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Anatomical organization of the primate cortex varies as a function of total brain size, where possession of a larger brain is accompa-
nied by disproportionate expansion of associative cortices alongside a relative contraction of sensorimotor systems. However, equiva-
lent scaling maps are not yet available for regional white matter anatomy. Here, we use three large-scale neuroimaging datasets to
examine how regional white matter volume (WMV) scales with interindividual variation in brain volume among typically developing
humans (combined N=2391: 1247 females, 1144 males). We show that WMV scaling is regionally heterogeneous: larger brains have
relatively greater WMV in anterior and posterior regions of cortical white matter, as well as the genu and splenium of the corpus cal-
losum, but relatively less WMV in most subcortical regions. Furthermore, regions of positive WMV scaling tend to connect previ-
ously-defined regions of positive gray matter scaling in the cortex, revealing a coordinated coupling of regional gray and white matter
organization with naturally occurring variations in human brain size. However, we also show that two commonly studied measures of
white matter microstructure, fractional anisotropy (FA) and magnetization transfer (MT), scale negatively with brain size, and do so
in a manner that is spatially unlike WMV scaling. Collectively, these findings provide a more complete view of anatomic scaling in
the human brain, and offer new contexts for the interpretation of regional white matter variation in health and disease.
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Significance Statement

Recent work has shown that, in humans, regional cortical and subcortical anatomy show systematic changes as a function of
brain size variation. Here, we show that regional white matter structures also show brain-size related changes in humans.
Specifically, white matter regions connecting higher-order cortical systems are relatively expanded in larger human brains,
while subcortical and cerebellar white matter tracts responsible for unimodal sensory or motor functions are relatively con-
tracted. This regional scaling of white matter volume (WMV) is coordinated with regional scaling of cortical anatomy, but is
distinct from scaling of white matter microstructure. These findings provide a more complete view of anatomic scaling of the
human brain, with relevance for evolutionary, basic, and clinical neuroscience.

Introduction
Human brain size varies widely among individuals of the same
age (Giedd et al., 2015), and this variation is coupled with
changes in the patterning of regional cortical surface anatomy.
Specifically, recent work has established that larger human brains
show greater areal expansion in frontoparietal association corti-
ces (i.e., these areas exhibit hyperlinear relationships, or “positive
scaling” relationships, with total brain size) at the cost of relative
areal contraction in limbic and sensorimotor cortices (which
have hypolinear or “negative scaling” relationships with total
brain size; Reardon et al., 2018). These relationships are examples
of intraspecific “static allometry” (Cheverud, 1982). Spatially
similar cortical scaling has also been demonstrated as a function
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of brain size variation across primates (evolutionary allometry),
and within humans over development (ontogenetic allometry;
Hill et al., 2010), hinting at a conserved relationship between
brain size and regional cortical patterning in primates. Notably,
positively-scaling cortical regions in humans tend to be special-
ized for integrative functions and long-range corticocortical con-
nectivity (Margulies et al., 2016; Reardon et al., 2018).

Here, we address a currently unexamined hypothesis which is
raised by these gray matter results: whether regionally-heteroge-
neous anatomic scaling is also seen in white matter. Specifically,
we hypothesize that, just as some cortical regions are relatively
expanded and others contracted in larger human brains, there
will also be regions of positive and negative white matter scaling.
If white matter scaling coheres with previously-described gray
matter scaling (Reardon et al., 2018), we would expect positive
scaling in tracts underlying association cortices, and negative
scaling in tracts underlying sensorimotor cortices. However,
with the notable exception of the corpus callosum (Jancke, 1997;
Karolis et al., 2019), we have little prior data about scaling of
major interhemispheric or intrahemispheric tracts to inform
these predictions. It is well established that global white matter
volume (WMV) scales non-linearly (positively) with brain size
variation within humans (Lüders et al., 2002; de Jong et al.,
2017), but it remains unknown whether WMV scaling varies
between regions. Thus, we cannot yet comprehensively test the
current dominant theory that increased brain size should be
accompanied by relative increases in intrahemispheric connec-
tivity, alongside relative decreases in interhemispheric connectiv-
ity (Jancke, 1997; Karolis et al., 2019). A comprehensive map of
regional WMV scaling in humans would address this theory,
while also providing new frameworks for future research on
white matter changes in health (Walhovd et al., 2005; Lenroot et
al., 2007) and disease (Blumenthal et al., 2013; Villalón-Reina et
al., 2020) and complementing our knowledge of gray matter scal-
ing (Reardon et al., 2018).

This study uses an allometric framework to systematically
characterize regional WMV scaling as a function of normative
brain size [or total tissue volume (TTV)] variation. We first le-
verage three large-scale human neuroimaging datasets to pro-
duce and replicate WMV scaling norms and establish sets of
white matter regions that scale differently with TTV variation.
These datasets involved different scanners, image resolutions,
and participant cohorts (Table 1). We next characterize the herit-
ability and cognitive associations of WMV within these regions.
Further, we demonstrate that WMV scaling is uncoupled from
that of two biologically-salient (Mädler et al., 2008; Hagiwara et
al., 2018) markers of white matter microstructure, fractional

anisotropy (FA) and magnetization transfer (MT), both of which
are known to increase (in absolute terms) in larger brains (Takao
et al., 2011), but about which we have little preexisting knowl-
edge of relative scaling relationships. Finally, we harness an inde-
pendent tractography atlas (Zhang and Arfanakis, 2018) to
integrate our WMV scaling findings with preexisting gray matter
scaling maps (Reardon et al., 2018) and show that TTV variation
is associated with an orchestrated expansion of WMV in associa-
tive cortical tracts alongside a relative contraction of WMV
within sensorimotor systems. These findings provide an inte-
grated view of scaling across both major tissue classes of the
brain, revealing that larger brains not only show a preferential
expansion of associative cortices, but also of the white matter
tracts that interconnect them.

Materials and Methods
Participant recruitment and MRI data acquisition
Human connectome project (HCP)
Our primary cohort of 1006 typically-developing young adults (Mage =
28.26 3.5; range= 22–35; see Table 1) was drawn from the HCP 1200
release (Van Essen et al., 2013). Participants were recruited from a group
of adult twins and their non-twin siblings. Families were screened with
phone interviews, and exclusionary criteria included severe neuropsychiatric
or neurodevelopmental disorders, diabetes, hypertension, and early gesta-
tion age. Informed consent was obtained from all participants, and the pro-
cedures were approved by the Washington University Institutional Review
Board. Data are from the HCP S1200 release (https://humanconnectome.
org/).

