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Fig. 4. Cross-species topology of covariance as a function of the dual origin theory. (A) Left: distance from archicortex and paleocortex in humans. Middle:
genetic correlation as a function of archi- and paleocortex distance (10 bins). Right: Association between G1 and G2 of genetic correlation of thickness and distance from
archicortex and paleocortex in humans (both gradients binned in two bins and linear relationship between gradient and distance). (B) Left: Distance from archicortex and
paleocortex in macaque monkeys (34). Middle: structural covariance as a function of archi- and paleocortex distance (10 bins) (34). Right: Association between G1 and G2
of thickness covariance and distance from archicortex and paleocortex in macaque monkeys (both gradients binned in two bins, as well as linear relationship between
gradient and distance). (C) Left: Sensory-fugal maps of laminar differentiation (77). Middle: Genetic correlation as a function of laminar module. Right: Gradients versus

laminal module.

respectively, aligning the inferior-superior axis in macroscale organi-
zation of thickness with the dual origin theory. This convergence
supports the view that regions that can be reasonably distant in
space can be functionally affiliated because they share similar or-
igins (3, 34, 41). The emergence of the dual connectional trends
might be rooted in two patterning centers in the developing palli-
um, resulting in two opposing neurogenetic gradients. Both ventral
and dorsal systems have been proposed to relate to differentiable
functional processes. Whereas the dorsal system has been proposed
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to relate to time, space, and motility, the ventral system has been
associated with assigning meaning and motivation (43, 44). Our
analysis only provides correlational evidence of a dual origin
schema within cortical macrostructure using distance from archi-
and paleocortical formations as a proxy. We hope that the obser-
vations reported here will spark further investigation of a dual
origin in cortical architecture across imaging modalities and cor-
tical features, as well as its relation to cortical development and
ageing.
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We observed differential ordering of posterior-anterior and
inferior-superior gradients in humans and macaques. Whereas in
humans, the principal gradient traversed a posterior-anterior trajectory,
we observed that in macaques, this gradient was only the second
description of shared variance. This difference might reflect the dif-
ference in the timing of cortical development between humans and
macaques. For example, it has been shown that in the macaque
neurogenesis ends about 20 days earlier in the rostral pole than in
the most caudal regions (45); in humans, however, a posterior-anterior
difference of up to 70 days has been predicted (37). It is possible
that difference in timing of neurogenesis might describe why the
same axis of organization can be more or less pronounced in differ-
ent species. Previous work, using the same sample of macaques,
has shown that similarity in functional cortical organization be-
tween humans and macaques decreases with geodesic distance from
unimodal systems and culminates in the greater differences in pos-
terior regions of the default network (33). It is possible this func-
tional difference emerges from the different balance of the structural
organizational patterns between macaques and humans. It has been
suggested that the evolution of the shape of the human brain is
related to genes involved in neurogenesis and myelination (46), re-
sulting in a relatively globular shape of the brain of modern humans
relative to their ancestors. It will be important for future work to ex-
plore whether differences in the emphasis placed on similar or-
ganizational patterns across different species can describe the
evolutionary differences in cognitive functions between humans
and other primates.

Follow-up analysis indicated the posterior-anterior and inferior-
superior gradients related to cortical myelination and previously
described organization of microstructural profile covariance (27).
The posterior-anterior gradient related to T1wT2w contrast in all
layers. This is in line with seminal evidence of an increase of mean
myelin from fronto-polar toward sensory regions (47). The dorsal-
ventral dissociation was only observed in the upper two strata, with
ventral regions relating to lower TIwT2 contrast than dorsal regions.
Difference in upper and lower strata T1wT2w contrast has been
summarized using “skewness,” indicating that regions with high
difference between upper and lower layers would have a low skew-
ness, whereas regions with a small difference between upper and
lower layers having a high skewness (48). Dorsal regions including
the sensory-motor cortex have been reported to have a low skewness,
indicating a large difference in myelin between upper and lower
layers. It is possible that the dorsal-ventral patterning of myelin in
the upper layers reflects a dissociation in information processing,
with sensory agranular regions providing feedforward information
and project locally, whereas ventral, more granular paralimbic,
regions are involved in feedback processing and project from infra-
granular layers (49). In addition, we found comparable topologies
in microstructural profile covariance and macroscale organization
of thickness, in line with previous evidence that thickness topology
relates to microstructural differentiation (11).

Similar to previous work (13), we observed a correspondence
between organization of structural covariance and geodesic distance.
Previous research has indicated that interregional associations, in-
cluding shared genetic influences, structural covariance, and func-
tional and structural connectivity measures, are more pronounced
at short relative to long interregional distances (13, 19). Such a
distance effect is consistent with the prediction that evolutionary
pressure decreases distances between highly connected brain areas
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to reduce metabolic and wiring costs (50). The spatial constraints
on connectivity might relate to signaling molecules, secreted by
patterning centers, which generate a graded expression of transcrip-
tion factors in cortical progenitors (51), regulating the position of
cortical areas. At the same time, when regressing out distance be-
fore assessing the organizational principles underlying structural
covariance, we observed patterning that still reflected functional
and dual organization, and this time axis followed patterns with
in the one hand a juxtaposition of paralimbic areas to heteromodal
association cortices, and, on the other hand, a pronounced sensory-
fugal trajectory in the second gradient. In addition, other factors
shape the organization of brain function and structure such as contra-
lateral homologies and clustering of connections that share inputs
(13,52). Overall, our observations suggest that both distance-related
and nondistance-related factors influence the topology of large-scale
cortical brain structure, aligning with notions of cortical expansion
(33), functional hierarchy (6), and the dual origin theory (2). At the
same time, associations between spatial distance and connectivity
might be enhanced by motion, smoothing, and measurement error
(53, 54). Although our analysis suggests that the observed effects go
above and beyond such confounds, further research formally com-
bining multiple modalities and creating mathematical null models
randomly capturing topological elements observed in covariance net-
works (55) might help to further decompose the association between
geometry and topology of the cortical mantle.

The current work provides a macroscale perspective on the
genetic basis of cortical organization by investigating cortical thick-
ness covariance, a widely used, macroscale measure reflecting neu-
ronal density and cytoarchitecture. Cortical structure is defined by
not only its thickness but also surface area and gyrification. Future
research on the spatial organization of cortical structure might be
complemented by models combining multiple cortical features
such as cortical thickness, surface area, and folding (56, 57). While
implications of our findings in healthy adults to diseased and older
populations remain speculative, our work may offer a novel and com-
pelling model to evaluate the impact and progression of pathology.
For example, it has been suggested that Parkinson’s and Alzheimer’s
disease follows a staging trajectory, with different regions and
networks affected at different stages of the disorder (8), and its
sequence might be determined by underlying anatomical axes.
Future work should, therefore, consider whether the macroscale
patterns such as those described in our work may shed light on specific
orderly sequences in symptoms that underpins Parkinson’s disease,
as well as other neurodegenerative conditions. These analyses will
not only inform our understanding of the progression of the specific
diseases but also provide a model to arrange abnormal features of
neurocognitive organization.

To conclude, our results establish two major axes in macroscale
organization of cortical thickness in human and nonhuman pri-
mates and suggests genetic effects on both. We found a principal
gradient stretched from posterior to anterior cortical areas, whereas
a second gradient traversed along an inferior-superior axis and
aligned with theories on the dual origin of the cortex. Combined,
our observations provide direct evidence of a genetic basis behind
macroscale patterns of brain structure. Note that our findings were
made possible thanks to open data initiatives. These initiatives of-
fer the neuroscience community unprecedented access to large
datasets for the investigation of human and nonhuman brains
and for the cross-validation of observations across datasets and
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methods. Uncovering organizational axes of the human cerebral cor-
tex provides insights the developmental-maturational and evolu-
tionary patterns underlying cortical structure. Such axes can be
used to study brain-behavior relationships, evaluate disease pro-
gression, and disseminate potential neurogenetic origins of abnor-
mal cortical development.

MATERIALS AND METHODS

HCP sample

Participants and study design

For our analysis, we used the publicly available data from the HCP
§1200 release (www.humanconnectome.org/), which comprised data
from 1206 individuals (656 females), 298 monozychotic (MZ) twins,
188 dizychotic (DZ) twins, and 720 singletons, with a mean age of
28.8 years (SD, 3.7; range, 22 to 37). We included individuals for
whom the scans and data had been released (humanconnectome.org)
after passing the HCP quality control and assurance standards. The
full set of inclusion and exclusion criteria are described elsewhere
(58, 59). In short, the primary participant pool comes from healthy
individuals born in Missouri to families that include twins based
on data from the Missouri Department of Health and Senior Ser-
vices Bureau of Vital Records. Additional recruiting efforts were
used to ensure that participants broadly reflect ethnic and racial
composition of the U.S. population. Healthy is broadly defined to
gain a sample generally representative of the population at large.
Sibships with individuals having severe neurodevelopmental disor-
ders (e.g., autism), documented neuropsychiatric disorders (e.g.,
schizophrenia or depression), or neurologic disorders (e.g., Parkinson’s
disease) are excluded, as well as individuals with diabetes or high
blood pressure. Twins born before 34 weeks of gestation and
nontwins born before 37 weeks of gestation are excluded as well.
After removing individuals with missing structural imaging data,
our sample consisted of 1113 (606 females) individuals (including
286 MZ twins and 170 DZ twins) with a mean age of 28.8 years
(SD, 3.7; range, 22 to 37).

