and cognitive
development in the long‐term.
Only few brain imaging studies have described the effect of being born SGA on
neurobiological outcome. A decrease in brain volumes was found in SGA born adolescents
[Martinussen et al., 2005; Martinussen et al., 2009], and in SGA born children at school age
compared to a group born appropriate for gestational age (AGA) [de Bie et al., 2011 ]. This
latter study further differentiated between SGA children with catch‐up growth (SGA+) and
without catch‐up growth (SGA‐), showing a linear trend ordered from highest volumes and
surface area in AGA to SGA‐ via SGA+ children, indicating that being born SGA has impact on
brain development and outcome later in life, and interestingly, that catch‐up growth might
have a favorable effect on this outcome. Furthermore, the effect of being born SGA on brain
oscillatory power (reflecting synchronized activity originating from local neuronal networks
was previously studied in neonates [Ozdemir et al., 2009], overall demonstrating lower
amplitudes (absolute power) in brain oscillatory activity in SGA compared to AGA at all
recording moments during the first months of life. More specifically, SGA born neonates
showed that relative power increased in slow and decreased in fast oscillations, whereas
controls showed decreased power in slow and increased power in fast oscillations with post
conceptual age, which was interpreted as delayed brain maturation in SGA born neonates.
However, knowledge on how brain oscillatory activity develops later in life lacks. Besides
local intraregional synchronization patterns, efficient communication between different
regions of the brain is important for healthy brain function. The aim of the present study
was to gain further insight in how inter‐regional communication, as well as global functional
brain network topology is developed at school age in both AGA and SGA born children who
showed postnatal catch‐up growth.

To better understand complex communication systems, such as functional brain
networks, graph analysis has been shown to be a helpful tool. A graph is a mathematical
representation of a network and in brain networks the nodes are represented by brain areas
or at the signal level by sensors or electrodes; the edges or links of the network are
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represented

by

physical

connections

or

by

functional

connections

(statistical

interdependencies between time series) between brain areas. In adult brain networks, the
topology of connections, particularly clustering and path length has been shown to
influence the efficiency of communication on these networks [van den Heuvel and Hulshoff
Pol 2010; Lo et al., 2011; Bullmore and Sporns 2012; Stam and van Straaten 2012].
Clustering represents the chance that direct neighbors of a node are also connected; the
path length of a network represents the average of all shortest paths (a path that minimizes
the sum of the distance of physical connections or the sum of the inverse values of
functional connections) between all combinations of nodes. When clustering is high, yet
path length is low, then the network is said to have a small‐world organization [Watts and
Strogatz 1998]. This type of organization may reflect an optimal way to combine local
processing with global integration. Interestingly, it has been demonstrated that shorter
average path lengths are related to better cognitive functioning [van den Heuvel et al.,
2009; Li et al., 2009; Douw et al., 2011]. Furthermore, in previous studies, we found
increased clustering and path length with typical development in children suggesting that
functional brain networks develop towards more ordered small‐world networks [Smit et al.,
2010; Boersma et al., 2011; Smit et al., 2012]. Moreover, clustering and path length have
been shown to be highly heritable in several age groups, suggesting an important role for
genes in developing these favorable brain network configurations [Smit et al., 2008; Smit et
al., 2010; van den Heuvel et al., 2012; Fornito et al., 2011, Glahn et al., 2010]. Taken
together, these previous findings suggest that brain network parameters might be
important candidates for investigating typical and atypical brain development in children.
Besides clustering and path length, hierarchical modularity is considered essential for
healthy functioning of complex systems such as the brain [Sakata et al., 2005; ten Tusscher
and Hogeweg 2011; Gratton et al., 2012]. Modules are subsets of nodes that are highly
connected with each other, but less connected to the remaining nodes of the network. A
network displays hierarchical modularity if (sub) modules also exist within modules.
Furthermore, the balance between a short average path length and resilience to damage or
to overloading of critical nodes is important for robustness and for the evolvability of
complex networks [Sakata et al., 2005; ten Tusscher and Hogeweg 2011; Gratton et al.,
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2012]. A network is considered robust if pathological or developmental change in one
module cannot immediately change structure or function of other modules. Modular
organization of functional brain networks has previously been demonstrated in
magnetoencephalography (MEG) based functional brain networks in healthy adults, and
deviating modularity has been observed in absence epilepsy [Chavez et al., 2010] and in
Alzheimer patients [de Haan et al., 2011]. Interestingly, an MRI study showed that
anatomical networks are already modular in the infant brain [Fan et al., 2011], which might
suggest that robustness and efficiency of networks emerges very early in development.
However it is unknown whether this hierarchical modular structure can be detected in
young children with MEG, a direct measure of neural activity.