All participants had T1-weighted structural MRI scans; 966 of these
participants also had diffusion-weighted imaging (DWI) scans. Scans
were acquired over a 2-d period at Washington University using a cus-
tom Siemens 3T “Connectome Skyra” scanner with a 32-channel radio
frequency (RF) headcoil (Siemens Healthcare). For T1-weighted struc-
tural scans, two separate averages of a 3D magnetization prepared,
rapid-acquisition gradient-echo (3D MRPAGE) sequence with 0.7-mm
isotropic resolution were collected (FOV=224 mm, matrix= 320,
TR= 2400ms, TE= 2/14ms, TI= 1000ms, FA= 8°; Van Essen et al.,
2013). For DWI scans, a high-angular resolution diffusion-weighted
image (HARDI) was acquired using three shells of b = 1000, 2000, and
3000 mm/s2, over many directions (270 q-points over the 3 b-shells; as
well as 18 B0 images; Glasser et al., 2013; Uğurbil et al., 2013; Van Essen
et al., 2013). More comprehensive explanations of scanning procedures
are available elsewhere (Glasser et al., 2013).

Philadelphia neurodevelopmental cohort (PNC)
We included 1093 children and young adults (Mage = 15.06 3.5;
range = 8–23; see Table 1) from a 50,000 person cohort at the center for
Applied Genomics at the Children’s Hospital of Philadelphia (Satterthwaite
et al., 2014) to test for replicability of our findings in the primary HCP data-
set (Table 2). Participants were recruited by mail and screened over the

Table 1. Sample characteristics and image acquisition resolution

Dataset

Characteristic HCP NSPN PNC

Number of individuals 1006 292 1093
Sex 503 F/503 M 147 F/145 M 597 F/496 M
Age (years)
Mean (SD) 28.24 (3.54) 19.11 (2.87) 14.99 (3.54)
Range 22–35 14–24 8–23

Image acquisition resolution
T1 0.70 � 0.70 � 0.70 mm 1.00� 1.00 � 1.00 mm 0.90� 0.90� 0.90 mm
FA 1.25� 1.25 � 1.25 mm 2.00 � 2.00 � 2.00 mm 1.90� 1.90� 2.00 mm
MT 2.00� 2.00 � 2.00 mm

There was up to a 2.9-fold difference in image acquisition resolution for T1 scans. HCP = Human Connectome Project; NSPN = Neuroscience in Psychiatry Network; PNC = Philadelphia Neurodevelopmental Cohort; FA = frac-
tional anisotropy; MT = magnetization transfer.
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phone. Exclusionary criteria included a history of psychiatric medication or
hospitalization, medical issues that could impact brain function or the abil-
ity to finish neuroimaging tasks, and implanted metal. Written informed
consent/assent was given by all participants, including parental consent for
pediatric patients. The study was approved by the Institutional Review
Boards of both the University of Pennsylvania and the Children’s Hospital
of Philadelphia. PNC genotypes and phenotypes are available (dbGaP acces-
sion: phs000607.v2. p2).

All participants had T1-weighted structural MRI scans and DWI scans.
Structural scans were acquired using a 3T Siemens TIM Trio whole-body
scanner (Siemens Healthcare) at the University of Pennsylvania. Images
were obtained with an MPRAGE sequence (FOV=180 mm, acquisition
matrix=192,256 160, ET=3.5ms, RT=1810ms, FA=9°). DWI scans
were captured with a twice-refocused spin-echo (TRSE) single-shot EPI
sequence, consisting of 64 diffusion-weighted directions with b=1000 s/
mm2, and seven interspersed scans where b=0 s/mm2 (Roalf et al., 2016).
Complete details about scanning acquisition are available elsewhere
(Satterthwaite et al., 2014; Roalf et al., 2016).

Neuroscience in psychiatry network (NSPN)
We included 292 typically developing adolescents and young adults
(Mage = 19.16 2.9; range = 14–24; see Table 1) from the NPSN cohort
for further replication analyses of WMV scaling findings in the primary
HCP dataset, and for integrative analysis of WMV scaling alongside scal-
ing of FA and MT (Table 2). Participants were recruited for an NSPN
study on typical adolescent development (Kiddle et al., 2018; Seidlitz et
al., 2018). Exclusionary criteria included current treatment for a psychi-
atric disorder or drug or alcohol dependence, current or past history of
neurologic disorders or trauma, head injury with loss of conscious-
ness, and treatment for a learning disability. Written informed con-
sent was obtained from all participants, and parental consent was
given for those aged 14–15. The study was approved by the National
Research Ethics Service, and conducted according to National
Health Service research standards. Data will be made available on
reasonable request to openNSPN@medschl.cam.ac.uk.

All included participants had T1-weighted structural MRI, DWI, and
MT data. Structural scans, including MT data, were acquired with the
multi-parametric mapping sequence (Kiddle et al., 2018; Seidlitz et al.,
2018) on three identical 3T scanners (Magnetom TIM Trio, Siemens
Healthcare; VB17 software version). Each scanner had a standard 32-
channel (RF) headcoil. R1 and MT were quantified in MATLAB (The
MathWorks Inc.) using SPM8 (www.fil.ion.ucl.ac.uk/spm). DWI data
were collected in the same session: a HARDI was acquired using a sin-
gle-shot echoplanar imaging (EPI) sequence, with 63 gradient directions
and b value = 1000 mm/s2 (as well as five unweighted B0 images). More
comprehensive explanations of scanning procedures are available
(Weiskopf et al., 2013; Kiddle et al., 2018; Seidlitz et al., 2018).

Data availability statement
HCP data are from the HCP S1200 release and can be found on the
study website (humanconnectome.org); PNC data are available for
access (dbGaP accession: phs000607.v2. p2); and NSPN data are

managed by NSPN but will be made available on reasonable request
to openNSPN@medschl.cam.ac.uk.