Structural imaging processing

Magnetic resonance imaging (MRI) protocols of the HCP are previ-
ously described (58, 59). In short, MRI data used in the study were
acquired on the HCP’s custom 3T Siemens Skyra equipped with a
32-channel head coil. Two T1w images with identical parameters
were acquired using a three-dimensional magnetization-prepared
rapid gradient-echo (3D MP-RAGE) sequence (0.7-mm isotropic
voxels; matrix, 320 x 320; 256 sagittal slices; common MRI setting
terms. Two T2w images were acquired using a 3D T2-SPACE se-
quence with identical geometry (TR, 3200 ms; TE, 565 ms; variable
flip angle; iPAT, 2). T1w and T2w scans were acquired on the same
day. The pipeline used to obtain the FreeSurfer segmentation is de-
scribed in detail in a previous article (58) and is recommended for
the HCP data. The preprocessing steps included coregistration of
T1- and T2-weighted scans, B1 (bias field) correction, and segmen-
tation and surface reconstruction using FreeSurfer version 5.3 HCP
to estimate cortical thickness.

In addition to assess robustness and replicability of the results
across different surface estimation pipelines, cortical thickness esti-
mates were further estimated using FreeSurfer version 6.0 and
CIVET (60). For both these additional analyses, only bias-corrected
T1-weighted data were used as the input. FreeSurfer version 6.0 was
performed using the default recon-all options. Surface-extraction
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and cortical thickness estimation using CIVET were performed using
version 2.1.1 (www.bic.mni.mcgill.ca/ServicesSoftware/CIVET). The
nonuniformity artefacts were corrected with the N3 algorithm using
the recommended N3 spline distance of 125 mm for 3T T1-weighted
scans. Cortical thickness was then measured as the distance between
the estimated “white” and “gray” cortical surfaces, in the native
space framework of the original MR images, using the same ap-
proach that is used in FreeSurfer.
Parcellation approach
We used the Schaefer parcellation scheme (25) on the basis of the
combination of a local gradient approach and a global similarity
approach using a gradient-weighted Markov Random models. The
parcellation has been extensively evaluated with regard to stability
and convergence with histological mapping and alternative parcel-
lations. In the context of the current study, we focus on the granu-
larity of 400 parcels, as averaging will improve signal to noise. We
averaged unsmoothed structural data within each parcel. Thus,
cortical thickness of each region of interest was estimated as the
trimmed mean (10% trim). Findings were additionally evaluated
using different parcellation schemes using the 800 parcel Schaefer
(25) solution, as well as the Glasser atlas (31) and the Desikan-
Killiany (30) atlas.
Structural covariance
We computed structural covariance by correlating cortical thick-
ness parcels while controlling for age, sex, and global thickness, re-
sulting in a 400 by 400 matrix. Previous work has indicated that
there is a strong general genetic component influencing cortical
anatomy (61), and thus, by regressing out global thickness, these
global genetic effects are reduced. However, the main observations
remain virtually identical when not controlling for global thickness.
Genetic correlation analysis
To investigate the genetic correlation of brain structure, we ana-
lyzed 400 parcels of cortical thickness in a twin-based genetic cor-
relation analysis. The quantitative genetic analyses were conducted
using SOLAR (62). SOLAR uses maximum likelihood variance-
decomposition methods to determine the relative importance of
familial and environmental influences on a phenotype by modeling
the covariance among family members as a function of genetic
proximity. We used a G + E model to assess heritability and genetic
correlation in the HCP dataset on the basis of prior work, indicating
that G + E is more parsimonious and leads to more reproducible
results in this sample (63). This approach can handle pedigrees
of arbitrary size and complexity and thus is optimally efficient with
regard to extracting maximal genetic information. To ensure that
our cortical thickness parcels were conforming to the assumptions
of normality, an inverse normal transformation was applied.
Heritability (h?) represents the portion of the phenotypic variance
(Gzp) accounted for by the total additive genetic variance (ng), ie.,
W= ng/ Gzp. Phenotypes exhibiting stronger covariances between
genetically more similar individuals than between genetically less
similar individuals have higher heritability. Within SOLAR, this is
assessed by contrasting the observed covariance matrices for a neuro-
imaging measure with the structure of the covariance matrix predicted
by kinship. Heritability analyses were conducted with simultaneous
estimation for the effects of covariates. For this study, we included
covariates including global thickness, age, sex, age’, and age X sex.
To determine whether shared variations in cortical thickness were
influenced by the same genetic factors, genetic correlation analyses
were conducted. More formally, bivariate polygenic analyses were
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performed to estimate genetic (pg) and environmental (p.) correla-
tions, on the basis of the phenotypic correlation (p,), between corti-
cal thickness parcels in the following formula: p, = p g\/(hzl h?) +

pe\/[(l —h%)(1-Hh%,)], where h*; and K%, are the heritability of the
parcel-based cortical thickness. The significance of these correla-
tions was tested by comparing the log likelihood for two restricted
models (with either pg or p. constrained to be equal to 0) against the
log likelihood for the model in which these parameters were esti-
mated. A significant genetic correlation is evidence suggesting that
(a proportion of) both phenotypes are influenced by a gene or set of
genes (64). To compute the contribution of genetic effects relative
to the phenotypic correlation, we computed the contribution of the

genetic path to the phenotypic correlation (\lhzl X pg X Vh?, ) (Pphg)
divided by the phenotypic correlation. For the relative contribution
of environmental correlation to the phenotypic correlation, we com-

puted (\l 1-h% xpex\1- hzz) (ppne) divided by the phenotypic
correlation (65).

Gradient decomposition

To compute macroscale organizational gradients, we performed
several analysis steps. The input of the analysis was the structural
covariance/genetic correlation matrix, which was cut off at 90%
similar to previous studies (27, 28). To study the relationships
between cortical regions in terms of their features, we used a nor-
malized angle similarity kernel resulting in a non-negative square
symmetric affinity matrix. In the following, we used diffusion
mapping, a nonlinear dimensionality reduction method (29). In
brief, the algorithm estimates a low-dimensional embedding from a
high-dimensional affinity matrix. In this space, cortical nodes that
are strongly interconnected by either many suprathreshold edges or
few very strong edges are closer together, whereas nodes with little
or no covariance are farther apart. The name of this approach,
which belongs to the family of graph Laplacians, derives from the
equivalence of the Euclidean distance between points in the embedded
space and the diffusion distance between probability distributions
centered at those points. It is controlled by a single parameter o,
which controls the influence of the density of sampling points on
the manifold (o = 0, maximal influence; a = 1, no influence). On the
basis of the previous work (27, 28), we followed recommendations
and set a = 0.5, a choice that retains the global relations between data
points in the embedded space and has been suggested to be relatively
robust to noise in the covariance matrix. Gradients were mapped
onto the cortical surface using SurfStat (http://mica-mni.github.io/
surfstat), and we assessed the amount of variance explained.
Functional connectivity

Functional connectivity matrices were based on 1 hour of resting-
state functional MRI (fMRI) data acquired through the HCP (58) and
made publicly available for download on ConnectomeDB. Functional
resting-state MRI data underwent HCP’s minimal preprocessing
(31, 58). Briefly, for each individual, a functional connectivity
matrix was calculated using the correlation coefficient across four
minimally preprocessed, spatially normalized, and concatenated to
four 15-min resting-state fMRI scans and coregistered using MSMAIL
to template HCP 32k_LR surface space (59). 32k_LR surface space
consists of 32,492 total nodes per hemisphere (59,412 excluding the
medial wall). Following average time series were extracted in each
of the 400 cortical parcels (25), and individual functional connectivity
matrices were computed. The individual functional connectomes
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were generated by averaging preprocessed time series within nodes,
correlating nodal time series, and converting them to z scores.
Using the individual time series of individuals with complete data
in the $1200 sample, we constructed an average functional connec-
tivity matrix of which we derived a principle gradient.

