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A B S T R A C T

Purpose: The aim of this study is to better understand the neural substrate of intelligence in children, through the
characterization of the brain's structural connectivity (graph measures), as well as the major white matter (WM)
fibers microstructure.
Materials and methods: Fourty-three children (8 to 12 years) were include in this study. MRI acquisition included
conventional and diffusion tensor imaging sequences. Children also underwent neuropsychological tests, pro-
viding the ten WISC-subtests. A factor analysis was performed to explore the inter-correlations of WISC-IV
subtests and to extract intelligence domains as well as the general intelligence factor (g-score). Correlations
between the intelligence domains and both graphs and diffusivity metrics were also explored.
Results: Global graph metrics revealed a strong relationship between high intelligence scores and brain network
homogeneity (high density and low modularity), mainly in the temporal and parietal lobes. Furthermore,
quantitative WM fiber-bundle analysis showed an increased axonal density in the major WM fiber-bundles that
was associated to increased intelligence performances.
Conclusion: These findings demonstrated that intelligence neural substrate is based on a strong WM micro-
structure of the major intra- and inter- hemispheric fiber-bundles and a well-balanced network organization
between local and global scales.

1. Introduction

Since the introduction of the first theory of general intelligence by
Spearman(Barbey, 2018) and the first tests by Binet,(Basser et al.,
2002) research on intelligence was mainly devoted to models concep-
tion,(Basser et al., 1994) and development of standardized scales to
measure the intelligence quotient (IQ).(Basten et al., 2015) Nowadays,
the neural substrate of intelligence can be investigated using the most
advanced neuroimaging techniques, particularly magnetic resonance
imaging (MRI). Indeed, this non-invasive technique provides both
structural and functional information.(Beaulieu, 2002; Binet, 1905;
Bullmore and Sporns, 2009) Based on the old idea that human in-
telligence depends on the brain size,(Carroll, 1993) MRI studies, con-
ducted on large populations, showed small positive correlations

between brain volume and intelligence.(Clayden et al., 2012; Colom
et al., 2009) Gray matter (GM) and white matter (WM) volumes or
densities also showed global and local correlations with IQ.(Colom
et al., 2010; Desco et al., 2011; Desikan et al., 2006)

Functional MRI (fMRI) has also been used to investigate the re-
lationship between intelligence and brain function, measured either by
task-related or resting-state protocols.(Binet, 1905; Duncan, 2000;
Dunst et al., 2014) Based on these studies, Jung and Haier have in-
troduced the parieto-frontal integration theory (P-FIT) which pointed
out a brain network composed of fourteen cerebral regions associated
with elevated IQ.(Gogtay et al., 2004) More recently, a meta-analysis of
Basten et al. including ten new studies, confirmed that cerebral activity
is significantly correlated with intelligence in twelve of these regions.
(Gray et al., 2003) Hilger et al. confirmed these observations by
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showing that general intelligence depends on the topological organi-
zation of the fronto-parietal network (FPN) as well as the default mode
network (DMN).(Hagmann et al., 2007) The results of these previous
studies suggest a possible specific organization of the brain network
topology, related to intelligence.(Haier et al., 2004) Indeed, authors
suggested, that intelligence could depend “on the dynamic re-
organization of brain networks, modifying their topology and commu-
nity structure in the service of system-wide flexibility and adaptation”.

Diffusion tensor imaging (DTI) also constitutes a very sensitive
imaging tool for the characterization of WM microstructural organiza-
tion and the identification of neural pathways.(Harris and Galton,
1870; Hilger et al., 2017; Jenkinson et al., 2012) Indeed, WM fiber
organization and integrity in brain tissue can be measured through the
estimation of diffusivity metrics such as the fractional anisotropy (FA),
and the axial (AD) and radial (RD) diffusivities, estimating the amount
of diffusion along and perpendicular to the main fiber direction. During
the last decade, the high sensitivity of DTI to WM changes identified an
association between WM microstructure and IQ from childhood to
adulthood. Initially, Schmithorst et al. reported a positive association
between IQ and FA in numerous cerebral regions of children.(Desco
et al., 2011) More recently, a positive correlation between FA values
and intelligence scores, was observed in several large WM fiber-bun-
dles, namely the splenium of the corpus callosum, the left inferior
longitudinal, and the arcuate fasciculi.(Jones et al., 2013) Muetzel et al.
also reported a positive association between FA and both IQ and vi-
suospatial abilities in children, mainly in the right uncinate fasciculus.
(Jung and Haier, 2007) In a study of 168 subjects, aged between eight
and 30 years, both verbal and performance abilities were positively
associated to FA, particularly in the left hemisphere, independently of
age and sex.(Karama et al., 2011) During adolescence, Navas-Sanchez
et al. confirmed the correlation between IQ and FA, mainly in the
corpus callosum,(Kim et al., 2016) while Dunst et al. showed that
adults' WM microstructure differs between individuals as a function of
intelligence and gender.(Kocevar et al., 2016) Along with the FA, AD
may also be well correlated with IQ. Indeed, Nusbaum et al. showed
increased AD in children with high IQ compared to standard IQ. This
study also showed, that diffusivity measures could discriminate two
groups of high IQ children profiles, namely homogeneous and hetero-
geneous.(Lee et al., 2006)

