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Abstract

Literacy and numeracy are fundamental skills acquired in childhood, a time that
coincides with considerable shifts in large-scale brain organisation. However, most
studies emphasize focal brain contributions to literacy and numeracy development by
employing case-control designs and voxel-by-voxel statistical comparisons. This
approach has been valuable, but does not capture the potential importance of broader
differences in brain organisation. The current study aims to address this by including
children with varying levels of reading and maths ability, and by using a whole-brain
structural connectome approach based on diffusion-weighted MRI data. Our results
indicate an association between literacy and numeracy development and a distributed
network of white matter connections that extends well beyond regions implicated in
voxel-wise studies. Graph theory measures of network organisation were predictive of
reading and maths scores. Simulated disruption of highly-connected hubs indicated that
these regions are particularly important for optimal network organisation. These
findings show that changes in large-scale brain organisation contribute to improvements
in literacy and numeracy as children grow up.
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Introduction

Studies of the structural basis of inter-individual variation in reading and maths abilities
have so far laregely emphasised particular anatomical substrates (Peterson and
Pennington 2015, K Kucian and M von Aster 2014). These are largely derived a priori
from adult neuropsychological models or from the use of statistical procedures optimised
to uncover maximal focal differences in canonical case-control designs (Carter et al.
2009, Rollins et al. 2009, Odegard et al. 2009, Matejko et al. 2013, Kucian et al. 2013,
Beek et al. 2014). While these approaches have been invaluable for discovering the brain
basis of acquired adult disorders, their applicability to disorders of developmental origin
has been questioned for some time (Karmiloff-Smith 1998). In contrast to classical adult
neuropsychology, in which specific functions are mediated by specific brain modules,
recent theoretical approaches suggest that specialization arises from the interaction
between brain regions over the course of development (Johnson 2003, Pascual-Leone et
al. 2005). As a result of these interactions, developmental cognitive problems are likely
to be associated with changes in brain organisation, as problems cascade through the
system or are partially compensated for elsewhere.

The approach typically taken to understanding the neural basis of developmental
cognition is unlikely to capture these developmental cascades for several reasons. Firstly,
the use of voxel-wise statistical comparisons emphasizes the small number of voxels of
overlap across children, and ignores any broader differences in brain organisation.
Secondly the use of case-control designs with the strict selection of cases and controls
can give a misleading appearance of the relative purity of any cognitive deficit (e.g.
(Ranpura et al. 2013)). In reality, comorbidity is more the rule than the exception in
developmental disorders (Larson et al. 2011, Pennington and Bishop 2009, Landerl and
Moll 2010, Gillberg 2010), but the real-world presentation of these difficulties is often
not reflected by the cohorts of children studied. Together these design choices can give
the false impression that developmental cognitive disorders arise from focal ’lesion-like’
brain differences.

In these traditional neuroimaging studies (Peterson and Pennington 2015, Kucian and
von Aster 2014), deficits in these aspects of learning has been linked differences in tracts
of the Ilanguage system, including the inferior and superior longitudinal
fasciculus/arcuate fasciculus, posterior corpus callosum, and extreme capsule (Carter et
al. 2009, Rollins et al. 2009, Odegard et al. 2009). In the case of mathematical abilities,
white matter connections of the parietal and frontal lobe have been implicated (Matejko
et al. 2013, Kucian et al. 2013, Beek et al. 2014).



The approach to understanding the relationship between white matter organisation and
the development of literacy and numeracy adopted in the present study differed in two
key respects from previous research. First, a large sample of children (n=88) was
recruited with mathematics and reading abilities spanning the full range from impaired
to age-appropriate performance levels. Individuals were not excluded on the basis of
comorbid neurodevelopmental disorders, yielding a sample that reflects the typical
presentation of these cognitive disorders in the population (Landerl and Moll 2010,
Kovas et al. 2007).

