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Abstract: The brain is a network and our intelligence depends in part on the efficiency of this network.
The network of adolescents differs from that of adults suggesting developmental changes. However,
whether the network changes over time at the individual level and, if so, how this relates to intelligence,
is unresolved in adolescence. In addition, the influence of genetic factors in the developing network is
not known. Therefore, in a longitudinal study of 162 healthy adolescent twins and their siblings (mean
age at baseline 9.9 [range 9.0-15.0] years), we mapped local and global structural network efficiency of
cerebral fiber pathways (weighted with mean FA and streamline count) and assessed intelligence over a
three-year interval. We find that the efficiency of the brain’s structural network is highly heritable
(locally up to 74%). FA-based local and global efficiency increases during early adolescence. Streamline
count based local efficiency both increases and decreases, and global efficiency reorganizes to a net
decrease. Local FA-based efficiency was correlated to IQ. Moreover, increases in FA-based network effi-
ciency (global and local) and decreases in streamline count based local efficiency are related to increases
in intellectual functioning. Individual changes in intelligence and local FA-based efficiency appear to go
hand in hand in frontal and temporal areas. More widespread local decreases in streamline count based
efficiency (frontal cingulate and occipital) are correlated with increases in intelligence. We conclude that
the teenage brain is a network in progress in which individual differences in maturation relate to level
of intellectual functioning. Hum Brain Mapp 36:4938-4953, 2015.  © 2015 Wiley Periodicals, Inc.
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INTRODUCTION

The brain is a network [Achard and Bullmore, 2007;
Bullmore and Sporns, 2009; van den Heuvel and Hulshoff
Pol, 2010]. This network is highly significant in health and
disease [Bassett and Bullmore, 2009]. Structural and func-
tional properties of the network have been related to intel-
ligence in healthy subjects [Bassett et al., 2009; van den
Heuvel et al., 2009; Li et al., 2009; Wen et al., 2011; Langer
et al., 2012; Park and Friston, 2013]. Structural and func-
tional abnormalities in the network are found in neuro-
psychiatric illness such as schizophrenia [Fornito et al.,
2012; van den Heuvel et al., 2010, 2013b; Hulshoff Pol and
Bullmore 2013]. There are indications that developmental
changes occur in the brain’s network: Individual resting
state network maturation [Lee et al., 2013; Smyser et al.,
2010] and anatomical development [Fan et al., 2011; Nie
et al., 2014] has been reported in newborns, early child-
hood and in early adolescence [Sherman et al., 2014].
Moreover, cross-sectional studies have shown that the
functional network of adolescents differs from that of
adults [Fair et al., 2008] and that structural network effi-
ciency is dependent of age [Gong et al., 2009; Hagmann
et al., 2010; Wen et al., 2011]. A recent study describes that
structural white matter development during late adoles-
cence influences the whole network, but especially connec-
tions between hub regions [Baker et al., 2015]. However,
much remains unknown about this network in early
adolescence.

Whether, and if so how, the structural brain network
changes over time at the individual level in adolescence is
not known. This is relevant since adolescence is a time
characterized by rapid changes in the brain [Brouwer
et al., 2012; Giedd et al., 1999; Paus, 2010; Schnack et al.,
2015; Toga et al., 2006; van Soelen et al., 2012a, van Soelen
et al., 2013] as well as in intelligence [Deary, 2012; Deary
et al.,, 2012; Plomin, 2012; Waber et al., 2012] and their
interactions [Burgaleta et al., 2014a; Ramsden et al., 2011;
Shaw et al., 2006]. Genetic factors may play a role in
development: Brain size [Peper et al., 2007; Posthuma
et al., 2002; Stein et al., 2012; Thompson et al., 2001], white
matter integrity [Brouwer et al.,, 2010; Jahanshad et al.,
2013], intelligence [Bouchard and McGue, 2003; Davies
et al., 2015; Plomin and Deary, 2015; van Soelen et al.,
2011] and their interactions [Brouwer et al., 2013; Chiang
et al.,, 2009, 2011, 2012; Posthuma et al., 2002] are influ-
enced by (common) genes. This begs the questions to what
extent the developing brain’s network is influenced by
genes and to what extent intelligence is related to the
white matter network in early adolescence.

There are several ways to describe topological properties
of the brain network. A structural brain network consists
of anatomical locations in the gray matter (nodes) and
white matter fibers connecting the nodes (edges). Mathe-
matical representations of the structural connectivity of the
human brain network have revealed that the brain is
organized according to a highly efficient small-world

topology combining a high level of segregation (local effi-
ciency) with a high level of integration (global efficiency)
[Achard and Bullmore, 2007]. Global efficiency is a net-
work attribute that quantifies how easy information can be
exchanged over the network, providing information on the
communication efficiency of a network as a whole. Local
efficiency reflects how well information can travel in the
direct neighborhood of a node, and is often interpreted as
a metric of the local information processing capacity of a
network [Bullmore and Sporns, 2012; van den Heuvel and
Hulshoff Pol, 2010; Latora and Marchiori, 2001].

We mapped global and local efficiency of structural
brain networks of healthy adolescents in a longitudinal,
extended, twin design. Structural brain networks were
based on fractional anisotropy (FA) and streamline counts
from diffusion tensor imaging scans. Using structural
equation modeling [Boker et al., 2011] and network con-
nectivity analyses [Rubinov and Sporns, 2010], we esti-
mated the heritability and development of the brain
network in adolescence at a three-year interval. Associa-
tions between structural brain network topology and intel-
ligence were investigated.