Based on a geometrical graph representation, a simple description of
structural brain connectivity was recently proposed.(Li et al., 2009)
Indeed, connections between GM regions, represented as graph nodes,
can be derived from DTI tractography. Using such formalism, the brain
could be considered as a small-world network, whose organization can
be explored at both local and global scales using graph theory.(Lou
et al., 2004) The relationship between graphs structural connectivity
and IQ was first evaluated in adults by Li et al., showing higher global
efficiency (Eg) and shorter characteristic path length (L) in subjects
with higher IQ scores.(McDaniel, 2005) A recent study, performed in a
population of 99 children (six to eleven years old), showed that Eg was
correlated to the perceptual reasoning index (PRI) and its subtests.
(Mori and Zhang, 2006) Furthermore, this study highlighted several
associations between local network organization and intelligence. In-
deed, PRI sub-scores were positively correlated to local efficiency in the
pre- and post-central gyrus, the precuneus, the superior and inferior
frontal gyri, and in the inferior temporal cortex. However, this unique
study in children was limited to the analysis of only PRI and its subtests.

In the present study, we propose to explore the neural substrate of
intelligence in a cohort of children. We tested the hypothesis that in-
telligence is associated with a better structural connectivity and a
specific network organization at different anatomical levels: whole
brain, intra- and inter-hemispheres, and lobes. The relationship be-
tween diffusion metrics and the major intelligence domains, based on
the Wechsler intelligence scale for children (WISC-IV) subtests inter-
correlations, was first assessed in the main WM fiber-bundles. Second,
the brain structural networks properties were investigated using a

graph theory approach at both global and local scales.

2. Material and methods

2.1. Participants

This prospective MRI study (conceived by F.N.) included 43 chil-
dren (11 girls and 32 boys, age (mean ± SD): 9.82 ± 1.06 years).
Subjects were recruited from the private psychological center
(PSYRENE) and the children's psychiatry unit of Lyon's Neurological
Hospital, both specialized in high IQ children evaluation and follow-up,
as well as through advertisement in medical practices and public in-
stitutions. All children with any neurological diseases, medical psy-
chiatric comorbidities, learning disabilities, psychotropic treatments, or
contra-indications for MRI were excluded. Prior to enrollment, children
received a medical examination and were fully informed along with
their parents of the study details. Ethical committee approval (“CPP
Sud-Est IV”) and written informed consent from the children and their
parents were obtained.

2.2. Intelligence scores

All children underwent comprehensive neuropsychological testing
using the WISC-IV which provided a reliable estimation of the full-scale
IQ (FSIQ) based on ten subtests, namely the vocabular, comprehension,
and similarities subtests (estimating the verbal comprehension abil-
ities), the picture concept, matrix reasoning, and block design (re-
flecting the perceptual reasoning abilities), the letter-number sequen-
cing and digit span subtests (estimating the working memory), and the
coding and symbol search subtests (estimating the processing speed).