Second, we applied contemporary network science methods to provide a comprehensive
account of the neuroimaging data. In a network analysis, brain regions are described as
nodes and their connections as edges. Nodes typically correspond to regions of interest
(Dell’Acqua and Catani 2012, Fornito, Zalesky, and Breakspear 2015). Edges can
represent the strength of white matter connectivity based on diffusion-weighted imaging
(Qi et al. 2015). Graph theory provides a mathematical framework for the analysis of
the resulting network (Bullmore and Sporns 2009, Rubinov and Sporns 2010), which
describes organisational principles related to ease of information exchange and wiring
cost. Typical childhood is characterised by increases in global efficiency between
preschool years and adulthood (Hagmann et al. 2010, Fan et al. 2011, Yap et al. 2011,
Dennis et al. 2013, Huang et al. 2013, Khundrakpam et al. 2012, Wierenga et al. 2015,
Hagmann et al. 2010, Dennis et al. 2013, Huang et al. 2013). In contrast, structural
brain networks in atypically developing groups, including autism, premature birth,
hypoxic-ischaemic injury, and attention-deficit hyperactivity disorder (ADHD), were
found to deviate from this organisation (Pandit et al. 2013, Pannek et al. 2013, Shi et
al. 2013, Konrad and Eickhoff 2010). A set of highly-connected nodes known as the “rich
club” is thought to be particularly important for efficient brain network organisation
(van den Heuvel et al. 2012, van den Heuvel and Sporns 2011, Crossley et al. 2014).
Neurodevelopmental and neurodegenerative diseases were found to show
disproportionate anatomical abnormalities in these rich club regions (Crossley et al.
2014) indicating that they may be especially important for understanding atypical brain
development (Di Martino et al. 2014).

To investigate how the organisation of the structural brain networks relates to literacy
and numeracy development, we constructed a network that represents white matter
connections throughout the brain based on diffusion-weighted MRI data. Network-based
statistics were applied to assess how clusters of white matter connections related to
reading and maths ability scores. Next, the relationship between global measures of
network organisation and ability scores, and how this relationship may be governed by
highly connected hub nodes was investigated. Finally, the extent to which age-related



improvement in literacy and numeracy may be explained by the concurrent development
of the structural brain network was estimated.



Participants and Methods

Participants

All children participated in a large-scale study at the MRC Cognition and Brain
Sciences, the Centre for Attention, Learning, and Memory (CALM) research clinic. At
the clinic, children were recruited on the basis of ongoing problems in attention,
learning, and/or memory in school and were identified by professionals working in
schools or specialist children’s community services. Families were invited for an
assessment that lasted approximately 3 hours. The assessment included the academic
attainment measures reported here. Exclusion criteria for referrals were significant or
severe known problems in vision or hearing that were uncorrected, conditions of known
genetic origin, and having a native language other than English. This study was
approved by the local NHS research ethics committee (Reference: 13/EE/0157). Written
parental consent was obtained and children provided verbal assent.

Complete MRI scans were available from 139 children. 27 children were excluded
because of missing data on the WIAT Numerical Operations or WIAT Word Reading
subtest, 24 children were removed due to excessive movement during the diffusion
sequence (maximum frame-by-frame displacement > 3mm). The final sample consisted
of 88 participants (33 female; Age [years|: mean=9.51, SD=2.306, Range:6-18).

Assessment of learning

Children completed the Numerical Operations and Word Reading subset of the
Wechsler Individual Achievement Test-Second UK Edition (WIAT-IIUK, Wechsler
2005) as part of a larger battery of tests in an individual assessment setting with a
trained researcher. For the Numerical Operations subtest, children had to solve
arithmetic problems in a booklet that ranged from basic counting to more complex
operations including multi-digit multiplication and calculations with fractions. For the
Reading subtest, the child had to read single words from a card that got progressively
more difficult and correct pronunciation was scored. For the tests, correct responses
were scored until 6 or 7 consecutive scores of zero, respectively, were reached following
the reference manual of the test (Wechsler 2005).

At the group level, ability scores in maths and reading were in the low range (Age-
normed standard scores: maths: mean==86.92, SE=1.883, reading: mean=87.25,
SE=1.827) with 45% of participants scoring 1 standard deviation or more below the
norm mean on maths and 49% on reading. There was no significant difference between



maths and reading standard scores (Paired-sample t-test: t(87)=-0.19, p=0.85). Ten
children had a specific maths deficit (Age-standardised scores: maths < 85, reading >
90), 8 children had a specific reading deficit (reading < 85, maths > 90), 27 children had
maths and reading deficits (maths < 85, reading < 85), and 22 children had no maths or
reading deficit (maths > 90, reading > 90). These scores indicate that the current
sample showed a spread of ability in reading and maths ranging from learning deficits in
either or both domains to age-appropriate ability. The scores also illustrate the high
comorbidity of poor literacy and numeracy skills, which was further reflected in a high
correlation between maths and reading scores (n=88, Pearson-R=0.74, p<0.001)
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Figure 1: Illustration of sample test items required to reach age-appropriate scores at
different ages on the Wechsler Individual Achievement Test 2nd edition UK (WIAT-11 UK)
Word Reading task (left) and the Numerical Operations task (right). Skills assessed on the
attainment measures ranged from basic fact retrieval to complex skills including being able to
read non-phonetic words and solving of multi-step calculations.