MATERIALS AND METHODS
Participants

A total of 120 twins [57 monozygotic (MZ) subjects (28
boys, 29 girls), 63 dizygotic (DZ) subjects (34 boys, 29
girls)] and 42 of their older siblings (17 boys, 25 girls)
were included from the BrainSCALE cohort [van Soelen
et al., 2012b]. Zygosity of the twins was confirmed by
genome-wide SNP data. At the first measurement, mean
(SD) age was 9.9 (1.4) years, at the second measurement
12.9 (1.4) years, resulting in a narrow spread in age range
over the interval of mean (SD) 2.92 (0.23) years. The sam-
ple was recruited from the Netherlands Twin Register
[van Beijsterveldt et al., 2013]. Written informed consents
were obtained from all subjects and their parents. The
Dutch Central Committee on Research involving Human
Subjects (CCMO) approved the study.

Cognition

Level of intelligence was estimated based on the intelli-
gence quotient (IQ) as measured with the Wechsler Intelli-
gence Scale for Children III (WISC-III, Dutch version). At
the first measurement, all subtasks of the WISC were
included. At the second measurement, six subtasks of the
WISC-III were administered: four verbal subtests (similar-
ities, arithmetic, vocabulary, and digit span), and two non-
verbal subtests (picture completion and block design).
Scores on individual subtests from the WISC-III were
standardized against age-specific norms, together provid-
ing a total IQ score. For two subjects, IQ values were
excluded from the analyses based on a very large
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(absolute value >30) change in IQ points over time. Post-
hoc analyses showed that these two individuals showed
no exceptional changes on the network measures (all
within one standard deviation of the mean).

The shortened version of the WISC-III provided a reli-
able estimate of full scale IQ: at the first measurement, full
scale IQ correlated highly with the IQ measurement based
on the six subtasks (r=0.93 [0.90-0.95]). Mean (SD) IQ
was 103 (14) at the first measurement [IQ based on six
subtasks was 104 (15)], and 102 (16) at the second mea-
surement. There was no significant mean change (—1.15
IQ points) over time, but considerable individual spread
in IQ change (SD =10.4 IQ points change) across partici-
pants. The correlation between IQ of measurement 1
(based on 6 subtasks) and measurement 2 was 0.78 [0.70-
0.84]. Changes in IQ were based on IQ using the six
subtasks.

MRI Acquisition

All MRI brain scans were acquired at the University
Medical Center Utrecht on a 1.5 Tesla Philips Achieva
scanner (Philips, Best, The Netherlands) using the same
protocol at both measurements [Brouwer et al., 2012]. For
anatomy, a three-dimensional T1-weighted scan (Spoiled
Gradient Echo; TE=4.6 ms; TR=30 ms; flip angle 30
160-180 contiguous coronal slices of 1.2 mm; in-plane reso-
lution 1 X 1 mm? acquisition matrix 256 X 256) of the
whole head was made of each individual. For white mat-
ter fiber tracking, Diffusion Tensor Images were acquired.
Two Single Shot Echo Planar Imaging (SS-EPI) DWI scans
were acquired (32 diffusion-weighted volumes with diffu-
sion weighting b =1000 s/mm?” and 32 noncollinear diffu-
sion gradient directions; 8 diffusion-unweighted (b=0 s/
mm?) scans; TE =88 ms; TR = 9822 ms; parallel imaging
SENSE factor 2.5; flip angle 90° 60 transverse slices of
2.5 mm, no gap, FOV 240 mm; 128 X 128 reconstruction
matrix; 96 X 96 acquisition matrix, no cardiac gating) for
optimal signal-to-noise ratio.

MRI Processing

White matter pathways, referred to as fibers or tracts,
were reconstructed using streamline tractography. First,
the 2 DWI scans were combined and corrected for possible
gradient-induced distortions [Andersson and Skare, 2002].
Next, the diffusion pattern in each voxel was fitted to a
tensor matrix using a robust M-estimator [Chang et al.,
2005], providing three eigenvectors (representing the three
principal directions of diffusion) and corresponding eigen-
values. FA values were calculated in each voxel as a mea-
sure of microstructural directionality from the eigenvalues
[Basser and Pierpaoli, 1996]. Then, the b0 scan was regis-
tered to the T1-weighted scan using a rigid transformation
(no scaling), based on optimization of a mutual informa-
tion metric [Maes et al., 1997], and the T1-weighted images

were nonlinearly warped into model space up to a scale
of 1 mm [Collins et al, 1995], based upon which the
model brain was created. All possible fiber tracts between
two regions were reconstructed in individual space using
the diffusion tensor images with an in-house implementa-
tion of the fiber assignment by continuous tracking
(FACT) algorithm [Mori and Van Zijl, 2002] with 8 seed
points per voxel, FA threshold of 0.1 and maximal angle
of 45°. The fiber tracts were warped into model space,
using the concatenation of the transformations between
the b0 scan and T1 scan, and between the T1 scan and
model space. For network construction, the AAL template
[Tzourio-Mazoyer et al., 2002] was warped onto the model
brain, segmenting the cortex in a parcellation map consist-
ing of 90 regions.