In the present study, the organizational characteristics of functional brain networks
were explored to extend knowledge on typical development in AGA at school age and
atypical development in SGA+ children who, at school age, possibly might have
compensated for delayed brain maturation at the early stages of development. We
measured resting‐state MEG, which is a non‐invasive technique suitable to measure brain
activity in young children. By computing functional connectivity between every sensor pair,
functional brain networks were constructed, with MEG sensors representing nodes, and
functional connectivity values between sensors representing the links of the networks. From
these networks, several network parameters such as clustering, path length, modularity and
the number of modules were computed for different frequency bands in order to
characterize functional brain networks. First aim of this study was to explore MEG based
functional brain network characteristics in a group of typically developing AGA children at
early school age. Second, we investigated whether and if so, how functional brain networks
in SGA children who showed spontaneous catch‐up growth are differently organized
compared to AGA born children.
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METHODS
2.1 Subjects
This study presents baseline data from a longitudinal project that studies the effects of
growth hormone therapy on brain development and cognition in children born SGA (Dutch
Trial Register: NTR 865). The complete project included neuropsychological assessment as
well as MRI and MEG investigation and was performed at the VU University Medical Center
from March 2007 until April 2010. The study was approved by the ethics committee of the
VU University Medical Center. Written informed consent was obtained from the parents or
guardians of each child and obtained according to the Declaration of Helsinki (BMJ 1991;
302: 1194).
Exclusion criteria were: 1) severe prematurity below 34 weeks, 2) complicated
neonatal period with signs of severe asphyxia, defined as an Apgar score < 7 after 5 min., 3)
multiple birth, 4) growth failure caused by somatic or chromosomal disorders or syndromes
(except for Silver‐Russell syndrome), 5) previous or present use of medication that could
interfere with growth or growth hormone (GH) treatment and 6) sever learning disability (IQ
< 70). Additional exclusion criteria based on the MEG recordings are described in the data
processing section below.
Both SGA and AGA groups were in the age range of 4 to 7 years old at time of the
MEG recordings. We included 12 AGA children and 14 SGA+ children. Following the
International Small for Gestational Age Advisory Consensus Board Development Conference
Statement [Lee et al., 2003], SGA was defined by a birth weight and/or length of more than
2 SD (standard deviation) below the Dutch population reference mean, adjusted for gender
and gestational age; SGA+ was defined as postnatal catch‐up growth with an actual height
of less than 2 SD below the mean [Saenger et al., 2007]. AGA was defined as birth weight
and length above ‐2 SD of the mean, without known history of prenatal growth restriction.
SGA children were selected from the pediatric departments of the VU University Medical
Center or one of the other participating hospitals in The Netherlands.
Within the groups, two children (2 AGA) showed minor abnormalities in their MEG
recordings. Due to continuous artifacts caused by construction activities near the scanner
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room, one SGA+ child was excluded from further analysis. Finally, 10 AGA born and 13 SGA+
children were included in this study. Data of the remaining 10 AGA and 13 SGA+ children
were used for further analysis (see description in section 2.3 below and Table 1).

2.2 Magnetoencephalography recording
Since all children included in our study underwent an MRI dummy scanner training session
[de Bie et al., 2010], we used this session to shortly explain the MEG scanning procedure as
well. We showed and fitted an MEG helmet to familiarize the children with the helmet and
with padding their heads with a foam headband. Padding minimized head movements
during recording and placed the small child head in a more centered position in the helmet.
MEG data were acquired inside a magnetically shielded room (Vacuumschmelze
GmbH, Hanau, Germany) using a 151‐channel whole‐head radial gradiometer MEG system
(CTF Systems Inc., Port Coquitlam, BC, Canada) at the VU University Medical Center,
Amsterdam, the Netherlands. Average distance between sensors in this system is 3.1 cm. A
third‐order software gradient [Vrba J. et al., 1999] was used with a recording pass band of
0.5 to 125 Hz. Sample frequency was 625 Hz. Twelve sensors that were malfunctioning in at
least one of the recordings were excluded from the analysis for all subjects. Fields were
measured during eyes‐closed resting‐state condition. At the beginning and at the end of
each recording, the head position relative to the coordinate system of the helmet was
recorded by leading small alternating currents through three head position coils attached to
the left and right preauricular points and the nasion on the subject’s head. During the
recording head position changes of up to 0.5 cm were accepted, to which all children
complied.
During the resting‐state condition, children were lying comfortably and after one
minute were instructed to close their eyes for four minutes and move as little as possible.
One of the investigators stood nearby to control for the condition of the child and one of
the parents or caretakers was seated in a corner of the shielded room to comfort the child if
necessary.
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a

AGA (n=10)
mean
±
7
:
9
:
39.4
±
3464
±
0.10
±
0.21
±
5.97
±
114.2
±
118.1
±
0.22
±
23.10
±
‐0.05
±
52.0
±
0.59
±
SD
3
1
1.2
489
0.88
0.67
1.2
12.2
10.5
1.02
8.10
0.85
1.30
0.68