MRI data acquisition

Magnetic resonance imaging data was acquired at the MRC Cognition and Brain
Sciences Unit, Cambridge U.K. All scans were obtained on the Siemens 3 T Tim Trio
system (Siemens Healthcare, Erlangen, Germany), using a 32-channel quadrature head
coil. The imaging protocol consisted of two sequences: T1-weighted MRI and a diffusion-
weighted sequence.

T1-weighted volume scans were acquired using a whole brain coverage 3D Magnetisation
Prepared Rapid Acquisition Gradient Echo (MP-RAGE) sequence acquired using 1mm
isometric image resolution. Echo time was 2.98 ms, and repetition time was 2250 ms.

Diffusion scans were acquired using echo-planar diffusion-weighted images with an
isotropic set of 60 non-collinear directions, using a weighting factor of bleOOs*mm’Q,



interleaved with 4 T2-weighted (b = 0) volumes. Whole brain coverage was obtained
with 60 contiguous axial slices and isometric image resolution of 2mm. Echo time was 90
ms and repetition time was 8400 ms.

Connectome construction

The white-matter connectome reconstruction followed a standard procedure of
estimating the most probable white matter connections for each individual, and then
obtaining measures of fractional anisotropy (FA) between cortical regions after
transformation to common space (Horn 2016, see Figure 2). The details of the procedure
are described in the following paragraphs. The code for the connectome construction and
all analyses detailed in this manuscript are available online

(https://github.com /joebathelt /Learning Connectome).

In the current study, MRI scans were converted from the native DICOM to compressed
NIfTT-1 format using the dcm2nii tool developed at the McCauseland Centre for
Neuroimaging  http://www.mccauslandcenter.sc.edu mricro/mricron/dcm2nii.html.
Subsequently, the images were submitted to an implementation of a non-local means de-
noising algorithm (Coupe et al. 2008) in the Diffusion Imaging in Python (DiPy) v0.8.0
package (Garyfallidis et al. 2014) to boost signal to noise ratio. Next, a brain mask of
the b0 image was created using the brain extraction tool (BET) of the FMRIB Software
Library (FSL) v5.0.8. Motion and eddy current correction were applied to the masked
images using FSL routines. The corrected images were re-sliced to Imm resolution with
trilinear interpolation using in-house software based on NiBabel v2.0.0 functions (URL:
http://nipy.org/nibabel /). A spherical constrained deconvolution (CSD) model was
fitted to the 60 gradient direction diffusion-weighted images using a maximum harmonic
order of 8. Correct anatomical orientation of CSD glyphs was visually inspected for
white matter tracts of known orientation (corpus callosum, cortico-spinal tract).

A whole-brain tractography was generated by seeding streamlines from each voxel
within the brain mask using the probabilistic tractography algorithm of MRTRix
(Tournier, Calamante, and Connelly 2012). The desired number of streamlines was set
to 150,000. Other settings followed the recommendations for MRTrix: The fibre tracking
algorithm was set to a minimum and maximum track length of 10mm and 200mm
respectively. The minimum radius of curvature was set to 1 mm and the track size to
0.2mm. The track termination threshold was set to an FA value of 0.1.

Subsequently, a 12 degree-of-freedom affine transform between each participant’s skull-
stripped FA image and the MNI152 template with the correlation ratio as the cost
function was calculated using FSL FAST. This transform was applied to the streamlines
in each participant’s anatomical space to move them into MNI common space (Horn



2016). For structural connectome analysis, regions of interests (ROIs) were based on the
Automatic Anatomical Labelling (AAL) atlas template 10.1006/nimg.2001.0978 with
116 ROIs. The ROIs filled the space between the cortical grey and white matter so that
streamlines would terminate at the edges of the ROI. For each pairwise combination of
ROIs, the number of streamlines intersecting both ROIs was estimated and transformed
to a density map. For FA-weighted networks, this density map was binarized and
multiplied with the FA map to obtain the FA value corresponding to the connection
between the ROIs. This procedure was implemented in-house based on DiPy v0.8.0
functions (Garyfallidis et al. 2014). To remove spurious connections in the FA-weighted
and streamline density-weighted networks, consensus thresholding was applied so that
only connections that were present in more than 60% of the sample were retained (de
Reus and van den Heuvel 2013)

Visualizations of the structural connectome were generated using the BrainNet Viewer
toolbox (Xia, Wang, and He 2013).
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Figure 2: Overview of processing pipeline to construct an FA-based structural connectome
description from diffusion-weighted MRI data.