Construction of Structural Brain Networks

A network consists of a set of nodes and connections
(edges) that can be mathematically expressed as a graph
with a collection of nodes and a collection of edges
between the nodes [Bullmore and Basset, 2011]. Whole
brain networks were created based on the 90 AAL brain
regions. Two structural weighted brain networks were cre-
ated for each individual, one for each measurement, by
combining the collection of reconstructed fiber tracts with
the individual parcellation maps [van den Heuvel et al.,
2010, 2013b]. Because of the longitudinal nature of our
data, we decided to use a stringent threshold to ensure
data quality, that is, only those connections that were
reconstructed at both ages for an individual were included
in the network of that individual. Thus, network nodes i
and j were defined as structurally connected by an edge
when from the total collection of reconstructed streamlines
at least one fiber interconnected them at both measure-
ments. As a result, the individual topology of the networks
was kept the same for both measurements. For each edge,
weight w;; was defined by the mean FA value of the traced
fibers between region i and j. We also investigated net-
works with streamline counts as weights to allow for a
more direct comparison with studies investigating the
structural network based on streamline count.

Graph Analysis

To measure changes in efficiency, we computed global
and local efficiency [Latora and Marchiori, 2001] for each
individual at each measurement using the Brain Connec-
tivity Toolbox [Rubinov and Sporns, 2010, http://www.
brain-connectivity-toolbox.net]. Global efficiency E“ and
local efficiency Ef/ ., were mathematically defined as:

Global efficiency:

Z JEN ji (df]”> B

1
szi .
nZZEN n—1
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Local efficiency of node i:
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with N the set of all nodes in the network, and n the num-
ber of nodes; k; the number of edges connected to node i;
d¥ the shortest weighted path length between i and j; and
din(N;) the length of the shortest path between j and £, in
the network N; that contains only the neighbors of i. The
symmetrical weights (w;; = wj;) were either average FA of
the connection between i and j (0 <w;<1), or the number
of streamlines between i and j (w;; > 1).

Subsequently, because of the longitudinal nature of this
study, we wanted to control for the expected changes in
the weights over time, while keeping the topology the
same. We normalized each individual matrix by the total
sum of the matrix, thereby correcting for the overall
change in average FA/streamline count that could by itself
already introduce a change in efficiency. The resulting
matrices shed light on the redistribution of the weights
over time relative to the total change of weight. For these
matrices we recomputed the network measures. In addi-
tion, to compare the normalized results with the golden
standard used in the literature, we also compared our net-
works metrics to the networks metrics of 500 random
graphs that were created from each individual FA or
streamline-weighted matrix. Random networks were made
by randomly re-distributing the edges of the original indi-
vidual network, while keeping the degree distribution the
same as the original network. We reran our analyses using
the metrics Eloc/Eloc™*™ and Eglob/Eglob™"*™. These
metrics reflect how the original network is related to a net-
work in which the weights are randomly distributed. As a
result, when we look at change over time, they provide
information on the redistribution of the weights relative to
the each other.

Figures were created with the BrainNet Viewer [Xia
et al., 2013].

Twin Modeling

Relative influences of genetic and environmental factors
were examined in an extended twin design by comparing
within-pair correlations between MZ and DZ twins/twin
sibling pairs. Differences between these correlations may
arise because MZ twins share (almost) 100% of their
genetic makeup and twin-sibling pairs, like DZ pairs,
share on average 50% of the segregating genes [Posthuma
et al., 2003]. When an MZ correlation is twice as high as a
DZ correlation, this indicates that a variable is largely
influenced by genetic factors. In addition to genetic factors,
resemblance between twins can arise from common envi-
ronment, which comprises those environmental factors
that induce similarity in children growing up in the same
family. The presence of common environmental factors is

suggested when correlations in DZ twins are larger than
half the MZ correlation. When the MZ correlations are
more than twice the DZ correlations, there is a suggestion
for non-additive genetic influences (epistasis or domi-
nance). Unique environmental influences are not shared
with other family members and also contain the measure-
ment error.

The same rationale as described for the univariate case
can be applied to a bivariate case. If a correlation exists
between two variables, the cross-trait cross-twin/sibling
correlations give information whether the same genes, or
environment are responsible for the association.

Genetic Analyses

The proportion of the total variance that can be attrib-
uted to genetic or environmental factors gives estimates of
(univariate) heritability (h?), unique environmental influ-
ence, and common environmental influence (¢?) or nonad-
ditive genetic influences (4%). In the latter case, we present
estimates of broad heritability (4> + d®). A genetic correla-
tion 7, was computed as the genetic covariance between
two traits, divided by the square roots of the part of var-
iances that can be attributed to genetic factors for each
trait [for details see Koenis et al., 2013].

To test for longitudinal changes, individual differences
over time were entered in a saturated model, in which we
tested whether the mean could be constrained to zero.
Based on the MZ and DZ/twin-sibling correlations, a
bivariate model including additive, nonadditive genetic
and environmental effects was fit to the network data,
incorporating age-corrected longitudinal measurements
with two time points in one model. Since we had found
earlier that both genes and shared environment contribute
to variation in IQ in this cohort [van Soelen et al., 2011],
associations between IQ (change) and (changes in) net-
work measures were investigated in a model that allowed
possible shared environmental influences on (changes in)
IQ, and possible nonadditive influences on (change in) net-
work measures. All analyses were performed using struc-
tural equation modeling in OpenMx [Boker et al., 2011].

RESULTS

Efficiency of the FA-Weighted Brain Network
Increases During Early Adolescence

Increases in both global (P <0.0001) and average local
network efficiency (P <0.0001) were found after the three-
year interval (Fig. 1, Table I). Increases in individual net-
work efficiency occurred in a large majority (75%) of sub-
jects and across most regions (significant after Bonferroni
correction for multiple comparisons, see Figure 1 and Sup-
porting Information Table SI).