2.3. MRI acquisition and processing

MRI examinations were performed without any sedation or contrast
agent at the MRI department of the CERMEP-Imagerie du Vivant, on a
1.5 T Siemens Sonata system (Erlangen, Germany) with an 8-channels
head-coil and 40mT/m gradients. The MRI protocol included a 3D T1-
weighted magnetization prepared rapid gradient echo (MPRAGE) se-
quence (time of repetition / time of echo / time for inversion [TR/TE/
TI]= 1970/3.93/1100ms; flip angle= 15°; matrix size= 256×256;
field of view=256×256 mm; slice thickness= 1mm; voxel
size= 1x1x1 mm; acquisition time=8min). DTI protocol was based on
a 2D multi-slice spin-echo echo-planar imaging (EPI) sequence (TR/
TE=6900/86ms, resolution 2.5× 2.5×2.5mm, FOV=240×240
mm, acquisition time=7min). Fifty-one contiguous axial slices were
acquired in the anterior commissure - posterior commissure (AC-PC)
plane. Twenty-four diffusion gradient directions (b= 1000 s/mm2)
were applied. The b0 image was acquired four times to increase signal
to noise ratio while other directions were acquired twice.

Diffusion data were corrected for subjects' motion and Eddy currents
using the FMRIB Software Library (FSL).(Muetzel et al., 2015) Non-
brain voxels were removed using FSL-BET. Transformation matrices
generated during the Eddy current correction were also used to com-
pute the Root Mean Square deviation. As a result, we obtained a mean
patient displacement value of 1.26 ± 0.52mm (mean ± SD), which is
half of a voxel size (2.5mm). For each subject, the tensor model was
then fitted on diffusion data using FSL-FDT and four diffusion maps (FA,
AD, RD, and mean diffusivity (MD)) were extracted.(Navaschez et al.,
2014)

Both T1-weighted and DTI data were visually inspected (GK, SH &
D.S-M) in order to detect artifacts arising from subject motion or
scanner malfunction and confirm the lack of visually detectable ab-
normalities.
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2.4. Fiber-bundle analysis

Large WM fiber-bundles were defined using the Illinois Institute of
Technology (IIT) atlas, which included the forceps major (Fmajor), the
forceps minor (Fminor), the superior and inferior longitudinal fasci-
culus (SLF and ILF respectively), the inferior fronto-occipital fasciculus
(IFOF), the uncinate fasciculus (Unc), the cingulum (Cing), and the
cortico-spinal tract (CST).(Nusbaum et al., 2017) The IIT atlas FA map
was co-registered to each subject's FA image using a non-rigid trans-
formation performed using NiftyReg (Oshio et al., 2010) The resulting
deformation field was then applied to co-register the IIT atlas large WM
fiber-bundles to each patient's space. Since fiber-bundles masks con-
tained the probability of each voxel to belong to a specific fiber-bundle,
a threshold was used to discard all voxels having a probability lower
than 35%. The resulting masks were then binarized. Finally, the mean
value of FA, MD, AD, and RD, were extracted from each subject's fiber-
bundles. This pipeline for fiber-bundles analysis is illustrated in Fig. 1.

2.5. Graphs analysis

The previously generated deformation field was used to transform
the Desikan cortical and subcortical GM parcellation to each subject
space, to define the 84 nodes of the structural brain networks.(Ourselin
et al., 2001)

Whole brain tractography was performed for every subject using
MRtrix software.(Privado et al., 2017) First, the main diffusion direc-
tions were estimated in each voxel using diffusion orientation dis-
tribution function (dODF). The maximum spherical harmonics order
h=4 was selected to match with the acquisition protocol. Then, based
on the four-tissue-class classification (WM, cortical GM, sub-cortical
GM and cerebro-spinal fluid (CSF)) of the IIT atlas and dODF,

anatomically constrained probabilistic streamline tractography was
performed to generate 1′000’000 streamlines. Finally, adjacency ma-
trices were generated for each subject by summing the number of
streamlines connecting each pair of nodes. In order to remove the
weakest connections generated by tractography, a proportional
threshold (τ) must be applied to obtain binary connectivity matrices. As
this threshold strongly affects the network topology and density, it has
to be carefully chosen.(Reuter et al., 2012; Rubinov and Sporns, 2010)
Two methods are commonly used in brain network studies, namely
absolute and proportional thresholding. In this work, proportional
threshold τ=0.25 was selected according to the method described
elsewhere.(Schmithorst et al., 2005) The pipeline for graph generation
is illustrated in Fig. 1.