SGA+ (n = 13)
mean
±
6
:
12
:
38.4
±
2144
±
‐2.61
±
‐1.09
±
6.28
±
104.8
±
111.6
±
‐0.59
±
17.2
±
‐0.67
±
51.0
±
‐0.08
±

Fisher exact; SD standard deviation compared to the project population mean; #SD according to length

Gender (boy : girl)
Handedness (right : left)
Gestational age (weeks)
Weight at birth (grams)
Weight at birth (SD)
Head circumference at birth (SD)
Age at MEG investigation (years)
IQ estimated
Length at MEG investigation (cm)
Length at MEG investigation (SD)
Weight at MEG investigation (kg)
Weight at MEG investigation (SD#)
Head circumference at MEG investigation (cm)
Head circumference at MEG investigation (SD)

Table 1 Subject Characteristics
SD
7
1
2.0
407
0.40
0.75
0.87
11.8
7
0.75
6.2
1.08
1.2
0.65
46.5
1.0
0.0
8.0
55.5
34.5
44.5
31.0
28.0
36.0
29.5
26.5

U

‐1.151
‐3.840
‐4.037
‐3.434
‐0.589
‐1.897
‐1.272
‐2.110
‐2.112
‐1.800
‐1.749
‐2.398

AGA vs SGA+
Z
p
0.428a
0.999a
0.25
<.001
<.001
<.001
0.556
0.058
0.203
0.035
0.035
0.072
0.080
0.016
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2.3 Data processing
For off‐line processing, the recordings were converted to ASCII format. Visual inspection
and selection of the time segments was done by one of the investigators (MB) using
BRAINWAVE software (CS, http://home.kpn.nl/stam7883/brainwave.html, version 9.56).
For each child we selected five artifact‐free time segments of 4096 samples (~6.5 seconds)
from the 4 minute eyes‐closed condition, which was enough to stably estimate the network
parameters. Typical artifacts were related to (eye) movement, drowsiness, or muscle
contractions. Two AGA children showed minor abnormalities in their MEG recordings. These
abnormalities occurred occasionally and were characterized as spike and wave discharges.
One SGA+ child was excluded from further analysis due to continuous artifacts caused by
construction activities near the scanner room. Since this deviant activity might affect our
connectivity analysis, we excluded these children from further analysis and data of the
remaining 10 AGA and 13 SGA+ children (Table 1) were used for further analysis.

2.3.1. Functional connectivity
Each epoch was digitally filtered offline in frequency bands of interest: theta 2.9–5.4 Hz,
alpha 5.4–11.5 Hz, beta 11.5‐27.3 Hz, and gamma 27.3‐48 Hz. The choice of these frequency
bands was based on the power spectra described in our previous studies [Boersma et al.,
submitted or see chapter 5]. We calculated phase lag index (PLI) as a measure for functional
coupling. PLI reflects the consistency with which one signal is phase leading or lagging with
respect to another signal (for detailed description, see [Stam et al., 2007; Stam et al., 2009].

PLI = |<sign[sin(Δφ(tk))]>|

[0]

where Δφ is the difference between the instantaneous phases for two time‐series
defined in the interval [‐π, π], tk are discrete time‐steps, and <> denotes the mean. In short,
PLI is a measure for the asymmetry of the distribution of phase differences between two
signals, and ranges between 0 to 1. A PLI value of 0 indicates no coupling, coupling with a
phase difference of 0 ± nπ radians (with n an integer), or an equal distribution of positive
and negative phase differences. Common sources lead to a phase difference of 0 ± nπ
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radians between two signals hence the PLI is insensitive to the influence of common sources
(Stam et al., 2007). A PLI >0 is obtained when the distribution of phase differences is
asymmetric and is indicative of functional coupling between two signals. Note that PLI does
not indicate which of the signals is leading in phase (but see [Stam & van Straaten 2012] and
that it ignores true interactions with zero‐phase lag. The strength of synchronization (PLI)
was calculated between each pair of sensors, which resulted in a 139x139 matrix per
epoch/trial. For whole brain connectivity, PLI was averaged for all channels. Subsequently,
PLI values were averaged over all epochs per child. Additionally, whole brain connectivity
strength was computed by averaging all pair‐wise PLI values, resulting in a single whole‐
brain PLI value per child.