Following correction for overall FA changes that occur
with age—by dividing the connectivity matrix by the sum
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Figure I.

Development of FA-based network efficiency. A: Efficiency of
the structural brain network at age 10. Larger nodes represent
a higher level of efficiency. Edges in the network are colored by
FA (a measure for white matter integrity); higher values in red,
lower values in blue. For details on local efficiency at measure-
ment | and measurement 2, see Supporting Information Table
SI. B: Development of the structural brain network over a

of the matrix—there was no increase in normalized global
efficiency, but the increase in average normalized local
efficiency remained significant (Table I). Global network

three-year interval with significant change A in local network
efficiency shown in red nodes (P < 0.05/90; larger nodes repre-
sent a larger increase), and significant change in edges colored
for FA change (for visualization purposes only edges with a sig-
nificant change at P < 0.005 are shown). See Supporting Informa-
tion Table S| for details.

efficiency of the randomized networks showed a similar
increase in network efficiency over time as the individual
brain networks. The increase in average local efficiency

TABLE I. Longitudinal changes in FA-weighted global and local network efficiency measures

Measurement 1 Measurement 2 Change %Change

Age 9.9 (1.4) 12.9 (1.4) 2.92 (0.23)

1Q 103 (14) 102 (16) —1.15 (10.4)* -1.2%
FA 0.450 (0.023) 0.466 (0.022) 0.017 (0.024)° 3.8%
Global Efficiency 0.276 (0.014) 0.286 (0.014) 0.010 (0.014)° 3.6%
Local Efficiency® 0.410 (0.020) 0.425 (0.020) 0.016 (0.022)° 3.9%
Eglob normalized 3.163 (0.10) (X104 3.161 (0.11) (x10™%) —0.001 (0.010) (X104 0.0%
Eloc normalized 4.711 (0.24) (X10™%) 4.717 (0.24) (X10™% 0.006 (0.009) (x10™%° 0.1%
Eglob/Eglob’“”d“’” 0.922 (0.009) 0.923 (0.009) 0.000 (0.004) 0.1%
Eloc/Eloc™™" ™ 1.125 (0.022) 1.126 (0.022) 0.001 (0.002)° 0.1%

Means (standard deviations) and percentage change (%); FA represents the average FA of the structural brain network.
*When looking at the change scores based on 6 subtests at both assessments, IQ decreased with 1.71 points.

"Significant changes (P < 0.05) is indicated in bold.
“Local efficiency as averaged over the entire brain.
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A: Significant heritability (up to 74%) of local efficiency at age
10. Size of the nodes represents the heritability of local effi-
ciency. See Supporting Information Table S| for a complete
overview of the heritability of local efficiency at first and second
measurement. B: Estimated correlations between members of a

was larger in the individual brain networks than in the
randomized networks (Table I). Thus, while changes of FA
and changes in network measures are partly overlapping,
a change in FA distribution adds uniquely to (changes in)
network efficiency.

Genetic Influences on FA-Weighted Network
Characteristics

Because of the observed age effect, in the following anal-
yses, all network data were corrected for age. At the age
of 10 years, there were significant influences of genes on
global (32% [95% CI =7-59]) and local (up to 74%; average
local efficiency over the entire brain 37% [0.05-0.68]) net-
work efficiency (Fig. 2; Supporting Information Table SI).
MZ correlations were 0.34 [-0.21-0.65] for global efficiency
and 0.50 [—0.13-0.74] for average local efficiency. DZ/
twin-sib correlations were 0.04 [—0.13-0.24] for global effi-
ciency and 0.02 [—0.14-0.20] for average local efficiency.

At second measurement, at the age of 13 years, heritabil-
ity estimates were 48% [0.20-0.67] for global and up to
75% for local efficiency (average local efficiency 40% [14-
60]). MZ correlations were 0.43 [0.09-0.66] for global effi-
ciency and 0.35 [0.03-0.59] for average local efficiency.

twin pair for local efficiency for MZ twin (left) and DZ twin/
twin-sibling pairs (right), with MZ correlations ranging up to
0.75. [Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]

DZ/twin-sib correlations were 0.15 [—0.08-0.38] for global
efficiency and 0.08 [—0.13-0.30] for average local efficiency.
Over time, a stable genetic factor influenced global (genetic
correlation rg=1.00 [0.63-1.00]) and average local
(rg =1.00 [0.53-1.00]) efficiency.

(Genetic) Associations of FA-Weighted Network
Efficiency with Intelligence

A higher average local efficiency was associated with a
higher level of intellectual functioning, significantly at age
13 (first measurement M1: r=0.13 [—0.04-0.29]; P =0.12;
second measurement M2: r=0.16 [0.01-0.32]; P = 0.047).
This association appeared to be driven by performance IQ
(M1: r=0.17; P =0.047; M2: r=0.19; P = 0.039) rather than
verbal IQ (M1: r=0.07; P =0.39; M2: r=0.09; P =0.29). At
age 13, the association between average local efficiency
and IQ was caused by shared genes influencing by both
phenotypes (genetic correlation r;=1.00 [0.13-1.00];
P =0.016). There were no associations between global effi-
ciency and intelligence.

At a nodal level, at both measurements, the association
between local efficiency and IQ was particularly
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o significant genetic and phenotypic correlation

o significant phenotypic correlation

Figure 3.