Brain structural connectivity was analyzed globally as well as lo-
cally by dividing the connectivity matrices in different sub-graphs: the
left and right hemispheres, and the inter-hemisphere connections
graph. The connectivity matrices were also divided into subnetworks of
lobes (frontal, occipital, parietal and temporal), and sub-cortical nuclei.
Details of the cortical regions composing each lobe and a schematic
representation of this subdivision on the connectivity matrix is shown
in Fig. 2.

The topological properties of brain networks were analyzed using
global and nodal metrics from graph theory.(Shaw et al., 2006) Six
global graph metrics were estimated to analyze the networks proper-
ties. First, the graph density (D) is measured as the ratio between the
numbers of effective connections in the graph (l) to the number of
possible connections. Second, the integration property of the graph was
evaluated using the following two metrics: the characteristic path
length (L), which is the mean of the shortest paths in the graph, and the
global efficiency (Eg), which is the mean of the inverse of the distance
matrix of the graph. Third, the segregation property of the graph was

Fig. 1. Overview of the pipeline used for data processing. On top, the pipeline for graph generation: graph nodes are generated through anatomical parcellation on T1
image (Spearman, 1904) and probabilistic anatomically constrained streamline tractography is generated from diffusion images (Binet, 1905). Then, the numbers of
streamlines connecting each pair of nodes are used to define edges in the weighted graph and generate the connectivity matrices. (Carroll, 1993) Finally, a
proportional threshold (τ=0.25) was applied to remove the weakest connections before generating adjacency matrices (Wechsler, 2004). On bottom, the pipeline for
fiber-bundles extraction. Computation of FA, MD, AD, and RD (Duncan, 2000) from diffusion images. Registration of the atlas on the subject space (Gray et al., 2003)
and extraction of the mean value inside WM masks.
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analyzed using the following three metrics: the transitivity (T) which is
the ratio between the number of triangles and the number of triplets in
the graph, the assortativity (r) which is the Pearson coefficient between
the degrees of two nodes at the extremities of an edge, and the mod-
ularity (Q) which is the difference between the number of intra-mod-
ules connections and the number of inter-modules connections. Four
nodal graph metrics were also computed. The degree (ki) represents the
number of connections of each node. The clustering coefficient (Ci)
defined as the ratio between the number of triangles and the number of
triplets around each node, measures the network's tendency to form
dense local clusters. The betweenness centrality (Bi), defined as the
ratio of the number of the shortest paths comprising the node to the
total number of shortest paths in the graph, measures the hub property
of the node. The nodal efficiency (Ei) defined as the mean of the inverse
of the distance vector, measures the signal transmission efficiency.

Small-world properties of each subject's graph were estimated. First,
a random graph with preserved degree distribution was generated.
Then the characteristic path length (L) and the mean clustering coef-
ficient (C) were estimated for both the subject and the random graph.
Finally, λ, γ, and σ were estimated as follows:

= = =λ
L
L

γ
C
C

σ
γ
λ

; ;subject

random

subject

random

Compared with a random network, small-world networks are
known to have similar L and higher C, resulting in λ ≈ 1, γ>1, and
σ>1.(Shuman et al., 2013)

All the metrics, except graph density, were computed based on the
binarized connectivity matrices using the brain connectivity toolbox on
Matlab.(Shaw et al., 2006)

2.6. Statistical analysis

As previously described in Karama et al.(Simpson et al., 2013), a

factor analysis was performed on the correlation matrix of the ten WISC
subtests in order to explore their inter-correlations and to extract in-
telligence domains not biased by the factor “g”. First, a factor analysis
using the oblique “promax” rotation was applied to the subtests, de-
fining the principal intelligence domains. Second, an unrotated factor
analysis was performed to extract the g-score, defined as the scores of
the first factor component. Finally, the correlations between each in-
telligence domains and the g-score were processed to extract their re-
siduals, considered as g-unbiased intelligence domains.

As previously described by Privado et al.(Song et al., 2008), a
principal component analysis (PCA) was performed to explore potential
groups of inter-correlated WM fiber-bundles, based on their diffusivity
metrics (FA, AD, RD, MD). The resulting components were rotated to
the simple structure using a “promax” rotation.