2.3.2. Graph theoretical measures
The connectivity matrices were used to construct undirected, weighted networks in which
each MEG sensor is a node and the PLI ‐values represent the weights of the links between
nodes. To characterize functional brain networks in children in a comprehensive way, we
calculated the clustering coefficient, average shortest path length, node strength,
modularity, and number of modules in several frequency bands.
The node strength was defined as the sum of all the PLI values between a node and
all the other nodes, with high node strength indicating the most strongly connected regions
(hub regions) in the network. The weighted clustering coefficient Cw measures the
likelihood that the nodes to which a node is strongly connected are strongly connected
among themselves as well and characterizes local connectedness of the network. For each
node, the weighted clustering coefficient Cw,i was calculated following Stam et al.Stam et
al., 2009]:

Cw, i =

w w w
w w
ij

j ,a

j ,a

ia

ij

aj

[1]

ia
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with W the weights (i.e. the PLI value) between 2 nodes. Averaging Cw, i over all N nodes
resulted in the average weighted clustering coefficient.

The weighted shortest path, also known as closeness centrality, is defined as the shortest
weighted path length Lij between each pair of nodes in the graph, i.e. minimizing the sum of
weights over all possible paths between nodes i and j. This parameter was computed using
the classical algorithm by Dijkstra (1959), as adopted from the book of Maarten van Steen
[Steen 2010]). The averaged path length of the entire network was computed as follows:

Lw =

1
,
N N
1
 (1 / Lij )
N ( N  1) i 1 j i

[2]

As a normalization step, both clustering and path length were also calculated for
1000 randomized reshuffled configurations of the measured networks in which the number
of nodes and edges and symmetry of the graph were preserved. Gamma is the ratio of the
clustering of the original and the randomized network, Cw/Cw‐r. Lambda is the ratio of the
path length of the original and the randomized network, Lw/Lw‐r.
The small‐worldness of the network is defined as the ratio of gamma and lambda [3].
A network is assumed to be small‐world like if gamma > 1 and lambda ~ 1, i.e. the ratio of
gamma and lambda > 1.

The modularity of the child brain networks was calculated by using a modification of
the approach by Guimera and Amaral [Guimera and Amaral 2005; Newman and Girvan
2004], adapted for weighted networks [Stam et al., 2010]:

Q
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where m is the number of modules, ls the sum of the weights of all links in module s, H is
the total sum of all weights in the network, ds is the sum of the strength of all nodes in
module s.
The optimum modularity was determined using a simulated annealing approach, for
which a cost C is minimized, with C equal to - Qmw . First, each of the N nodes was randomly
assigned to one of m possible clusters, where the initial m was taken as the square of N.
Subsequently, one of the nodes was randomly chosen and assigned to a different random
module number from the interval [1, N]. Modularity Qmw was calculated before and after
this step. The new partitioning was preserved with probability p:

1

p    C f Ci
 e T

if
if

C C
C C
f

i

f

i

[5]

Here, Cf is final cost and Ci is initial cost. Initially, the “temperature” T, which controls the
probability that a new partitioning is accepted, was 1, and was lowered once every 100
steps as follows: Tnew = 0.995 Told. In total, the simulated annealing algorithm was run for
106 steps [Kirkpatrick et al., 1983].

2.4 Estimation of intelligence and physical measurement
Both physical examination and estimations of intelligence were performed around the time
of the MEG examination (ranging from 36 weeks before to 23 weeks after). Physical
parameters were expressed in standard deviations based on the population mean.
Estimations of Intelligence (eIQ) were based on a four‐subtest short version of the
frequently used and well standardized Wechsler’s scales, yielding an estimate of the Full
Scale IQ (eIQ) that would ordinarily be obtained by administration of the complete scales.
Estimates of reliability and validity indicate that the abbreviated forms of the Wechsler
Preschool and Primary Scale Intelligence – Revised (WPPSI‐R, Dutch version), for children
under 6 years and the Wechsler Intelligence Scale for Children – third Edition (WISC‐III,
Dutch version) for children 6 years and older may be used to approximate the Full Scale IQ
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when time limitations are a consideration [LoBello 1991; Kaufman A.S. et al., 1996].
Parental educational levels were classified according to the International Standard
Classification of Education (1997).