Associations between FA-based local efficiency and 1Q. Local
correlations between IQ and network efficiency range up to
0.25. Red spheres represent significant correlations between
network efficiency and 1Q that can be attributed to a shared
genetic component. Orange spheres represent significant corre-

prominent in frontal and temporal areas; for example, in
the inferior frontal cortex, insula, superior temporal pole,
superior and middle temporal gyri, Heschl’s gyrus, angu-
lar gyrus, bilaterally although most prominently on the
right side (Fig. 3; Table II). These associations could for a
large part be explained by genetic factors influencing both
intelligence and network efficiency (Fig. 3; Table II).

Changes in FA-Weighted Network Efficiency Are
Related to Changes in Intelligence

When assessing changes in network efficiency and
changes in intelligence within individuals over time, ado-
lescents who showed the most prominent increase in effi-
ciency of the structural brain network were the ones who
gained (most) in intelligence. In contrast, individuals
showing a reduction—or no change—in global network

lations between network efficiency and IQ for which the contri-
butions of genes and environment could not be disentangled.
The size of the spheres represents the size of the correlation.
See Table Il for a complete overview of regional correlations
between FA-based local efficiency and IQ.

efficiency, displayed a decrease in 1Q (r=10.17, P =0.030)
and performance IQ (r=0.18, P =0.023) but not in verbal
IQ (r=10.05, P =0.53). Average local efficiency change cor-
related with change in total IQ (r=0.17, P=0.034) and
performance IQ (r=0.16, P =0.045), but not with change
in verbal IQ (r=0.07, P =0.38). We could not disentangle
whether these associations were driven by genetic and/or
environmental factors.

Changes in local efficiency and concomitant change in
intelligence were most evident in frontal and temporal
areas (Fig. 4; Table II). Specifically, change in local network
efficiency in the left inferior orbitofrontal cortex and left
anterior cingulum explained over 6% of individual change
in intelligence. The association between change in intelli-
gence and that in local efficiency was also present in other
(including right-sided) frontal areas, as well as in the supe-
rior temporal poles, insula, thalamus, putamen, pallidum,
and caudate nucleus.
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TABLE Il. Correlations between FA-weighted local efficiency and IQ at measurement | (MI) and 2 (M2), and

between change in local efficiency and change in 1Q

Left Right
Region M1 M2 Change M1 M2 Change
Precentral 0.16 0.13 0.18 0.18 0.16% 0.17
Frontal_Sup 0.15 0.12 0.21 0.11 0.13 0.18
Frontal_Sup_Orb 0.11 0.16% 0.22 0.02 0.122 0.17
Frontal_Mid 0.18 0.20% 0.20 0.09 0.10 0.11
Frontal_Mid_Orb 0.15 0.18 0.21 0.07 0.142 0.10
Frontal_Inf_Oper 0.20° 0.16 0.18 0.25 0.19% 0.18
Frontal_Inf Tri 0.18 0.23° 0.20 0.15 0.14 0.12
Frontal_Inf Orb 0.19 0.23 0.24 0.20 0.16* 0.14
Rolandic_Oper 0.14 0.12 0.18 0.20 0.21% 0.15
Supp_Motor_Area 0.15 0.05 0.17 0.15 0.09 0.15
Olfactory 0.11 0.13° 0.15 0.08 0.15 0.18
Frontal_Sup_Medial 0.11 0.10 0.20 0.08 0.10 0.16
Frontal_Med_Orb 0.05 0.06 0.19 0.02 0.05 0.19
Rectus 0.06 0.12° 0.12 0.08% 0.17° 0.18
Insula 0.24% 0.19% 0.22 0.23 0.25% 0.19
Cingulum_Ant 0.15 0.14% 0.22 0.06 0.12% 0.20
Cingulum_Mid 0.14 0.04 0.10 0.14% 0.06 0.13
Cingulum_Post 0.14 0.12% 0.05 0.12 0.12 0.08
Hippocampus 0.11 0.07 0.08 0.11 0.12° 0.11
ParaHippocampal 0.13 0.10 0.20 0.21 0.17° 0.16
Amygdala 0.16 0.11 0.14 0.23 0.14 0.16
Calcarine 0.01 0.05 0.03 0.04 0.07 0.08
Cuneus 0.10 0.09 0.06 0.00 0.10 0.08
Lingual 0.01 0.07 0.04 -0.02 0.00 0.10
Occipital_Sup 0.06 0.11 0.02 0.02 0.11 0.08
Occipital_Mid 0.07 0.12° 0.03 —0.05 0.00 0.10
Occipital_Inf 0.02 0.13 0.00 -0.07 0.05 0.12
Fusiform 0.13 0.15° —0.03 0.09 0.08 0.10
Postcentral 0.14 0.17 0.13 0.20 0.11 0.14
Parietal_Sup 0.08 0.11 0.01 0.10 0.13 0.11
Parietal_Inf 0.08 0.16% 0.06 0.14 0.17% 0.19
SupraMarginal 0.09 0.14 0.09 0.22 0.24" 0.17
Angular -0.03 0.11 0.02 0.14 0.21° 0.15
Precuneus 0.15 0.09 0.04 0.06 0.04 0.10
Paracentral_Lobule 0.10 0.04 0.12 0.13 —0.04 —0.03
Caudate 0.12 0.10 0.19 0.12 0.10? 0.18
Putamen 0.20 0.16% 0.19 0.20 0.142 0.20
Pallidum 0.16 0.117 0.17 0.11 0.12 0.17
Thalamus 0.08 0.05 0.19 0.05 0.09 0.20
Heschl 0.18 0.14% 0.16 0.16 0.24% 0.15
Temporal_Sup 0.16 0.17° 0.18 0.20 0.21° 0.17
Temporal_Pole_Sup 0.19 0.15% 0.21 0.22 0.23% 0.21
Temporal_Mid 0.13 0.17° 0.20 0.19 0.23° 0.13
Temporal_Pole_Mid 0.11 0.15% 0.18 0.18 0.16* 0.18
Temporal_Inf 0.16 0.14 0.12 0.18 0.12% 0.13

Bold: significant phenotypic correlations (P < 0.05).

