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Brain Structural Integrity and Intrinsic Functional
Connectivity Forecast 6 Year Longitudinal Growth in
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Early numerical proficiency lays the foundation for acquiring quantitative skills essential in today’s technological society. Identification
of cognitive and brain markers associated with long-term growth of children’s basic numerical computation abilities is therefore of
utmost importance. Previous attempts to relate brain structure and function to numerical competency have focused on behavioral
measures from a single time point. Thus, little is known about the brain predictors of individual differences in growth trajectories of
numerical abilities. Using a longitudinal design, with multimodal imaging and machine-learning algorithms, we investigated whether
brain structure and intrinsic connectivity in early childhood are predictive of 6 year outcomes in numerical abilities spanning childhood
and adolescence. Gray matter volume at age 8 in distributed brain regions, including the ventrotemporal occipital cortex (VTOC), the
posterior parietal cortex, and the prefrontal cortex, predicted longitudinal gains in numerical, but not reading, abilities. Remarkably,
intrinsic connectivity analysis revealed that the strength of functional coupling among these regions also predicted gains in numerical
abilities, providing novel evidence for a network of brain regions that works in concert to promote numerical skill acquisition. VTOC
connectivity with posterior parietal, anterior temporal, and dorsolateral prefrontal cortices emerged as the most extensive network
predicting individual gains in numerical abilities. Crucially, behavioral measures of mathematics, IQ, working memory, and reading did
not predict children’s gains in numerical abilities. Our study identifies, for the first time, functional circuits in the human brain that
scaffold the development of numerical skills, and highlights potential biomarkers for identifying children at risk for learning difficulties.
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(s )

Children show substantial individual differences in math abilities and ease of math learning. Early numerical abilities provide the
foundation for future academic and professional success in an increasingly technological society. Understanding the early iden-
tification of poor math skills has therefore taken on great significance. This work provides important new insights into brain
structure and connectivity measures that can predict longitudinal growth of children’s math skills over a 6 year period, and may
eventually aid in the early identification of children who might benefit from targeted interventions. j

ignificance Statement

identified core numerical competencies necessary for mathemat-
ical skill acquisition (Siegler, 1998; Geary, 2000), but little is
known about neurobiological factors that contribute to long-
term gains in children’s numerical abilities. Previous attempts to
relate brain structure and function to numerical competency
have focused on data acquired at a single time point
(Rykhlevskaia et al., 2009; Matejko et al., 2013; Price et al., 2013;

Introduction

Early numerical abilities provide the foundation for academic
and professional success in an increasingly technological society
(Reyna et al., 2009; Gerardi et al., 2013). Behavioral research has
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Rosenberg-Lee et al., 2015). Consequently, the brain bases of
individual differences in growth trajectories are unknown. Cru-
cially, establishing neuroanatomical and neurofunctional factors
that predict cognitive gains can aid in timely diagnosis and treat-
ment of children at risk for learning disabilities (Gabrieli et al.,
2015). Longitudinal designs are essential for addressing this ques-
tion (Geary, 2011), yet challenges of acquiring brain-imaging
data at multiple time points in young children have largely pre-
cluded such investigations. Here, for the first time, we identify
brain measures that prospectively predict children’s longitudinal
gains in numerical abilities.

Meta-analyses have identified multiple brain regions involved
in numerical cognition (Arsalidou and Taylor, 2011; Menon,
2014): most prominently, the ventrotemporal occipital cortex
(VTOC) and posterior parietal cortex (PPC). These posterior
brain regions, spanning ventral and dorsal visual pathways, play
critical roles in perceptual and semantic aspects of numerical-
quantity representation and manipulation (Dehaene et al., 2003;
Piazza et al., 2007; Ansari, 2008; Cohen Kadosh et al., 2008;
Glezer et al., 2009). Additionally, multiple prefrontal cortex
(PFC) regions, including the anterior insula, the ventrolateral
PFC (VLPFC), and the dorsolateral PFC (DLPFC) have been
implicated in effortful numerical calculation procedures (Kauf-
mann et al., 2011). Neurodevelopmental studies of numerical
cognition have uncovered an anterior-to-posterior shift in brain
activation from childhood to adulthood, characterized by de-
creased reliance on PFC and increased engagement of the VIOC
and PPC with increased experience and proficiency (Rivera et al.,
2005; Rosenberg-Lee et al., 2011). The cross-sectional nature of
extant studies, however, leaves unclear the role of these brain
areas in the prediction of long-term outcomes in children’s nu-
merical abilities.