Network-based statistics

Structural connections that were significantly associated with Reading and Maths
performance were identified in a general linear model (GLM). Correction for multiple
comparisons was performed using Network-Based Statistics (Zalesky, Fornito, and
Bullmore 2010)(NBS, https://sites.google.com/site/bctnet/comparison/nbs). NBS is a
method to control the inflation of Type-1I errors with multiple comparisons and is akin



to cluster statistics in canonical statistical parametric mapping. NBS provides greater
statistical power than other correction methods like Bonferroni or False Discovery Rate
correction. A t-statistic statistic threshold of 3 was used for individual connections
(Zalesky, Fornito, and Bullmore 2010), which were subsequently included in
permutation testing with 10,000 permutations. An NBS-corrected significance level of
p<0.05 was used to report results of this analysis.

Graph theory analysis

The organisation of the structural network (G) was characterised through the average
clustering coefficient (C;) and the characteristic path length (L;, Rubinov and Sporns
2010). For nodes i,j, and h with weight w as a subset of all nodes N in a network G:

L . Z]EN}::Ld .
The characteristic path length was defined as: L; = —ZLEN ——— with d;; as the
shortest path between nodes i and j For graph that were not fully connected, L; was

calculated for the largest component (Fornito, Zalesky, and Bullmore 2016).

w

Clustering coefficient was defined as: ZlENk(k oy

with t; as the number of

triangles: t; = Zf REN (Wi wipwjn) /3

The Brain Connectivity Toolbox for Python implementation was used to calculate these
measure (https://github.com/aestrivex/bctpy).

Some external factors may influence graph measure that do not reflect the network
property of interest. In the current analysis maximum displacement during the DWI
sequence and intracranial volume (ICV) were considered. C; and L; may also be
influenced by graph density (Dg;). The total number of connections was matched
between participants using consensus thresholding, but residual effects may arise from
connection weight differences between participants. Multiple linear regression including
ICV, movement, and D; indicated a significant effect of D; on C; and L; (Cg:
F(3,84)=5.714, p=0.001, R’=0.17,Adjusted R’=0.14; ICV: B=-0.103, p=0.342;
Movement: B=-0.144, p=0.154; D;: B=0.351, p=0.001; L;: F(3,88)=4.673, p=0.004,
R*=0.14, Adjusted R°=0.11; ICV: f=0.139, p=0.203, Movement: f=0.155, p=0.130, Dy:
f=-0.2861, p=0.010)

Simulated attack on connectome nodes

In order to assess the role of highly connected nodes for the relationship between global
graph measures and ability scores, we carried out a simulated attack on highly
connected nodes (rich club), peripheral nodes, and randomly chosen nodes. To this end,
between one and 20 nodes from each category were selected at random and their



existing edge weights were knocked-down to the lowest observed value in the group-
average network, i.e. 0.01. Then, mean L;, C;, and D; were calculated in the targeted
network. This process was repeated 100 times at each step and the results were
averaged to remove effects associated with any particular node. Nodes were not removed
completely to keep the number of nodes in the network constant. Different knock-down
values (0.001, 0.0001) produced similar results to the reported findings. Effects of attack
on Maths and Reading scores were based on the predictions for L; and C; in the
regression model derived from the empirical data.

Voxel-wise comparison using tact-based spatial statistics

In order to contrast the structural connectome approach with more commonly used
voxelwise statistical analysis, FA maps were processed using tract-based spatial
statistics (TBSS) as implemented in FSL v5.0.9. See Smith et al. 2006 for a detailed
description of TBSS (Smith et al. 2006). In short, FA maps were moved to common
space via an affine and non-linear transformation using FSL tools. A common template,
constructed from a large developmental sample by using advanced normalization tools
(ANTs) v1.9 (Avants and Gee 2004) was used as the registration target in the current
sample (see (Bathelt et al. 2016)). Next, the mean FA image was created and thinned to
create a mean FA skeleton which represents the centres of all tracts common to the
group. Each subject’s aligned FA data was then projected onto this skeleton. For group
comparisons, a median split on the age-standardised maths and reading scores was
applied. The groups were compared in an independent sample t-test model using a
permutation-based algorithm with cluster-free threshold enhancement as implemented in
FSL Randomise (Winkler et al. 2014).