“Observed correlation explained by a significant genetic association.

Post-hoc analyses revealed no significant differences
between boys and girls in (change of) global FA-weighted
and local FA-weighted network measures, or interactions

between IQ and network measures at baseline, at follow
up, and over time.

Analyses on Networks Weighted with

Streamline Count

Streamline count based network efficiency was higher in

boys at both measurements (see Supporting Information
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Figure 4.

Development of network efficiency and intelligence in adoles-
cence. Correlations between the change in local efficiency and
change in 1Q [nodes with a significant correlation are colored in
purple (cortical) and blue (subcortical)]; with examples of scat-
terplots of correlation of local efficiency change in left orbito-
frontal cortex (significant; left panel), left cuneus (non-significant

Table SIT). Because of this sex effect in the network charac-
teristicc when weighing the network with streamline
count, the analyses on streamline count weighted net-
works were corrected for sex beforehand. This did not
change the results on change over time, associations with
intelligence or the genetic modeling results.

Efficiency of the Streamline Count Weighted
Brain Network Increases and Decreases During
Early Adolescence

Both global (P <0.001) and average local (P =0.012)
efficiency decreased in the three year follow up
period. Locally, efficiency increased in frontal and
occipital areas, and decreased in subcortical, temporal,
and parietal regions (Fig. 5; Supporting Information
Table SII).

Compared with random networks, average local effi-
ciency slightly decreased (P =0.045) but global efficiency
did not change. When we normalized the matrices, global

[but has one of the largest increases in local efficiency]; middle
panel), and right thalamus (significant; right panel) with change in
IQ. See Table Il for a complete overview of regional correlations
between changes FA-based local efficiency and changes IQ.
[Color figure can be viewed in the online issue, which is avail-
able at wileyonlinelibrary.com.]

efficiency decreased (P =0.009) but normalized average
local efficiency did not change.

Genetic Influences on Streamline Count
Weighted Network Characteristics

Because of the observed age and sex effects, in the fol-
lowing analyses, all data were corrected for age and sex
beforehand.

Local and global efficiency of streamline count weighted
networks were also highly heritable at both measurements
with heritability for local efficiency up to 64% (Supporting
Information Table SIII). Heritability estimates were: Aver-
age local efficiency 37% [12-65], global efficiency 60% [27-
78] for M1; average local efficiency 24% [6—47]), global effi-
ciency 24% [6—45] for M2. Over time, a stable genetic fac-
tor influenced global (ry=0.87 [0.37-1.00]) and average
local (rg =0.96 [0.19-1.00]) efficiency. In addition, a num-
ber of regions showed genetic influences on the change in
local efficiency (Supporting Information Table SIII).
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Development of streamline count based network efficiency. A:
Efficiency of the structural brain network at age 10. Larger
nodes represent a higher level of efficiency. Edges in the net-
work are colored by number of streamlines; higher values in
red, lower values in blue. For details on local efficiency at mea-
surement | and measurement 2, see Supporting Information
Table Sll. B: Development of the structural brain network over

Changes in Streamline Count Weighted Network
Efficiency Are Related to Changes in Intelligence

We did not find a relation between network efficiency
and IQ scores at age 10 or 13. Nevertheless, a change in
efficiency was correlated to a change in IQ: individuals
who gained in IQ scores showed a decrease in average
local efficiency (r = —0.16, P = 0.043), which was driven by
performance IQ (r=—0.22, P=0.005) rather than verbal
IQ (r=0.02, P=0.79). Genetic and/or environmental cor-
relations were not significant. A similar pattern was found
for global efficiency, but only the association with per-
formance IQ reached significance (r= —0.20, P =0.010).
Again, influences of genetic and environmental correla-
tions could not be disentangled. Local regions with largest
relations were left inferior orbitofrontal cortex and left cau-
date, followed by bilateral anterior cingulum and left mid-
dle occipital gyrus (Supporting Information Table SIV).

DISCUSSION

Here we show in a longitudinal study in 162 young ado-
lescent twins and their siblings, that FA-based efficiency of

a three-year interval with significant (P <0.05/90) increase in
local network efficiency shown in red nodes and significant
decreases are shown in yellow nodes; larger nodes represent a
larger absolute change. Edges are colored by significant changes
in streamline counts. For visualization purposes, only edges with
a significant at P<0.005 change are shown. See Supporting
Information Table SlI for details.

the brain’s structural network increases during early ado-
lescence. We are one of the first studies to measure struc-
tural network development in adolescence using a
longitudinal approach. Both increases in white matter
integrity (FA) and reorganization of the network contrib-
ute to an increase in FA-based global and local efficiency.
At the same time, local increases and decreases in stream-
line count and a reorganization of the network both con-
tribute to a net decrease in streamline count-based
network global efficiency. Moreover, these changes in net-
work efficiency are related to intelligence; changes in intel-
ligence and in the structural brain network efficiency
appear to go hand in hand. This effect seemed stronger in
FA based efficiency, which showed a clear pattern of fron-
tal and temporal increases of local efficiency that were
related to an increase 1Q. To a smaller extent, streamline
count based local efficiency was negatively related to
changes in IQ in a more widespread pattern in frontal, cin-
gulate, and occipital regions.