Image processing
To carry out deformation-based morphometry (DBM) analyses, we
applied the diffeomorphic anatomical registration through expo-
nentiated lie algebra (DARTEL) procedure (SPM12 software pack-
age; Ashburner, 2007) separately to T1 images in the HCP, NSPN,
and PNC datasets. DARTEL is a widely used nonlinear deformation
algorithm that provides high registration accuracy (Klein et al.,
2009). In brief, images were corrected for magnetic field inhomoge-
neity. Then, taking advantage of built-in tissue probability maps for
gray matter, white matter, cerebrospinal fluid, bone, soft tissue, and
air/background, images were segmented and normalized to Montreal
Neurologic Institute (MNI) space in a unified model (Ashburner and
Friston, 2005). Following this, DARTEL-imported versions of both these
rigid-body aligned gray and white matter probability maps without linear
scaling in individual space were used to generate flow fields for each voxel
and encode deformation, as well as a series of population template images.
During this step, DARTEL increases the accuracy of intersubject align-
ment by nonlinearly registering individual gray and white matter simulta-
neously to the template. As the data are iteratively aligned, the template
becomes increasingly crisp. Using the final flow fields and template image,
the gray and white matter probability (or density) images in individual
space were spatially normalized and resliced to isotropic voxel size in MNI
space, modulated/Jacobian scaled (i.e., multiplied by the Jacobian determi-
nant of the deformation field from template to individual space), and then
smoothed with a 4-mm full-width at half-maximum (FWHM) Gaussian
Kernel.

All normalized HCP, NSPN, and PNC images were visually
inspected to ensure absence of any visible motion artifacts or inaccurate
segmentation and normalization. Those smoothed, modulated, normal-
ized WMV probability maps were used for the following scaling analy-
ses. Using the same flow fields generated by DARTEL, FA and MTmaps
were normalized from individual space to MNI space and smoothed
with the same 4-mm FWHM, Gaussian Kernel.

Details of DWI data preprocessing
HCP
EPI, eddy-current induced field inhomogeneities, and motion were esti-
mated and corrected using FSL (Glasser et al., 2013). The impact of gra-
dient nonlinearity on the diffusion vectors was calculated and applied to
correct them at each voxel. The corrected images were transformed and
registered to native structural space. Further details are published
(Glasser et al., 2013; Sotiropoulos et al., 2013).

PNC
Manual and automated quality assurance procedures were applied to
remove problematic DWI data (Roalf et al., 2016). DWI data were skull
stripped and eddy currents and motion were estimated and corrected
using FSL’s eddy. Motion output generated from eddy was used to adjust
gradient vectors for motion. The field map was estimated and distortion
correction was applied. Finally, the diffusion tensor was modeled and

Table 2. Normative scaling relationships between global volumes, mean FA, mean MT, and brain size

Dataset

HCP NSPN PNC

Global WMV b 1-scaling coefficient (SE)
p

1.10 (0.018)***
1.8 � 10�8

1.10 (0.032)**
0.002

1.06 (0.018)**
0.001

Global GMV b 1-scaling coefficient (SE)
p

0.94 (0.011)***
6.3 � 10�8

0.95 (0.016)**
0.005

0.96 (0.010)***
3.6 � 10�4

Mean FA b 1-scaling coefficient (SE)
p

0.10 (0.014)***
1 � 10�5

0.11 (0.021)***
2 � 10�16

0.07 (0.014)***
1.8 � 10�8

Mean MT b 1-scaling coefficient (SE)
p

- 0.09 (0.027)***
2 � 10�16

-

p Values are for a null coefficient = 1 (which would indicate isometric (linear) scaling). HCP = Human Connectome Project; NSPN = Neuroscience in Psychiatry Network; PNC = Philadelphia Neurodevelopmental Cohort; WMV
= white matter volume; GMV = gray matter volume; FA = fractional anisotropy; MT = magnetization transfer. *p , 0.05, **p , 0.01, ***p , 0.001.
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FA was estimated at each voxel using FSL’s DTIFIT. Full analytical
details are published (Roalf et al., 2016).

NSPN
The DWI image analysis pipeline was performed in AFNI (Cox, 1996).
For each subject, DWI image volumes were de-obliqued and co-regis-
tered to the B0 volume to account for in-scanner motion. Then, the six
principal direction tensors were estimated from the DWI image volumes
using the 3dDWItoDT command. A combinatorial scalar measure
derived from these directions (eigenvalues of the tensor), FA, was used
for further analysis.

Experimental design and statistical analysis
Statistical models

Voxel-wise estimation of white matter structure scaling. We used
log-log regression (Huxley, 1924) to determine the normative allometry
of white matter structure relative to total brain size in typically develop-
ing males and females. Under this framework, the scaling relationship of
metric A relative to metric B is given by b 1 in the following equation:

log10ðAÞ ¼ b 01b 1log10ðBÞ:

Using this formula, we estimated the nonlinear allometric rela-
tionship between WMV at each voxel (i.e., metric A), and TTV (i.e.,
metric B). Here, a coefficient of 1 indicates linear (or isometric)
scaling, while coefficients significantly different from 1 indicate
nonlinear scaling. Specifically, values significantly less than 1 indi-
cate a negative scaling relationship, where A becomes proportionally
smaller as B increases (i.e., the rate of increase of A does not keep up
with the rate of increase of B). Conversely, values significantly .1
indicate a positive scaling relationship, where A becomes propor-
tionally larger as B increases.

Our primary dependent variables of interest were WMV at each
voxel within a white matter mask. The white matter mask applied
included only voxels for which the cohort average white matter density
was .0.6 (i.e., separate masks were generated for each of the three data-
sets). Our independent variable used to predict WMV was TTV, which
was computed as the sum of total WMV and total gray matter volume
(GMV). As there are known age-based and sex-based differences in abso-
lute measures of cortical and subcortical anatomy, we removed age-related
and sex-related variation in local WMV and in TTV using nonlinear
splines. In order to avoid negative values, the volumes at mean age were
added to the age-regressed variables. These age-residualized volumetric
variables were then logged in the allometric equation described above.