Partial correlations between g-unbiased intelligence domains and
graph network metrics or diffusivity components were calculated in the
total subject sample. A general linear model (GLM) was used to in-
vestigate the relationship between each intelligence domain and the
diffusion metrics of the WM fiber-bundles, as well as the global and
nodal graph metrics. Age and sex were added to the linear model as
cofactors in order to account for any imbalance effect. The general
expression of this model was as follows:

+ +Intelligence domain diffusion graph metric Age Gender~( / )

Significance of all predictors for each fit was tested by applying
analysis-of-variance and analysis-of-deviance with a 5% significance
level. All statistical analysis were computed using R and the “psych”
library.(Sowell et al., 2003) In order to correct for multiple comparisons
between the local graph metrics, Sidak correction was applied to the p-
values.

Fig. 2. Schematic representation of the connectivity matrix subdivision in different networks, including left-, right-, and inter- hemispheres networks and lobes
networks. The cortical regions in each lobe are also reported.

G. Kocevar et al. Intelligence 72 (2019) 67–75

70



3. Results

3.1. Intelligence factor analysis

Based on the ten WISC-IV subtests data, three broad g-score do-
mains were defined by the factor analysis as shown in Fig. 3. Table 1
shows the descriptive statistics for the ten intelligence measures and the
correlations among them. The first domain (PA1) including the matrix
reasoning, block design, digit span, and similarities subtests, is named
“fluid intelligence”. The second domain (PA2) including the symbol
search, coding, and letter-number sequencing subtests, is named
“Classification ability”; and the third domain including the compre-
hension, vocabulary, and picture concept subtests, is named “crystal-
ized intelligence”. A second factor analysis, based on the three major
intelligence domains, was then applied on the correlation matrix to
define the g-score and the g-unbiased intelligence domains (PA1-g,
PA2-g, and PA3-g; Table S2 in the supplementary data).

3.2. Fiber-bundles analysis

Based on the diffusion data of the seventeen WM fiber-bundles,

broad components of fiber-bundles were defined by a factor analysis.
First performed on FA values of the WM fiber-bundles (Table S2 in
supplementary materials), the factor analysis extracted five broad
components with eigenvalues of 6.93, 1.78, 1.40, 1.30, and 1.17, ex-
plaining 74% of the total variance (41%, 10%, 8%, 8%, and 7%). The
first component (FA-Comp1) showed high loadings for the Fmajor,
Fminor, left and right ILF and left hippocampal part of the Cing and left
IFOF. The second component (FA-Comp2) comprised the left and right
Unc, the right hippocampal part of the Cing and the right IFOF, whereas
the third component (FA-Comp3) showed high loadings for the left and
right cingular parts of the Cing and the right SLF. The fourth component
(FA-Comp4) comprised the left and right CST, whereas the fifth com-
ponent (FA-Comp5) showed high loadings for the fornix and the left
SLF.

When performed on AD values of the WM fiber bundles (Table S3 in
supplementary data), four broad components were obtained with ei-
genvalues of 7.22, 2.60, 1.56, and 1.12, explaining 74% of the total
variance (42%, 15%, 9%, and 7%). The first component (AD-Comp1)
showed high loadings for the Fmajor and Fminor, and for the right
hippocampal part of the Cing, CST, IFOF, ILF, SLF, and Unc. The second
component (AD-Comp2) comprised the left IFOF, ILF, SLF, and Unc.
The third component (AD-Comp3) showed high loadings for the fornix
and the left and right cingular part of the Cing. Finally, the fourth (AD-
Comp4) component comprised the left hippocampal part of the Cing
and CST.

As reported in Table 2, the broad components based on AD and FA
values of the WM fiber bundles were further correlated to the in-
telligence domains. First, significant positive correlations were ob-
served between AD-Comp1 and PA1, PA2, PA3, and g-score. Also, sig-
nificant positive correlations were observed between AD-Comp2 and
PA1, g-score and PA1-g, and between AD-Comp4 and PA3-g. Finally, a
significant negative correlation was observed between AD-Comp2 and
PA2-g. Second, significant positive correlations were observed between
FA-Comp1 and PA1 and between FA-Comp5 and PA2 and g-score. A
significant negative correlation between FA-Comp1 and PA2-g was
observed. The factor analysis was also performed on the radial and
mean diffusivities of WM fiber-bundles and showed no significant
correlations with intelligence (Loadings matrices are reported in Tables
S4 and S5 of supplementary data).

3.3. Graph analysis

Structural brain networks were successfully reconstructed using a
threshold of 0.25 and 1′000’000 fibers. The resulting networks showed
overall small world characteristics for all subjects with a mean σ of
1.62, a mean γ of 1.74, and a mean λ of 1.08.