Results

Mathematics and reading scores are associated with a distributed cluster of connections

In a first step, we investigated how clusters of white matter connections relate to maths
and reading ability scores. This was carried out using a general linear model in network-
based statistics with cluster-level correction for multiple comparisons (Zalesky, Fornito,
and Bullmore 2010). The results indicated the involvement of a single cluster containing
extensive connections between temporal, parietal, and frontal regions within and
between hemispheres for both learning scores (see Figure [3). Clusters relating
significantly to maths and reading scores comprised a considerable portion of the
network edges (7.07% of all possible connections for maths, 6.23% for reading).

Maths Reading

»<0.001 »<0.001

Figure 3:] Analysis of the relationship between maths and reading scores with structural
brain connections using network-based statistics (Zalesky, Fornito, and Bullmore 2010). The
node degree of each node corresponds to the node size. Only edges that were indicated as
being part of a cluster significantly associated with maths (left) or reading scores (right) are
shown.

The structural connectome shows small-world organisation

Next, we aimed to characterise organisational features of the structural brain network as
whole to then relate them to maths and reading. To describe organisational features, the
observed networks were compared to matched random networks. The random
comparison networks are a scrambled version of the original networks to guarantee
equal weight and degree distribution. As expected, node strength was identical in the
original and scrambled networks (observed: mean=1.96, SE=0.015; random:mean=1.96,
SE=0.015). Other graph measures were compared to identify how the observed networks



differed from random networks. Comparison of graph density indicated higher density in
the observed relative to the random networks (Observed density: mean=0.08, SE=0.0,
Random density: mean=11.5, SE=0.07; t(85)=44.54, p<0.001). Further, the
characteristic path length of the observed networks was longer (Lopserperq: mean=12.44,
SE=0.076 , Lpgnaom: mean=11.5, SE=0.07 ; t(85)=44.54, p<0.001), while average
clustering coefficient was higher (Cppserveq: mean=12.44, SE=0.076, Crandom:
mean=11.5, SE=0.07; t(85)=161.67, p<0.001). These features indicate small-world
organisation of the observed network with longer path length than a random network,
but higher clustering.
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Figure 4: Visualisation of the group-average structural connectome. The left panel shows
connections of the left hemisphere in lateral (top) and medial (bottom) view. Similarly, the
right panel shows lateral (top) and medial (bottom) connections of the right hemisphere. The
middle panel shows a dorsal view of connections. The size and colour of edges correspond to
the connection weight (FA). The size of nodes represents the node degree. Nodes shown in blue
are nodes of the rich club, i.e. nodes with a degree one standard deviation or more above the
mean of all nodes. The group average network was thresholded at 0.1 for visualisation
purposes only.



Small-world organisation relates to reading and maths scores

Mean clustering coefficient and characteristic path length were used to assess the
relationship between academic attainment and structural brain organisation. Linear
regression models with reading or maths scores as the outcome and mean clustering
coefficient (Cg;) or characteristic path length (L;) as predictors were fitted. Intracranial
volume (ICV), maximal displacement during the DWI sequence, graph density (D),
and an intercept term were also included as regressors of no interest: Yyqtns/reading =
ﬁLG/CGXLg/CG + ﬁDGXDG + ﬁICVXICV + ﬁDisplacementXDisplacement + IBDXD + ﬁlntercept t+e

This analysis indicated a significant positive effect of C; on reading and maths scores
(Reading: f=0.45 p <=0.001; Maths: £=0.49, p <0.001, see Figure 5). There was also a
significant negative effect of L; (Reading: f=-0.52, p<0.001, Maths: f=-0.52, p <0.001).
In other words, white matter networks of children with better reading or maths scores
were more efficient and displayed higher local connectivity.

. == Maths
L == Reading

score [residual]
score [residual]

Figure 5: Linear relationship between mean clustering coefficient C (left), characteristic
path length L (right) and Reading and Maths scores. The Maths and Reading scores shown
represent residuals after removing the linear effects of ICV, displacement, and graph density.
Graph metrics are expressed as z-scores relative to the mean and standard deviation of the
whole sample. The shaded area indicates the 95% confidence interval. Linear regression
models indicated a significant positive effect of higher clustering coefficient on Maths and
Reading, and a negative effect of higher characteristic path length on both scores.



The structural connectome contains a rich club of highly connected nodes

The small-world architecture of human brain networks is accompanied by a set of highly
interconnected nodes that form a rich club. Rich club nodes were defined as nodes with
a degree one standard deviation above the average degree of all nodes (van den Heuvel
and Sporns 2011). The rich club consisted of 19 nodes (total: n=116) across both
hemispheres (Right: angular gyrus, temporal sulcus, supplementary motor area,
cerebellum, amygdala, precuneus, anterior cingulate cortex, inferior frontal lobe, superior
parietal lobule; Left: anterior cingulate gyrus, Heschl’s gyrus, inferior temporal lobe,
superior frontal cortex, medial orbitofrontal cortex, cerebellum, see Figure 4).