We then tested for potential interactive effects of scaling, sex, and
centered age, to examine whether age and sex affected anatomic scaling
relationships, for all allometric scaling models using the following
model:

log10ðAÞ ¼ b 01b 1log10ðBÞ1b 2ðSEXÞ1b 3ðAGEÞ

1b 4ðlog10ðBÞ � SEXÞ1b 5ðlog10ðBÞ � AGEÞ1b 6ðSEX � AGEÞ

1b 7ðlog10ðBÞÞ � SEX � AGEÞ:

This model allowed us to rule out significant interactions between
these variables [i.e., none of the interaction terms, 4, 5, 6, or 7, survived
false discovery rate (FDR) correction]. Furthermore, we found no signif-
icant main effect of age (3) on any dependent variable, so we dropped
age from the model. Thus, we present results from the following simpli-
fied allometric scaling model:

log10ðAÞ ¼ b 01b 1log10ðBÞ1b 2ðSEXÞ:

Voxel-wise scaling coefficients were visualized on the MNI-152 tem-
plate brain (Van Essen et al., 2013), and sagittal, coronal, and axial slices

were selected for visualization. Regions of statistically significant positive
and negative scaling were defined by testing the observed value against a
null hypothesis of 1 (isometric scaling) and applying a FDR correction
for multiple comparisons across all voxels in the white matter mask with
q set to 0.05. In the manuscript we present both (1) the unthresholded
scaling maps in each dataset and (2) the thresholded, binarized scaling
maps after FDR correction. In each figure, regions of positive scaling are
visualized in red, and regions of negative scaling are visualized in blue.
Tracts were identified by comparing these scaling maps to a stereotaxic
DTI-based white matter atlas in the same (MNI) space (Mori et al.,
2008).

The log-log regression methods described above were also used to
estimate voxel-specific scaling of FA and MT relative to TTV in the
NSPN cohort only (as that was the only cohort where both FA and MT
information was available). We also conducted two additional supple-
mentary analyses in the NSPN dataset to further qualify our main find-
ings. First, to test for consistency of WMV, FA, and MT findings across
different image resolutions, we compared scaling results from our origi-
nal models in the NSPN cohort, which used images with 1.5-mm3 voxel
sizes for all three modalities, to scaling results using images with 1- and
2-mm3 voxel sizes. This involved repeating the voxel-wise scaling analy-
ses above on T1-weighted structural MRI, DWI, and MT scans that had
been normalized and resliced to 1- and 2-mm3 voxel sizes in MNI space
using the same deformation field determined above. Continuous and
thresholded scaling coefficient maps were compared and visualized
across all three voxel sizes (for continuous maps, see Warling, 2021a).
Second, given that some studies of brain allometry (especially analyses of
interspecies scaling; Ventura-Antunes et al., 2013) exclude the independ-
ent variable from global size estimates, we also estimated global and re-
gional WMV scaling in the NSPN dataset with total GMV rather than
with TTV.

Comparison of white matter scaling maps
We calculated Pearson correlation coefficients to quantify the consis-
tency of scaling maps between cohorts within the same modality (e.g.,
correlation between HCP WMV scaling map and PNC WMV scaling
map), as well as the consistency of scaling maps across the two modal-
ities within the same cohort when appropriate (e.g., correlation between
NSPN WMV scaling map and NSPN FA scaling map). For correlations
between cohorts, only the voxels that overlapped in the two white matter
masks were included in the analysis. For each correlation, significance
was assessed using permutation testing: for each cohort of interest, the
independent variable (age-residualized TTV) was randomly shuffled and
new allometric scaling maps were calculated. A null distribution was
generated from 1000 correlations of permuted scaling maps and was
then tested against the actual correlation of the two non-permuted scal-
ing maps.

Heritability and cognitive analyses in the HCP
To benchmark those regions of nonlinear WMV scaling against the rich
and growing literature of heritability of white matter phenotypes
(Schmitt et al., 2020), we calculated the heritability (h2) of TTV, WMV,
GMV, and regions of significantly positive and negative WMV scaling
with SOLAR v8.1.1 within the HCP dataset (Almasy and Blangero,
1998). This tool employs maximum likelihood variance decomposition
methods to determine the relative effects of genetic and environmental
influences by modeling the covariance among family members as a func-
tion of genetic proximity. Specifically, heritability is the proportion of
trait variance that is explained by additive genetic factors, and is esti-
mated by partitioning the phenotypic covariance matrix into genetic and
environmental components as h2 = sG2/(sG21 sE2), where sG

2 rep-
resents additive genetic variance and sE

2 represents random environ-
mental effects. The covariance matrix, V, is composed of the n� n
kinship matrix (R) and an n�n identity matrix (I): V = 2RsE

2 1 IsE
2.

Tests of heritability are performed using standard likelihood ratio tests
in which the ln likelihood of the null model (where the focal variance
component is forced to be zero) is compared with that of the alternative
model (where the focal variance component is explicitly estimated from
the data). Twice the difference in these ln likelihoods yields a likelihood

7018 • J. Neurosci., August 18, 2021 • 41(33):7015–7028 Warling, McDermott et al. · Regional White Matter Scaling



ratio test statistic that is asymptotically distributed as a 50:50 mixture of
a x 2 variate with one degree of freedom and a point mass at zero. We
did not partition sE

2 into unique and shared environmental compo-
nents given the small size of the observed combined environmental
components (see below). Before conducting heritability analyses, an
inverse-norm transformation was applied to each trait. All heritability
models included the following covariates: age, age2, sex, and their inter-
actions (age � sex and age2 � sex). Heritability of WMV scaling traits
was also calculated with and without residualizing measures for TTV.