We report moderate to high heritability for efficiency of
the brain’s structural network (locally up to 74% for FA-
based networks; up to 64% for streamline count based net-
works) in early adolescence. For both average local and
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global efficiency, the genetic factor influencing the effi-
ciency measure remained stable during development in
adolescence. Besides, the relation between IQ and FA-
based local network efficiency was completely explained
by genes shared by both phenotypes. Our findings extend
those from cross-sectional studies in adults that report
genetic effects on structural network topology [Bohlken
et al., 2014; Jahanshad et al., 2012] and on functional net-
work topology in adults [Fornito et al., 2011] and in this
cohort [van den Heuvel et al., 2013a]. This might imply
that over time the genetic influence on local structural net-
work organization remains stable.

A higher intelligence was accompanied by a more local
efficient fiber integrity (FA) based network, but not related
to streamline-based local or global efficiency. These associ-
ations (up to 0.25) are of comparable magnitude as the
(genetic) association between intelligence and whole brain
volume in adults [Posthuma et al., 2002]. The positive
associations between IQ and FA-based local efficiency
were particularly prominent in frontal and temporal
nodes, emphasizing the relevance of frontal and temporal
regions for intelligence [Haier et al., 1988, 2004], in accord-
ance with the P-FIT regions (parieto-frontal integration
theory of intelligence) regions [Jung and Haier, 2007].
Moreover, it emphasizes that how these regions are con-
nected with the rest of the brain is important. This extends
prior reports on positive associations between intelligence
and global and local structural network efficiency in adults
[Li et al., 2009; Wen et al., 2011] by showing that the two
are genetically related, already in childhood. This result
relates to previous findings that local efficiency of the
functional network in frontal, parietal and temporal
regions is related to IQ in children and adolescents [Wu
et al.,, 2013] and in adults [van den Heuvel et al., 2009;
Langer et al., 2012; Santarnecchi et al., 2014]. Indeed, gray
matter regions associated with intelligence based on volu-
metric measures were more densely connected than on
average, which underlines the importance of connectivity
between cortical regions implicated in intelligence
[Bohlken et al., under review]. In addition, other studies
have reported that the strength of functional connectivity
between the prefrontal cortex and the rest of the brain is
related to IQ [Cole et al., 2012; Song et al., 2008], and sug-
gested that enlargement of the rostral putamen is related
to IQ through its functional relation with the inferior pari-
etal cortex and insula [Burgaleta et al., 2014b]. However,
despite the visual overlap of our results (Fig. 3) with pre-
vious mentioned regions that are involved in intellectual
functioning, we did not find direct evidence for P-FIT
regions to be overly represented in our findings: 6 or 8 sig-
nificant regions out of 24 P-FIT regions versus 17 or 12 sig-
nificant regions out of 66 non-P-FIT regions (chi square
tests P=10.94 and P =0.21 at measurement 1 and 2, respec-
tively). Nonetheless, as the participants in this study were
rather young, it could be that at an older age, correlations
with IQ become more crystalized in the brain. To date

there are only two studies that describe a correlation
between DTI network efficiency (global and local) and 1Q;
one study in young adults between 17 and 33 years [Li
et al.,, 2009] and one in older people between 72 and 90
years [Wen et al., 2011]. In addition, it is likely that the
structural brain associations with IQ are not stable
throughout life; for instance, cortical thickness develops
differently depending on IQ [Brans et al., 2010; Brouwer
et al., 2013; Karama et al., 2009; Schnack et al., 2015; Shaw
et al., 2006]. Thus, possibly, the association between local
efficiency and IQ grows with network maturation when
also the relation between global efficiency and IQ becomes
evident.

Importantly, the subjects with most prominent matura-
tional changes in brain wiring via FA or streamline count
also showed a positive change in IQ. Although intelligence
was stable over the three-year follow-up in the majority of
individuals in our cohort, one in six adolescents showed a
substantial change in their IQ score (> 15 points). Such
considerable changes in IQ scores have been reported in
other adolescent cohorts, implicating that an individual’s
intellectual capacity relative to their peers can decrease or
increase during adolescence [Burgaleta et al., 2014a; Rams-
den et al., 2011; Waber et al., 2012]. Our findings support
the existence of individual variations in long-term modifi-
cation of the structural network for functional demands
[Park and Friston, 2013]. A relationship between change in
intelligence and change in brain structure during adoles-
cence has been shown earlier, where increases in IQ scores
have been related to local increases in gray matter density
[Ramsden et al., 2011] and rate of cortical thinning [Burga-
leta et al., 2014a], suggesting, as we do, that individual
development of intellectual capacity goes hand in hand
with changes in anatomically distant brain regions. Our
finding suggests that during this time of rapid intellectual
development, plasticity of the brain’s network is an impor-
tant contributing, if not necessary, factor to maintain and
possibly gain in intellectual capacity.