2.5 Statistics
Statistical analyses were performed using SPSS 15.0 (Chicago, IL, USA). To test for group
differences in subject characteristics, Mann‐Whitney U‐tests were used for continuous data
(gestational age, age, eIQ, body weight, length, head circumference) and Fisher exact tests
were used for categorical variables (gender, handedness, parental education). Due to small
AGA and SGA group sizes and due to a skewed distribution of PLI we used non‐parametrical
tests for group comparisons. Mann‐Whitney U exact tests were used to test differences
between AGA and SGA groups in average connectivity strength (averaged PLI) and graph
parameters in several frequency bands.
For AGA and SGA groups separately, we tested whether clustering and path length
differed between the observed measured networks and their randomized configurations by
using the Wilcoxon signed rank sum test. To test for small‐worldness in several frequency
bands, Wilcoxon signed rank sum test was used to test if lambda was significantly smaller
than gamma in the different frequency bands.
Pearson correlations were used to examine possible associations between network
parameters and eIQ. P‐values < 0.05 (two‐tailed) and Z values larger than 1.96 were
considered statistically significant.
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RESULTS
Subject characteristics
Subject characteristics per group and the significance of the differences between groups are
listed in Table 1. Twenty children were right‐handed and the three left‐handed children
were equally distributed over the groups and gender did not differ between groups. There
was no difference in gestational age. As expected, children born SGA had a significantly
lower birth weight than AGA born children in accordance with the definition. Furthermore,
head circumference at birth was significantly smaller in SGA+ compared to AGA children. At
the time of MEG recording, the age did not differ between the groups. Body length in SD
(compared to the population mean), weight in kg, and head circumference in SD were
significantly smaller in SGA+ children compared to AGA at the time of MEG recording. For
body length, all SGA+ children stayed within ‐2 SD of the mean according to definition. SGA+
children showed lower eIQ in SGA+ compared to AGA children, though the difference was
not significant. Although the proportion of parents in the SGA+ group with an educational
level confined to first stage of basic education or lower secondary education was higher
compared to the parents in the AGA group this difference did not reach significance (3
mothers SGA+ vs. 0 mothers AGA, Fisher exact p = 0.203; 3 fathers vs. 0 fathers AGA, Fisher
exact p = 0.633).

Resting‐state MEG networks
Figure 1 illustrates the resting‐state networks averaged for the AGA and SGA+ groups based
on the distribution of the nodal connectivity strength (averaged PLI) in the different
frequency bands. It shows that connectivity strength is not equally distributed over the
brain since some brain areas have higher connectivity strength than other regions, and that
these high‐node strengths localize differently in different frequency bands.
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Figure 1 Resting‐state functional connectivity for AGA (left column) and SGA (right column) groups in theta (θ), alpha (α),
beta (β), and gamma (γ) bands (top view of the head). In a red to blue scale, high to low averaged PLI values are shown for
each node (MEG sensors). NB The pictures were obtained by taking the group average for the elements of PLI matrices
thereby representing nodal connectivity strength per group, whereas for statistical testing between groups, first the
weighted graphs of single epochs were used and afterwards graph parameters were averaged over 5 epochs per subject
and subsequently averaged over groups.
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Group comparison revealed significantly higher connectivity strength in SGA+ children in the
beta band (table2), however no significant correlations were found with eIQ. No differences
between groups were found for the other frequency bands.

Clustering and path length
Figure 2 shows that the clustering of the original functional network is significantly higher
than clustering for the randomized networks for all frequency bands in AGA born children
(theta Z = 2.805, p= .005; alpha Z = 2.805, p= .005; beta Z = 2.807, p= .005; gamma Z = 2.805,
p= .005) and in SGA+ children (theta Z = 3.184, p= .001; alpha Z = 3.184, p= .001; beta Z =
3.182, p= .001; gamma Z = 3.184, p= .001).
Path length was significantly longer in the measured networks than the randomized
networks in AGA born children (theta Z = 2.805, p= .005; alpha Z = 2.805, p= .005; beta Z =
2.803, p= .005; gamma Z = 2.293, p= .022) and in SGA+ children (theta Z = 3.180, p= .001;
alpha Z = 3.180, p= .001; beta Z = 3.180, p= .001; gamma Z = 1.922, p= .055).
Normalized clustering (gamma) was significantly higher than normalized path length
(lambda) in all frequency bands in AGA children (theta Z = 2.803, p= .005; alpha Z = 2.701, p=
.007; beta Z = 2.803, p= .005; gamma Z = 2.803, p= .005) and in SGA+ children (theta Z =
3.041, p= .002; alpha Z = 3.180, p= .001; beta Z = 3.181, p= .001; gamma Z = 3.182, p= .001)
indicating small‐world topology in all frequency bands.

Coinciding with stronger connectivity in the beta band, significantly higher clustering
and longer path length were found in the SGA+ group, compared to the AGA group in the
beta band (table2), while normalized clustering (gamma) and path length (lambda) did not
differ between groups in any frequency band.
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Figure 2. The clustering coefficient and path length are represented for both AGA born children (black lines) and SGA born
children (gray lines). The parameters for original observed networks are represented as solid lines and the randomized
networks as dashed lines per frequency band. Observed networks showed significantly higher clustering and path length
than randomized networks in both groups. No significant difference was found between AGA and SGA groups for the
normalized clustering en path length

Modularity
Modular organization of functional brain networks in different frequency bands is illustrated
in figure 3. Note that for visualization purposes, PLI matrices were first averaged for each
group, and subsequently modularity analysis was performed, while for statistical testing
differences between groups, modularity analysis was done on individual matrices. AGA and
SGA+ born children did not significantly differ in modularity. Values were around 0.07
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Figure 3. Illustration of modules based on the average PLI matrices of the AGA group in theta (θ), alpha (α), beta (β), and
gamma (γ) bands (top view of the head). A module is represented by connections of similar colors.

indicating a weak modular organization. On average six clusters were found in both groups
in all frequency bands (table 2) and AGA and SGA+ born children did not significantly differ
in the number of clusters.