We used a unique cohort of 43 children initially scanned at age
8 using structural and functional MR, and subsequently assessed
each child’s behavior at multiple time points between ages 9 and
14, to investigate structural and intrinsic functional connectivity
measures that predict individual differences in the longitudinal
developmental trajectory of numerical skills. Based on promi-
nent neurocognitive models emphasizing the roles of specific
VTOC, PPC, and PFC regions in numerical cognition (Dehaene
and Cohen, 1995; Ansari, 2008; Menon, 2014), we hypothesized
that the structural integrity of these regions at age 8 would predict
longitudinal gains in numerical abilities. We then used resting-
state fMRI to investigate intrinsic functional circuits linking the
regions identified in the structural MRI analysis, testing the hy-
pothesis that the strength of the functional coupling within these
regions, as well as the coupling of these regions with other brain
circuitry, would also predict longitudinal gains in numerical abil-
ities. We demonstrate that structural integrity and intrinsic func-
tional connectivity of the VTOC, PPC, and PFC specifically
predict children’s gains in numerical abilities. In contrast, behav-
ioral measures in children at age 8 did not predict longitudinal
gains in numerical abilities.

Materials and Methods

Participants

Seventy-nine children (31 females) in second or third grade at entry
participated in a longitudinal brain imaging study in which brain-
imaging data were acquired at entry and behavioral—cognitive measures
were assessed at multiple time points throughout childhood and early
adolescence. All participants were right handed, had no history of neu-
rological or psychiatric diseases, and were not taking any medications. Of
these, 43 children (mean age, 8.69 years; SD = 0.77; 18 females) had
high-quality structural brain-imaging data. Each participant underwent
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a full neuropsychological battery (see Behavioral assessments, below) as
well as structural and resting-state MRI at their first visit. All 43 children
returned for a second visit at ages 8—13, 12 children for a third visit at ages
9-13, and 7 children for a fourth visit at ages 11-14. Neuropsychological
assessments were readministered at each subsequent visit.

Bilingual ability was not an exclusion criterion of our study. However,
we assessed bilingualism via a parent questionnaire, and three of the
children included in the behavioral and structural MRI analyses reported
fluency in a language other than English (one Spanish, one German, and
one Portuguese). None of these three bilingual children met inclusion
criteria for the intrinsic functional connectivity analysis.

Behavioral assessments

1Q was assessed with the Wechsler Abbreviated Scale of Intelligence (WASI;
verbal IQ: mean, 112.2; SD = 12.39; performance IQ: mean, 111.4; SD =
14.62; Wechsler, 1999). Standardized assessments of academic achievement
(i.e., reading and mathematics) were performed using the Wechsler Individ-
ual Achievement Test, second edition (WIAT-II; Wechsler, 2001), including
subtests in Word Reading (mean, 108.7; SD = 13.52), Reading Comprehen-
sion (mean, 106.7; SD = 11.87), Numerical Operations (mean, 102; SD =
15.04), and Math Reasoning (mean, 112.24; SD = 15.16). The Numerical
Operations subscale of the WIAT-II was our main measure of interest as it
assesses children’s ability to identify numerals and solve written calculation
problems and equations involving all four basic arithmetic operations (ad-
dition, subtraction, multiplication, and division). Our main control was
reading, assessed via WIAT-II scores of Word Reading and Reading Com-
prehension. In addition, we provide further specificity to Numerical Oper-
ations by using an additional mathematical problem-solving measure,
Mathematical Reasoning. Mathematical Reasoning presents a series of ques-
tions to assess children’s ability to reason about word problems. Examples of
Numerical Operations problems, our measure of interest, include the fol-
lowing: 8 + 5= _,7 X 6 = _. An example of a Mathematical Reasoning
problem is as follows: “Jeff gave some cookies to five of his friends. He gave
three cookies to each friend and had two left over for himself. How many
cookies did Jeff have in the beginning?”

Working memory measures included the following subtests from the
Working Memory Test Battery for Children (Pickering and Gathercole,
2001): Working Digit Recall (mean, 104.3; SD = 20.33), Block Recall
(mean, 92.56; SD = 13.12), Count Recall (mean, 83.38; SD = 17.86), and
Backward Digit Recall (mean, 94.14; SD = 16.63). Respectively, these
subtests assess phonological loop, visuospatial sketchpad, and central
executive components of working memory (Baddeley, 1992).