Geodesic distance

Geodesic distance was measured as the length of the shortest path
between two points (i.e., two surface vertices) running through the cor-
tical mantle using an approach invariant to mesh configuration (66).
Geodesic distance was computed between each vertex in fsaverage5
space using the Eucledian vertex coordinates, creating a 20,484 x 20,484
distance matrix. Only ipsilateral distance was considered. Next, dis-
tances between parcels were computed by taking the average distance
between both parcels. To assess the association between structural
covariance and distance in humans and macaques, we computed gradients
based on the geodesic distance within each cortical hemisphere. Using
these gradients, we probed genetic correlation of thickness along the
distance-based gradients. To assess the spatial organization of cova-
riance while controlling for distance, we used a linear regression ap-
proach and regressed the geodesic distance and geodesic distance” be-
tween parcels from their respective covariance. Next, we computed the
principal gradients of the distance-regressed covariance and evalu-
ated its relationship to the various models of cortical organization.
Comparisons between gradients and modalities

To make comparisons across gradient and distance maps, we used
spin tests to control for spatial autocorrelation when possible (55).
Difference between two distributions was assessed using statistical
energy test, a nonparametric statistic for two sample comparisons
(35) (https://github.com/brian-lau/multdist/blob/master/minentest.m),
and statistical significance was assessed with permutation tests (1000).
Thus, spin tests are used to assess significances of similarity of con-
tinuous spatial maps that have spatial autocorrelations, whereas sta-
tistical energy tests were used to compare two distributions.

Macaque sample

We used the MRI data from the recently formed non-human
primate (NHP) data sharing consortium PRIME-DE (http://
fcon_1000.projects.nitrc.org/indi/indiPRIME.html). Three cohorts
of macaque monkeys were included in the present study (Newcastle
University, Oxford University, and University of California, Davis).
Oxford data

The full dataset consisted of 20 rhesus macaque monkeys (Macaca
mulatta) scanned on a 3T scanner with four-channel coil. The data
were collected while the animals were under anesthesia. Briefly, the
macaque was sedated with intramuscular injection of ketamine
(10 mg/kg) combined with either xylazine (0.125 to 0.25 mg/kg)
or midazolam (0.1 mg/kg) and buprenorphine (0.01 mg/kg). In
addition, macaques received injections of atropine (0.05 mg/kg, in-
tramuscularly), meloxicam [0.2 mg/kg, intravenously (i.v.)], and
ranitidine (0.05 mg/kg, i.v.). The anesthesia was maintained with
isoflurane. The details of scan and anesthesia procedures are de-
scribed in (67) and the PRIME-DE website (http://fcon_1000.
projects.nitrc.org/indi/PRIME/oxford.html). Protocols for animal
care, MRI, and anesthesia were carried out under authority of
personal and project licenses in accordance with the UK Animals
(Scientific Procedures) Act (1986) (67, 68).

UCDavis data

The full dataset consisted of 19 rhesus macaque monkeys (M. mulatta,
all female; age, 20.38 + 0.93 years; weight, 9.70 + 1.58 kg) scanned
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on a Siemens Skyra 3T with four-channel clamshell coil. All the
animals were scanned under anesthesia. In brief, the macaques were
sedated with injection of ketamine (10 mg/kg), dexmedetomidine
(0.01 mg/kg), and buprenorphine (0.01 mg/kg). The anesthesia was
maintained with isoflurane at 1 to 2%. The details of the scan and
anesthesia protocol can be found at http://fcon_1000.projects.nitrc.
org/indi/PRIME/ucdavis.html. The neuroimaging experiments and
associated procedures were performed at the California National
Primate Research Center under protocols approved by the Uni-
versity of California, Davis Institutional Animal Care and Use
Committee (69).

Newcastle data

The full dataset consisted of 14 rhesus macaque monkeys (M. mulatta)
scanned on a Vertical Bruker 4.7T primate dedicated scanner. We
restricted our analysis to 10 animals (8 males; age, 8.28 + 2.33;
weight, 11.76 + 3.38) for whom two awake resting-state fMRI scans
were required. The structural T1-weighted images were acquired
using MDEFT sequence with resolution of 0.6 mm by 0.6 mm by
0.6 mm; TE, 6 ms; and TR, 750 ms. All nonhuman animal scans and
associated procedures were performed at Newcastle University, UK
and were approved by the Animal Welfare and Ethical Review Body
at Newcastle University and by the UK Home Office (70).

MRI data processing

The structural processing includes (i) spatial denoising by a nonlocal
mean filtering operation (71), (ii) brain extraction using advanced
normalization tools registration with a reference brain mask followed
by manually editing to fix the incorrect volume (ITK-SNAP, www.
itksnap.org) (72), (iii) tissue segmentation and surface reconstruction
(FreeSurfer) (73), and (iv) the native white matter and pial surfaces
were registered to the Yerkes19 macaque surface template (74).
Quality control

We excluded macaque monkeys that showed a hemispheric differ-
ence of more than 0.2 cm [UC Davis (0) Oxford (7), and Newcastle
(5)] for our final analysis, as gradient models were estimated on the
basis of covariance of ipsi- and contralateral covariance.

Gradient analysis

First, we constructed a covariance matrix, controlling for dataset site
and global thickness. Next, we performed gradient analysis analog
to described in humans.

Alignment of human gradients to macaque gradients

To evaluate the similarity between human and macaque gradients,
we transformed the human gradient to macaque cortex based on a
functional alignment techniques recently developed. This method
leverages advances in representing functional organization in high-
dimensional common space and provides a transformation between
human and macaque cortices (33).

Archicortex and paleocortex distance

Distance from the archicortex and paleocortex was computed in
Goulas et al. (34).

Replication sample: eNKI

Participants and study design

To evaluate the cross-sample reproducibility of observations, we
additionally investigated cortical thickness covariance in the en-
hanced Nathan Kline Institute-Rockland Sample (NKI). The sample
was made available by the Nathan-Kline Institute (NKY, NY, USA)
(75). In short, eNKI was designed to yield a community-ascertained,
life span sample in which age, ethnicity, and socioeconomic status
are representative of Rockland County, NY, USA. ZIP code-based
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recruitment and enrollments efforts were being used to avoid
overrepresentation of any portion of the community. Participants
below 6 years were excluded to balance data losses with scientific
yield, as well as participants above the age of 85, as chronic illness
was observed to markedly increase after this age. All approvals
regarding human subjects’ studies were sought following NKI pro-
cedures. Scans were acquired from the International Neuroimaging
Data Sharing Initiative (INDI) online database (http://fcon_1000.
projects.nitrc.org/indi/enhanced/studies.html). For our phenotypic
analyses, we selected individuals with complete cortical thickness
data. Our sample for phenotypic correlations consisted of 799 (400
females) individuals with a mean age of 41.1 years (SD, 20.3;
range, 12 to 85).

Structural imaging processing

The 3D MP-RAGE imaging structural scans were acquired using a
3.0T Siemens Trio scanner with TR of 2500 ms, TE of 3.5 ms; band-
width of 190 Hz/Px, field of view of 256 mm by 256 mm, flip angle
of 8°, and voxel size of 1.0 mm by 1.0 mm by 1.0 mm. More details
on image acquisition are available at http://fcon_1000.projects.nitrc.
org/indi/enhanced/studies.html. All T1 scans were preprocessed using
the FreeSurfer software library (https://surfer.nmr.mgh.harvard.edu)
version 6.0.0 (74) to compute cortical thickness. Next, the individual
cortical thickness and surface area maps were standardized to
fsaverage5 for further analysis. Segmentations were visually inspected
for anatomical errors (S.L.V.).

Cortical thickness methodology

Cortical thickness estimates of the individuals of the HCP $1200
release using differing processing pipelines were computed as part
of an independent study (60) and resampled to Schaefer 400 parcels.
We used the extracted thickness values of FreeSurfer 6.0 to evaluate
the stability of observed covariance organization as a function of
cortical thickness estimation method. For the FreeSurfer 6.0 analysis
of the T1-weighted images in the HCP dataset, we used the default
recon-all options (version 6.0; https://surfer.nmr.mgh.harvard.edu).
Moreover, cortical thickness estimation using CIVET was performed
using version 2.1.1 (www.bic.mni.mcgill.ca/ServicesSoftware/CIVET).

Cortical microstructure and microstructural

covariance networks

We estimated microstructural profile covariance (MPC) using myelin-
sensitive MRI, in line with the previously reported protocol (27),
in the S900 HCP sample. The myelin-sensitive contrast was T1w/
T2w from the HCP minimal processing pipeline, which uses the T2w
to correct for inhomogeneities in the T1w image. We generated
12 equivolumetric surfaces between the outer and inner cortical
surfaces. The equivolumetric model compensates for cortical fold-
ing by varying the Euclidean distance p between pairs of intra-
cortical surfaces throughout the cortex to preserve the fractional
volume between surfaces. p was calculated as follows for each sur-
face Eq. 1

p = ﬁ-(—Ain+\j0€Agut+(l—0€)Afn) (1)
out in

where o represents a fraction of the total volume of the segment
accounted for by the surface, while A,y and Aj, represents the sur-
face area of the outer and inner cortical surfaces, respectively. We
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systematically sampled T1w/T2w values along 64,984 linked vertices
from the outer to the inner surface across the whole cortex. Subse-
quently, we computed the average value of T1w/T2 in each of the
400 parcels of the Schaefer atlas (25). In turn, MPCyri(i, j) for a
given pair of parcels i and j is defined in Eq. 2

rij_ ricrjc
Ja-2)a-m ),

where s is a participant and 7 is the number of participants. We used
the MPCyg to compute the gradient of microstructure.