DISCUSSION
In this study, resting‐state MEG networks were explored in 4‐7 year old AGA and SGA born
children to gain insight in typical and atypical brain development. From a graph theoretical
perspective, we demonstrated that functional brain networks have higher normalized
clustering, and shorter normalized path length compared to randomized networks,
indicating small‐world organization and efficient communication of functional brain
networks in children at school age. Furthermore, functional brain networks are modular
with about six modules in all frequency bands, suggesting already well developed
modularity in these young age groups. Group comparisons revealed increased connectivity
strength in SGA+ children in the beta band, indicating over‐connectivity in SGA+ children
which might be interpreted as a possible compensatory mechanism to obtain and maintain
a normal balance between local and global processing comparable with AGA children and
suggesting normal network organization in SGA+ children.
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Table 2 Results non‐parametric tests
PLI
theta
alpha
beta
gamma

AGA
mean (sd)
0.166(0.011)
0.123(0.009)
0.073(0.006)
0.064(0.005)

SGA+
mean(sd)
0.170(0.010)
0.133(0.024)
0.077(0.004)
0.064(0.005)

U
54.0
54.0
33.5
63.5

AGA vs SGA+
Z
0.682
0.682
1.956
‐0.093

p
0.495
0.495
0.050
0.926

exact
0.512
0.522
0.049
0.939

Cw
theta
alpha
beta
gamma

mean (sd)
0.179(0.012)
0.135(0.010)
0.077(0.007)
0.067(0.006)

mean(sd)
0.183(0.010)
0.146(0.028)
0.082(0.004)
0.067(0.007)

U
51.0
58.0
30.0
62.0

Z
0.868
0.434
2.172
‐0.186

p
0.385
0.664
0.030
0.852

exact
0.410
0.681
0.030
0.867

Lw
theta
alpha
beta
gamma

mean (sd)
4.68(0.24)
6.37(0.41)
10.38(0.64)
11.47(0.74)

mean(sd)
4.65(0.18)
6.22(0.71)
9.84(0.44)
11.49(0.79)

U
64.0
62.0
34.0
62.0

Z
‐0.062
‐0.168
‐1.923
0.186

p
0.951
0.852
0.055
0.852

exact
0.976
0.879
0.057
0.879

Gamma
theta
alpha
beta
gamma

mean (sd)
1.064(0.011)
1.091(0.022)
1.052(0.010)
1.035(0.017)

mean(sd)
1.067(0.007)
1.089(0.023)
1.057(0.010)
1.031(0.015)

U
64.0
59.0
39.0
50.0

Z
0.062
‐0.372
1.613
‐0.930

p
0.951
0.710
0.107
0.352

exact
0.976
0.725
0.115
0.367

Lambda
theta
alpha
beta
gamma

mean (sd)
1.044(0.012)
1.059(0.012)
1.024(0.013)
1.009(0.011)

mean(sd)
1.047(0.009)
1.061(0.018)
1.034(0.014)
1.010(0.015)

U
46.5
61.5
42.0
60.0

Z
1.148
0.217
1.426
0.310

p
0.251
0.828
0.154
0.756

exact
0.264
0.844
0.166
0.784

Q
theta
alpha
beta
gamma

mean (sd)
0.079(0.005)
0.079(0.006)
0.070(0.005)
0.057(0.005)

mean(sd)
0.077(0.005)
0.075(0.009)
0.071(0.006)
0.054(0.004)

U
60.0
51.5
62.0
36.5

Z
‐0.310
‐0.837
0.186
‐1.769

p
0.756
0.402
0.852
0.077

exact
0.772
0.419
0.879
0.079

mean (sd)
6.24(0.57)
5.86(0.45)
6.52(0.53)
7.32(0.91)

mean(sd)
5.85(0.46)
5.81(0.50)
6.43(0.27)
7.52(0.71)