Interrelating cortical and white matter scaling
We employed the IIT Human Brain Atlas (Zhang and Arfanakis, 2018)
to identify pairs of positively-scaling gray matter regions (Reardon et al.,
2018) that were also connected through regions of positive white matter

scaling in the HCP. The IIT atlas provides probabilistic estimates of re-
gional interconnectivity for all major white matter tracts in a cohort that
is independent of those we used to map WMV scaling. Moreover, IIT
regional interconnectivity estimates are provided for those same gray
matter regions for which we had previously-established indices of sur-
face-based scaling with total brain size (Reardon et al., 2018). Thus, we
were able to identify overlapping WMV and GMV scaling changes. We
defined the white matter ROIs as a mask of all white matter voxels that
showed significant positive WMV scaling in the HCP in our present
analyses. The IIT Atlas resources include a connectivity matrix that con-
tains the absolute number of white matter “streamlines” connecting each
pair of gray matter regions in the Desikan–Killiany Atlas. Working from
this matrix, we calculated the percent of those connecting streamlines
that also passed through our positively-scaling white matter ROIs. We

Figure 1. Nonlinear scaling of local white matter volume (WMV) with brain size in the Human Connectome Project (HCP) cohort. A, Sagittal, coronal, and axial slices displaying the unthre-
sholded map of local WMV scaling with Total tissue volume (TTV) in the HCP cohort. Red indicates relatively greater WMV with larger TTV (“positive” scaling), and blue indicates relatively
smaller WMV with larger TTV (“negative” scaling). B, Categorical scaling map showing regions of statistically significant positive and negative WMV scaling after correction for multiple compar-
isons across voxels.
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compared the magnitude of these white matter percentages to the num-
ber of positively-scaling vertices in a previously-defined set of gray mat-
ter regions that themselves scaled positively with TTV (Reardon et al.,
2018). We also further characterized the positively-scaling white matter
connections between gray matter regions with at least 50% positively-
scaling vertices by visually mapping those connections. All analyses were
completed in R 3.6.0 (R Core Team, 2013) using the oro.nifti, voxel,
gtools, ggplot2, mgcv, RccpEigen, and snow packages (Whitcher et al.,
2011; Wood, 2011; Bates and Eddelbuettel, 2013; Wickham, 2016;
Garcia de la Garza et al., 2018; Tierney et al., 2018; Warnes et al., 2020).

Results
Reproducible patterns of nonlinear regional WMV scaling in
humans
As a context for the examination of regional WMV scaling, we
first verified prior reports that total WMV scales positively with
global brain size variation in humans (Lüders et al., 2002; de
Jong et al., 2017) across our three datasets. Application of a log-
log regression approach (Huxley, 1924) to quantify the scaling
relationship between global WMV and TTV (calculated as the
sum of total WMV and total GMV for each individual) con-
firmed that total WMV showed positive scaling with TTV across
all datasets analyzed (i.e., scaling coefficients for HCP, NSPN,
and PNC datasets were all significantly.1; Table 2). These anal-
yses controlled for age and sex (neither of which modified the
observed scaling relationships), and indicated that individuals
with larger brains had proportionally greater WMV. As follows
from the WMV-TTV scaling relationship, total GMV showed
negative scaling with TTV (i.e., scaling coefficients significantly
,1; Table 2). Although total WMV and total GMV both showed
statistically-significant deviations from linear scaling with TTV,
the effect size of these deviations was small (Table 2).

Next, to test our core hypothesis that WMV scaling relation-
ships with TTV differ across brain regions, we applied the same
log-log regression model to relate WMV variation at each voxel
within the white matter mask to variation in TTV. These voxel-
wise analyses revealed marked regional variability of white mat-
ter scaling in the primary HCP dataset, with scaling coefficients
ranging from 0.54 (i.e., extreme negative scaling coefficient

furthest below the linear scaling coefficient value of 1, localizing
to the brainstem) to 2.09 (extreme positive scaling coefficient fur-
thest above 1, localizing to the frontal pole; Fig. 1A). After FDR
correction for multiple comparisons across voxels, we observed
regions of statistically-significant negative WMV scaling in
brainstem and cerebellar tracts, as well as a medial subcortical
region that contains the posterior limb of the internal capsule
(Fig. 1B; Movie 1). Regions of statistically-significant positive
WMV scaling were more widespread throughout the cerebrum,
and included sections of the prefrontal white matter, anterior co-
rona radiata, corpus callosum (genu and splenium), cingulum,
and the superior longitudinal fasciculus (Fig. 1B; Movie 1). We
verified the reproducibility of this voxel-level WMV scaling map
by regenerating it in each of 1000 randomly generated split-
halves of the HCP dataset, and establishing that the mean cross-
voxel correlation in WMV scaling coefficients between maps
from each half was high (rmean = 0.88).

The observed map of regional WMV scaling from analysis of
the primary HCP dataset could also be robustly replicated by in-
dependent application of our analytic workflow to the NSPN and
PNC datasets (Fig. 2), which, notably, cover different age ranges
and scanning platforms. Specifically, voxel-wise WMV scaling
coefficients were highly correlated between each pair of datasets
(rHCP-NSPN = 0.81, rHCP-PNC = 0.90, rNSPN-PNC = 0.76; all
ps, 2.2� 10�16; Fig. 3). Moreover, a conjunction map of stat-
istically-significant nonlinear WMV scaling from the HCP,
NSPN, and PNC cohorts revealed a pattern of overwhelm-
ingly convergent WMV scaling among the three datasets
(Fig. 3), reinforcing the bilaterally symmetric regions of sig-
nificant positive and negative WMV scaling found in analysis
of the primary HCP dataset.

Having identified clusters of consistently positive and nega-
tive WMV scaling across all three datasets, we next used infor-
mation on relatedness and cognitive functioning in the HCP
dataset to investigate the heritability and potential cognitive cor-
relates of WMV variation within these clusters (Materials and
Methods) as defined in the HCP dataset (Fig. 1B). Estimated her-
itability was high for TTV, GMV, and WMV (h2 = 0.96, h2 =
0.95, and h2 = 0.94, respectively), as well as WMV within both
the positive and negative scaling clusters defined in the HCP
dataset (h2 = 0.95 and h2 = 0.96, respectively). The heritability
values for TTV, as well as global GMV and WMV, are generally
in line with previously published values (Peper et al., 2007) and
were comparable to heritability estimates for other variables,
such as height, in this dataset (see Warling, 2021b). Heritability
remained high for TTV-residualized WMV variation within pos-
itive and negative scaling clusters (h2 = 0.96 and h2 = 0.92,
respectively). A summary score of general intelligence derived
from the HCP dataset (Dubois et al., 2018; henceforth, g) showed
a moderately strong positive correlation with TTV, GMV, and
WMV (r= 0.31, p=2.2� 10�16; r= 0.34, p=2.2� 10�16; r= 0.22,
p= 2.0� 10�11, respectively), as well as WMV volume within both
the positively-scaling and negatively-scaling clusters defined in the
HCP dataset (r=0.22, p=2.9� 10�11; r=0.21, p=1.2� 10�10,
respectively). However, variation in WMV after residualization for
TTV variation revealed weaker, negative correlations with g (total
WMV: r = �0.18, p=1.1� 10�07/positively-scaling WMV regions:
r = �0.18, p=6.9� 10�08/negatively-scaling WMV regions: r =
�0.07, p=0.03). Independent analysis with the PNC dataset using a
factor analytically- derived index of cognition (Gur et al., 2021)
failed to reveal a statistically significant correlation between general
cognitive ability and WMV in either positively-scaling or nega-
tively-scalingWMV clusters.