MPCywi (ij) =43 @)

Data availability

This study followed the institutional review board guidelines of cor-
responding institutions. All human data analyzed in this manuscript
were obtained from the open-access HCP young adult sample (HCP;
www.humanconnectome.org/) (59) and eNKI (www.ncbi.nlm.nih.
gov/pmc/articles/PMC3472598/) (75). Scans were acquired from
the INDI online database (http://fcon_1000.projects.nitrc.org/indi/
enhanced/studies.html). The raw data may not be shared by third
parties due to ethics requirements but can be downloaded directly via
the above web links. Macaque data were obtained from the recently
formed NHP data sharing consortium PRIME-DE (http://fcon_1000.
projects.nitrc.org/indi/indiPRIME.html). Three cohorts of macaque
monkeys were included in the present study (Newcastle University,
Oxford University, and University of California, Davis). Genetic
analyses were performed using Solar Eclipse 8.4.0 (www.solar-eclipse-
genetics.org), and data on the KING pedigree analysis are available
at https://www.nitrc.org/projects/se_linux/ (62, 76). Gradient map-
ping analyses were based on open-access tools (BrainMap, https://
brainspace.readthedocs.io/en/latest/). Surface-wide statistical com-
parisons and visualizations were carried out using SurfStat (https://
github.com/MICA-MNI/micaopen/tree/master/surfstat) in combi-
nation with ColorBrewer (https://github.com/scottclowe/cbrewer2).
Both structural covariance and genetic correlation gradients are avail-
able at https://github.com/sofievalk/projects/tree/master/Structure_
of_Structure.

SUPPLEMENTARY MATERIALS

Supplementary material for this article is available at http://advances.sciencemag.org/cgi/
content/full/6/39/eabb3417/DC1

View/request a protocol for this paper from Bio-protocol.

REFERENCES AND NOTES

1. J. M. Huntenburg, P.-L. Bazin, D. S. Margulies, Large-scale gradients in human cortical
organization. Trends Cogn. Sci. 22,21-31 (2018).

2. F.Sanides, Die Archtektonik des Menschlichen Stirnhirns (Springer, 1962).

3. D.N.Pandya, M. Petrides, B. Seltzer, B. P. Cipolloni, Cerebral Cortex: Architecture,
Connections, and the Dual Origin Concept (Oxford Press, 2015).

4. R.A.Dart, The Dual Structure of the Neopallium: Its History and Significance. J. Anat. 69,
3-19(1934).

5. A.A. Abbie, Cortical lamination in the monotremata. J Comp Neurol 72, 429-467
(1940).

6. M. M. Mesulam, From sensation to cognition. Brain 121 (Pt 6), 1013-1052 (1998).

7. C.Murphy, E. Jefferies, S.-A. Rueschemeyer, M. Sormaz, H.-T. Wang, D. S. Margulies,
J. Smallwood, Distant from input: Evidence of regions within the default mode network
supporting perceptually-decoupled and conceptually-guided cognition. Neuroimage
171, 393-401 (2018).

8. H.Braak, E. Braak, Alzheimer's disease affects limbic nuclei of the thalamus. Acta Neuropathol.
81,261-268 (1991).

Valk et al., Sci. Adv. 2020; 6 : eabb3417 25 September 2020

20.

21.

22.

23.

24,

. S.-J.Hong, R.V.de Wael, R. A. 1. Bethlehem, S. Lariviere, C. Paquola, S. L. Valk, M. P. Milham,

A.D. Martino, D. S. Margulies, J. Smallwood, B. C. Bernhardt, Atypical functional
connectome hierarchy in autism. Nat. Commun. 10, 1022 (2019).

. D.J.Cahalane, C.J. Charvet, B. L. Finlay, Systematic, balancing gradients in neuron

density and number across the primate isocortex. Front Neuroanat 6, 28 (2012).

. K.Wagstyl, L. Ronan, I. M. Goodyer, P. C. Fletcher, Cortical thickness gradients in structural

hierarchies. Neuroimage 111, 241-250 (2015).

. J.E.Schmitt, R. K. Lenroot, S. E. Ordaz, G. L. Wallace, J. P. Lerch, A. C. Evans, E. C. Prom,

K. S. Kendler, M. C. Neale, J. N. Giedd, Variance decomposition of MRI-based covariance
maps using genetically informative samples and structural equation modeling.
Neuroimage 47, 56-64 (2009).

. A.F. Alexander-Bloch, S. R. Mathias, P. T. Fox, R. L. Olvera, H. H. H. Géring, R. Duggirala,

J.E. Curran, J. Blangero, D. C. Glahn, Human cortical thickness organized into
genetically-determined communities across spatial resolutions. Cereb. Cortex 29,
106-118 (2019).

. C.-H. Chen, M. Fiecas, E. D. Gutiérrez, M. S. Panizzon, L. T. Eyler, E. Vuoksimaa,

W. K. Thompson, C. Fennema-Notestine, D. J. Hagler Jr., T. L. Jernigan, M. C. Neale,
C. E. Franz, M. J. Lyons, B. Fischl, M. T. Tsuang, A. M. Dale, W. S. Kremen, Genetic
topography of brain morphology. Proc. Natl. Acad. Sci. U.S.A. 110, 17089-17094
(2013).

. A.Raznahan, J. P. Lerch, N. Lee, D. Greenstein, G. L. Wallace, M. Stockman, L. Clasen,

P.W. Shaw, J. N. Giedd, Patterns of coordinated anatomical change in human cortical
development: A longitudinal neuroimaging study of maturational coupling. Neuron 72,
873-884 (2011).

. A.R. Docherty, C. K. Sawyers, M. S. Panizzon, M. C. Neale, L. T. Eyler, C. Fennema-Notestine,

C.E.Franz, C.-H. Chen, L. K. McEvoy, B. Verhulst, M. T. Tsuang, W. S. Kremen, Genetic network
properties of the human cortex based on regional thickness and surface area measures.
Front. Hum. Neurosci. 9, 440 (2015).

. J.P.Lerch, K. Worsley, W. P. Shaw, D. K. Greenstein, R. K. Lenroot, J. Giedd, A. C. Evans,

Mapping anatomical correlations across cerebral cortex (MACACC) using cortical
thickness from MRI. Neuroimage 31, 993-1003 (2006).

. G.Gong, Y. He, Z.J. Chen, A. C. Evans, Convergence and divergence of thickness

correlations with diffusion connections across the human cerebral cortex. Neuroimage
59, 1239-1248 (2012).

. A. Alexander-Bloch, J. N. Giedd, E. Bullmore, Imaging structural co-variance between

human brain regions. Nat. Rev. Neurosci. 14, 322-336 (2013).

R. Romero-Garcia, K. J. Whitaker, F. Va3a, J. Seidlitz, M. Shinn, P. Fonagy, R. J. Dolan,
P.B.Jones, I. M. Goodyer; NSPN Consortium, E. T. Bullmore, P. E. Vértes, Structural
covariance networks are coupled to expression of genes enriched in supragranular layers
of the human cortex. Neuroimage 171, 256-267 (2018).

Y.Yee, D. J. Fernandes, L. French, J. Ellegood, L. S. Cahill, D. A. Vousden, L. S. Noakes,

J. Scholz, M. C. van Eede, B. J. Nieman, J. G. Sled, J. P. Lerch, Structural covariance of brain
region volumes is associated with both structural connectivity and transcriptomic
similarity. Neuroimage 179, 357-372 (2018).