U
37.5
55.5
56.0
59.0

Z
‐1.722
‐0.595
‐0.572
0.379

p
0.085
0.552
0.568
0.705

exact
0.088
0.568
0.605
0.721

Nr Clusters
theta
alpha
beta
gamma

Results of non‐parametric independent samples t‐test are shown for whole brain connectivity strength (PLI),
clustering (Cw), path length (Lw), normalized clustering (gamma), normalized path length (lambda) and small‐
worldness (SW) , modulatiry (Q) and for the number of clusters (Nr Clusterst) for each frequency band.
Bold text indicates a statistical significant difference (p < 0.05).
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Resting‐state MEG networks in children
What do MEG resting‐state networks look like in different frequency bands in AGA born and
SGA born children? The spatial distribution of nodes with high nodal connectivity strength
(figure 1) might suggest that certain nodes have a more critical role in the network than
others, such as for example the nodes over the central‐parietal regions in the alpha band.
These brain regions are frequently found as functional hubs with a high connectivity density
[Tomasi et al., 2010; Achard et al., 2006; Buckner et al., 2009; Misic et al., 2011; Hardmeier
et al., 2012]. Since networks were represented at the sensor level in the present study, we
can only speculate about the anatomical origin of these critical nodes. Interestingly, it has
been suggested that alpha band MEG functional networks are analogue to resting‐state
networks such as the default mode and attention networks found in fMRI, as well as in
source‐space MEG/EEG studies (e.g. [Brookes et al., 2011; de Pasquale et al., 2010; Mantini
et al., 2007; Sadaghiani et al., 2012]). In a recent study, Hillebrand et al proposed a new
approach to analyze frequency‐specific resting‐state MEG networks in anatomical space
using an atlas‐based MEG beamformer [Hillebrand et al., 2012] and demonstrated that in
adults the regions with strongest average connectivity in alpha and beta bands were
confined to posterior and sensorimotor areas respectively, and for gamma band a more
dispersed pattern was found. Future studies should aim to develop a child brain anatomical
atlas for further investigation of functional brain networks at source space in (a)typically
developing young children in order to better specify and locate the critical nodes in these
dynamic functional networks at early stages of development. These critical nodes might also
be the nodes targeted in several neurodevelopmental disorders such as autism in which
dysconnectivity of the frontal and parietal regions has been described previously [Vissers et
al., 2012; Just et al., 2012; Courchesne et al., 2011; Perez‐Velazquez et al., 2009].

In line with previous resting‐state functional connectivity MRI (rs‐fcMRI) and EEG
studies in children [Supekar et al., 2009; Fair et al., 2009; Smit et al,. 2010; Boersma et al.,
2011], the present MEG study shows that functional brain networks in children have a small‐
world like organization which is characterized by high clustering and short path lengths,
suggesting an optimal balance between information segregation and integration and leading
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to efficient communication in these child functional brain networks. Besides a small‐world
organization, functional brain networks in children demonstrated a modular organization.
More specifically, in all frequency bands functional brain networks were modular with about
6 clusters (table 2). Note that the number of modules visualized in figure 3 represents
modularity based on group averaged PLI matrices, which leads to a lower number of clusters
than measuring modularity in one individual at epoch level (example shown in Figure S1).
Previous MEG studies demonstrated about 6 to 10 modules in groups of older age [De Haan
et al., 2011]. This difference in modularity might be the result of aging on the one hand and,
on the other hand, the use of PLI as a connectivity measure which is less biased to spurious
estimates of local connectivity (caused by field spread) than the synchronization likelihood
(SL) used by de Haan and colleagues [de Haan et al., 2011]. The distribution of alpha band
modules suggested a division in anterior and posterior regions, which partly agreed with a
recent resting‐state MEG study in children of 9 years old that showed (based on an occipital
seed region) a strong functionally connected occipital cluster in the alpha band which was
suggested to reflect the posterior part of the default mode network (DMN) [Ortiz et al.,
2012], a resting‐state network commonly found in fMRI studies. The present study
furthermore showed more distributed spatial patterns in beta and gamma band modules
(especially at individual level, see figure S1). As a recent MEG study showed that at source‐
level alpha and beta band functional connectivity is confined to specific brain regions in
adults [Hillebrand et al., 2012], an interesting question would be how MEG resting‐state
networks are characterized at source space and if the might show immature patterns in
children. As the default mode network and other resting‐state fMRI networks involved in
higher cognitive functioning are more fragmented in young children than in adults [de Bie et
al., 2011], interesting new insights in normal (and abnormal) development of functional
networks might be provided by studies that investigate the relation between MEG and MRI
based networks and their characteristics in young children.
What is the advantage of modularity for network performance and how does it
develop? A modular organization is evolutionary favorable as it supports both highly
efficient communication between brain regions and additionally is robust to overloading
and damage, whereas in non‐modular networks damage or removal of connections can
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easily lead to isolated nodes and slower performance of the network [Simon, 1965]). In
hierarchical modular networks, sustaining spontaneous activity can be generated without
external stimulation, i.e. the weak input from other coupled modules enables generation of
a self‐organized critical state [Wang et al., 2011]. These systems are ready to react via
interacting units that let activity propagate through the system, whereas in random
networks activity is diminishing over time. So far, it is unknown whether modularity is an
emergent property of growing complex systems or whether it arises from genetically
programmed growth rules. A model study showed that hierarchical modular networks can
evolve irrespective of the initial organizational state [Siri et al., 2007]. Another study that
used a neural mass model to simulate EEG/MEG like signals showed that both distance
dependent plasticity as well as synchronization is required to grow networks with strong
modularity [Stam et al., 2010]. Importantly, Yuan and Zhou demonstrated that a Hebbian‐
like (use it or lose it) adaptation scheme applied to a weak modular network, amplifies
modularity of this network by strengthening intra‐modular connections and weakening
inter‐modular connections [Zhou and Yan, 2011], whereas when applied on globally coupled
networks, this adaptation scheme leads to effectively disconnected modules. As shown by
Fan and colleagues, already during the early stages of brain development, a weak modular
anatomical network is present [Fan et al., 2011]. One can speculate that activity running
through this weak modular network will further strengthen or shape this modular structure.
Future empirical longitudinal studies should further investigate how functional brain
networks develop towards modular organizations in child brains and examine how timing of
environmental and genetic influences can shape the modular organization of functional
brain networks.