Growth rate of numerical-skill development

Standardized scores derived from the Numerical Operations subscore of
the WIAT-II, which provides a measure of an individual’s numerical
abilities with performance adjusted for chronological age, were used to
assess the rate of change specific to numerical skills. Annualized change
(slope of regression line of standardized score vs age) in this measure was
calculated based on scores from all neuropsychological assessments,
which varied from two to four time points for each subject. The Math
Reasoning subscore, which assesses mathematical problem solving, was
used as a control measure within the domain of mathematics to ensure
the specificity of our findings to basic skills in numerical computation.

Imaging data acquisition

High-resolution whole-brain structural images were obtained for each
subject on a General Electric 3T Signa scanner using a 3D T1-weighted
spoiled gradient recalled inversion recovery MRI sequence. The follow-
ing parameters were used: TI = 300 ms; TR = 8.4 ms; TE = 1.8 ms; flip
angle, 15°% 22 cm field of view; 132 slices in coronal plane; 256 X 192
matrix; number of excitations, 2; acquired resolution, 1.5 X 0.9 X 1.1
mm. Optimized parameters provided high-quality structural brain im-
ages for voxel-based morphometry (VBM) analysis.

During acquisition of resting-state fMRI data, children were in-
structed to keep their eyes closed and remain still for the duration of the
6 min scan. Whole-brain functional images were acquired using a
custom-built head coil with a T2*-sensitive gradient echo spiral-in/
spiral-out pulse sequence (based on blood oxygen level-dependent con-



Evans et al. @ Brain Integrity, Connectivity Forecast Growth in Numerical Abilities

trast) designed to increase signal-to-noise ratio and reduce signal
dropout (Glover and Law, 2001).

Structural MRI data analysis

Voxel-based morphometry. Structural brain images were visually inspected
for quality control and artifact detection before processing. Qualified images
were then manually aligned to the conventional anterior commissure—pos-
terior commissure space and the midsagittal plane. Voxelwise cerebral vol-
ume was assessed by using an optimized VBM method (VBMS; University of
Jena, Germany; http://dbm.neuro.uni-jena.de/vbm). Images were resliced,
spatially normalized to the Montreal Neurological Institute (MNI) stereo-
tactic space, and segmented into gray matter, white matter, and CSF. No
tissue priors were used for segmentation, per the recommendation of Good
et al. (2001) for children and elderly populations. Voxelwise values of gray
and white matter images were modulated by the Jacobian determinants de-
rived from spatial normalization and smoothed with a 5 mm isotropic
Gaussian kernel.

Smoothed gray matter images were submitted to a second-level
multiple-regression analysis to examine the relation between longitudi-
nal trajectory of numerical-skill development and regional morphome-
try. Annualized change in Numerical Operations standardized score was
modeled as the covariate of interest, while controlling for number of
neuropsychological visits for each subject. The results were thresholded
at a height threshold of p < 0.001 and an extent threshold of p < 0.05
with familywise error (FWE) correction using a nonstationary suprath-
reshold cluster-size approach based on Monte Carlo simulations (Nich-
ols and Hayasaka, 2003).

Confirmatory cross-validation analysis. A machine-learning approach with
balanced fourfold cross-validation (CV) combined with linear regression (Co-
henetal., 2010) was conducted to investigate the robustness of our GLM-derived
brain-based predictors of individual differences in the developmental trajectory
of numerical skills. Annualized change in Numerical Operations score as a de-
pendent variable and gray matter volume in the regions identified in the VBM
analysis as independent variables were treated as inputs to a linear regression
algorithm. 7, edicied, observed) @ Measure of how well the independent variable
predicts the dependent variable, was first estimated using a balanced fourfold CV
procedure. Data were divided into four folds so that the distributions of depen-
dent and independent variables were balanced across folds (Cohen et al., 2010).
A linear regression model was built using three folds leaving out the fourth, and
this model was then used to predict the data in the left-out fold. This procedure
was repeated four times to compute a final 7o iced, observed) TePresenting the
correlation between the data predicted by the regression model and the observed
data. Finally, the statistical significance of the model was assessed using a non-
parametric testingapproach. The empirical null distribution of 7, egicted, observed)
was estimated by generating 1000 surrogate datasets under the null hypothesis
that there was no association between changes in numerical skills and brain
morphometry.