There was no significant difference in node eccentricity, i.e. node-level path length,
between rich club and peripheral nodes (Rich club mean=21.37, SE=0.586; Peripheral
mean=20.77, SE=1.372; t(114)=0.43, p=0.67). There was no significant difference in
clustering coefficient between rich club and peripheral nodes (Rich club: mean=0.08,
SE=0.003; Peripheral: mean=0.1, SE=0.013; t(114)=-1.97, p=0.052).

Knock-down of rich club nodes has a strong effect on C; and Lg

In order to assess the importance of peripheral and rich club nodes on the relationship
between brain organisation and education scores, simulated attacks were carried out.
Knock-down of rich club nodes had a more pronounced effect on C; and L; compared to
attacks on peripheral nodes or random attacks (see Figure 6a). The resulting graph
measures were used to calculate Maths and Reading scores using the linear model
derived from the empirical data. The results indicated that increases in L; associated
with targeted attack on rich club nodes had the largest effect on the predicted maths
and reading scores using the regression model based on the observed data (see Figure
6b). The results indicated that attack on rich club nodes had a larger effect on predicted
reading and maths scores than attacks on peripheral nodes or random attacks.
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Figure 6: Results of simulated attack on rich club (green), peripheral (orange), and random
nodes (blue). The edge weights associated with a targeted nodes in the group average
network knocked-down and L, (left) and C; (right) were calculated in the resulting network.
The number of knocked-down nodes was varied between 1 and 20 targeted nodes. a The
results indicated that targeting rich club nodes resulted in the largest decrement in C; and
increase in L; compared to attacks on peripheral or random nodes. b Increased path length
following knock-down of rich club nodes resulted in the largest predicted decrement in Maths



and Reading performance. Units are expressed as standard units relative to the mean and
standard deviation of the empirical data.

Development of structural brain organisation explains between 5 and 10% of age-related
improvements in Maths and Reading scores

Both maths and reading scores as well as graph metrics are likely to change with age.
Therefore, the relationship between these measures and participant age was assessed in
linear regression models. Reading and maths scores showed significant positive effects of
age (model: Yreqaing/maths = BageXage T Bintercept + €; Reading: F(57)=52.91, p <0.001,
R*=0.48, Bag.=0.7, p <0.001; Maths: F(88)=85.60, p<0.001, R*= 0.56, Bg4.=0.74,
p <0.001). For graph measures, a significant positive relationship was found between
age and Cg (model: Y¢. 1. = BageXage T BicvXicv + BpisplacementXpisptacement + BpgXp, +
Bintercept + €; F(88)=9.406, p<0.001, R?=0.31, Page=0.38, p<0.001), while a significant
negative effect was indicated for L; (F(54)=14.40, p<0.001, R?*=0.41, Bage=-0.52,
p<0.001).

In order to further investigate the relationship between age, graph measures, academic
attainment scores, the amount of variance in attainment scores explained by age was
compared between the original data and after regressing the effect of graph measures
from attainment scores. A bootstrap procedure with 100 random selections was used to
calculate confidence intervals for R?. For maths, the amount of variance explained by
age dropped from 85.7% (SE=0.508) in the original data to 78.84% (SE=0.636) when C;
was controlled (t(24)=8.43, p <0.001). Similarly, variance explained by age was reduced
from 86.6% (SE=0.479) to 74.34% (SE=0.844) when L; was held constant (t(24)=12.64,
p <0.001). For reading, variance explained by age went from 84.1% (SE=0.519) to
77.72% (SE=0.694) for C; (t(24)=7.7, p <0.001), and from 83.54% (SE=0.498) to
72.93% (SE=0.675) for L; (t(24)=11.87, p <0.001). These findings indicate that between
5 and 12% of age-related improvements in Maths and Reading performance are
attributable to developmental changes in structural brain connectivity.

Differences in C; and L; with age are more closely related to rich club nodes

Separate assessment of graph metrics related to rich club (Crichetuns Lricherup) and
peripheral nodes (Cperiphery, Lperipnery) indicated a stronger relationship between
Cricheup and age compared to Cperiphery (Crichclub: ﬁage:0-517 p=0.001; Cperiphery:0-43a

p=0.025). The relationship between age and L was not significant after controlling for
ICV, Movement, and Dg (Lyicnciup: Bage=0.01, p=0.955; Lyeriphery: Bage=0.18,



p=0.107). These results suggest that age-related changes in C; are more strongly driven
by changing connections of rich club nodes.