Over the three-year interval, we find an increase in FA
and FA-based efficiency in almost all brain areas. This longi-
tudinal finding coincides with cross-sectional studies report-
ing maturation of white matter integrity [Baker et al., 2015;
Kochunov et al., 2012; Lebel and Beaulieu, 2011; Schmithorst
and Yuan, 2010], although local decreases in FA have also
been found [Baker et al., 2015]. Overall increases in FA can-
not solely explain our network findings, since local effi-
ciency also increases when we correct for overall increase in
FA, suggesting a redistribution of the weights in the struc-
tural network during development. In addition, we know
from previous work in adults that different genetic factors
independently influence FA and network topology [Bohlken
et al., 2014], which suggests that network topology provides
supplementary information to FA. When we repeated our
analyses using streamline count weighted networks, we
find a net decrease in global efficiency, with local decreases
in subcortical, temporal, and parietal areas, and increases in
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frontal and occipital areas. This is consistent with a recent
longitudinal study that found increases and decreases in
streamline density in late adolescence [Baker et al., 2015].
Our findings extend reports that both increases and
decreases in local efficiency occur between 12 and 30 years
[Dennis et al., 2013], and in adulthood [Gong et al., 2009].
Other studies found an increase in global efficiency over the
ages 2-18 [Hagmann et al., 2010] and a decrease in local and
global efficiency between the ages 4 and 40 [Lim et al., 2015].
Thus, considerable developmental changes take place dur-
ing childhood and adolescence, not only over a broad age
range, but as the current study shows also within the small
age range of 3 years. Indeed, the longitudinal aspect pro-
vided statistical power to detect processes that take place
during a period of rapid changes in the brain and
intelligence.

When comparing the results of FA weighted with
streamline count weighted networks in our cohort, the
results clearly show that these measures capture different
aspects of brain development. Indeed, our findings seem
to imply that during development of the structural brain
network, local information processing capacity improves
via an increased speed of information transfer along the
axons, while certain fiber bundles become more compact
in volume, as was measured with net decrease in stream-
line count. This finding was also reflected by the differen-
tial relation between efficiency and IQ in FA versus
streamline-weighted networks. FA-weighted but not
streamline-weighted local efficiency correlated locally with
IQ, although a change in both local streamline-weighted
efficiency and local and global FA-weighted efficiency was
correlated to change in IQ. That different aspects of white
matter bundles (FA, T1, MTR) can independently associate
with IQ has been shown [Bohlken et al., in preparation;
Penke et al., 2012], supporting our findings. In addition, in
a recent longitudinal study in late adolescence it was
shown that with development both streamline and FA
weights show local increases and decreases throughout
brain, but there seems to be a bias towards FA-increase in
hub-to-hub connections whereas streamline count shows
both increases and decreases in these connections [Baker
et al, 2015]. Two other studies in adults performed
streamline and FA based analyses and found comparable
results for associations with age [Stadlbauer et al., 2012]
and IQ [Li et al., 2009], thus contrasting our findings.
However, possibly, the relation between FA and stream-
line count—and their associations with IQ—changes with
brain maturation.

Because our focus was on the longitudinal aspect of our
data, we used a very stringent edge selection: only those
edges that could be measured twice (once at each mea-
surement) within an individual were included in the final
individual network. Using this approach, individual net-
works were sparser than when all traced bundles would
have been included. However, we ensured a higher signal
to noise ratio. When applying a mask that includes bun-

dles present in 60% of the participants at both measure-
ments 1 and 2 [de Reus and van den Heuvel, 2013] we
find similar results, although the associations between net-
work measures and IQ become somewhat stronger. This
indicates that our stringent edge-selection did not drive
our findings.

In the streamline based networks there was some dis-
crepancy between the normalized and randomized results
with regard to the correlation between change in IQ and
change in local and global efficiency. This may be
explained by the longitudinal setup of our study. For FA,
there was an almost brain-wide increase, which we
wanted to take into account. For streamline count, at a
regional level both increases and decreases were found. A
correction for overall change in streamline count thus
includes both positive and negative changes, and that will
influence the whole brain network independently of the
strong local differences in maturation pattern. Comparing
the individual streamline-based networks to randomized
networks provides in this case a better approach because
networks are compared to their own null-model with the
same weight distribution.

Several studies found sex related differences in brain
characteristics in children and adolescents [Ingalhalikar
et al., 2014; Lebel and Beaulieu, 2011; Schmithorst and
Yuan, 2010; Wu et al., 2013] and adults [Lebel et al., 2012;
Tang et al, 2010; Yan et al, 2011]. We found that
streamline-weighted network efficiency was significantly
higher in boys at baseline and follow-up, but boys and
girls did not differ on change measures. In contrast, we
found no sex differences in FA-weighted network meas-
ures. Since the participants in the current study are still
young (mean age at baseline 9.9 years), sex differences in
structural network properties could develop at a later age.
There are suggestions that males and females may also
have differential regional associations with intelligence
[e.g., Haier et al.,, 2004; Tang et al., 2010; see also review
by Deary et al., 2010]. Although we cannot exclude that
insufficient statistical power disguised differences between
boys and girls, our data did not show (regional) sex-
dependent longitudinal network changes or correlations
between local structural efficiency and IQ at this age.

In conclusion, in this longitudinal study, we show that
the FA-based topological properties of the young and
healthy teenage brain become more efficient with age. The
streamline-based network is reorganized to a topology
with decreased global efficiency via increases and
decreases in local efficiency. This indicates that FA and
streamline count cover different aspects of the developing
brain and that maturation is not always accompanied by
increases in local information processing. Moreover, the
increase in FA-based local and global efficiency is related
to increases in IQ, whereas in streamline-based networks,
local decreases in efficiency were related to increases in
IQ. This suggests that a decrease in local information proc-
essing capabilities is not per se undesirable. We also found
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that variation in the topology of both FA and streamline-
based networks of young adolescents is partly due to
genetic variation, and that genes shaping FA-based con-
nectivity organization also benefit intelligence. Clearly, the
teenage brain is a network in progress in which individual
differences in network maturation relate to the level of
intellectual functioning.
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