Intrinsic functional connectivity analysis
Preprocessing. Resting state fMRI scans were acquired in 40 subjects.
Given concerns about movement and data quality in pediatric resting-
state fMRI studies (for review, see Power et al., 2015), we carefully exam-
ined scans from each participant to ensure high data quality. Ten
participants were excluded because of excessive motion, defined as >5
mm maximum displacement. Ten other participants were excluded be-
cause of imaging artifacts—gray and white stripes were found in data
from six participants and four had a physiological artifact due to respi-
ration that resulted in ring artifacts near the sinus cavity. Functional
images from the remaining 20 participants were preprocessed using
SPM8 (http://www. fil.ion.ucl.ac.uk/spm) and in-house Matlab scripts.
The first eight volumes were discarded to allow for stabilization of mag-
netic resonance signal. Remaining images were realigned to correct for
head motion, corrected for slice timing, resampled to 2 mm voxels, nor-
malized to MNI space, and smoothed with a 6 mm FWHM 3D Gaussian
kernel. Finally, voxelwise time series were bandpass filtered in the range
0f 0.008—-0.1 Hz.

Regions of interest selection. Regions of interest (ROIs) for functional
connectivity analyses were generated by placing 6 mm spheres at the
cluster peaks (most-significant voxels) from the structural VBM analysis.
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We also used a control seed within the default mode network (DMN) in
the posterior cingulate cortex (PCC) atx = —2,y = —50, z = 28 in MNI
coordinates. This location was selected using the peak coordinate in
Neurosynth (neurosynth.org) for the search term “default mode.”

Intrinsic functional connectivity and prediction of numerical ability
gains. Intrinsic functional connectivity among ROIs was computed by
extracting the mean time series from each RO, regressing out the global
signal computed from gray matter voxels, and computing Pearson cor-
relations among pairwise ROI time series for each participant.

A support vector regression (SVR) analysis was then used to investi-
gate the relationship between intrinsic functional connectivity among
the structurally defined seed ROIs and individual trajectories of numer-
ical skills (Vapnik, 1995; Hastie et al., 2009). In this analysis, pairwise
resting-state functional connectivity (rsFC) data among all ROIs were
entered as features into a linear-kernel SVR model with Numerical Op-
erations slope as the dependent variable. We used a nested leave-one-out
CV approach to select the penalty parameter, C, of the SVR model, and
subsequently assess the model fit in an unbiased fashion (Varma and
Simon, 2006). Under this procedure, each of N data points is held out in
turn, and standard leave-one-out CV is performed on the remaining N —
1 samples. The optimal Cis chosen based on minimum CV error and the
model is trained using the full N — 1 samples then tested on the left-out
sample. Model fit is assessed as the R? between predicted and true values
on these left-out samples.

We further investigated whether the intrinsic connectivity of any in-
dividual pair of ROIs was statistically predictive of longitudinal numeri-
cal skill trajectory using the same balanced fourfold CV procedure
detailed above, now entering rsFC as the independent variable.

Seed-based whole-brain intrinsic functional connectivity and prediction
of numerical gains. Following preprocessing, a GLM was implemented in
SPMB8 to estimate seed-based, whole-brain rsFC maps in each individual for
each of the ROIs, which were derived from the morphometric analysis.

Functional connectivity maps were then submitted to a second-level
analysis in which connectivity strengths (8-weights estimated in GLM)
were used to model longitudinal changes in numerical ability to examine
whether the rsFC of these regions is predictive of children’s developmen-
tal trajectory of numerical skills. Resulting maps were masked using a
gray matter image and thresholded at a height of p < 0.01, with FWE
corrections for multiple comparisons at the cluster level of p < 0.05
corrected.

Results

Individual variability of longitudinal growth in numerical
abilities from ages 8—14

We first examined individual differences in the growth rate of
numerical ability development. For each participant, we deter-
mined their individual growth rate as the slope obtained from
regression analysis of the Numerical Operations subtest of the
WIAT-II versus age. Figure 1 shows that children show consider-
able variation in growth rate of numerical abilities, with rates
ranging from —13.79 to 29.07 (mean, 3.16; SD = 8.42).