Fig. 3. The g-score, obtained using a factor analysis of the ten WISC subtests,
was composed of three major broad domains, named “fluid intelligence” (PA1),
“classification ability” (PA2), and “crystalized intelligence” (PA3).

Table 1
Correlation matrix and descriptive statistics of the ten WISC-IV subtests (1: Block Design, 2: Similarities, 3: Digit span, 4: Picture concept, 5: Coding, 6: Vocabulary, 7:
Letter-Number, 8: Matrix reasoning, 9: Comprehension, 10: Symbol search).

1 2 3 4 5 6 7 8 9 10

1 0.42⁎⁎ 0.43⁎⁎ 0.19 0.17 0.27 0.42⁎⁎ 0.56⁎⁎⁎ 0.23 0.20
2 0.57⁎⁎⁎ 0.52⁎⁎⁎ 0.12 0.43⁎⁎ 0.51⁎⁎⁎ 0.46⁎⁎ 0.41⁎⁎ 0.33⁎
3 0.43⁎⁎ 0.19 0.30 0.54⁎⁎⁎ 0.49⁎⁎⁎ 0.44⁎⁎ 0.03
4 0.32⁎ 0.30 0.52⁎⁎⁎ 0.21 0.34⁎ 0.16
5 0.30 0.42⁎⁎ 0.21 0.09 0.41⁎⁎
6 0.43⁎⁎ 0.13 0.56⁎⁎⁎ 0.19
7 0.53⁎⁎⁎ 0.35⁎ 0.36⁎
8 0.23 0.30
9 −0.06
10
Mean 13.19 15.86 12.28 12.6 10.86 15.93 11.44 13.37 14.47 11.14
sd 3.86 3.11 3.13 3.25 3.19 3.06 3.11 3.02 3.38 2.62

⁎ p < 0.05.
⁎⁎ p < 0.01.
⁎⁎⁎ p < 0.001.
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3.4. Global graph metrics

Correlations between graph metrics and the three intelligence do-
mains, the g-score, and the g-unbiased intelligence domains are

reported in Table 3. PA1, PA2, and g-score showed significant corre-
lations with the density in the whole brain (Fig. 4). In the inter-hemi-
spheric network, PA1 and g-score were positively correlated with
density, PA1-g was positively correlated with efficiency, characteristic

Table 2
Correlations between WM fiber-bundles diffusivity components of fractional anisotropy (FA) and axial diffusivity (AD), and intelligence domains (PA1, PA2, and
PA3), g-score, and g-unbiased intelligence domains (PA1-g, PA2-g, and PA3-g).

PA1 PA2 PA3 g-score PA1-g PA2-g PA3-g

AD Comp-1 0.397⁎⁎ 0.402⁎⁎ 0.259⁎ 0.433⁎⁎
Comp-2 0.496⁎⁎ 0.353⁎ 0.197⁎ −0.116⁎
Comp-4 0.257⁎⁎, ⁎⁎⁎

FA Comp-1 0.323⁎ −0.112⁎
Comp-5 0.320⁎ 0.327⁎

⁎ p < 0.05.
⁎⁎ p < 0.01.
⁎⁎⁎ p < 0.05 for effect of age.

Table 3
Correlation slopes between global graph metrics, namely the density (D), assortativity (r), transitivity (T), modularity (Q), characteristic path length (L), and
efficiency (E) in different brain networks (whole brain, inter-hemispheres, left and right hemispheres, lobes, and subcortical nuclei) and intelligence domains (PA1,
PA2, PA3, g-score, and g-unbiased PA1-g, PA2-g, PA3-g).

g-score PA1 PA2 PA3 PA1-g PA2-g PA3-g

Whole brain D 16.87⁎⁎ 19.06⁎⁎⁎ 15.24⁎ – – – –
Inter-hemisphere D 9.20⁎ 11.58⁎⁎ – – – – –