M. J. Hawrylycz, E. S. Lein, A. L. Guillozet-Bongaarts, E. H. Shen, L. Ng, J. A. Miller,

L. N. van de Lagemaat, K. A. Smith, A. Ebbert, Z. L. Riley, C. Abajian, C. F. Beckmann,

A. Bernard, D. Bertagnolli, A. F. Boe, P. M. Cartagena, M. M. Chakravarty, M. Chapin,
J.Chong, R. A. Dalley, B. D. Daly, C. Dang, S. Datta, N. Dee, T. A. Dolbeare, V. Faber,

D. Feng, D. R. Fowler, J. Goldy, B. W. Gregor, Z. Haradon, D. R. Haynor, J. G. Hohmann,
S.Horvath, R. E. Howard, A. Jeromin, J. M. Jochim, M. Kinnunen, C. Lau, E. T. Lazarz, C. Lee,
T. A.Lemon, L. Li, Y. Li, J. A. Morris, C. C. Overly, P. D. Parker, S. E. Parry, M. Reding,

J.J. Royall, J. Schulkin, P. A. Sequeira, C. R. Slaughterbeck, S. C. Smith, A. J. Sodt,

S. M. Sunkin, B. E. Swanson, M. P. Vawter, D. Williams, P. Wohnoutka, H. R. Zielke,

D. H. Geschwind, P. R. Hof, S. M. Smith, C. Koch, S. G. N. Grant, A. R. Jones,

An anatomically comprehensive atlas of the adult human brain transcriptome. Nature
489,391-399 (2012).

B.T.T. Yeo, F. M. Krienen, J. Sepulcre, M. R. Sabuncu, D. Lashkari, M. Hollinshead,

J. L. Roffman, J. W. Smoller, L. Zéllei, J. R. Polimeni, B. Fischl, H. Liu, R. L. Buckner, The
organization of the human cerebral cortex estimated by intrinsic functional connectivity.
J. Neurophysiol. 106, 1125-1165 (2011).

M. P. Milham, L. Ai, B. Koo, T. Xu, C. Amiez, F. Balezeau, M. G. Baxter, E. L. A. Blezer,

T. Brochier, A. Chen, P. L. Croxson, C. G. Damatac, S. Dehaene, S. Everling, D. A. Fair,

L. Fleysher, W. Freiwald, S. Froudist-Walsh, T. D. Griffiths, C. Guedj, F. Hadj-Bouziane,
S. B.Hamed, N. Harel, B. Hiba, B. Jarraya, B. Jung, S. Kastner, P. C. Klink, S. C. Kwok,
K.N. Laland, D. A. Leopold, P. Lindenfors, R. B. Mars, R. S. Menon, A. Messinger,

M. Meunier, K. Mok, J. H. Morrison, J. Nacef, J. Nagy, M. O. Rios, C. I. Petkov, M. Pinsk,
C. Poirier, E. Procyk, R. Rajimehr, S. M. Reader, P. R. Roelfsema, D. A. Rudko,

M. F. S. Rushworth, B. E. Russ, J. Sallet, M. C. Schmid, C. M. Schwiedrzik, J. Seidlitz,

J. Sein, A. Shmuel, E. L. Sullivan, L. Ungerleider, A. Thiele, O. S. Todorov, D. Tsao,
Z.Wang, C.R. E. Wilson, E. Yacoub, F. Q. Ye, W. Zarco, Y.-d. Zhou, D. S. Margulies,

C. E. Schroeder, An Open resource for non-human primate imaging. Neuron 100,
61-74.€2 (2018).

120f 14

T20Z ‘ST Arenuer uo /610 Bewadusios saoueApe//:dny Woiy papeojumod


http://www.humanconnectome.org/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3472598/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3472598/
http://fcon_1000.projects.nitrc.org/indi/enhanced/studies.html
http://fcon_1000.projects.nitrc.org/indi/enhanced/studies.html
http://fcon_1000.projects.nitrc.org/indi/indiPRIME.html
http://fcon_1000.projects.nitrc.org/indi/indiPRIME.html
http://www.solar-eclipse-genetics.org
http://www.solar-eclipse-genetics.org
https://www.nitrc.org/projects/se_linux/
https://brainspace.readthedocs.io/en/latest/
https://brainspace.readthedocs.io/en/latest/
https://github.com/MICA-MNI/micaopen/tree/master/surfstat
https://github.com/MICA-MNI/micaopen/tree/master/surfstat
https://github.com/scottclowe/cbrewer2
https://github.com/sofievalk/projects/tree/master/Structure_of_Structure
https://github.com/sofievalk/projects/tree/master/Structure_of_Structure
http://advances.sciencemag.org/cgi/content/full/6/39/eabb3417/DC1
http://advances.sciencemag.org/cgi/content/full/6/39/eabb3417/DC1
https://en.bio-protocol.org/cjrap.aspx?eid=10.1126/sciadv.abb3417
http://advances.sciencemag.org/

SCIENCE ADVANCES | RESEARCH ARTICLE

25. A.Schaefer, R. Kong, E. M. Gordon, T. O. Laumann, X.-N. Zuo, A. J. Holmes, S. B. Eickhoff,
B.T.T.Yeo, Local-global parcellation of the human cerebral cortex from intrinsic
functional connectivity MRI. Cereb. Cortex 28, 3095-3114 (2018).

26. A.Alexander-Bloch, A. Raznahan, E. Bullmore, J. Giedd, The convergence of maturational
change and structural covariance in human cortical networks. J. Neurosci. 33, 2889-2899
(2013).

27. C.Paquola, R. V. De Wael, K. Wagstyl, R. A. . Bethlehem, S.-J. Hong, J. Seidlitz,
E.T.Bullmore, A. C. Evans, B. Misic, D. S. Margulies, J. Smallwood, B. C. Bernhardt,
Microstructural and functional gradients are increasingly dissociated in transmodal
cortices. PLOS Biol. 17, 3000284 (2019).

28. D.S.Margulies, S. S. Ghosh, A. Goulas, M. Falkiewicz, J. M. Huntenburg, G. Langs,

G. Bezgin, S. B. Eickhoff, F. X. Castellanos, M. Petrides, E. Jefferies, J. Smallwood, Situating
the default-mode network along a principal gradient of macroscale cortical organization.
Proc. Natl. Acad. Sci. U.S.A. 113, 12574-12579 (2016).

29. R.VosDe Wael, 0. Benkarim, C. Paquola, S. Lariviere, J. Royer, S. Tavakol, T. Xu, S.-J. Hong,
G. Langs, S. Valk, B. Misic, M. Milham, D. Margulies, J. Smallwood, B. C. Bernhardt,
BrainSpace: A toolbox for the analysis of macroscale gradients in neuroimaging
and connectomics datasets. Commun. Biol. 3, 103 (2020).

30. R.S.Desikan, F. Ségonne, B. Fischl, B. T. Quinn, B. C. Dickerson, D. Blacker, R. L. Buckner,
A.M.Dale, R. P. Maguire, B. T. Hyman, M. S. Albert, R. J. Killiany, An automated labeling
system for subdividing the human cerebral cortex on MRI scans into gyral based regions
of interest. Neuroimage 31, 968-980 (2006).

31. M.F.Glasser, T.S. Coalson, E. C. Robinson, C. D. Hacker, J. Harwell, E. Yacoub, K. Ugurbil,
J. Andersson, C. F. Beckmann, M. Jenkinson, S. M. Smith, D. C. Van Essen, A multi-modal
parcellation of human cerebral cortex. Nature 536, 171-178 (2016).

32. N.T.Markov, M. M. Ercsey-Ravasz, A. R. R. Gomes, C. Lamy, L. Magrou, J. Vezoli, P. Misery,
A. Falchier, R. Quilodran, M. A. Gariel, J. Sallet, R. Gamanut, C. Huissoud, S. Clavagnier,

P. Giroud, D. Sappey-Marinier, P. Barone, C. Dehay, Z. Toroczkai, K. Knoblauch,
D. C.Van Essen, H. Kennedy, A weighted and directed interareal connectivity matrix
for macaque cerebral cortex. Cereb. Cortex 24, 17-36 (2014).

33. T.Xu, K-H.Nenning, E. Schwartz, S.-J. Hong, J. T. Vogelstein, D. A. Fair, C. E. Schroeder,

D. S. Margulies, J. Smallwood, M. P. Milham, G. Langs, Cross-species functional alignment
reveals evolutionary hierarchy within the connectome. bioRxiv, 692616 (2019).

34. A.Goulas, D.S. Margulies, G. Bezgin, C. C. Hilgetag, The architecture of mammalian
cortical connectomes in light of the theory of the dual origin of the cerebral cortex.
Cortex 118, 244-261 (2019).

35. B.Aslan, G. Zech, Statistical energy as a tool for binning-free, multivariate goodness-of-fit
tests, two-sample comparison and unfolding. Nucl. Instrum. Methods Phys. Res. Section A.
537,626-636 (2005).

36. C.J.Charvet, D.J. Cahalane, B. L. Finlay, Systematic, cross-cortex variation in neuron
numbers in rodents and primates. Cereb. Cortex 25, 147-160 (2014).

37. C.J.Charvet, B. L. Finlay, Evo-devo and the primate isocortex: The central organizing role
of intrinsic gradients of neurogenesis. Brain Behav. Evol. 84, 81-92 (2014).