Movie 1. Visualization of voxels with significantly non-linear WMV scaling in the Human
Connectome Project (HCP) cohort. Colored regions are those that show significant positive
(red) or negative (blue) white matter volume (WMV) scaling (p. 0.05 after FDR correction)
with total tissue volume (TTV) in the HCP. A 2D image of positively-scaling voxels from this
visualization is included in Figure 6B. [View online]
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Regional scaling of WMV in humans is uncoupled from that
of white matter microstructure
The results above demonstrate that regional distribution of
WMV is altered as a function of brain size variation in humans,
but do not establish whether these volumetric effects are accom-
panied by microstructural changes. Therefore, we next applied

the same log-log regression models used in WMV analyses to
clarify scaling relationships between TTV and two commonly-
studied neuroimaging markers of white matter microstructure:
FA and MT. FA may reflect diverse microstructural properties,
including axonal integrity, fiber density, tract crossing, and/or
myelination (Beaulieu, 2002), and MT is considered a more

Figure 2. Nonlinear scaling of local WMV with brain size in the Neuroscience in Psychiatry Network (NSPN) and Philadelphia Neurodevelopmental Cohort (PNC) cohorts. A, Unthresholded
map showing local white matter volume (WMV) scaling with total tissue volume (TTV) in the PNC cohort. B, Categorical scaling map showing regions of statistically significant positive and neg-
ative WMV scaling in the PNC cohort, after correction for multiple comparisons across voxels. C, Unthresholded map showing local WMV scaling with TTV in the NSPN cohort. D, Categorical scal-
ing map showing regions of statistically significant positive and negative WMV scaling in the NSPN cohort, after correction for multiple comparisons across voxels.
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robust marker of myelin (Lema et al., 2017). Modality availability
across datasets was such that FA analyses could be completed in
all three cohorts, and MT analyses in the NSPN cohort only.

In contrast to the consistently positive scaling relationships
between total WMV and TTV (Table 2), we found that global
mean FA andMT variation were only weakly related to TTV var-
iation–with both measures of white matter microstructure show-
ing negative scaling relationships with TTV [scaling coefficients
were small in magnitude, but were significantly different from
nulls of both 1 (linear scaling) and 0; Table 2; Fig. 4A].
Furthermore, in contrast to the regionally heterogeneous nature
of WMV scaling, both FA-TTV and MT-TTV scaling relationships
were profoundly negative throughout all white matter regions (i.e.,
significantly .0, but significantly ,1; Figs. 4B, 5). Quantitative
analysis further reinforced that the spatial patternings of voxel-wise
scaling coefficients for local WMV, local FA, and local MT scaling
were not highly correlated (or, at least, not as highly correlated as
WMV scaling was across datasets; rWMV-FA = 0.02, p. 0.05; rMT-FA

= 0.34, p, 0.01; rMT-WMV = 0.35, p, 2.2� 10�16; Fig. 4C).
Finally, supplemental analyses in the NSPN dataset revealed

that, for all three modalities examined, regional scaling results
were highly consistent across images with different imposed
voxel sizes (Warling, 2021a). This suggests our findings were not
impacted by potential partial voluming effects. Supplementary
analyses also established that cross voxel variation in scaling was
highly correlated between analyses using TTV and GMV as the
global metric (rWMV = 0.70; Warling, 2021c). As expected given
the small positive scaling between total WMV and TTV (Table
2), global and voxel-wise scaling coefficients for WMV were
lower with total GMV than with TTV (global scaling of WMV
with GMV=0.91; global scaling of WMV with TTV=1.10; for
regional analyses, see Warling, 2021c).

All regional WMV, FA, and MT maps, as well as conjunction
maps, are publicly available on NeuroVault (https://identifiers.
org/neurovault.collection:9115).

Local gray matter scaling correlates with local white matter
scaling
Having localized regions of nonlinear WMV scaling, and also
characterized the distinctness of these scaling patterns from those

of white matter microstructure, we next examined how regional
WMV scaling relationships might integrate with previously-
reported regional gray matter scaling relationships (Reardon et
al., 2018). To achieve this, we considered the set of white matter
voxels showing statistically-significant positive scaling with TTV
in the HCP cohort (Fig. 1B, regions highlighted in red). Using a
standard cortical parcellation (Desikan et al., 2006) in the IIT
Human Brain Atlas (Zhang and Arfanakis, 2018), we identified
the percent of all white matter “streamlines” entering or exiting a
given gray matter region that passed through this set of posi-
tively-scaling white matter voxels. Then, we were able to test,
and verify, that those cortical regions which scale more positively
(i.e., have a greater proportion of positively scaling vertices) also
tend to show a greater percent connectivity through positively-
scaling white matter voxels (Fig. 6A; Movie 1, red mask). For
example, the inferior temporal region of the right hemisphere
shows predominantly positive areal scaling with brain size, and is
also highly connected through regions of positive WMV scaling.
This finding suggests a coordinated pattern of anatomic scaling
in the human brain, where gray matter regions that become pro-
portionally larger in larger brains tend to be connected by white
matter tracts that also become proportionally larger in larger
brains. Among those cortical regions with the most marked posi-
tive areal scaling (i.e., over 50% of vertices scaling positively; Fig.
6B), we found that the regions most highly interconnected by
positively-scaling white matter tracts were the right caudal mid-
dle frontal gyrus, right caudal anterior cingulate cortex, and left
isthmus cingulate cortex (Fig. 6C).

Discussion
By integrating data across distinct cohorts and brain phenotypes,
our study provides several novel insights into regional white
matter scaling of the human brain. We consider each below.