E – – – – 4.82⁎ – –
L – – – – 0.30⁎ – –
Q – – – – 1.68⁎ – –
T – – – – – −3.25⁎ –

Left Hemisphere D 19.52⁎⁎ 19.48⁎⁎ 19.53⁎ – – – –
Q – – – – – – −16.59⁎

Right Hemisphere D 13.17⁎ 12.76⁎ 12.68⁎ – – – –
T – – – – −20.26⁎ – –

Frontal Q – – – – – – 11.46⁎
T −14.26⁎ – −14.37⁎ – – – –

Parietal D 18.24⁎⁎⁎ 20.16⁎⁎⁎ 15.86⁎⁎⁎ – – – –
Q – −10.85⁎⁎ – – −4.87⁎ – –
r −7.27⁎⁎ −8.12⁎⁎ −6.24⁎ – – – –

Temporal E −45.01⁎ −52.19⁎ – – – – –
L 10.22⁎ 12.12⁎⁎ – – – – –
Q −225.66⁎ – −218.25⁎ – – – –
r 6.13⁎⁎ 5.82⁎ 5.81⁎ – – – –

Occipital D – 2.67⁎ – – – – –
E – – – – – – 18.84⁎⁎
L – – – – – – −5.38⁎⁎
T – – – – – – 2.68⁎, #

Subcortical E – – – 4.43* – – –
L – – – – – – −1.13⁎⁎
r – – – 2.86⁎ – – 2.01⁎

⁎ p < 0.05.
⁎⁎ p < 0.01.
⁎⁎⁎ p < 0.001.
# p < 0.05 for the effect of age.

Fig. 4. Significant positive correlations measured between graph density in the whole brain network and the g-score (p < 0.01), the fluid intelligence domain (PA1;
p < 0.001), and the classification ability domain (PA2; p < 0.05).
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path length, and modularity, and PA2-g was negatively correlated with
transitivity. PA1, PA2, and g-score were positively correlated with
density in both left and right hemispheres, whereas PA1-g showed ne-
gative correlations with transitivity in the right hemisphere and PA3-g
with modularity in the left hemisphere.

Global graph metrics were also measured in brain networks of lobes,
namely the frontal, parietal, occipital, and temporal lobes, as well as in
the sub-cortical nuclei. In the frontal lobe, PA3-g was positively cor-
related with modularity, whereas PA2 and g-score were negatively
correlated with transitivity. In the parietal lobe, PA1, PA2, and g-score
were positively correlated with density, while PA1 and PA1-g were
negatively correlated with modularity. Also, PA1, PA2, and g-score
were negatively correlated with assortativity. In the occipital lobe, PA1
was positively correlated with density. PA3-g was positively correlated
with efficiency and transitivity, but negatively correlated with char-
acteristic path length. In the temporal lobe, PA1 and g-score were po-
sitively correlated with characteristic path length and assortativity and
negatively with efficiency. PA2 was positively correlated with assorta-
tivity and negatively with modularity. Also, g-score was negatively
correlated with modularity. Finally, in the sub-cortical network, PA3
was positively correlated with efficiency and assortativity, while PA3-g
was negatively correlated with characteristic path length and positively
correlated with assortativity.

3.5. Nodal graph metrics

Significant correlations were observed between intelligence do-
mains and g-score and local graph metrics in all the brain lobes.
However, after correcting p-values for multiple comparisons (84 graph
nodes), only few correlations remained significant. More in details,
PA1-g was positively correlated with the degree and betweenness
centrality, and negatively with clustering coefficient and local effi-
ciency in the right precuneus node (Fig. 5). Also, PA1-g was negatively
correlated with the degree in the right isthmus cingulate node.

4. Discussion

In this work, WM structural connectivity was measured using fiber-

bundle analysis as well as graph theory method. To our knowledge, this
study is the first to correlate children intelligence with both global and
local graph metrics of brain networks.