38. G.N.Elston, Pyramidal cells of the frontal lobe: All the more spinous to think with.

J. Neurosci. 20, RC95 (2000).

39. D.J.Cahalane, C.J. Charvet, B. L. Finlay, Modeling local and cross-species neuron number
variations in the cerebral cortex as arising from a common mechanism. Proc. Natl. Acad.
Sci. U.S.A. 111, 17642-17647 (2014).

40. A.Fornito, A. Arnatkeviciaté, B. D. Fulcher, Bridging the gap between connectome
and transcriptome. Trends Cogn. Sci. 23, 34-50 (2019).

41. D.N.Pandya, E. H. Yeterian, in Association and auditory cortices, A. Peters, E. G. Jones, Eds.
(Springer Science Business Media, New York, 1985), pp.3-61.

42. H.Barbas, D. N. Pandya, Architecture and intrinsic connections of the prefrontal cortex
in the rhesus monkey. J. Comp. Neurol. 286, 353-375 (1989).

43. R.G. Giaccio, The dual origin hypothesis: An evolutionary brain-behavior
framework for analyzing psychiatric disorders. Neurosci. Biobehav. Rev. 30,
526-550 (2006).

44. D.Saur, B.W. Kreher, S. Schnell, D. Kimmerer, P. Kellmeyer, M.-S. Vry, R. Umarova,

M. Musso, V. Glauche, S. Abel, W. Huber, M. Rijntjes, J. Hennig, C. Weiller, Ventral
and dorsal pathways for language. Proc. Natl. Acad. Sci. U.S.A. 105, 18035-18040 (2008).

45. P.Rakic, Neurogenesis in adult primate neocortex: An evaluation of the evidence.
Nat. Rev. Neurosci. 3, 65-71 (2002).

46. P.Gungz, A.K.Tilot, K. Wittfeld, A. Teumer, C. Y. Shapland, T. G. M. van Erp, M. Dannemann,
B.Vernot, S. Neubauer, T. Guadalupe, G. Fernandez, H. G. Brunner, W. Enard, J. Fallon,

N. Hosten, U. Vélker, A. Profico, F. D. Vincenzo, G. Manzi, J. Kelso, B. S. Pourcain,
J.-J. Hublin, B. Franke, S. Péabo, F. Macciardi, H. J. Grabe, S. E. Fisher, Neandertal
introgression sheds light on modern human endocranial globularity. Curr. Biol. 29,
895 (2019).

47. 0.Vogt, Die myeloarchitektonik des isocrotex parietalis. J. Psychol. Neurol. 18, 379-390
(1911).

48. C.Paquola, R. A. 1. Bethlehem, J. Seidlitz, K. Wagstyl, R. Romero-Garcia, K. J. Whitaker,

R. V. de Wael, G. B. Williams; NSPN Consortium, P. E. Vértes, D. S. Margulies, B. Bernhardt,

Valk et al., Sci. Adv. 2020; 6 : eabb3417 25 September 2020

49.

50.

51.

52.

53.

54.

55.

56.

E.T. Bullmore, A moment of change: Shifts in myeloarchitecture characterise adolescent
development of cortical gradients. eLife , 50482 (2020).

D.J. Felleman, D. C. Van Essen, Distributed hierarchical processing in the primate cerebral
cortex. Cereb. Cortex 1, 1-47 (1991).

E. Bullmore, O. Sporns, The economy of brain network organization. Nat. Rev. Neurosci.
13, 336-349 (2012).

D.D. M. O'Leary, S.-J. Chou, S. Sahara, Area patterning of the mammalian cortex. Neuron
56, 252-269 (2007).

P.E. Vértes, A. F. Alexander-Bloch, N. Gogtay, J. N. Giedd, J. L. Rapoport, E. T. Bullmore,
Simple models of human brain functional networks. Proc. Natl. Acad. Sci. U.S.A. 109,
5868-5873 (2012).

J. D. Power, K. A. Barnes, A. Z. Snyder, B. L. Schlaggar, S. E. Petersen, Spurious but
systematic correlations in functional connectivity MRI networks arise from subject
motion. Neuroimage 59, 2142-2154 (2012).

A. Fornito, A. Zalesky, M. Breakspear, Graph analysis of the human connectome: Promise,
progress, and pitfalls. Neuroimage 80, 426-444 (2013).

A. F. Alexander-Bloch, H. Shou, S. Liu, T. D. Satterthwaite, D. C. Glahn, R. T. Shinohara,
S.N. Vandekar, A. Raznahan, On testing for spatial correspondence between maps

of human brain structure and function. Neuroimage 178, 540-551 (2018).

K. L. Grasby, N. Jahanshad, J. N. Painter, L. Colodro-Conde, J. Bralten, D. P. Hibar, P. A. Lind,
F. Pizzagalli, C. R. K. Ching, M. A. B. McMahon, N. Shatokhina, L. C. P. Zsembik,

S.1. Thomopoulos, A. H. Zhu, L. T. Strike, I. Agartz, S. Alhusaini, M. A. A. Almeida, D. Alnaes,
1. K. Amlien, M. Andersson, T. Ard, N. J. Armstrong, A. Ashley-Koch, J. R. Atkins, M. Bernard,
R. M. Brouwer, E. E. L. Buimer, R. Bllow, C. Biirger, D. M. Cannon, M. Chakravarty, Q. Chen,
J.W. Cheung, B. Couvy-Duchesne, A. M. Dale, S. Dalvie, T. K. de Araujo, G. |. de Zubicaray,
S. M. C.de Zwarte, A. den Braber, N. T. Doan, K. Dohm, S. Ehrlich, H.-R. Engelbrecht, S. Erk,
C.C.Fan, l. 0. Fedko, S. F. Foley, J. M. Ford, M. Fukunaga, M. E. Garrett, T. Ge, S. Giddaluru,
A.L. Goldman, M. J. Green, N. A. Groenewold, D. Grotegerd, T. P. Gurholt, B. A. Gutman,
N. K. Hansell, M. A. Harris, M. B. Harrison, C. C. Haswell, M. Hauser, S. Herms,

D. J. Heslenfeld, N. F. Ho, D. Hoehn, P. Hoffmann, L. Holleran, M. Hoogman, J.-J. Hottenga,
M. Ikeda, D. Janowitz, I. E. Jansen, T. Jia, C. Jockwitz, R. Kanai, S. Karama, D. Kasperaviciute,
T. Kaufmann, S. Kelly, M. Kikuchi, M. Klein, M. Knapp, A. R. Knodt, B. Kramer, M. Lam,

T. M. Lancaster, P. H. Lee, T. A. Lett, L. B. Lewis, |. Lopes-Cendes, M. Luciano, F. Macciardi,
A.F.Marquand, S. R. Mathias, T. R. Melzer, Y. Milaneschi, N. Mirza-Schreiber,

J. C.V. Moreira, T. W. Mihleisen, B. Miiller-Myhsok, P. Najt, S. Nakahara, K. Nho,

L. M. O. Loohuis, D. P. Orfanos, J. F. Pearson, T. L. Pitcher, B. Piitz, Y. Quidé, A. Ragothaman,
F. M. Rashid, W. R. Reay, R. Redlich, C. S. Reinbold, J. Repple, G. Richard, B. C. Riedel,
S.L.Risacher, C. S. Rocha, N. R. Mota, L. Salminen, A. Saremi, A. J. Saykin, F. Schlag,

L. Schmaal, P. R. Schofield, R. Secolin, C. Y. Shapland, L. Shen, J. Shin, E. Shumskaya,

I E. Senderby, E. Sprooten, K. E. Tansey, A. Teumer, A. Thalamuthu, D. Tordesillas-Gutiérrez,
J. A. Turner, A. Uhlmann, C. L. Vallerga, D. van der Meer, M. M. J. van Donkelaar, L. van Eijk,
T.G. M. van Erp, N. E. M. van Haren, D. van Rooij, M.-J. van Tol, J. H. Veldink, E. Verhoef,

E. Walton, M. Wang, Y. Wang, J. M. Wardlaw, W. Wen, L. T. Westlye, C. D. Whelan,

S. H. Witt, K. Wittfeld, C. Wolf, T. Wolfers, J. Q. Wu, C. L. Yasuda, D. Zaremba, Z. Zhang,

M. P. Zwiers, E. Artiges, A. A. Assareh, R. Ayesa-Arriola, A. Belger, C. L. Brandt, G. G. Brown,
S.Cichon, J. E. Curran, G. E. Davies, F. Degenhardt, M. F. Dennis, B. Dietsche, S. Djurovic,
C. P. Doherty, R. Espiritu, D. Garijo, Y. Gil, P. A. Gowland, R. C. Green, A. N. Hausler,