Initial behavioral measures do not predict longitudinal
growth in numerical abilities

We then investigated whether numerical abilities at Time 1 could
predict individual longitudinal growth rates. The relationship
between Time 1 behavioral measures and the growth rate of nu-
merical abilities was first examined using a conventional correla-
tion analysis. No significant correlations were found between the
longitudinal growth in numerical abilities and Time 1 measures
of Verbal IQ (r = 0.098, p = 0.534), Performance IQ (r =
—0.166, p = 0.288), Word Reading (r = —0.203, p = 0.193),
Reading Comprehension (r = —0.232, p = 0.134), Numerical
Operations (r = —0.257, p = 0.096), or Math Reasoning (r =
—0.287, p = 0.062). Working-memory measures also did not
predict growth in numerical abilities (r = —0.1831, p = 0.7930).
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Figure1.  Growth curvesforindividual children’s (n = 43) standardized score on the WIAT-I
Numerical Operations subtest. Lines depict linear regression of Numerical Operations standard-
ized score versus age across longitudinal visits for each child. Children who made gains relative
to their peers over time are plotted in green. Those who declined or remained stable are plotted
in red. The annualized change (slopes of individual regression lines) is used in subsequent
regression and confirmatory cross-validation analyses.

Although not statistically significant, our behavioral analysis re-
sulted in trends toward negative correlations between Time 1
score in Numerical Operations and Math Reasoning and growth
trajectory in Numerical Operations, an observation that might
reflect regression to the mean in these measures.

Gray matter volume in the VTOC, PPC, and PFC predict
longitudinal growth of numerical abilities

Next we investigated whether longitudinal gains in numerical
abilities were associated with gray matter morphometry at the
whole-brain level. Regression analysis revealed that higher gray
matter volume in the VTOC, PPC, and PFC regions was associ-
ated with longitudinal growth of numerical skills. These regions
included the left fusiform gyrus (FG), the left intraparietal sulcus
(IPS), the left DLPFC, and the left VLPFC (Fig. 2, Table 1). Ad-
ditionally, the right cuneus and premotor cortex showed a similar
effect. Notably, gray matter volume in these regions at Time 1 was
not correlated with Time 1 skill in mathematics (Numerical Op-
erations, Math Reasoning), reading (Word Reading, Reading
Comprehension), or IQ (Performance, Verbal). This highlights
the specificity of our findings with respect to forecasting growth
rate over time, and identifies a network of regions predictive of
gains in numerical abilities, but not of current ability in any cog-
nitive domain.

An identical whole-brain VBM analysis with the slope of raw
Numerical Operations score with age as a covariate of interest
yielded results consistent with these findings. We found the re-
sults to overlap with findings from the standardized Numerical
Operations score analysis in all clusters—left FG, IPS, DLPFC,
and VLPFC; and right cuneus and premotor cortex. Significant
clusters from this analysis were also identified in the left DLPFC,
insula, anterior temporal lobe, postcentral gyrus, precuneus, cu-
neus, middle/superior temporal gyrus extending into angular
gyrus, and the bilateral superior temporal lobe. Since the aim of
our study was to evaluate the trajectory of children’s numerical
ability relative to their peers, we focused on standardized scores
in subsequent analyses. Our approach is identical to one used by
Ramsden and colleagues (2011) to characterize individual differ-
ences in IQ (standardized scores) across adolescents relative to
those of their peers.

We then conducted a confirmatory analysis using linear re-
gression and a balanced fourfold cross-validation procedure to
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validate findings from the regression analysis. This analysis re-
vealed that gray matter volume in the VI'OC, PPC, PFC, and
visual cortex clusters identified in the mass univariate analysis
were all robustly predictive of longitudinal growth of numerical
ability. Notably, gray matter volume in these regions was not
predictive of individual gains in Math Reasoning, Word Reading,
or working memory (p > 0.05) over time (with the exception of
gray matter volume in the premotor cortex, which predicted
gains in Math Reasoning; Table 1). Additionally, these findings
held when gains in Math Reasoning, Word Reading, and working
memory were added as covariates of no interest to the analyses,
further highlighting the specificity of our findings with respect to
numerical ability.

Intrinsic functional connectivity among the VTOC, PPC, and

PFC predicts longitudinal gains in numerical abilities

To test the hypothesis that the integration of multiple cognitive
systems is crucial for long-term success in mathematics, we in-
vestigated rsFC among all regions in which gray matter volume
was associated with longitudinal gains in numerical abilities. In
addition to the VTOC, PPC, and PFC regions, this included the
cuneus and premotor cortex. Connectivity measures were en-
tered into an SVR prediction model. We found that intrinsic
functional connectivity among these structurally identified re-
gions was predictive of individual gains in Numerical Operations
(R* = 0.4439, p = 0.0166), but not in Math Reasoning (R> =
0.0022, p = 0.8656) or Word Reading (R> = 0.0039, p = 0. 8152).
Notably, balanced cross-validation combined with linear regres-
sion on the individual pairwise rsFC links revealed that no single
link was predictive of long-term gains. These results highlight the
importance of a network of distributed regions in supporting skill
development specific to numerical abilities.