Comparison of lower and higher performing groups using voxel-wise statistics shows no
group difference

In order to contrast the connectome approach, the data of the current study were also
analysed wusing the more conventional approach from developmental cognitive
neuroscience in which participants are grouped by abilities rather than considered in
terms of a continuum of performance. Lower and higher ability groups were defined
relative to the group median of scores for reading and maths. There were groups of 45
children with low maths (mean=74.02, SE: 1.456), 43 with typical maths (mean=100.42,
SE: 2.054), 44 with low reading (mean=73.14, SE: 1.41), and 44 with typical reading
(mean=101.36, SE: 1.503; all age-standardised scores). The maths groups did not differ
in  age (Independent ~ sample  t-test:  mean;pyer,=113.27  SEj per=3.474;
meany;gper—114.95, SEp;gper—4.861; t(87)=0.28, p=0.777). However, children in the
reading deficit group were significantly younger than children in the typical reading
group (meanoye,=107.27, SEjpyer=3.279; meanp;gner=120.91, SEp;gner=4.723; t(87)=-
2.37, p=0.02). Voxel-wise comparison of FA values between the groups with a
commonly used method in diffusion imaging, i.e. tract-based spatial statistics, did not
indicate any significant differences between the groups (see Figure 7).
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Figure 7: Comparison of deficit and typical groups based on median splits of the age-
standardised maths and reading scores with tract-based spatial statistics (TBSS) indicated no
clusters of significantly different FA values between the groups. The colour bars indicate 1-p
thresholded for a significance level of a=0.05.




Discussion

The current study investigated the relationship between white matter organisation and
literacy and numeracy development in childhood. We included a large sample of
children with varying performance levels, including children with learning deficits in
reading and/or maths. White matter connections in broad clusters were associated with
learning scores for both reading and maths that extended well beyond focal differences
in fronto-temporal and fronto-parietal regions that had been previously implicated
(Carter et al. 2009, Rollins et al. 2009, Odegard et al. 2009, Matejko et al. 2013, Kucian
et al. 2013, Beek et al. 2014). Furthermore, better reading and maths scores were
related to two key measures of global brain network organisation: shorter path length
and higher clustering. A simulated node knock-down showed that this relationship was
most strongly mediated by highly connected hub nodes. Between 5 and 10% of
improvement in reading and maths ability are attributable to shortening path length
and increasing clustering in the white matter network with age, which was mostly
driven by hub nodes.

The broad association between brain organisation and literacy and numeracy stands in
apparent contrast to previous published findings that report focal differences in groups
with learning deficits. The reason for this apparent disparity may stem from our
contrasting approaches: case-control designs focus on selective deficits rigidly matched
for other cognitive and environmental differences. This can give the impression of
relative purity of problems in reading and maths, and standard voxel-wise statistical
approaches tend to emphasise the restricted overlap across cases. The value of this
complimentary approach is highlighted by submitting the same data to a more
traditional approach — comparing typical and deficit groups using a voxel-wise
comparison method. Although our groups differed substantially in their performance
levels and the samples were large by comparison with many studies in the literature,
this approach did not indicate any differences in white matter organisation for either
literacy or numeracy. In contrast, network-based statistics indicate an association
between learning scores and connections beyond established fronto-temporal and fronto-
parietal connections, including interhemispheric, cortico-subcortical, and cortico-
cerebellar connections, in a large sample of children that are more representative of
children with maths and reading difficulties in a school setting. A network approach can
therefore uncover small differences that in sum lead to effects on overall brain
organisation, which cannot be captured using a more traditional voxel-wise statistical
approach. The findings of the current analysis indicate that these broader differences in
brain organisation commonly contribute to the aetiology of specific learning difficulties