W. Heindel, B.-C. Ho, W. U. Hoffmann, F. Holsboer, G. Homuth, N. Hosten, C. R. Jack Jr.,

M. H. Jang, A. Jansen, N. A. Kimbrel, K. Kolskar, S. Koops, A. Krug, K. O. Lim, J. J. Luykx,

D. H. Mathalon, K. A. Mather, V. S. Mattay, S. Matthews, J. M. Van Son, S. C. McEwen,

I. Melle, D. W. Morris, B. A. Mueller, M. Nauck, J. E. Nordvik, M. M. N6then, D. S. O'Leary,

N. Opel, M.-L. P. Martinot, G. B. Pike, A. Preda, E. B. Quinlan, P. E. Rasser, V. Ratnakar,
S.Reppermund, V. M. Steen, P. A. Tooney, F. R. Torres, D. J. Veltman, J. T. Voyvodic,

R. Whelan, T. White, H. Yamamori, H. H. H. Adams, J. C. Bis, S. Debette, C. Decarli,

M. Fornage, V. Gudnason, E. Hofer, M. A. Ikram, L. Launer, W. T. Longstreth, O. L. Lopez,

B. Mazoyer, T. H. Mosley, G. V. Roshchupkin, C. L. Satizabal, R. Schmidt, S. Seshadri,

Q. Yang; Alzheimer’s Disease Neuroimaging Initiative; CHARGE Consortium; EPIGEN
Consortium; IMAGEN Consortium; SYS Consortium; Parkinson’s Progression Markers
Initiative, M. K. M. Alvim, D. Ames, T. J. Anderson, O. A. Andreassen, A. Arias-Vasquez,

M. E. Bastin, B. T. Baune, J. C. Beckham, J. Blangero, D. |. Boomsma, H. Brodaty,

H. G. Brunner, R. L. Buckner, J. K. Buitelaar, J. R. Bustillo, W. Cahn, M. J. Cairns, V. Calhoun,
V.J. Carr, X. Caseras, S. Caspers, G. L. Cavalleri, F. Cendes, A. Corvin, B. Crespo-Facorro,

J. C. Dalrymple-Alford, U. Dannlowski, E. J. C. de Geus, I. J. Deary, N. Delanty, C. Depondt,
S. Desriviéres, G. Donohoe, T. Espeseth, G. Fernandez, S. E. Fisher, H. Flor, A. J. Forstner,

C. Francks, B. Franke, D. C. Glahn, R. L. Gollub, H. J. Grabe, O. Gruber, A. K. Haberg,

A.R. Hariri, C. A. Hartman, R. Hashimoto, A. Heinz, F. A. Henskens, M. H. J. Hillegers,
P.J.Hoekstra, A. J. Holmes, L. E. Hong, W. D. Hopkins, H. E. H. Pol, T. L. Jernigan,

E. G. Jonsson, R. S. Kahn, M. A. Kennedy, T. T. J. Kircher, P. Kochunov, J. B. J. Kwok,

S.L. Hellard, C. M. Loughland, N. G. Martin, J.-L. Martinot, C. M. Donald, K. L. McMahon,

A. Meyer-Lindenberg, P.T. Michie, R. A. Morey, B. Mowry, L. Nyberg, J. Oosterlaan,

R. A. Ophoff, C. Pantelis, T. Paus, Z. Pausova, B. W. J. H. Penninx, T. J. C. Polderman,

D. Posthuma, M. Rietschel, J. L. Roffman, L. M. Rowland, P. S. Sachdev, P. G. Sdmann,

130f 14

T20Z ‘ST Arenuer uo /610 Bewadusios saoueApe//:dny Woiy papeojumod


http://advances.sciencemag.org/

SCIENCE ADVANCES | RESEARCH ARTICLE

U. Schall, G. Schumann, R. J. Scott, K. Sim, S. M. Sisodiya, J. W. Smoller, I. E. Sommer,

B.S. Pourcain, D. J. Stein, A. W. Toga, J. N. Trollor, N. J. A. Van der Wee, D. van ‘t Ent,

H. Volzke, H. Walter, B. Weber, D. R. Weinberger, M. J. Wright, J. Zhou, J. L. Stein,

P. M. Thompson, S. E. Medland; Enhancing Neuro Imaging Genetics through
Meta-Analysis Consortium (ENIGMA)—Genetics working group, The genetic architecture
of the human cerebral cortex. Science 367, eaay6690 (2020).

57. A.F.Alexander-Bloch, A. Raznahan, S. N. Vandekar, J. Seidlitz, Z. Lu, S. R. Mathias,
E.Knowles, J. Mollon, A. Rodrigue, J. E. Curran, H. H. H. Gérring, T. D. Satterthwaite,
R.E.Gur, D. S. Bassett, G. D. Hoftman, G. Pearlson, R. T. Shinohara, S. Liu, P. T. Fox,

L. Almasy, J. Blangero, D. C. Glahn, Imaging local genetic influences on cortical folding.
Proc. Natl. Acad. Sci. U.S.A. 117, 7430-7436 (2020).

58. M.F.Glasser, S. N. Sotiropoulos, J. A. Wilson, T. S. Coalson, B. Fischl, J. L. Andersson, J. Xu,
S.Jbabdi, M. Webster, J. R. Polimeni, D. C. Van Essen, M. Jenkinson; WU-Minn HCP
Consortium, The minimal preprocessing pipelines for the Human Connectome Project.
Neuroimage 80, 105-124 (2013).

59. D.C.VanEssen, S. M. Smith, D. M. Barch, T. E. J. Behrens, E. Yacoub, K. Ugurbil; WU-Minn
HCP Consortium, The WU-Minn Human Connectome Project: An overview. Neuroimage
80, 62-79 (2013).

60. S.Kharabian Masouleh, S. B. Eickhoff, Y. Zeighami, L. B. Lewis, R. Dahnke, C. Gaser,

F. Chouinard-Decorte, C. Lepage, L. H. Scholtens, F. Hoffstaedter, D. C. Glahn, J. Blangero,
A.C.Evans, S. Genon, S. L. Valk, Influence of Processing Pipeline on Cortical Thickness
Measurement. Cereb. Cortex 30, 5014-5027 (2020).

61. J.E.Schmitt, G. L. Wallace, M. A. Rosenthal, E. A. Molloy, S. Ordaz, R. Lenroot, L. S. Clasen,
J. D. Blumenthal, K. S. Kendler, M. C. Neale, J. N. Giedd, A multivariate analysis
of neuroanatomic relationships in a genetically informative pediatric sample. Neuroimage
35, 70-82 (2007).

62. L.Almasy, J. Blangero, Multipoint quantitative-trait linkage analysis in general pedigrees.
Am. J. Hum. Genet. 62, 1198-1211 (1998).

63. P.Kochunov, B. Patel, H. Ganjgahi, B. Donohue, M. Ryan, E. L. Hong, X. Chen, B. Adhikari,
N. Jahanshad, P. M. Thompson, D. Van't Ent, A. den Braber, E. J. C. de Geus, R. M. Brouwer,
D. . Boomsma, H. E. Hulshoff Pol, G. I. de Zubicaray, K. L. McMahon, N. G. Martin, M. J. Wright,
T. E. Nichols, Homogenizing Estimates of Heritability Among SOLAR-Eclipse, OpenMx,
APACE, and FPHI Software Packages in Neuroimaging Data. Front. Neuroinform. 13,16 (2019).

64. L.Almasy, T.D. Dyer, J. Blangero, Bivariate quantitative trait linkage analysis: Pleiotropy
versus co-incident linkages. Genet. Epidemiol. 14, 953-958 (1997).

65. D.Zheng, J. Chen, X. Wang, Y. Zhou, Genetic contribution to the phenotypic correlation
between trait impulsivity and resting-state functional connectivity of the amygdala
and its subregions. Neuroimage 201, 115997 (2019).

66. L.D. Griffin, The intrinsic geometry of the cerebral cortex. J. Theor. Biol. 166, 261-273 (1994).

67. M.P.Noonan, M. E. Walton, T. E. J. Behrens, J. Sallet, M. J. Buckley, M. F. S. Rushworth,
Separate value comparison and learning mechanisms in macaque medial and lateral
orbitofrontal cortex. Proc. Natl. Acad. Sci. U.S.A. 107, 20547-20552 (2010).

68. M.P.Noonan, J. Sallet, R. B. Mars, F. X. Neubert, J. X. O'Reilly, J. L. Andersson, A. S. Mitchell,
A.H.Bell, K. L. Miller, M. F. S. Rushworth, A neural circuit covarying with social hierarchy
in macaques. PLOS Biol. 12, 1001940 (2014).

69. M. G. Baxter, A. C. Santistevan, E. Bliss-Moreau, J. H. Morrison, Timing of cyclic estradiol
treatment differentially affects cognition in aged female rhesus monkeys.

Behav. Neurosci. 132, 213-223 (2018).

70. T.Rinne, R.S. Muers, E. Salo, H. Slater, C. I. Petkov, Functional imaging of audio-visual
selective attention in monkeys and humans: How do lapses in monkey performance
affect cross-species correspondences? Cereb. Cortex 27, 3471-3484 (2017).