Intrinsic functional connectivity of the VTOC is a robust
predictor of longitudinal gains in numerical abilities

Finally, we investigated the extent to which functional brain cir-
cuits associated with each of the brain regions identified above
(FG, IPS, DLPFC, VLPFC, cuneus, premotor cortex) also pre-
dicted longitudinal gains. The left FG emerged as the region with
the most widespread connectivity as measured by the number of
connected target voxels that predicted gains in numerical skills
(Fig. 3). Target areas connected to the FG included the left and
right dorsolateral PFC, bilateral anterior temporal cortex, precu-
neus, right cuneus, and caudate (Table 2). Crucially, FG connec-
tivity was not predictive of individual gains in verbally based
Math Reasoning, Word Reading, or working memory. Addi-
tional control analyses using the PCC node of the DMN revealed
that its connectivity with PPC, VTOC, or PFC clusters was not
predictive of gains in Number Operations, again highlighting the
specificity of the network identified here.

Discussion

Our study demonstrates that longitudinal cognitive gains in nu-
merical skills from childhood through adolescence can be pre-
dicted by the structural integrity of specific regions within the
VTOC, PPC, and PFC. Crucially, intrinsic functional connectiv-
ity among these regions also predicted gains in numerical skills,
suggesting that these regions form a network that supports the
development of numerical ability. Notably, these neuroanatomi-
cal and neurofunctional predictors were specific to numerical
skills, but not reading skills, and no behavioral measure at age 8,
including mathematics (Numerical Operations and Mathemati-
cal Reasoning), reading, IQ, and working-memory capacity, pre-
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a-d, Structural integrity in regions within (@) VTOC (FG), (b) PPC(IPS), (¢) PFC[DLPFC, VLPFC, and pre/primary motor cortex (PMC)], and (d) visual cortex (cuneus) predicts longitudinal

gains in numerical abilities. Children with higher volume in these regions at age 8 had steeper growth curves from childhood to adolescence. GMV, Gray matter volume.

dicted longitudinal gains in numerical ability. Our findings
provide novel evidence for the role of distributed brain structures
and their interconnectivity underlying the development of nu-
merical abilities in school-aged children.

Neuroanatomical basis of longitudinal gains in

numerical skills

Consistent with our hypothesis, gray matter volume in the IPS sub-
division of the PPC as well as the FG subdivision of the VTOC pre-
dicted numerical gains (Fig. 2). Interestingly, these effects were
localized to the left hemisphere, suggesting that right hemisphere-
based visuospatial processes (Pisella et al., 2011) may not be the main
source of gains. In contrast to the IPS, the FG is thought to support
perceptual representations and visual number form processing

(Shum etal., 2013; Abboud et al., 2015). For example, a recent cross-
linguistic fMRI study found that perceptual aspects of processing
digits and ideographs were associated with FG activation, whereas
semantic processing of both symbol types was associated with in-
creased IPS response (Holloway et al., 2013). These results suggest
that structural integrity of both VTOC number form-processing ar-
eas and PPC areas involved in semantic representations of quantity
play crucial roles in guiding development. This finding suggests that
structural abnormalities in more “low-level” perceptual-processing
regions may play a more important role in the development of chil-
dren’s numerical skills than previously believed, similar to findings
in the domain of reading, where children with dyslexia exhibit struc-
tural abnormalities in low-level auditory-processing and visual-
processing regions preceding anomalies in language regions (Clark
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Table 1. Brain areas where structural integrity predicts longitudinal growth in numerical abilities”
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Peak MNI
Brodmann’s  Number of Peak m Math Reading

Region area voxels (mm?)  Z-score x y z Reasoning Word Reading Comprehension Working memory
VT0C

Left FG 37 97 3.62 =3 -5 —12 p=014r=013 p=099,r=-034 p=014r=012 p=084r=—02
PPC

Left IPS 39 161 3.78 -4 —40 5 p=078r=—019 p=093,r=—-024 p=067,r=—014 p=1098r=—029
PFC

Left DLPFC 46 215 3.97 =52 41 13 p=054r=-009 p=1060r=—011 p=1084r=—021 p=044,r= —004