A network science approach also allows us to test how differences across individual
tracts contribute to broader differences in brain organisation and efficiency. Small-world
organisation with high local connectivity and some long-range connection is thought to
be central for optimal information transfer and minimal wiring cost (Bullmore and
Sporns 2009, Watts and Strogatz 1998, Bullmore and Sporns 2012). This organisation is
present from early in development and can be detected throughout the lifespan
(Tymofiyeva et al. 2013, Huang et al. 2013, Dennis et al. 2013, Vértes and Bullmore
2014, Collin and van den Heuvel 2013). Small-world organisation can be characterised
through graph measures. Short characteristic path length indicates that information
between two nodes can be exchanged by traversing only few edges (Fornito, Zalesky,
and Bullmore 2016), i.e. information transfer is faster, more direct, and less prone to
noise interference (Bullmore and Sporns 2009). A decrease in characteristic path length,
or increase in global efficiency which is inversely related to characteristic path length
(Rubinov and Sporns 2010), as observed in the current study has been consistently
reported in developmental studies (Hagmann et al. 2010, Yap et al. 2011, Fan et al.
2011, Dennis et al. 2013, Huang et al. 2013). Individual differences in characteristic path
length in adults have been found to be highly heritable (Bohlken et al. 2014) and relate
to cognitive abilities (van den Heuvel et al. 2009, Koenis et al. 2015). Age-related
decreases in characteristic path length in the current study predicted literacy and
numeracy scores. Thus increasing ease of information transfer in the structural brain
network with age relates to improvements in literacy and numeracy as children grow-up
and progress through school.

Another commonly used measure to characterise brain network organisation is the
clustering coefficient, which is linked to network segregation. It quantifies the degree of
local connectivity between neighbouring nodes. Reports about age-related changes in
clustering coefficient are mixed with some studies reporting decreases in clustering
(Hagmann et al. 2010, Dennis et al. 2013, Tymofiyeva et al. 2013), while other studies
find increases (Wierenga et al. 2015, Huang et al. 2013). Discrepancies may be explained
by methodological differences between the studies, specifically the metric used to express
connection strength. Studies with streamline counts or weighted streamline counts found
decreases of clustering coefficient with age, while studies with diffusion metric-weighted
networks like the current study report increased clustering. Streamline measure may be
more influenced by reduced connection likelihood with increasing distance as the brain
grows. In contrast, networks based on diffusion metrics follow the developmental
tendency of increasing fractional anisotropy with age (Imperati et al. 2011, Westlye et
al. 2009), i.e. increasing weight in the connectivity matrix leads to a higher global
clustering coefficient. The findings of the current study suggest that higher connectivity
between neighbouring nodes with age relates to improvements in literacy and numeracy.



Optimal organisation in brain networks has been found to depend on the presence of a
smaller number of highly connected nodes (van den Heuvel et al. 2012) termed the rich
club. This rich club is thought to be highly important for computational capacity
(Senden et al. 2014) and is implicated across a range of adult and developmental
disorders (Crossley et al. 2014). Rich club organisation is already established in the
prenatal brain (Ball et al. 2014) and persists over childhood (Grayson et al. 2014) and
adolescence into adulthood (Baker et al. 2015). Simulated knock-down in the current
study suggested that knock-down of rich club nodes had a higher impact on path length
and clustering compared to random or peripheral attacks. Since path length and
clustering coefficient were found to be predictive of maths and reading scores, we
conclude that rich club nodes are central for establishing a network architecture that
can support literacy and numeracy optimally.

The association between literacy, numeracy, and brain organisation mirrors reported
associations between cognitive functions and optimal network structure. For instance,
van den Heuvel and colleagues (2009) found that shorter characteristic path length was
associated with higher scores on an intelligence scale. This may indicate that optimal
network architecture supports both better general cognitive function as well as higher
capacity to learn. Alternatively, optimal network architecture may support particular
cognitive abilities that are strongly linked to performance across a range of tasks, e.g.
executive functions. Such an intermediate level of explanation could provide a fruitful
avenue for future investigations.

The association between longer path length, reduced influence of hub nodes, and lower
literacy and numeracy scores also resembles findings of atypical brain network
organisation following early insults like preterm birth, hypoxia-ischaemia, and intra-
uterine growth restriction (Batalle et al. 2012, Pandit et al. 2013). Further, similar
alterations in network organisation were also linked to common genetic variants
associated with neurodevelopmental disorders like autism and ADHD (Dennis et al.
2011, Hong et al. 2014). This may suggest that various developmental constraints
converge on sub-optimal brain network organisation via various mechanisms and that
these differences in brain network organisation manifest in cognitive and behavioural

symptoms commonly observed in developmental disorders.

In conclusion, previous studies about structural brain correlates of literacy and
numeracy development suggested the involvement of a limited set of regions and their
connections that are specifically linked to aspects of task-relevant processing. Using a
complimentary approach that surveyed literacy and numeracy across a range of abilities
and applying a network-analytic approach, the current study found that global
organisation of the white matter network contributes to literacy and numeracy



improvements with age. These results suggest that large-scale neural systems and their
interaction play a role in the literacy and numeracy development in childhood.
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