71. X-N.Zuo, X.-X. Xing, Effects of non-local diffusion on structural MRI preprocessing
and default network mapping: Statistical comparisons with isotropic/anisotropic
diffusion. PLOS ONE 6, 26703 (2011).

72. P.A.Yushkevich, J. Piven, H. C. Hazlett, R. G. Smith, S. Ho, J. C. Gee, G. Gerig, User-guided
3D active contour segmentation of anatomical structures: Significantly improved
efficiency and reliability. Neuroimage 31, 1116-1128 (2006).

73. B.Fischl, FreeSurfer. Neurolmage 62, 774-781 (2013).

74. C.J.Donahue, S. N. Sotiropoulos, S. Jbabdi, M. Hernandez-Fernandez, T. E. Behrens,

T. B. Dyrby, T. Coalson, H. Kennedy, K. Knoblauch, D. C. Van Essen, M. F. Glasser,
Using diffusion tractography to predict cortical connection strength and distance:
A quantitative comparison with tracers in the monkey. J. Neurosci. 36, 6758-6770 (2016).

75. K.B.Nooner, S. J. Colcombe, R. H. Tobe, M. Mennes, M. M. Benedict, A. L. Moreno,

L.J. Panek, S. Brown, S. T. Zavitz, Q. Li, S. Sikka, D. Gutman, S. Bangaru, R. T. Schlachter,

Valk et al., Sci. Adv. 2020; 6 : eabb3417 25 September 2020

S. M. Kamiel, A. R. Anwar, C. M. Hinz, M. S. Kaplan, A. B. Rachlin, S. Adelsberg, B. Cheung,
R. Khanuja, C. Yan, C. C. Craddock, V. Calhoun, W. Courtney, M. King, D. Wood, C. L. Cox,
A. M. C. Kelly, A. D. Martino, E. Petkova, P. T. Reiss, N. Duan, D. Thomsen, B. Biswal,

B. Coffey, M. J. Hoptman, D. C. Javitt, N. Pomara, J. J. Sidtis, H. S. Koplewicz,

F. X. Castellanos, B. L. Leventhal, M. P. Milham, The NKI-rockland sample: A model

for accelerating the pace of discovery science in psychiatry. Front. Neurosci. 6, 152
(2012).

76. P.Kochunov, B. Donohue, B. D. Mitchell, H. Ganjgahi, B. Adhikari, M. Ryan, S. E. Medland,
N.Jahanshad, P. M. Thompson, J. Blangero, E. Fieremans, D. S. Novikov, D. Marcus,
D.C.VanEssen, D. C. Glahn, L. E. Hong, T. E. Nichols, Genomic kinship construction
to enhance genetic analyses in the human connectome project data. Hum. Brain Mapp.
40, 1677-1688 (2019).

77. M.-M. Mesulam, Principles of Behavioral and Cognitive Neurology (Oxford Univ. Press,
2000), pp. 1-120.

78. T.Yarkoni, R. A. Poldrack, T. E. Nichols, D. C. Van Essen, T. D. Wager, Large-scale
automated synthesis of human functional neuroimaging data. Nat. Methods 8, 665-670
(2011).

Acknowledgments: We would like to thank the various contributors to the open-access
databases that our data were downloaded from. Funding: HCP data were provided by the
Human Connectome Project, Washington University in St. Louis, the University of Minnesota,
and the Oxford University Consortium (principal investigators: D. Van Essen and K. Ugurbil;
1U54MH091657) funded by the 16 NIH Institutes and Centers that support the NIH Blueprint
for Neuroscience Research and by the McDonnell Center for Systems Neuroscience at
Washington University in St. Louis. For enhanced NKI, we would like to thank the principal
support for the enhanced NKI-RS project provided by the NIMH BRAINS ROTMH094639-01 (PI
Milham). Funding for key personnel was also provided, in part, by the New York State Office of
Mental Health and Research Foundation for Mental Hygiene. Funding for the decompression
and augmentation of administrative and phenotypic protocols is provided by a grant from the
Child Mind Institute (1IFDN2012-1). Additional personnel support was provided by the Center
for the Developing Brain at the Child Mind Institute and NIMH RO1MH081218, R0OTMH083246,
and R21MHO084126. Project support was also provided by the NKI Center for Advanced Brain
Imaging (CABI), the Brain Research Foundation (Chicago, IL), and the Stavros Niarchos
Foundation. This study was supported by the Deutsche Forschungsgemeinschaft (DFG,

El 816/21-1), the National Institute of Mental Health (R01-MH074457), the Helmholtz Portfolio
Theme “Supercomputing and Modeling for the Human Brain” and the European Union’s
Horizon 2020 Research and Innovation Program under grant agreement no. 785907 (HBP
SGA2) and no. 945539 (HBP SGA3). S.L.V. was supported by Max Planck Gesellschaft (Otto
Hahn award). B.T.T.Y. is supported by the Singapore National Research Foundation (NRF)
Fellowship (class of 2017). B.C.B. acknowledges support from the SickKids Foundation
(NI17-039), the National Sciences and Engineering Research Council of Canada (NSERC;
Discovery-1304413), CIHR (FDN-154298), Azrieli Center for Autism Research (ACAR), an
MNI-Cambridge collaboration grant, and the Canada Research Chairs program. C.P. was
funded through a postdoctoral fellowship of the Fonds de la Recherche du QuebecSanté
(FRQ-S). Author contributions: S.L.V. and S.B.E. conceptualized the work. S.L.V.,, S.B.E,, B.C.B.,
J.S., and B.T.T.Y. gave input on analysis. S.L.V. performed the main analysis. T.X. performed
cortical thickness analysis on the macaque data and computed macaque-human gradient
correspondence. A.G. provided macaque dual origin models. P.K. contributed to genetic
correlation analysis of the twin model. C.P. and B.C.B. provided the methods of the
microstructural profile covariance. All authors contributed to drafting and revising the
manuscript. Competing interests: The authors declare that they have no competing interests.
Data and materials availability: All data needed to evaluate the conclusions in the paper
are present in the paper and/or the Supplementary Materials. Additional data related to this
paper may be requested from the authors.

Submitted 18 February 2020
Accepted 4 August 2020
Published 25 September 2020
10.1126/sciadv.abb3417

Citation: S. L. Valk, T. Xu, D. S. Margulies, S. K. Masouleh, C. Paquola, A. Goulas, P. Kochunov,

J. Smallwood, B.T. T. Yeo, B. C. Bernhardt, S. B. Eickhoff, Shaping brain structure: Genetic and
phylogenetic axes of macroscale organization of cortical thickness. Sci. Adv. 6, eabb3417 (2020).

140of 14

T20Z ‘ST Arenuer uo /610 Bewadusios saoueApe//:dny Woiy papeojumod


http://advances.sciencemag.org/

Science Advances

Shaping brain structure: Genetic and phylogenetic axes of macroscale organization of cortical
thickness

Sofie L. Valk, Ting Xu, Daniel S. Margulies, Shahrzad Kharabian Masouleh, Casey Paquola, Alexandros Goulas, Peter
Kochunov, Jonathan Smallwood, B. T. Thomas Yeo, Boris C. Bernhardt and Simon B. Eickhoff

Sci Adv 6 (39), eabb3417.
DOI: 10.1126/sciadv.abb3417

ARTICLE TOOLS http://advances.sciencemag.org/content/6/39/eabb3417
,\SA%FE’@\V'LESNTARY http://advances.sciencemag.org/content/suppl/2020/09/21/6.39.eabb3417.DC1
REFERENCES This article cites 72 articles, 11 of which you can access for free

http://advances.sciencemag.org/content/6/39/eabb3417#BIBL

PERMISSIONS http://www.sciencemag.org/help/reprints-and-permissions

Use of this article is subject to the Terms of Service

Science Advances (ISSN 2375-2548) is published by the American Association for the Advancement of Science, 1200 New
York Avenue NW, Washington, DC 20005. The title Science Advances is a registered trademark of AAAS.

Copyright © 2020 The Authors, some rights reserved; exclusive licensee American Association for the Advancement of
Science. No claim to original U.S. Government Works. Distributed under a Creative Commons Attribution License 4.0 (CC
BY).

T20Z ‘ST Arenuer uo /610 Bewadusios saoueApe//:dny Woiy papeojumod


http://advances.sciencemag.org/content/6/39/eabb3417
http://advances.sciencemag.org/content/suppl/2020/09/21/6.39.eabb3417.DC1
http://advances.sciencemag.org/content/6/39/eabb3417#BIBL
http://www.sciencemag.org/help/reprints-and-permissions
http://www.sciencemag.org/about/terms-service
http://advances.sciencemag.org/