Left DLPFC 45 92 35 —40 27 6 p=097,r=-027 p=052r=-007 p=092,r=—-024 p=074r=—018

Left VLPFC 10 516 4.10 =27 45 =8 p=02,r=-007 p=050,r=-006 p=084r=—-021 p=023r=007

Right pre/primary

motor cortex 6 698 414 34 8 46 p=0007,r=034 p=032r=001 p=10.05r=022 p=067,r=—0.14

Visual cortex

Right cuneus 17 551 427 18 —9 13 p=025r=-005 p=045r=—005 p=011,r=016 p=095r= —027

Right cuneus 18 116 3.79 22 —9% 25 p=008r=—05 p=085r=-019 p=093r=-024 p=1093r=—024

“Clusters in which gray matter volume is predictive of numerical gains. Math and reading measures are subtests from the WIAT-II. The Working Memory Test Battery for Children was used to measure working memory.

et al., 2014). DLPFC and VLPEC regions
implicated in working memory and cogni-
tive control were also predictive of gains in
numerical skills. Crucially, the structural in-
tegrity of these brain areas was not predic-
tive of gains in reading in these same
children. Our results thus highlight the do-
main specificity of neurobiological predic-
tors associated with long-term gains in
numerical abilities.

Together these findings suggest that
multiple distributed brain areas (Dehaene et
al., 2003; Ansari, 2008; Menon, 2014), not
just those isolated to the IPS, provide a
structural scaffold that supports the devel-
opment of numerical skills in elementary
school children from age 8 into adolescence.
The identification of structural biomarkers
that predict the developmental trajectory of
numerical skills is particularly useful be-
cause of its potential for identifying children
at risk for developmental learning disabili-
ties years in advance, independent of weak-
nesses in particular cognitive tasks.

Intrinsic functional connectivity of
VTOC, PPC, and PFC gray matter
clusters predicts longitudinal gains in
numerical abilities

Intrinsic functional connectivity (Menon,
2013) provided novel evidence that a net-
work of brain areas supports the longitudi-
nal development of numerical abilities. We
used resting-state fMRI to probe functional
connectivity of VTOC, PPC, and PFC areas
in which gray matter volume was associated
with gains in numerical ability. Multivariate
analysis revealed that intrinsic functional
connectivity among these areas was strongly
predictive of individual gains. Crucially,
functional connectivity in this network of
brain areas did not predict gains in other
cognitive measures. Our findings provide
novel evidence that the integrity of func-

=

# of Predic

Figure 3. Intrinsic functional connectivity of brain regions identified in the structural MRI analysis predicts gains in
numerical abilities. a, b, The FG connectivity map had the most predictive voxels, displayed here in (a) an overlay of all
functional connectivity maps and (b) quantified in a bar graph. ¢, Individual connectivity maps of regions within the VTOC,
PPC, PFC, and visual cortex are displayed with the seed shown in pink. ROIs for functional connectivity analyses were
generated by placing 6 mm spheres at the cluster peaks (most-significant voxels) from the VBM-based predictive analysis.
PMC, Premotor cortex.
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Table 2. Brain regions in which intrinsic functional connectivity with the FG is
predictive of gains in numerical skills

Peak MNI
coordinates (mm)

Brodmann’s  Number of Peak

Region area voxels (mm?)  Z-score  x y z
VT0C

Right FG 19 752 3.77 24 =72 =2
PPC

Bilateral precuneus 7 14 3.62 4 —54 46
PFC

Left DLPFC 46 106 339 —38 28 36
Right DLPFC 44 167 531 40 8 26
Visual cortex

Right cuneus 18 363 4.08 16 —88 28
Temporal cortex

Right anterior temporal = 21 404 3.64 48 6 —20

cortex

Left anterior temporal 21 208 3.29 —50 2 —24

cortex
Subcortical

Right basal ganglia 116 3.58 10 8 6

(caudate)

Medial

Mid-cingulate 23 271 5.25 2 -8 36

tional connections among multiple structurally relevant brain areas
provides a supportive architecture for the development of numerical
skills and is another potential biomarker of longitudinal numerical
gains, independent of specific cognitive tasks. Importantly, our find-
ings identify specific VTOC, PPC, and PFC regions (left FG, IPS,
DLPEC, and VLPFC) that work in concert to support the develop-
ment of numerical competence from an early age.