Comparison between AGA and SGA+ groups
In recent MRI based studies, decreased brain volumes were found in SGA born adolescents
[Martinussen et al 2005; Martinussen et al., 2009] as well as in SGA born children at early
school age [de Bie et al., 2011], where the latter study showed an additional linear trend
ordered from highest brain volumes in AGA via SGA+ to SGA‐ children. Besides volumetric
differences, a diffusion MRI connectomics study demonstrated deviant anatomical network
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organization leading to reduced local and global efficiency in one year old children who
suffered from intrauterine growth retardation [Batalle et al 2012]. How are functional brain
networks affected in children being born SGA? Ozdemir and colleagues have previously
found that SGA born neonates showed delayed neurophysiologic maturation, which was
reflected in increasing relative power in slow frequencies and reducing power in faster
frequencies with conceptual age [Ozdemir et al., 2009]. In the present study, SGA born
children who showed spontaneous catch‐up growth exhibited significantly increased
connectivity in the beta band, suggesting an overall pattern of over‐connectivity in SGA born
children. This finding is in line with the increased beta band connectivity previously found in
neonates born with extreme low birth weight [Grieve et al., 2008]. However, Grieve and
colleagues included infants that were born preterm, and prematurity, independent of birth
weight, is known to lead to altered functional connectivity both in neonates [Gonzalez et al.,
2011] and in young children [Doesburg et al., 2011]. Increased connectivity strength in beta
band might be interpreted as a partial delay in development, since typical development is
characterized by increased levels of slow‐wave and decreased levels of high frequency
interregional phase synchronization in the developing child [Vakorin et al., 2011]. An
important methodological issue in graph theoretical studies is that both network size as well
as connectivity density influence the outcome of graph analysis [van Wijk et al., 2010].
Interestingly, we found that beta band over‐connectivity in SGA+ children did not lead to
changes in network organizational characteristics after normalization, i.e. normalized
clustering and path length did not differ between groups in the beta band. This suggests
that over‐connectivity could also be interpreted as a reflection of a compensatory
mechanism to maintain an optimal balance of segregation and integration of functional
brain networks, and additionally might indicate that spontaneous catch‐up growth has a
favorable effect for infants that are assumed to be born with a neurophysiologic delay
[Ozdemir et al., 2009]. Beta band connectivity patterns have been related to cognitive
functions in adults [Calmels et al., 2012; Uhlhaas et al., 2009; Dehaene and Changeux, 2011]
however, in the present study no significant correlations were found between resting‐state
connectivity strength and eIQ. A possible explanation could be that in the present study
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AGA and SGA+ groups did not significantly differ in eIQ and that both groups showed
relatively high mean IQ’s which may not appear to be typical to SGA in larger samples.

Conclusions
Our study demonstrates that resting state MEG networks in 4 to 7 year old children can be
characterized as small‐world networks that additionally contain hub‐like regions and have a
modular structure. In SGA+ children compared to AGA children, increased connectivity
strength was found in beta band indicating over‐connectivity of the functional brain
networks which might reflect a compensatory mechanism to obtain normal network
topology showing balanced local and global information processing which was comparable
with AGA group. These findings might suggest that spontaneous catch‐up growth has a
favorable effect on brain development, which is assumed to be delayed in SGA born children
at earlier developmental stages [Ozdemir et al., 2009]. Future research investigating MEG
based functional networks should further examine whether, and if so, how brain network
organization is affected when SGA born children do not show spontaneous catch‐up growth.
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Figure S1. Illustration of modules based on a single PLI matrix (one epoch of one subject of the AGA group) in theta (θ),
alpha (α), beta (β), and gamma (γ) bands (top view of the head). A module is represented by connections of similar colors.
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