Across all three datasets considered, we find that total WMV
scales positively with brain size, while total GMV scales nega-
tively. Consistent with previous findings in healthy cohorts
(Lüders et al., 2002; de Jong et al., 2017), these relationships were
not significantly modified by age or sex, despite known sex-and
age-based differences in absolute global cortical measures
(Cosgrove et al., 2007; Ritchie et al., 2018; Kaczkurkin et al.,

Figure 3. Conjunction of local white matter volume (WMV) scaling patterns across datasets. A, Conjunction of Human Connectome Project (HCP), Neuroscience in Psychiatry Network
(NSPN), and Philadelphia Neurodevelopmental Cohort (PNC) white matter scaling maps. A small, bilateral region of divergent scaling was identified in the internal capsule (shown in green),
bordered by a region of consistent negative scaling medially, and a region of consistent positive scaling laterally. B, Cross-voxel correlations between WMV scaling coefficients in the HCP (yel-
low), NSPN (green), and PNC (orange) cohorts (all ps, 2.2� 10�16).
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2019). Positive scaling relationships between total WMV and
brain size have also been noted across mammalian species
(Zhang and Sejnowski, 2000; Herculano-Houzel et al., 2010)
and within the primate clade (Mota et al., 2019). Thus, our
findings reinforce the notion that, in primates, possession of
a larger brain size, through interspecies or interindividual

variation, is accompanied by possession of proportionally
larger WMV.

Moving beyond analysis of total WMV to voxel-level
data, we show that the positive scaling of total WMV is
underpinned by spatially heterogeneous, but highly replica-
ble, regional WMV scaling patterns. This includes positive

Figure 4. Nonlinear scaling of local fractional anisotropy (FA) and local magnetization transfer (MT) with brain size in the Neuroscience in Psychiatry Network (NSPN) cohort. A, Scatterplots
showing scaling relationships between global white matter volume (WMV) and total tissue volume (TTV) (top), global mean FA and TTV (middle), and global MT and TTV (bottom) in the
NSPN cohort (each dot is one participant). Positive and negative scaling relationships are denoted in red and blue (respectively), relative to the null of linear scaling (black line, slope = 1); b
values and p values are provided for comparisons between fit lines and null slopes of 1 (linear scaling) and 0 (no linear relationship between variables). B, Sagittal and coronal slices displaying
the unthresholded map of local WMV, FA, and MT scaling. Although there are regions of both positive and negative WMV scaling, MT and FA scaling is uniformly negative. C, Correlations
between voxel-wise MT, FA, and WMV scaling coefficients (rWMV-FA = 0.02, p. 0.05; rMT-FA = 0.34, p, 0.01; rMT-WMV = 0.35, p, 2.2� 10�16), as well as Z-scored maps of these coeffi-
cients provided to aid comparison of relative regional scaling. *p, 0.05, **p, 0.01, ***p, 0.001.
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WMV scaling in many cortical areas (i.e., subregions of the
prefrontal, parietal, and occipital cortices, the anterior co-
rona radiata, the superior longitudinal fasciculus, and the
genu and splenium of the corpus callosum), alongside negative
scaling in several subcortical regions (i.e., tracts coursing through
the internal capsule, brainstem, and cerebellum). Notably, the
striking consistency in regional scaling patterns across the
three datasets was observed despite substantial differences in
sample composition, scanning platforms, and image acquisi-
tion resolutions.

There are no other spatially comprehensive maps of WMV
scaling with which to directly compare our findings. Current

models of WMV scaling, based on early theories about hemi-
spheric connectivity differences across brains of varying sizes
(Ringo, 1991; Ringo et al., 1994), reports showing that corpus
callosum volume scales negatively with TTV, both between pri-
mates (Rilling and Insel, 1999) and among humans (Jancke,
1997), diffusion imaging studies (Hänggi et al., 2014; Assaf et al.,
2020), and functional connectivity work (Karolis et al., 2019),
posit that larger brains should exhibit relatively decreased inter-
hemispheric connectivity and increased intrahemispheric con-
nectivity. However, assuming that relative expansion of WMV
can be interpreted as promoting connectivity, our findings
challenge this model on two grounds: we observe localized

Figure 5. Thresholded maps showing significant linear associations of local fractional anisotropy (FA) and magnetization transfer (MT) with brain size in the Neuroscience in Psychiatry
Network (NSPN) cohort. Sagittal, coronal, and axial slices displaying thresholded maps (FDR correction for multiple comparisons) of where regression coefficients (in log-log space) for FA (A)
and MT (B) with total tissue volume (TTV) are greater than zero.
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positive, rather than negative, WMV scaling within the cor-
pus callosum, and we observe both positive and negative
WMV scaling in intrahemispheric tracts, not homogenous
negative WMV scaling.

Although our findings do not cohere with the notion that
brain size-related white matter alterations are driven by the dis-
tinction between interhemispheric versus intrahemispheric
tracts, they do suggest an alternative patterning principle: the dis-
tinction between higher-order associative versus lower-order
sensorimotor systems. This principle is supported by several lines
of empirical evidence. First, almost all regions of positive WMV
scaling were within tracts mediating long-range frontal, parietal
and temporal cortical connectivity [i.e., genu and splenium of
the corpus callosum (Friedrich et al., 2020), superior longitudinal
fasciculus (Kamali et al., 2014), cingulum (Bubb et al., 2018)].
Additionally, cortical regions with more pronounced positive
gray matter scaling (Reardon et al., 2018) tend to connect more
highly through positively-scaling white matter tracts (Fig. 6).
Second, all regions of negative WMV scaling were localized to
tracts mediating connectivity between lower-order sensory and
motor systems [i.e., internal capsule (Kim et al., 2008), dorsal-
column medial lemniscus (Purves et al., 2001), white matter
underlying primary sensory cortex], which also themselves
show negative anatomic scaling (Reardon et al., 2018). Thus, our
findings propose a model of coordinated gray and white matter
scaling, wherein (1) a distributed network of higher-order asso-
ciative cortices and the white matter tracts connecting them
become relatively expanded; while (2) another set of regions and
tracts within motor and sensory systems becomes relatively
diminished. The cortical aspects of this scaling program have al-
ready been demonstrated across all three major axes of primate
brain size variation [evolutionary expansion (Hill et al., 2010),
developmental growth (Hill et al., 2010), and interindividual var-
iation (Reardon et al., 2018)]. Thus, these regional WMV scaling
patterns may also be apparent in evolutionary (i.e., interspecies)
and developmental contexts. There are hints that this prediction
may hold, given evidence of disproportionate frontal lobe expan-
sion (Schoenemann et al., 2005; Smaers et al., 2010; Barrett et al.,
2020), and increased centrality of multimodal area interconnec-
tivity (Ardesch et al., 2019), in humans compared with other pri-
mates. Integrating evolutionary and developmental aspects of