Multiple functional circuits, including those associated with
the VTOC, support longitudinal gains in numerical skills

To further characterize functional circuits associated with gains
in numerical abilities, we investigated nodewise connectivity of
VTOC, PPC, and PFC areas in which gray matter integrity pre-
dicted gains in numerical ability. Intrinsic connectivity of the left
FG, within the VTOC, identified the greatest number of voxels
and distributed brain areas that predicted gains in numerical abil-
ity. This was followed by the three PFC areas—the DLPFC,
VLPFC, and premotor cortex. Despite the known importance of
the IPS in quantity processing, its whole-brain connectivity pat-
tern identified the least number of voxels that predicted growth in
numerical skills (Fig. 3). In contrast, left FG connectivity with
multiple brain regions, including bilateral precuneus, anterior
temporal cortex, ventrolateral PFC, and caudate showed strong
effects, providing further evidence for a distributed brain net-
work that supports individual gains in numerical ability. Left FG
links with PPC are particularly noteworthy as numerical problem
solving requires dynamic interactions among VTOC areas that
support number-form recognition and PPC areas that support
semantic aspects of quantity processing and manipulation (Co-
hen and Dehaene, 2004; Ansari, 2008; Menon, 2014).

It may be surprising that gray matter volume in the left FG and
its connectivity to frontoparietal circuitry predicted numerical,
but not reading, gains given the link that has been made between
dyslexia and low-level perceptual processing regions. However
there is evidence for object specificity for many categories (e.g.,
numbers, faces, places) in addition to words within the FG (Shum
et al., 2013; Abboud et al,, 2015) and much variability across
individuals in the location of these populations of neurons
(Glezer and Riesenhuber, 2013). Additionally, the precise loca-
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tion of preferential activity is not static with development (Olu-
lade et al., 2013). Aberrant processing in the occipitotemporal
cortex has also been associated with developmental dyscalculia
(Rosenberg-Lee et al., 2015), a learning disability that impairs
numerical processing, but not always language processing (Ash-
kenazi et al., 2013). Interestingly, previous work in the reading
domain identified gray matter volume and activity (during a
rhyme judgment task) of the right FG, but not the left FG, as
predictors of later reading achievement (Hoeft et al., 2007).

Brain but not behavioral measures predict growth in
numerical abilities

Our multimodal imaging approach revealed structural and func-
tional brain measures predictive of growth in numerical abilities
from childhood into adolescence. In contrast, behavioral mea-
sures, including mathematical (Numerical Operations and
Mathematical Reasoning), reading, IQ, and working memory,
did not predict individual trajectories, demonstrating the unique
power of neurobiological approaches for forecasting future gains.
Previous behavioral research has reported that IQ, processing
speed, the central executive component of working memory
(Geary, 2011), and proficiency in symbolic number comparison
(Bartelet et al., 2014) can predict growth in children’s mathemat-
ical skills. However, the larger sample sizes in these studies (n =
177 and n = 248, respectively) suggest that brain-imaging mea-
sures may be more sensitive predictors of growth in numerical
abilities. Supporting this view are studies in the domains of read-
ing and math indicating (1) that a combination model of brain
and behavioral metrics is most predictive of language outcome
after 6 months (Hoeft et al., 2007); (2) that brain, but not behav-
ioral, metrics are predictive of 2.5 year reading gains in children
with dyslexia (Hoeft et al., 2011); and (3) that brain activity dur-
ing a working-memory task is a better predictor of arithmetic
performance than behavior alone (Dumontheil and Klingberg,
2012). Similarly, short-term training studies designed to
strengthen numerical and arithmetic skills have also found that
neural, but not behavioral, measures predicted learning (Supekar
etal.,, 2013). Extending these findings, our results point to brain
measures that predict not just short-term but also long-term
gains and have implications for early identification of children
who may benefit from targeted cognitive intervention.

Conclusions

Here for the first time, we demonstrate the feasibility of forecast-
ing long-term gains in children’s numerical ability based on
structural and intrinsic functional brain measures acquired at age
8. We found that the structural integrity of multiple distributed
brain areas in the VTOC, PPC, and PFC specifically predicted
long-term gains in numerical abilities. Intrinsic connectivity
analysis provided strong evidence that the VTOC, PPC, and PFC
form a network that works in concert to promote successful
numerical-skill acquisition. Intrinsic functional circuits associ-
ated with the FG, within the VTOC, had the most extensively
connected network that was predictive of gains in numerical abil-
ity. Our study identifies brain regions and functional circuits that
are markers for the prospective development of numerical skills,
and may be potentially relevant for identifying children at risk for
learning disabilities.
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