The main finding of this study was the observation of numerous
significant correlations between different global graph metrics and in-
telligence domains. First, the increase of density with the general in-
telligence domains (g-score, PA1, and PA2) in the whole brain, the left
and right hemispheres, and the inter-hemisphere networks demon-
strated that a high level of intelligence is associated with increased WM
connectivity. More specifically, the graph density in whole brain and
hemisphere networks was correlated with PA1 and PA2 but not with
PA3 intelligence domains, showing the predominance of fluid in-
telligence and classification abilities. Second, the decreased segregation
properties (modularity and transitivity) with the general intelligence
domains (g-score, PA1, and PA2) in the frontal (PA2), parietal (PA1),
and temporal (g-score and PA2) lobes networks showed that the main
intelligence domains are related to homogenous brain organization.
These correlations observed between frontal and temporo-parietal re-
gions and intelligence are in agreement with the meta-analysis of Jung
and Haier,(Gogtay et al., 2004) and Basten et al.(Gray et al., 2003)
Nevertheless, as concluded by Basten et al.,(Gray et al., 2003) one
should carefully distinguish structural and functional brain correlates of
intelligence. These correlations confirmed the important role of parietal
and temporal functions, in intelligence processes, including visuo-spa-
tial and classification abilities, unconsciousness, memory (mirror neu-
rons) and emotion.(Spearman, 1904; Squire and Zola-Morgan, 1991) In
contrast, the third broad intelligence domain, named crystalized in-
telligence (PA3 and PA3-g), was mainly associated to increased in-
tegration properties in the occipital lobe and sub-cortical nuclei net-
works. This finding is in agreement with the previous report of Colom
et al., showing that crystalized intelligence correlates mainly with oc-
cipital regions.(Tamnes et al., 2010) These findings on global network
organization support the model proposed by Barbey,(Haier et al., 2004)
in which high intelligence is related to a balance between high in-
tegration (high density) and mean segregation (modularity and transi-
tivity) levels in the network, which correspond to the definition of a
small-world network as observed in this study.

To further explore the relationship between intelligence and brain

Fig. 5. Correlations between PA1-g intelligence domain and local graph metrics in the right precuneus node.
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organization at a lower scale, local graph metrics were computed.
Associations were mainly found in the parietal, temporal, and frontal
lobes, which correspond to the P-FIT regions.(Gogtay et al., 2004)
However, after multi-comparison correction, only correlations in the
parietal lobe remained significant. The four metrics, measured in the
right precuneus, showed a better network integration in relation with
the g-unbiased fluid intelligence (PA1-g). This result is in agreement
with previous studies, highlighting the importance of the precuneus in
visuo-spatial abilities and self-conciousness.(Team, 2015; Tournier
et al., 2012)

These results on structural brain network organization were con-
firmed by the diffusivity measurements obtained from the major WM
fiber-bundles. Indeed, positive correlations were observed between AD
values and intelligence domains. Based on the hypothesis that AD va-
lues reflect myelination and axonal density or diameter,(Uehara et al.,
2014; Varentsova et al., 2014) these findings confirmed the relationship
between WM fiber-tracts integrity and intelligence and suggest the
potential interest of AD as a marker of general intelligence. More spe-
cifically, the correlation with g-score and g-intelligence domains (PA1,
PA2, and PA3) were mainly located in the right fiber-bundles (AD-
Comp1), while the correlations with g-unbiased intelligence domains
were mainly located in the left fiber-bundles (AD-Comp2). These results
may suggest a potential lateralization of the intelligence axonal sub-
strate, with the general intelligence being more weighted by the right
WM fiber-bundles, and the g-unbiased intelligence being more
weighted by the left WM fiber-bundles.

5. Methodological limitations

From a methodological perspective, this study may suffer from few
limitations. First, the diffusion acquisition was limited to 24 directions,
which is relatively low compared to current research standards in dif-
fusion imaging. Nonetheless, potential crossing-fibers errors were
minimized by using spherical deconvolution instead of classical diffu-
sion tensor model. Second, this study recruited a relatively low number
of participants, which is mostly related to the targeted population of
young children. Third, the unbalanced ratio of girls and boys was
overcome by including the gender effect in the statistical analysis. This
limitation is often encountered in high potential children studies, as
girls present the ability to “over-adapt” which leads to an under-diag-
nosis of high IQ girls. Finally, our subjects' age was limited to the range
of eight to twelve years old. At this age, the maturation of prefrontal
cortex is not complete, which may explain the lack of finding in this
region.(Wechsler, 2004; Wickett et al., 2000)

6. Conclusion

Our findings showed that both inter- and intra-hemispheric WM
integrity are enhanced in children with high intellectual abilities. In
agreement with the literature, these results confirmed that diffusion
metrics measured in WM fiber-bundles constitute accurate and quan-
titative markers of intelligence. Furthermore, high intelligence neural
substrate is related to a high fiber density, optimally distributed
through integrated and homogeneous networks. This study confirmed
the sensitivity and the accuracy of such graph-based methods for the
investigation of brain topological organization.
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