local white matter scaling is an imporant goal for future research.
These efforts should distinguish between questions about (1) the
spatial similarity of regional developmental, interspecific, and
intraspecific white matter scaling; and (2) the degree to which
these scaling patterns share common mechanistic bases. Future
white matter scaling work should also more closely examine its
coordination with gray matter scaling, ideally at the voxel-level,
by incorporating newer measures of white matter microstructure
such as neurite orientation dispersion and density imaging
(NODDI; Zhang et al., 2012).

Our findings also provide insight into potential developmen-
tal and histologic causes of regional WMV scaling. First, we ver-
ify that interindividual volume variation within regions of
positive and negative WMV scaling is highly heritable. This is
not necessarily surprising, as global brain volume variation is
highly heritable (Peper et al., 2007), but does suggest that the
stereotyped nature of regional WMV scaling may reflect genetic
control. Second, we demonstrate nearly-universal negative FA-
TTV and MT-TTV scaling relationships (e.g., hypolinear
increases in FA and MT with increased brain size) at the global
and regional levels. These findings are in line with prior reports
which have also demonstrated absolute increases in FA and MT
in larger brains (Takao et al., 2011, 2014), but stand in strong
contrast to the positive (e.g., hyperlinear increases) in global
WMV-TTV and heterogeneous regional WMV-TTV scaling
relationships we observed. This inconsistency suggests that
aspects of white matter organization thought to correlate with
FA and MT (i.e., axonal integrity, fiber density, tract crossing,
and myelination; Beaulieu, 2002; Lema et al., 2017) are unlikely
to be immediate drivers of WMV scaling, and raises doubts
regarding previously-hypothesized drivers of positive white mat-
ter scaling in primates [e.g., increased axonal branching (Zhang
and Sejnowski, 2000), increased axonal diameter (Ringo et al.,
1994; Changizi, 2001), increases in the proportion of myelinated
axons (Wang et al., 2008), or increases in the degree of axonal
myelination (i.e., decreased g ratio; Paus, 2009)] because changes
in those microstructural features would presumably dictate FA
and MT scaling patterns that more closely replicate WMV scal-
ing. Instead, we tentatively speculate that positive WMV scaling
may reflect an increase in the number of axonal projections in a
given white matter tract (Prothero, 1997). This speculation also

Figure 6. Coordination between gray and white matter scaling in the human brain. A, For each cortical region of interest (ROI) in the Desikan–Killiany Atlas, we used The IIT Human Brain
Atlas to estimate the percent of white matter streamlines coming to or from that ROI that pass through the regions of significant positive white matter volume (WMV) scaling in the Human
Connectome Project (HCP) (shown in Fig. 1B). As the scatterplot shows, this value was significantly correlated with the percent of all cortical vertices in that ROI that scaled positively in the
HCP cohort in Reardon et al. (2018; r= 0.248, p= 0.04), suggesting that allometric scaling of white matter in the human brain occurs in concert with the scaling pattern of associated gray
matter regions. The names of the six most positively-scaling gray matter regions (i.e., those with.50% positively scaling vertices) are highlighted. B, Cortical surface (top right and left, bot-
tom right) and tract (bottom left) maps showing, respectively, the locations of the same six most positively-scaling gray matter regions, and a mask of all positively-scaling WMV voxels in this
cohort. C, Chord diagram showing strength of white matter connections through the WMV mask between the same six most positively-scaling gray matter regions. Edge size is proportional to
number of white matter connections, and color denotes hemisphere identity (purple = left; green = right).
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aligns with the notion that regional differences in neuronal count
may underlie the positive scaling of association cortices
(Reardon et al., 2018) interconnected by these positively scaling
white matter tracts. Testing this hypothesis, however, would
require multimodal imaging studies and/or postmortem histo-
logic analysis across differently-sized brains.

The “cause” of WMV scaling can also be considered from a
teleological or functional perspective. Several observations in our
study suggest that WMV scaling is functionally adaptive, includ-
ing the reproducible nature of WMV scaling across different
cohorts, the differential patterning of WMV scaling across asso-
ciative versus sensorimotor systems, and the disproportionate
expansion of total WMV in larger brains, despite the increased
wiring costs this presumably occurs (Bullmore and Sporns,
2012). It is notable, therefore, that, similarly to what has been
seen in gray matter (Reardon et al., 2018), WMV in positively-
scaling regions had only a weak, and negative, correlation with
general cognitive ability after controlling for TTV. However, the
very existence of nonlinear white matter scaling indicates that
shifts in TTV and regional WMV proportions are linked, and
suggests that local WMV changes themselves may be integral to
the association between greater TTV and improved cognitive
ability. Thus, we speculate that preferential expansion of associa-
tion tracts in larger brains may contribute to the positive correla-
tion between brain size and cognitive ability, but that possession
of greater regional WMV volume than predicted by TTV may
not provide additional functional advantages. Future work, how-
ever, would benefit from simultaneous measurement of multiple
morphometric and cognitive features.

In summary, we systematically characterized regional white
matter changes accompanying human brain size variation. We
place our findings in the context of regional scaling for other
brain phenotypes (FA and MT, and cortical surface area) and
cognitive variation. Our analyses reveal that larger brains not
only show a disproportionate expansion of associative cortices
(Reardon et al., 2018) but also of the tracts that interconnect
them. This knowledge helps refine current models of white mat-
ter scaling, indicates that brain size variation is linked to regional
anatomic changes for both major brain tissue classes, and
informs basic neuroscience by suggesting design principles
required to support optimal brain functioning across natural
brain size diversity. These basic science insights also provide a
new context for interpreting regional WMV differences between
groups that differ in brain size for demographic or clinical
reasons.
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